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Is it possible for an Al to
collaborate in visual analytics,
understanding and predicting our
behaviors to enhance our analytical
capabilities?




Vlsual Analytlcs IS the science of analytlc
reasoning facilitated by interactive
wsualqzatmns.
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It's not just about making predictions but about
understanding the context of your queries, the
nuances of your exploration, and adapting to
enhance your analytical journey.




Challenge 1

Predict the unpredictable user.
How do we quietly observe and
learn from our actions?
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Challenge 2

Create a feedback loop. How
might we respond to learned
behavior and manage the
communication from Al to user?
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Challenge 2

Create a feedback loop. How
might we respond to learned
behavior and manage the
communication from Al to user?

Challenge 3
Develop new theoretical models that

acknowledge the collaborative potential of
Al. What are the ramifications?
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Employees of GASTech removed in Kronos
World Journal | 01/21/2014
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environmental group of terrorist during a meeting of corporation. One fears
fourteen employees, probably including five executive leaders, removed
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that. The list supplements of all employed unexplained was not released.
John Rathburn, an American expert in executive kidnappings who lives in
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removal. 'However, the activity increased by POK, the APA [the popular army
of Asterian], and others in the area appreciably increased the
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Survey on Individual Differences in Visualization
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Abstract

Developments in data visualization research have enabled visualization systems to achieve great general usability and ap-

plication across a variety of domains. These advancements have improved not only people’s understanding of data, but also

the general understanding of people themselves, and how they interact with visualization systems. In particular, researchers

have gradually come 10 recognize the deficiency of having one-size-fits-all visualization interfaces, as well as the significance
of individual differences in the use of data visualization systems. Unfortunately, the absence of comprehensive surveys of the
existing literature impedes the development of this research. In this paper; we review the research perspectives, as well as the

personality traits and cognitive abilities, visualizations, ta

. and measures investigated in the existing literature. We aim 1o

provide a detailed summary of existing scholarship, produce evidence-based reviews, and spur future inquiry.

1. Introduction

The term individual differences refers to individuals’ “traits or
stable tendencies to respond fo certain classes of stimuli or sit-
uations in predictable ways” [DW96]. Much of the literature on
individual differences has roots in psychology. Psychological re-
search has demonstrated that people with distinct personality types
and various cognitive abilities exhibit observable differences in
task-solving and behavioral patterns [WBO00,Ajz05]. Studies dating
back to the late 19205 began by investigating variations in work-
place performance [Hul28]. Throughout the intervening century,
these findings have been extended to investigate individual char-
acteristics that may predict performance under various conditions.

In the past few decades, the computational sciences have begun
to recognize the role individual differences might play in shap-
ing interaction in human-machine systems. For example, Benyon
and Murray observed a relationship between spatial ability (a met-
tic that measures a person’s ability to mentally represent and ma-
nipulate two- or three-dimensional objects) and task performance
and preferences when using common interaction paradigms such
as menus and the command line [BM93]. Nov et al. [NALBI3]
found that extraversion (one’s tendency to engage with the exter-
nal world) and neuroticism (a measure of emotional stability) had
effects on users” contributions to online discussions, and suggested
adaptations to certain visual cues to cater to different personality
types. Gajos and Chauncey [GC17] observed that introverted peo-
ple were more likely to use adaptive features in user interfaces as
compared to extraverts. Orji et al. [ONDM17] showed that con-
scientious participants (a measure of carcfulness or diligence) re-
sponded well to persuasive strategies such as self-monitoring and
feedback in gamified systems. These studies are just a small sample
of a large body of work documenting the influence of personality
and cognitive ability on interactions with computer interfaces. For
more detailed surveys of the literature, see [AA91, Poc91, DW96].

© 2020 The Authorts)
‘Computer Graphics Forum © 2020 The Esnogrsphics Assocition and Joh
Wiley & Soms Lid. Pubiched by John Wiley & Sons Lud

There is a growing interest in extending these findings to the field
of data visualization [Yi12,Z0C* 12a]. Some posit that knowledge
of broad differences between user groups could guide the design
evaluation, or customization of systems [VHW87.ZOC" 12a]. Sup-
porting this claim, a cluster of promising rescarch has produced
evidence o suggest that individual characteristics, in addition to
data mapping and visual encodings, determine the value of a visu-
alization system. These studies have demonstrated that personality
traits and cognitive abilities can have substantial impact on task per-
formance [GF10,ZCY* 11], usage patterns [BOZ" 14,0YC15] and
user satisfaction [Kob04]. Building on these findings, others have
begun to examine how we might leverage cognitive traits for ap-
plications such as user modeling [BOZ* 14, 0YCI5] and adaptive
interfaces [LTC19]

In some circumstances, the interaction between individual differ-
ences and visualization use may have eritical impact on important
decision-making processes. Ottley et al. [OPH" 15] investigated the
impact of visualization on medical decision-making, and found that
approximately 50% of the studied population were unsupported by
commonly-used visualization tools when making decisions about
their medical treatment, Specifically, their study showed that vi-
sual aides tended to be most beneficial for people with high spa-
tial ability, while those with low spatial ability had difficulty inter-
preting and analyzing the underlying medical data when they were
presented with visual representations. Another study by Conati
and Maclaren [CMOS] found that participants with high perceptual
speed were less accurate in computing derived values when using
radar graphs instead of heatmapped tables for data analysis. A se-
ries of studies have shown that locus of control (a measure of per-
ceived control over external events) mediates search performance
on hierarchical visualizations [GIF10, GF12,ZCY* 11,ZOC" 12b,
OYCI5,0CZC15]. These findings underscore the importance of
incorporating individual differences into the design pipeline in or-
der to create visualization tools that are broadly usable.
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Hierarchical Search Strategies
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Machine Learning for Time Series

e Samples arrive sequentially
* Sample size is unknown and varies

* Data are not available during training

* Waiting for until time T to accumulate a batch may not be feasible

* Eliminates recurrent Neural Network (rNN), i.e., long short-term memory

network
* Notoriously difficult to train
* Require temporal relationships of the past and future to be similar



We use a hidden Markov
model to represent
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Applying hidden Markov model to
visualizations
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Applying hidden Markov model to

visualizations
User Attention (hidden)
{ D AT WA T O G T —J 1. Define hidden states
I "Ik \ J l 2. Define observations
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People attend to visual elements
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People attend to visual elements
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Formal definition of Hidden States

Dynamical model

User Attention (hidden)

S N A W G 1 (P SN (P S 1. Define hidden states
I Tk' \ ] l 2. Define observations
V. omservation 3. Define dynamical model
. ° > 4. Define observational model

User Actions (observed)

M ={fr;., In}

Mark Space: The set of N visual features extracted from
the visualization (e.g., position, size, and color)



Observations

Dynamical model

User Attention (hidden)
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Formal definition of Observations

Dynamical model

User Attention (hidden)

2, ol 2 Vo el 2 Y=tz 2 o 20— 1. Define hidden states
'T“’ ‘ 2. Define observations
. - oo - - 3. Define dynamical model
2 o & o 4. Define observational model

User Actions (observed)

or = {1, In}

Any user interaction with visual elements (.e.g. mouse click,
key stroke, eye gaze, speech, pan, zoom)



Shifts in Attention

Dynanjical model
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Formal definition of Shifts in Attention

Dynanjical model
User Attention (hidden)
2, s 2 oo s z il —— 2 —s 1. Define hidden states
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Observational Model

Dynamical model

User Attention (hidden)
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Formal definition of Observational Model

Dynamical model

User Attention (hidden)

2, ol 2 Vo el 2 Y=tz 2 o 20 —s 1. Define hidden states
\ 'IL \ \ \ 2. Define observations
i observaion 3. Define dynamical model
° °: & 4. Define observational model

User Actions (observed)

Loosely translates to “people will interact with elements related
to their hidden attention space.”



One additional component...



Bias Vector

* It is useful to consider bias when modeling attention
e Attention at time t+1 is similar to attention at time t

bias vector © = |x(f1),...,T(fN)]



Applying hidden Markov model to
visualizations

User Attention (hidden) e mese!
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Making predictions
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All models are wrong, but some are useful.

- George E. P. Box



Study Procedures

Homicide N>/a
Theft-related |, =
Assault I

Arson
Fraud
Vandalism
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* 30 subjects
* 17 women

* Average age of 33
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Geo-Based Task

E.g., In the red-shaded
area, what is the ratio
of crimes that
happened in the
morning?
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Data Collection & Cleaning

* 30 participants: 180 trials in total

» After cleaning 78 trials remained
e (23, 27, and 28 trials for Type-Based, Mixed and Geo-Based tasks respectively)



Prediction Accuracy
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Prediction Accuracy (with noise)
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Accuracy Over Time
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Summary

* This a framework for representing, modeling, f; Ml_ji'_‘\_‘_
and predicting latent attention IR e
* Demonstrate that the model can accurately piEa

predict attention and interactions before
they occur.

Ottley, Alvitta, Roman Garnett, and Ran Wan. "Follow the clicks: Learning and anticipating mouse interactions during
exploratory data analysis." In Computer Graphics Forum, vol. 38, no. 3, pp. 41-52. 2019.



Competing Models: Inferring Exploration Patterns and Information
Relevance via Bayesian Model Selection

Shayan Monadjemi, Roman Garnett, and Alvitta Ottley
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We assume that attributes drive a user’s
Interactions




Competing Models

v A Attr 1 x Attr v A v
Attr2 v Attr2 Attr v Attr2 V4
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4 v, vy, G M M B
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A Unified Comparison of User Modeling Techniques for
Predicting Data Interaction and Detecting Exploration Bias

Sunwoo Ha, Shayan Monadjemi, Roman Garnett, and Alvitta Ottley




Challenge 2

Create a feedback loop. How
might we respond to learned
behavior and manage the
communication from Al to user?




Guided Data Discovery in Interactive Visualizations via
Active Search

Shayan Monadjemi* Sunwoo Ha' Quan Nguyen
Washington University in St. Louis Washington University in St. Louis Washington University in St. Louis

Henry Chai Roman Garnett Alvitta Ottley*
Carnegie Mellon University Washington University in St. Louis Washington University in St. Louis
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Providing guidance during data exploration

We aimed to:
* Create a human—machine team for interactive data discovery.

* Empirically evaluate the impact of such team on user interactions
and discovery throughput.

Monadjemi, Shayan, Sunwoo Ha, Quan Nguyen, Henry Chai, Roman Garnett, and Alvitta Oftley. "Guided Data Discovery in
Interactive Visualizations via Active Search." In 2022 IEEE Visualization and Visual Analytics (VIS), pp. 70-74. IEEE, 2022.
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Crowd-sourced User Study

Control Group

«

_ 10 Minutes
Active Search Group




Crowd-sourced User Study

100 1 —— Control Group
—— Active Search Group
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Crowd-sourced User Study

Control Group Active Search Group
Hovers per Minute [ 16.7 +1.19 ] 14.3+1.23 p=0.0112
Relevant Hovers per Minute 6.7 £ 0.68 p = 0.0001
Hover Purity 0.39+£0.02 p < 0.0001
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Those who didn’t use recommendations were most likely to see they
didn’t trust the suggestions.

A

#% Bookmarks

gah my stomach this ab pain is making me crazy

I am sick of being on my toilet this ab pain is
making me crazy

Remove Bookmark
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Remove Bookmark
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Time remaining: 9 minutes, 13 seconds

Report Technical Issues | Exit Experiment

Active Visual Analytics Case Study
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suggestions

Average Trust Ratings

Monadjemi, Shayan, Sunwoo Ha, Quan Nguyen, Henry Chai, Roman Garnett, and Alvitta Ottley. "Guided Data Discovery in
Interactive Visualizations via Active Search." In 2022 IEEE Visualization and Visual Analytics (VIS), pp. 70-74. IEEE, 2022.

Did not interact
with suggestions



A large percentage of
people ignored the
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Trust Calibration

. There are several levels of trust: distrust, trust, blind trust

. Trust calibration aligns the trust put into a VA system by the user
with the machine’s actual trustworthiness through communicating
uncertainties, providing visual cues, etc.

Calibration
justified
distrust undistrust T untrust trust
negative : I » posiive  Building
misdistrust . mistrust
Limit of forgivability misplaced Cooperation threshold

Han, Wenkai, and Hans-Jorg Schulz. "Beyond trust building—Calibrating trust in visual analytics." In 2020 IEEE workshop on trust and expertise in visual analytics (TREX), pp.
9-15. IEEE, 2020.

Zhang, Yunfeng, Q. Vera Liao, and Rachel KE Bellamy. "Effect of confidence and explanation on accuracy and trust calibration in Al-assisted decision making." In Proceedings
of the 2020 Conference on Fairness, Accountability, and Transparency, pp. 295-305. 2020.



Trust calibration, controlling for transparency level and task difficulty

flu, 87%
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No measurable difference in behavioral trust
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No measurable difference in subjective trust

Survey Response From Participants in Easy Task Condition

| trusted AVA throughout the investigation.

No Transparency

Confidence

Keyword

Keyword + Confidence

Survey Response From Participants in Hard Task Condition

| trusted AVA throughout the investigation.

No Transparency
Confidence
Keyword

Keyword + Confidence

I Strongly Disagree [ Disagree [ Neutral [ Agree EEm Strongly Agree



Al guidance encouraged exploration diversity

w
ol

w
o
!

N
9]
]
|
|
[
|
|

N
o
1

[
ol
1

=
o
1

o
!
I
|

Unique Relevant Symptoms Discovered

o

Al Control
Al Assistance



Challenge 3

Develop new theoretical models that
acknowledge the collaborative potential of
Al. What are the ramifications?
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| can make
decisions and
initiate actions.




| can make
decisions and
initiate actions.

h Act »(
[Agent ‘g'J‘ Environment I-_' I | q
Perceive k

Stuart
Russell
Peter
Norvig




| ) The Al agent framework gives us a vocabulary to
decisions and reason about the analyst’s goals and behavior

initiate actions.

* Simple Reflex
* Model-Based
* Goal-Based

* Utility-Based
* Learning



| ) The Al agent framework gives us a vocabulary to
can make _
decisions and reason about the analyst’s goals and behavior | can make

initiate actions. decisions and

initiate actions.

* Simple Reflex
* Model-Based
* Goal-Based

* Utility-Based
* Learning




Human-initiated actions Al-initiated actions

Q Human Agent(s) ] VA Environment Artificial Agent(s)
Analysts Data sets Guidance engines
Decision makers Visual interfaces Autonomous tasks
Domain experts Hyper-parameters Models
Novice users Specifications

Al perception of environment

Human perception of environment

84



To what degree are the agents knowledgeable about the impact of their actions on the environment?

Does the environment respond deterministically to actions?
Is the environment static or dynamic?

Human-initiated actions Al-initiated actions

Q Human Agent(s) ] VA Environment Artificial Agent(s)
Analysts Data sets Guidance engines
Decision makers Visual interfaces Autonomous tasks
Domain experts Hyper-parameters Models
Novice users Specifications

Al perception of environment

Human perception of environment

To what degree can the agents observe the state of the environment?

What is the number of agents acting upon the environment?
Are the agents cooperative?
Are the agents collaborative?
What is the high-level behavior of the agents (i.e., simple reflex, model-based reflex, goal-based, utility-based, learning)? 85
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Is it possible for an Al to
collaborate in visual analytics,
understanding and predicting our
behaviors to enhance our analytical
capabilities?




Quietly observe and learn from
our actions

Provide guidance based on
learning data interest.

One potential theoretical model that
acknowledge the collaborative potential of Al.




Acknowledgments




The Predictable Side of
Unpredictable Humans

Questions? Alvitta Ottley

W1 Visualization Interaction and
BE Behavior Exploration

|—_|/-'I http://visualdata.wustl.edu/







