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What is Provenance?

“The place of origin or earliest known history of something” (Oxford
Dictionary)

Often used in the context of “a valued object or work of art"
(Merriam-Webster)

In the field of Computer Science, the concept has been applied to data,
computation, and user interactions.

For example, “data provenance” includes the context information such
as how/when/why data are collected/recorded/stored/processed.




Why do we need this survey?

Provenance is a fast growing area in the visualization research:

e Theories on visualisation and interaction provenance
e Provenance capture and visualization,

e Provenance analysis to
o Understand users, for example for evaluating visual analytics
tools, and
o  Support user sensemaking tasks such as providing
personalization and helping collaboration.




Related Work

Provenance has been studied in many fields, often under different names

Human-Computer Interaction

e “Protocols’, such as audio/video recording, computer logs, and user notebooks
e To understand user behaviors and intentions

Database, semantic web, and e-Science C.O‘)
e “Datalineage” and “Data provenance” ( ( )} {L)

e For process debugging, data quality, and accountability

Reproducible science: make scientific experiments “repeatable” and “re-usable”



Scope of Survey

e Analysis of user interactions and provenance data in the field of visualization
o  Similar to meta-analysis as defined by Ragan et al.

/ In Scope

X Out of Scope

User-generated (interaction) provenance with the

goal of
/ Improving
/ Enhancing

/ Understanding
... visual analysis system, visualization
process, or visual artifact

X Only recorded information of interactive
visual analysis session(s) without analysis
Machine learning / Active learning based on
binary decisions
User studies without additional analysis of
provenance information (beyond recording
and sharing)

Ragan E. D., Endert A., Sanyal J., Chen J.: Characterizing Provenance in Visualization and Data Analysis: An Organizational
Framework of Provenance Types and Purposes. IEEE Transactions on Visualization and Computer Graphics (2015).
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Survey Methodology

Co ding Process 1 Explorative ‘ Categorical e Supplementary

e Three stage approach

for tagglng WHY WHAT How
: N EEE BN
1- Explorative EEE B 1
2 - Categorical
3 - Supplementary Goal Goal
Overview of relevant Distinct (sub-)categories

literature

e Paper collection
Example Keywords Example Keywords

105 papers in total that are Provenance Analytics, WHY  (6)

. Model Steering WHAT (4)
in-scope HOW  (5)




Collection of Publications

Guiding Questions

e WHY analyze provenance data?
e  WHAT types of provenance data and
ways to encode it?

e HOW to analyze provenance data?
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Analysis of User Interactions and Visualization Provenance

A companion website for the STAR Report on the Analysis of User Interactions and Visualization Provenance.

HOME TECHNIQUES OVERVIEW

Use the Interactive Table
Sort the paper collection according to your requirements!

Navigate to the wizard tab and select your WHY, WHAT, and HOW and receive
a full list of publications on provenance analytics that are best suited to your
selection.

Read the Article Slides from the
Survey on the Analysis of User EurOYIS 2020
:= teractions and Visualizatio Tutorial

Kai Xu, Alvitta Ottley, Conny
Walchshofer, Marc Streit, Remco Chang,
and John Wenskovitch

To appear in Computer Graphics Forum
(EuroVis 2020)

Learn about the WHY, WHAT, and HOW!

Click on a layout or operation to learn more!

https://provenance-survey.caleydo.org
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Analysis of User Interactions and Visualization Provenance

A companion website for the STAR Report on the Analysis of User Interactions and Visualization Provenance.

HOME TECHNIQUES OVERVIEW

WHY analyze provenance data

The spectrum of possible reasons for conducting meta-analyses on provenance data is broad. Our goal is to provide a comprehensive overview of existing body of literature that analyze provenance datafor
specific purposes. At a high-level, we can categorize the goals of the existing work as:

Understanding the User Evaluation of System and Adaptive Systems
Algorithms

"The goal of visualization is to create "A better understanding of the system

visual tools to support the user’s "Evaluation of a visual design or system and the user’s analytic process give rise

reasoning and decision-making with with the primary purpose of non-trivial = to opportunities to create adaptive

data." - analysis of provenance data." : systems.”

Model Steering Replication, Verifiction, and Re- Report Generation and Storytelling
Application

"Modeling steering leverages
provenance data to improve the

"Provenance data are used to

"Using interaction logs to perform real- = automatically generate summary reports
underlying data representations, time or post-hoc quantification to validate = of an analysis session."
machine learning models, or projection the analysis results or to replicate the

calculations in the case of high- process when a similar problem arises "
dimensional datasets."

https://provenance-survey.caleydo.org
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Analysis of User Interactions and Visualization Provenance

A companion website for the STAR Report on the Analysis of User Interactions and Visualization Provenance.

HOME TECHNIQUES OVERVIEW

WHY WHAT HOW
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Chen etal. (2014)

Koch et al. (2014)
Scheepens et al. (2015)
Shrinivasan and van Wijk (2009)
Gotz and Wen (2009)
Endert (2014)

Endert et al. (2012)
Macinnes et al. (2010)
Boukhelifa et al. (2013)
Endert (2015)

Ottley et al. (2019)

Gotz et al. (2016)

Healey and Bennis (2012)
Hu etal. (2019)

Correll and Gleicher (2016)
Setlur etal. (2019)
Steichen et al. (2014)
Guo et al. (2019)

Wang et al. (2014)
leeetal (2019}

https://provenance-survey.caleydo.org



https://provenance-survey.caleydo.org

Structure of the Survey

I interact

VA Tool /
Visualization

A

Y

WHY

Analysis Goals

WHAT
track

Provenance Data

A

Encoding

A

Y

Analysis

A

improve / adapt

The structure of our survey is based on a high-level provenance analysis model.




Goals: WHY Analyze Provenance Data (Alvitta)

Understanding the User

Evaluation of System and Algorithms
Adaptive Systems

Model Steering

Replication, Verification, and Re-Application

Report Generation and Storytelling



& Understanding the User

Create theoretical and computational models
that describe the reasoning process.
Examples include:



S Understanding the User

Create theoretical and computational models
that describe the reasoning process.
Examples include:

e Quantifying hover and click patterns

Patterns and Pace: Quantifying Diverse Exploration Behavior with

Visualizations on the Web
Mi Feng, Evan Peck, Lane Harrison

Abstract— The diverse and vibrant ecosystem of interactive visualizations on the web presents an opportunity for researchers and
practitioners to observe and analyze how everyday people interact with data visualizations. However, existing metrics of visualization
interaction behavior used in research do not fully reveal the breadth of peoples’ open-ended explorations with visualizations. One
possible way to address this challenge is to determine high-level goals for visualization interaction metrics, and infer corresponding
features from user interaction data that characterize different aspects of peoples’ explorations of visualizations. In this paper, we
identify needs for vi behavior and develop candidate features that can be inferred from users’
interaction data. We then propose metrics that capture novel aspects of peoples’ open-ended explorations, including exploration
uniqueness and exploration pacing. We evaluate these metrics along with four other metrics recently proposed in visualization
literature by applying them to interaction data from prior visualization studies. The results of these evaluations suggest that these
new metrics 1) reveal new of peoples’ use of vi izati 2) can be used to evaluate statistical differences between
visualization designs, and 3) are statistically independent of prior metrics used in visualization research. We discuss implications
of these results for future studies, including the potential for applying these metrics in visualization interaction analysis, as well as

emerging challenges in developing and selecting metrics depicting visualization explorations.

Index Te ion, Qi

1 INTRODUCTION

have li with user ions pre-

As interactive visualizations migrate from ications to
the web, visualization users have expanded from domain experts to
the general ion. Al ide this of both visualizati

creators and consumers comes an expansion in the goals of both -
from casual exploration to focused analysis. But do the metrics we
use to assess visualizations capture this diversity in objectives? In

cisely. Many of the metrics used to summarize activity tend to over-
aggregate behavior, failing to identify differences between users, or
by failing to capture detailed information such as how long has been
spent on which visual elements. On the other hand, the visual ap-
proaches usually keep the details of users’ interaction logs, but visual

this paper, we explore how the rapid P! of exp and
interactive forms on the web has demanded an extension of the metric
toolbox in which we equip content creators, and how we can better
align assessment with the goals of the designers.

Consider an example where someone explores an interactive scat-
terplot visualization showing a company’s profit and income. Each
point represents a company, and upon mousing over a point the user
will uncover the company’s income over several years, the employ-
ces’ age distribution, etc. A person’s goals can be diverse here, rang-
ing from specific (gathering information on a possible stock purchase)
to broad (getting to know more companies). Two likely metrics to
describe their behavior include time spent on exploration and points
interacted with. These metrics could be used to answer basic ques-
tions about how an audience uses a published visualization, for exam-
ple “how many points did the average person interact with?” or “how
long did the average person explore the visualization?”. Yet despite

can hardly lead to reliable inferences.

One possible way to bridge this gap is to develop metrics, i.e., statis-
tical measures, which take into account more information in peoples’
interaction logs, and to better reveal facets of peoples’ explorations.
Related efforts can be found in the field of HCL Chi et al. [9] quan-
tified the saliency of a user’s visit to a website when modeling users’
information needs and actions on the web. Heer et al. [20] further
used this measure to cluster web users. These efforts influence our
work of visualization interaction analysis, in that a user’s open-ended

ion of a visualizati ining visual elements can be con-
sidered analogous to the exploration of a website. However, it is im-
practical to directly adapt these methods developed to analyze website
explorations, due to the differences between the website clickstream
analysis and visualization interaction analysis, such as different scales
(i.e., usually millions of users versus tens to thousands of users) and
different complexity of interaction types.




K Understanding the User

Create theoretical and computational models

Patterns and Pace: Quantifying Diverse Exploration Behavior with

Visualizations on the Web

that describe the reasoning process.
Examples include:

e Quantifying hover and click patterns
e Predicting personality traits

1

Finding Waldo: Learning about Users from their Interactions

Eli T Brown, Alvitta Ottley, Helen Zhao, Quan Lin, Richard Souvenir, Alex Endert, Remco Chang

Fig. 1. The interface from our user study in which participants found Waldo while we recorded their mouse interactions. Inset (a)
shows Waldo himself, hidden among the trees near the top of the image. Distractors such as the ones shown in inset (b) and (c) help
make the task difficult.

Abstract— Visual analytics is inherently a collaboration between human and computer. However, in current visual analytics systems,
the computer has limited means of knowing about its users and their analysis processes. While existing research has shown that
a user’s interactions with a system reflect a large amount of the user’s reasoning process, there has been limited advancement in

real-time that mine i lions to learn about the user. In this paper, we demonstrate that we can

accuralely pred(d a user‘s task performance and infer some user personality traits by using machine learning technigues to analyze
we canducl an i in wmch parllctpanls perform a visual search task, and apply well-known

machine Iearmng i to thre of the users’ data. We achieve, depending on algorithm and encoding,

between 62% and 83% accuracy al predicting whether each user will be fast or slow at completing the task. Beyond predicting
performance, we demonstrate that using the same techniques, we can infer aspects of the user's personality factors, including locus
of control, extraversion, and neuroticism. Further analyses show that strong results can be attained with limited observation time: in
one case 95% of the final accuracy is gained after a quarter of the average task completion time. Overall, our findings show that
interactions can provide information to the computer about its human collaborator, and establish a foundation for realizing mixed-
initiative visual analytics systems.

Index Terms— User i Analytic ion, Applied Machine Learning.

+

INTRODUCTION

Visual analytics systems integrate the ability of humans to intuit and
reason with the analytical power of computers [24]. At its core, visual
analytics is a collaboration between the human and the computer. To-
gether, the two complement each other to produce a powerful tool for
solving a wide range of challenging and ill-defined problems.

largely limited to mouse and keyboard [28]. This human-to-computer
connection provides limited bandwidth [22] and no means for the hu-
man to express analytical needs and intentions, other than to explicitly
request the computer to perform specific operations.

Researchers have demonstrated that althoueh the mouse and kev-




S Understanding the User

Patterns and Pace: Quantifying Diverse Exploration Behavior with
Visualizations on the Web

Create theoretical and computational models

that describe the reasoning process.
Examples include:

Finding Waldo: Learning about Users from their Interactions

e Quantifying hover and click patterns

Warning, Bias May Occur: A Proposed Approach to Detecting Cognitive

e Predicting personality traits
e Uncovering exploration bias

Bias in Interactive Visual Analytics

Emily Wall* Leslie M. Blaha'
Georgia Tech Pacific Northwest
National Laboratory

ABSTRACT

Visual analytic tools combine the complementary strengths of hu-
mans and machines in human-in-the-loop systems. Humans provide
invaluable domain expertise and sensemaking capabilities to this
discourse with analytic models; however, little consideration has yet
been given to the ways inherent human biases might shape the visual
analytic process. In this paper, we establish a conceptual framework
for considering bias through h in-the-loop systems
and lay the i ions for bias ‘We pro-
pose six preliminary metrics to systematically detect and quantify
bias from user interactions and demonstrate how the metrics might
be implemented in an existing visual analytic system, InterAxis.
We discuss how our proposed metrics could be used by visual ana-
lytic systems to mitigate the negative effects of cognitive biases by
making users aware of biased processes throughout their analyses.

Keywords: cognitive bias; visual analytics; human-in-the-loop;
mixed initiative; user interaction;

Index Terms: H.5.0 [Information Systems]: Human-Computer
Interaction—General

1 INTRODUCTION

Visual analytic systems gracefully blend sophisticated data analytics
with interactive visualizations to provide usable interfaces through
which people explore data 43, 71]. User interaction is central to the
effectiveness of visual analytic systems [21,56, 80]. It is the mech-

B R A R TR e SR R T R T TR

Lyndsey Franklin* Alex Endert®
Pacific Northwest Georgia Tech
National Laboratory

representations, and to augment models with valuable subject mat-
ter expertise. These human-in-the-loop (HIL) approaches enable
insights in many domains, especially where uncertainty is high and
human reasoning is a valuable addition to data-intensive computa-
tion [20].

However, incorporating human reasoning and analysis into com-
putational models may have unwanted side effects. Prior work in
cognitive psychology informs us that there are inherent limitations to
cognitive processes, such as working memory capacity limits [11,51].
One limitation relevant to analytic processes and visual data analysis
is cognitive bias, errors resulting from the use of fallible decision
making heuristics [29,42]. Evidence that cognitive biases impact
users’ decision making abounds; recent work has shown that infor-
mation visualization users are not immune to cognitive biases [13].
While bias might exist and be propagated through a system via
data collection (e.g., convenience sampling bias), data processing
(e.g., algorithm bias), visual mappings (e.g., visual perception bxas)'
etc. [27,64], here we focus on cognitive bias injected by analysts.

Several cognitive biases have been previously identified as par-
ticularly relevant to data analysis and the intelligence process [38]
(see Table 1). Such biases can have far-reaching effects, influencing
the evidence upon which analysts rely and the hypotheses they form.
Further, when user interaction in visual analytic tools is intended to
guide analytic models, cognitive biases might be propagated to and
amplified by the underlying computational models. The resulting
biased analytic models may ultimately prompt analysts to make
incorrect or inferior decisions, or simply echo the users’ biases back



‘ Understanding the User

Create theoretical and Computational models Patterns and Pace: Quantifying Diverse Exploration Behavior with
. . Visualizations on the Web
that describe the reasoning process.

Exam P les include: Finding Waldo: Learning about Users from their Interactions

Quantifying hover and click patterns
Warning, Bias May Occur: A Proposed Approach to Detecting Cognitive

Predlctlng personallty tralts Bias in Interactive Visual Analytics
Uncovering exploration bias
Modeling attention

Follow The Clicks: Learning and Anticipating Mouse
Interactions During Exploratory Data Analysis

Alvitta Ottley, Roman Garnett, and Ran Wan

Computer Science and Engineering, Washington University in St. Louis

Abstract

The goal of visual analytics is to create a symbiosis between human and computer by leveraging their unique strengths. While
this model has demonstrated immense success, we are yet to realize the full potential of such a human-computer partmership. In
a perfect collaborative mixed-initiative system, the computer must possess skills for learning and anticipating the users’ needs.
Addressing this gap, we propose a framework for inferring attention from passive observations of the user’s click, thereby
allowing accurate predictions of future events. We demonstrate this tecl e with a crime map and found tha i
S Sl W = P T
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Evaluation of System and Algorithms

Prior work has used provenance data to
understand the visualization system itself
and to evaluate its usefulness. These

include:



Evaluation of System and Algorithms

Prior work has used provenance data to
understand the visualization system itself

and to evaluate its usefulness. These
include:

e Using mouse and eye data to learn the
importance of visual elements

{ Graphic Designs }

| Cidaik Ground truth Predicted Application:
e importance importance Retargeting

{ Data Visualizations I

; WA Ground truth Predicted Application:
nput visualization importance Thumbnailing
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Bylinskii et al. 2017




- Evaluation of System and Algorithms

Prior work has used provenance data to
understand the visualization system itself
and to evaluate its usefulness. These
include:

e Using mouse and eye data to learn the
importance of visual elements

e Modeling task performance to guide
system designs
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- Evaluation of System and Algorithms

Prior work has used provenance data to
understand the visualization system itself
and to evaluate its usefulness. These
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include;

e Using mouse and eye data to learn the
importance of visual elements

e Modeling task performance to guide
system designs

e VA systems for evaluating interactive
visualizations
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Aim to improve the usability and
performance of a visualization system.
Topics ranged from:



@ Adaptive Systems

Aim to improve the usability and
performance of a visualization system
Topics ranged from:

e Recommenders

Behavior-Driven Visualization Recommendation

David Gotz
IBM T.J. Watson Research Center
19 Skyline Drive
Hawthorne, NY 10578 USA
dgotz@us.ibm.com

ABSTRACT

We present a novel app to visual rec |
tion that monitors user behavior for implicit signals of user
intent to provide more effective recommendation. This is in
contrast to previous approaches which are either insensitive
to user intent or require explicit, user specified task informa-
tion. Our approach, called Behavior-Driven Visualization
Recommendation (BDVR), consists of two distinct ph

(1) pattern d . and (2) vi n
In-the first phase. user behavior is analyzed dynamically
to find sema erac patterns using

a library nt pattern dehmlmm developed through observa-
tions of real-world visual analytic activity. In the second
phase, our BDVR algorithm uses the detected pdllcl s to in-
fer a user’s intended v y
s alternative visualizations that support the mterrgd vi-
al task more directly than the user’s current visualization.
We present the details of BDVR and describe its 1

Zhen Wen
IBM T.J. Watson Research Center
19 Skyline Drive
Hawthorne, NY 10578 USA
zhenwen@us.ibm.com

"

—
msm»w uvwm»r%o Bar chatt

Figure 1. Behavior-dri has been in-
tegrated into our lab’s visualization system. Users can (a) issue queries
and (b) interact with visualizations to analyze data. When a new rec-
ommendation is ed due to a user’s behavior, he/she is notified via
(c) a magic wand icon in the history panel and (d) a flashing segment

tation within our lab’s prototype visual analysis system. We
also present study results that demonstrate that our approach
shortens task completion time and reduces error rates when
compared to behavior-agnostic recommendation.

Author Keywords
Intelligent visualization, Information visualization, User be-
havior modeling, Visualization re

ACM Classification Keywords
Algorithms, Human Factors

INTRODUCTION
Visualization has long been used to harness the power of hu-
man perception to uncover insights from Inrgg llections of

on the sidebar. Users can accept the recommendation
with a single click, or ignore it to continue uninterrupted.

Given the variety of options, how and when to use a par-
ticular visual metaphor requires a significant level of visual
literacy. Unfortunately, average business users don’t typi-
cally posses these skills. While domain experts within their
own area, they usually have little or no training in visual-
ization. Comp must therefore hire f I ana-
lysts (with visualization and analysis skll]\ but little do-
main knowledge) to generate reports that are in turn used
by business-li ployees to make decisi This dramat-
ically i the cost of vi ization-based solutions and
places them beyond the reach of the legions of business users
who might otherwise benefit from their capabilities.

data. H o, B Recognizing the challenge of supporting average users, sev-
data; loweveryitis g forcreatein eral \’I\lelﬂ.lllnn systems have m[ewr.nled mlelhgcnl algo-
technique for visualizing data because every task and data it d effoctive vis.




@ Adaptive Systems

Aim to improve the usability and
performance of a Visualization system Behavior-Driven Visualization Recommendation

.
O I C S ra n e d f ro b EUROVIS 2019 Volume 38 (2019), Number 3
I l I I . R. S. Laramee, S. Oeltze, and M. Sedlmair STAR - State of The Art Report

(Guest Editors)

) Re commen d ers A Review of Guidance APproaches in Yisual Data Analysis:
A Multifocal Perspective

e Providing guidance to the user

Davide Ceneda, Theresia Gschwandtner, and Silvia Miksch

TU Wien, Austria

Abstract

Visual data analysis can be envisioned as a collaboration of the user and the computational system with the aim of completing
a given task. Pursuing an effective system-user integration, in which the system actively helps the user to reach his/her analysis
goal has been focus of visualization research for quite some time. However, this problem is still largely unsolved. As a result,
users might be overwhelmed by powerful but complex visual analysis systems which also limits their ability to produce insightful
results. In this context, guidance is a promising step towards enabling an effective mixed-initiative collaboration to promote
the visual analysis. However, the way how guidance should be put into practice is still to be unravelled. Thus, we conducted a
comprehensive literature research and provide an overview of how guidance is tackled by different approaches in visual analysis
systems. We distinguish between guidance that is provided by the system to support the user, and guidance that is provided by
the user to support the system. By ldennfymg open problems, we h:ghhghx promising research directions and point to missing

factors that are needed to enable the envi. 1p ion, and thus, promote a more effective visual data
analysis.

CCS Concepts

o Hi d ing — Visual ie ization theory, concepts and paradigms; e Information systems —

Decision support systems;

1. Introduction strengths of visualizations and computational models. Keim et
al. [KMS*08] described the VA process, listing the different af-
fordances of the user and the computational hardware [Gib77]. De-
spne the great amounl of work in this area, it is still unclear how this
ion should be put into practice. While
m the past there has been a lol of efforl. of producmg sffecuve

Data analysis refers to procedures to make sense of data [Tuk77].
As we continue to produce ever-growing amounts of data, data
analysis is a necessity and has implications on many

such as environmental sciences, medicine, or business develop-
ment. Information Visualization (InfoVis) is a combination of




@ Adaptive Systems

Aim to improve the usability and
performance of a visualization system
Topics ranged from:

e Recommenders
e Providing guidance to the user
e Adaptive prefetching

Behavior-Driven Visualization Recommendation

EUROVIS 2019 Volume 38 (2019), Number 3
R. S. Laramee, S. Oeltze, and M. Sedlmair STAR - State of The Art Report
(Guest Editors)

A Review of Guidance Approaches in Visual Data Analysis:

A Multifocal Perspective

Dynamic Prefetching of Data Tiles for Interactive
Visualization

Leilanj Battl Rem han Michael Stonebraker
silap pate R, Chang chasl Gjgnebrake
Cambridge, MA 02139 Medford, MA %2155 Cambridge, MA 02139
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ABSTRACT ~ Middleware Cache
Main

In this paper, we present ForeCache, a general-purpose tool for ex-
ploratory browsing of large datasets. ForeCache utilizes a client-

server architecture, where the user interacts with a lightweight client-
side interface to browse datasets, and the data to be browsed is re-

trieved from a DBMS running on a back-end server. We assume a
detail-on-demand browsing paradigm, and optimize the back-end
support for this paradigm by inserting a separate middleware layer
in front of the DBMS. To improve response times, the middleware
layer fetches data ahead of the user as she explores a dataset.

We consider two diffe isms for ing: (a) learn-
ing what to fetch from the user’s recent movements, and (b) us-
ing data characteristics (e.g., histograms) to find data similar to
what the user has viewed in the past. We incorporate these mech-
anisms into a single prediction engine that adjusts its prediction
strategies over time, based on changes in the user’s behavior. We

evaluated our prediction engine with a user study, and found that
our dvnamic prefetchine strateev provides: (1) sienificant improve-

memory
Tile Fetch

Tiles Stored on _|
disk in DBMS

Figure 1: A diagram of ForeCache’s tile storage scheme.
fluid and interactive. Even one second of delay after a pan or zoom
can be frustrating for users, hindering their analyses and distracting
them from what the data has to offer [17, 15]. Thus, the goal of this

project is to make all user interactions extremely fast (i.e., 500 ms
or less), thereby providing a seamless exploration experience for

users. However, although modern database management systems
(DBMS'’s) allow users to perform complex scientific analyses over




Model Steering

Modeling steering uses provenance data
to improve the underlying data
representations, machine learning
models, or projection calculations. This
category includes system such as:



Model Steering

Modeling steering uses provenance data
to improve the underlying data
representations, machine learning
models, or projection calculations. This
category includes system such as:

e ForceSpire

|2/ doc_033

doc_033 [15 October, 2002]:
Based on information obtained
on 12 October, 2002 concerning
Ryder and U-Haul truck rentals
by persons who could be
identified as foreign nationals

Endert et al. 2012
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Model Steering

Modeling steering uses provenance data
to improve the underlying data
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category includes system such as:

e ForceSpire
e Dis-Function
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Another usage of provenance data is to
verify, replicate or re-apply analysis
sessions. For instance:
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Another usage of provenance data is to
verify, replicate or re-apply analysis
sessions. For instance:

e VisTrails

Callahan et al. 2012
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Another usage of provenance data is to
verify, replicate or re-apply analysis
sessions. For instance:
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2]1 Report Generation and Storytelling

Finally, research has analyzed provenance
data to automatically generate summary
reports of an analysis session. We found
papers on producing:



Finally, research has analyzed provenance
data to automatically generate summary
reports of an analysis session. We found
papers on producing:

e Automated annotations

Jl Report Generation and Storytelling

Click2Annotate: Automated Insight Externalization with Rich Semantics

Yang Chen*

Scott Barlowe'

Jing Yang*

Department of Computer Science
UNC Charlotte

ABSTRACT

Insight Externalization (IE) refers to the process of capturing and
recording the semantics of insights in decision making and problem
solving. To reduce human effort, Automated Insight Externaliza-
tion (AIE) is desired. Most existing IE approaches achieve automa-
tion by capturing events (e.g., clicks and key presses) or actions
(e.g., panning and zooming). In this paper, we propose a novc] AIE
approach named Cﬂckzmolale It allows insight

and time consuming [6]. To add:c» these problems, muluplc ef-

forts have been Insight
tion (AIE) in recent years.
Existing AIE hes can be classified ding to the four-

tier visual analytic activity model proposed by Gotz and Zhou [6].
In this model, visual analytic activities are abstracted into four lev-
els namely tasks, sub-tasks, actions, and events. They range in
semantic richness and abstraction levels from high to low. Tasks

that captures low-1 1} task results (e.g., clus-
ters and outliers), which have hlghcr semantic richness and abstrac-
tion levels than actions and events. Click2Annotate has two signifi-
cant benefits. First, it reduces human effort required in IE and gen-
crates annotations easy to understand. Second, the rich semantic in-
ion encoded in the ions enables various insight man-
agement activities, such as insight browsing and insight retrieval.
We present a formal user study that proved this first benefit. We also
illustrate the second benefit by presenting the novel insight man-
agement activities we developed based on Click2Annotate, namely
scented insight browsing and faceted insight search.

Keywords: Visual Analyucs, Dccxsmn Malung, Annotation, In-
sight Vi

Index Terms: H.5.0 [Information Interfaces and Presentation]:
General;

1 INTRODUCTION

Multidimensional data exist in a wide variety of applications, such
as financial analytics, genomic analysis, and health analytics. In
these apphcalmns, scckmg mughb from dau\ and umng them as ev-
idence for hyp and are imp steps
in Decision Making and Problem Solving (DMPS). Since a DMPS
process may involve a large number of insights, insight external-
ization, namely the process of capturing and recording the seman-

pond to a user’s highest-level analytic goals. Sub-tasks cor-
respond to more objective, concrete analytic goals, such as finding
clusters, outliers, or correlations. They are also called low level
analytic tasks in other literatures [3]. Actions refer to atomic ana-
lytic steps such as zooming and panning. Events correspond to the
lowest-level of interaction events, such as mouse clicks and button
presses. The automation in most existing IE approaches are con-
ducted at the action or event level. To the best of our knowledge,
there exists no general IE approach for multidimensional datasets
that conducts the automation at the sub-task level.
We argue that conducting AIE at the sub-task level is a promising
research direction. The reasons are:

® Sub-tasks are less application-d dent than tasks. Accord-
ing to Amar and Stasko [3], there exists a set of low-level
analytic tasks (sub-tasks) that are common to most multidi-
mcnslonﬂl ddldscls Therefore, it is possible to develop AIE
from parti domains and applica-

tions at the sub-task level.

Information captured from the sub-task level, such as clusters
and outliers, can have higher semantic richness and abstrac-
tion levels than that from the action and event levels, such as
zooming and mouse clicks. The former will be easier to un-
derstand, recall, retrieve, and use in the DMPS process than
the latter.




Finally, research has analyzed provenance
data to automatically generate summary
reports of an analysis session. We found
papers on producing:

e Automated annotations
e Data-driven reports

Jl Report Generation and Storytelling

Click2Annotate: Automated Insight Externalization with Rich Semantics

InsideInsights: Integrating Data-Driven Reporting in
Collaborative Visual Analytics

A. Mathisen,' @ T. Horak,2® C. N. Klokmose,” @ K. Gronbak,' @ and N. Elmqvist*®

1 Department of Computer Science, Aarhus University, Denmark
2Interactive Media Lab, Technische Universitit Dresden, Germany
3Department of Digital Design and Information Studies, Aarhus University, Denmark
“College of Information Studies, University of Maryland, College Park, MD, USA

o

Company Event Analy
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and reviewing details. The ion cells are

Figure 1: The Insidelnsights system: (a) a

hierarchy allows gradually
linked to presentation views, either showing (b) selected visualizations, or (c) a part of the underlying analysis pipeline. Furthermore, (d)
annotation cells can encapsulate multiple states for a linked component.

Abstract
Analyzing complex data is a non-linear process that alternates between identifying discrete facts and developing overall as-
sessments and conclusions. In addition, data analysis rarely occurs in solitude; multiple collaborators can be engaged in the
same analysis, or intermediate results can be reported to stakeholders. However, current data-driven communication tools
are detached from the analysis process and promote linear stories that forego the hierarchical and branching nature of data
analysis, which leads to either too much or too little detail in the final report. We propose a conceptual design for integrated
data-driven reporting that allows for iterative structuring of insights into hierarchies linked to analytic provenance and chosen
analysis views. The hierarchies become dynamic and interactive reports where collaborators can review and modify the anal-
ysis at a desired level of detail. Our web-based INSIDEINSIGHTS system provides interaction techniques to annotate states of

analvtic components structure annotations and link them to ion views We the




Finally, research has analyzed provenance
data to automatically generate summary
reports of an analysis session. We found
papers on producing:

e Automated annotations
e Data-driven reports
e Summary insights

Jl Report Generation and Storytelling

Click2Annotate: Automated Insight Externalization with Rich Semantics

InsideInsights: Integrating Data-Driven Reporting in
Collaborative Visual Analytics

Chart Constellations: Effective Chart Summarization
for Collaborative and Multi-User Analyses

Shenyu Xu*!, Chris Bryan"!, Jianping Kelvin Li*", Jian Zhao?, and Kwan-Liu Ma'

!University of California, Davis, USA
2FX Palo Alto Laboratory, Palo Alto, USA
* These authors contributed equally to this work.

=1

Figure 1: An analyst is using C¢ llations to i i results

g d by previous analysts. Constellations organizes these visual-
izations with projection and clustering. Adjusting the data coverage, encoding choice, and keywords sliders changes how pairwise chai
similarities are scored and updates the projected layout and cluster groupings. Several charts are tagged to show how their positions change.

Abstract



Encodings: WHAT Types of Provenance Data to Analyze

Sequence
Grammar
Model
Graph



e WHAT: Sequence

Sequence: Logs of Activities

e User Interaction




e WHAT: Sequence

Sequence: Logs of Activities 0 S
200.90.177.197 - - [07/Nov/2004:04:14:17 -0300] "GET /novedades/rss/ HTTP/1.1" 200 3284

200.73.40.132 - - [07/Nov/2004:04:14:19 -0300] "GET / HTTP/1.1" 200 7550
200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/escmovill.jpg HTTP/1.1" 200 7748
200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/novedadesl.jpg HTTP/1.1" 200 7952
200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/mapal.jpg HTTP/1.1" 200 8035
200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/ladol.jpg HTTP/1.1" 200 12964
200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/lado2.jpg HTTP/1.1" 200 8340

H 200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/escuelal.jpg HTTP/1.1" 200 7858
[ ] User Interactlon 200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/serviciosl.jpg HTTP/1.1" 200 6835
200.73.40.132 - - [07/Nov/2004:04:14:20 -0300] "GET /img_index/departamentosl.jpg HTTP/1.1" 200 7900

H H 200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /img_index/instructivosl.jpg HTTP/1.1" 200 8597

o Appllcatlon State 200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /img_index/calendariosl.jpg HTTP/1.1" 200 7217
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /img_index/organizacionesl.jpg HTTP/1.1" 200 7543
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /imagenes/fmellado.jpg HTTP/1.1" 200 2675
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /img_index/cabierta.png HTTP/1.1" 200 5464
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /img_index/wap_ing_uchile_cl.jpg HTTP/1.1" 200 5419
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /imagenes/logo_ucursos.jpg HTTP/1.1" 200 36799
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /img_index/novedades2.jpg HTTP/1.1" 200 8089
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /novedades.htm HTTP/1.1" 200 655
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /barraizquierda2.htm HTTP/1.1" 200 3258
200.73.40.132 - - [07/Nov/2004:04:14:21 -0300] "GET /main_novedades.htm HTTP/1.1" 200 514
200.73.40.132 - - [07/Nov/2004:04:14:22 -0300] "GET /img_index/lupa.gif HTTP/1.1" 200 1566
200.73.40.132 - - [07/Nov/2004:04:14:22 -0300] "GET /head_principal.htm HTTP/1.1" 200 3361
200.73.40.132 - - [07/Nov/2004:04:14:22 -0300] "GET /img_index/organizacionesl.jpg HTTP/1.1" 200 7543
200.73.40.132 - - [07/Nov/2004:04:14:22 -0300] "GET /img_index/novedades2.jpg HTTP/1.1" 200 8089
200.73.40.132 - - [07/Nov/2004:04:14:22 -0300] "GET /img_index/escmovil2.jpg HTTP/1.1" 200 8077




e WHAT: Sequence

Sequence: Logs of Activities

e User Interaction
e Application State
e User State




e WHAT: Sequence

Select:: mark something as interesting

Sequence: Logs of Activities
Explore:: show me something else

Reconfigure:: show me a different arrangement

User Interaction
Application State

Encode:: show me a different representation

User State Abstract/Elaborate:: show me more or less detail
Taxonomy-Based

Filter:: show me something conditionally

Connect:: show me related items




Sequence: Logs of Activities

e WHAT: Sequence

User Interaction
Application State

User State -
Taxonomy-Based wh, =

y *‘%ﬁ“ »«(bm. T
Image Space B e o G Gy £ &',,. "... i

Finding Waldo: Learnlng about Users from their
Interactions, Brown et al. VAST 2014



e WHAT: Sequence

Sequence: Logs of Activities

User Interaction
Application State
User State
Taxonomy-Based
Image Space
Temporal Signal

| [
I L
Data label




AB‘/ WHAT: Grammar

Grammar: Generate Reusable Scripts

e Logic Rules

Portmap = first_dest port 111(x1,x2,...) AND
identical src_1p(x1,x2,...) AND
identical dest ip(x1,x2,...) AND
time_sequence 0.5s(x1,x2,...)

Fast Scan = identical src_ip(x1,x2,...) AND
dest ip in_sequence(x1,x2,...) AND
more_than 50 events(x1,x2,...) AND
high dest i1p access rate(x1,x2,...) AND
(1s_tep(x1) AND is_tep(x2) AND ...) AND
(low_duration(x1) AND low_ duration(x2) AND

...) AND

(low total data(x1) AND low total data(x2) AND

)

Enhancing Visual Analysis of Network Traffic Using
a Knowledge Representation, Xiao et al. VAST 2006




AB‘/ WHAT: Grammar

Grammar: Generate Reusable Scripts

e Logic Rules
e Languages and Scripts

Reported crime in Alabama

(a)
before: {0 <) ‘Alabama’ — {‘Alabama’, word}
(b) selection: {‘Alabama’} ‘in’ — {‘in’, word, lowercase}
after: 0 TR
before: {(°), (‘in’, ), (word, * ), (lowercase, * *)}
(¢) selection: {(‘Alabama’), (word)}
after: 0
{0,(‘Alabama’),()} 10swerd):0}
{(“ "),(‘Alabama’),()} {(word, *’),(‘Alabama’),()}
(d) e 0verdy01 Howords—twordy01
{Cin’, *7),0,0} {(lowercase, * °),0),0}
{(‘in’, * *),(‘Alabama’),()}  {(lowercase, * ’),(‘Alabama’),()}
{Cin’, * 7),(word),()} Howercases——tword):0}

(e) {(lowercase, ‘’),(‘Alabama’),()} — /[a-z]+ (Alabama)/

Wrangler: interactive visual specification of data
transformation scripts, Kandel et al. CHI 2011




AB‘/ WHAT: Grammar

Grammar: Generate Reusable Scripts

e Logic Rules
e Languages and Scripts
e Specifications

Mark := Rectangle | Symbol | Line | Text

GlyphElement := Mark | Guide | GuideCoordinator |
DataDrivenGuide

Glyph := GlyphElement*, LayoutConstraint<GlyphElement>*
ChartElement := PlotSegment | Link | Mark | Legend | Guide |

GuideCoordinator

PlotSegment := Glyph, (Scaffold | Axis){0..2}, Sublayout,
CoordinateSystem

Attribute = "x1" | "yI" [|* "x2" | "y2* |

ElementAttribute<ElementType> := ElementType, Attribute
ParentAttribute := Attribute
ConstraintType := "equals"

LayoutConstraint<ElementType> := (ParentAttribute |
ElementAttribute<ElementType>){2}, ConstraintType

Chart := ChartElementx*, Scalex, LayoutConstraint<ChartElement>*

*": zero or more; "{0..2}": zero to two; "|": or;

Notation "X<Type>": template with parameter "Type"

Charticulator: Interactive construction of bespoke
chart layouts, Ren et al. TVCG, 2018




@ WHAT: Model

Meaning}iur:
Model: Abstractions of Actions

Big data
Visualistaion

Structure
Discovery

Image
Classification

Customer Retention

i i i Idenity Fraud : ; - .
Rimen-ionality Fe.a.wr? v Classification Diagnostics
Reduction Elicitation Detection

Recommender

Systems Unsupervised Supervised ]’jrd!:lz:'s:g Popularity
e Machine Learning Models Learning

Learning Weather

Forecasting
.
M ac h I n e Population

Market
Growth Forecasting
Prediction
Estimating
life expectancy

Clustering
Targetted
Marketing

Customer

S _carning

Real-time decisions Game Al
Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks



@ WHAT: Model

Model: Abstractions of Actions

e Machine Learning Models

User Models
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Graph: Actions and Relations

-~
o
(L]
—

O

o+
o
v
O
cC
@)

O

©
C
(3]
S

.

-+
cC

Ll



% WHAT: Graph

Graph: Actions and Relations

e Entity and Concept Graph
e History Graph

Graphical Histories for Visualization: Supporting
Analysis, Communication, and Evaluation, Heer et al.
InfoVis, 2008



Techniques: HOW to Analyze Provenance Data

Classification Models

Pattern Analysis

Probabilistic Models / Prediction
Program Synthesis

Interactive Visual Analysis



HOW: Classification Models

Classification: Differentiate sequences of
interactions into meaningful groupings

Clustering
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Classification: Differentiate sequences of
interactions into meaningful groupings

Clustering
Regression

HOW: Classification Models
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Pupillometry and Head Distance to the Screen to Predict
Skill Acquisition During Information Visualization Tasks

Dereck Toker, Sébastien Lallé, Cristina Conati
Department of Computer Science
University of British Columbia, Vancouver, Canada
{dtoker, lalles, conati}@cs.ubc.ca

ABSTRACT

In this paper we investigate using a variety of behavioral
measures collectible with an eye tracker to predict a user’s
skill acquisition phase while performing various
information visualization tasks with bar graphs. Our long
term goal is to use this information in real-time to create

daptive visualizations that can provide

support to facilitate visualization processing based on the
user’s predicted skill level. We show that leveraging two
additional content-independent data  sources, namely
information on a user’s pupil dilation and head distance to
the screen, yields a significant improvement for predictive
accuracies of skill acquisition compared to predictions
made using content-dependent information related to user

visual working memory, and verbal working memory
[17.52); user knowledge of the content to be visualized
[14]; user task performance [26], and user confusion with
the visualization interface [39]. This paper focuses on the
long-term goal of devising visualizations that provide
personalized support to case a user’s learning curve by
supporting the transition from unskilled to being skilled at
working with visualization-based tasks that are unfamiliar
to the user. In order to achieve this goal, in this paper we
discuss how to track users as they acquire the set of skills
necessary to efficiently perform a new activity, i
processing and performing tasks with a target visualization
in our specific case. We model skill acquisition based on
the presence of a learning curve which is a standard concept
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e Clustering
e Regression
e SVMs

Pupillometry and Head Distance to the Screen to Predict
SkilLAcauicitinn Durina Infarmatian \lieualizatian Taclke K8

In this pap Inferring Visualization Task Properties, User Performance, and User
measures ¢ Cognitive Abilities from Eye Gaze Data

skill  acqu

informatiof BEN STEICHEN, CRISTINA CONATI, and GIUSEPPE CARENINI,

term goal i

b University of British Columbia
user-adapti

support to.
user’s pred

additional Information visualization systems have traditionally followed a one-size-fits-all model, typically ignoring an
informatior individual user’s needs, abilities, and preferences. However, recent research has indicated that visualization
the screen, performance could be improved by adapting aspects of the visualization to the individual user. To this end,
accuracies this article presents research aimed at supporting the design of novel user-adaptive visualization systems.
made using In particular, we discuss results on using information on user eye gaze patterns while interacting with a

given visualization to predict properties of the user’s task; the user’s ce (in terms
of predicted task completion time); and the user’s individual cognitive abilities, such as perceptual speed,
visual working memory, and verbal working memory. We provide a detailed analysis of different eye gaze
feature sets, as well as over-time accuracies. We show that these predictions are significantly better than
a baseline classifier even during the early stages of visualization usage. These findings are then discussed
with a view to designing visualization systems that can adapt to the individual user in real time.

Categories and Subject Descriptors: H.5.m [Miscellaneous]
General Terms: Human Factors, Experimentation

dditional Kev Words and Phrases: Adaptive information visualization. eve tracking. ion. machine
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Clustering
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Pupillometry and Head Distance to the Screen to Predict
Ski . : . PP

Visualization Task Properties, User Performance, and User

+ Abilities from Eye Gaze Data

HEN, CRISTINA CONATI, and GIUSEPPE CARENINI,

“ British Columbia

 Bottry Fischer

- sualization systems have traditionally followed a one-size-fits-all model, typically ignoring an

Ps needs, abilities, and preferences. However, recent research has indicated that visualization
puld be improved by adapting aspects of the visualization to the individual user. To this end,
ssents research aimed at supporting the design of novel user-adaptive visualization systems.
we discuss results on using information on user eye gaze patterns while interacting with a
ation to predict properties of the user’s visualization task; the user’s ce (in terms
sk completion time); and the user’s individual cognitive abilities, such as perceptual speed,
§ memory, and verbal working memory. We provide a detailed analysis of different eye gaze
& well as over-time accuracies. We show that these predictions are significantly better than
sifier even during the early stages of visualization usage. These findings are then discussed
designing visualization systems that can adapt to the individual user in real time.

1 Subject Descriptors: H.5.m [Miscellaneous]
s Human Factors, Experimentation
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Clustering
Regression
SVMs
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Regression
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Topic modeling

Neural networks
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Pattern Analysis: Detect themes either via
automation or by user-driven approaches

Gotz et al., 2017

e Adaptive contextualization
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Patte rn Analysis: Detect themes either Via. Patterns and Sequences: Interactive Exploration of Clickstreams

to Understand Common Visitor Paths

a u to m at i O n 0 r by u Se r- d r i Ve n a p p roac h es Zhicheng Liu, Yang Wang, Mira Dontcheva, Matthew Hoffman, Seth Walker and Alan Wilson

(RS e — B s or B ooy ooy B Oomrsenty Smoraseraruncugoies [ Mpimy e
a: aks ek = 2 =28 ] e

e Adaptive contextualization |

e Extraction of branching patterns e

Sequence View

Fig. I: Interface design for interactive clickstream analysis: the pattern view shows maximal sequential patterns extracted from
the dataset; the sequence view displays raw sequences in coordination with user interaction in the pattern view; the context view
provides contextual information on the segment and hierarchical level of the dataset being explored.

Abstract—Modern web clickstream data consists of long, high-Gimensional sequences of mulivariate events, making it difficult to
analyze. Following the overarching principle that the visual interface should provide information about the dataset at multiple levels
of granularity and allow users to easily navigate across these levels, we identify four levels of granularity in clickstream analysis: pat-
tame, sogmenks, soquences an evens. W pressnt an analy poeine consising of e siages: patien mirng, patiem pruning
and coordinated exploration h, we discuss properties of maximal sequential
patterns, p 10 reduce the number of ualizing the

tial patterns and the corresponding raw sequences. We demonstrate the viabiity of our approach through an analysis scenario and
discuss the strengths and limitations of the methods based on user feedback.




o f
O - s @ !
o HOW: Pattern Analysis & Tir =~

Patterns and Sequences: Interactive Exploration of Clickstreams

Pattern Analysis: Detect themes either via to inderetand Gommen Visior Pate

Zhicheng Liu, Yang Wang, Mira Dontcheva, Matthew Hoffman, Seth Walker and Alan Wilson

automation or by user-driven approaches R e

e Adaptive contextualization 00000 a0ogooo | am oo e
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Metrics for Experiment Analyse:

Probabilistic Models: Mitigating the inherent
uncertainty in interpreting and inferring from

provenance data

e Traditional statistical models

number of visited elements

—a

exploration time

bias (data point coverage)

bias (data point distribution)
o

hinVis - Boardroom
number of visited elements

—to—1
exploration time**

=
bias (data point coverage)
-
bias (data point distribution)**
—o—

HindSight - 255Chart
number of visited elements*
o
exploration time
——

bias (data point coverage)
-

bias (data point distribution)

——

T —

'S (The error bars represent 95% Confidence Intervals. p < 0.5*,p < 0.1*%,p < 0.001 ***)  m Control Group

HindSight - Metafilt
number of visited elements**

-
exploration time
——
bias (data point coverage)**
3
bias (data point distribution)**

o

—

exploration pacing***

e

exploration pacing

1.

Metric Correlation and Independence

exploration time

number of visited elements
bias (data point coverage)
bias (data point distribution) n
exploration uniqueness

exploration pacing

55Charts  (positive / ns

ve correlations)

The metrics exploration time and
number of visited elements have a

moderate correlation.

o

exploration pacing

.

The exploration pacing metric

——

exploration pacing

——

The exploration uniqueness metric
in

reveals that those

in

the experimental group tend to

explore the vis in lower paces.

The metric bias (data point coverage) and bias (data point distribution)

have a strong correlation.

Both exploration uniqueness and exploration pacing metrics
can capture different aspects of user explorations

Fengetal., 2018

the
experimental group tend to have
amore unique exploration compared
to others.
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Probabilistic Models: Mitigating the inherent

Metrics for Experiment Analyses

T —
(The error bars represent 95% Confidence Itervals. p < 0.5 %, p < 0.1 *,p < 0.001 *¥) = Conrol Grovp

SearchinVis - 255Charts SearchinVis - Boardrooms H jht - 255Charts HindSight - Metafilter
number of visited elements number of visited elements number of visited elements* number of visited elements**
exploration time exploration time** exploration time exploration time

-—

uncertainty in interpreting and inferring from

provenance data

bias (data point ct

Interest Driven Navigation in Visualization

bias (data point di Christopher G. Healey, Senior Member, IEEE, and Brent M. Dennis
o
Abstract—This paper describes a new method 1o explore and discover witin a large dataset. We apply techniques from preference
exploration unique elciation to automatically identity data elements that are of potential interest to the viewer. These “elemens of interest” are bundled
| nto spatiall local custers, and connected together 1o form a graph. The raph is Used to build camera paths that alow viewers to “tour”
—o- areas of interest within teir Gata. It is also visualized 1o provide wayinding cues. Our preference model uses Bayesian diassiication

e Traditional statistical models

e Bayesian probability and inference

exploration pacing

Metric Correla

number of v

bias (data poir

bias (data point distt
exploration unique

exploration pacin

15 0 st v st o iy Xt ety 5 0 YowS) TR el e W (E e pEIng Bt
Vi

interest based on a viewer's actions. This allows us 0 track a

iewers

cimatoiogy data colleted atlocations trougnout he wore

Index Terms—Bayesian network, classification, navigation, preferences, visualization.

1 INTRODUCTION
CIENTIFIC and information visualization convert
large collections of strings and numbers into visual
representations that allow users to discover patterns
within their data. The focus of this paper is the visual-
ization of large datasets containing n data elements and
m data attributes. The size of these datasets normally
exceeds the available screen resources, forcing much of
the dataset to lie offscreen. This leads to an important
question for a data analyst: “How can I locate interesting
data when most of the data is outside my current view?”
Various methods have been proposed to address this
problem. Our particular solution applies an artificial in-
telligence technique known as preference elicitation. How
can we order a person’s preferences across a set of items?
Techniques like Bayesian classification can be used to
learn the person’s preferences, both known and hidden
[1]. We apply these theories to build rules that dlassify
a subset of a dataset’s elements as mtsrestmg" to the
viewer. The elements are visualized a

every time a viewer’s interests change.

« Tt may be difficult for a viewer to formulate an exact

definition to describe why an element is interesting.

« A viewer may not know apriori what they will find

interesting.

To our knowledge, this is the first attempt to auto-
matically define and update in real-time data properties
that are of interest to a viewer during visualization. Our
contributions in this paper are:

« A description of the area of preference elicitation

and its relevance to data visualizatio

« A Bayesian dlassifier capable of constxuchng user
models to tag data elements as interesting or not
interesting.

A description of how a viewer’s actions during
visualization can be used as implicit cues to track
and update the viewer’s interests.

A of

interest model into_an exxstmg frameworkfor
navigatine an la;

tetric
nthe
Bve
mpared
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Metrics for Experiment Analyses  (the error bars represent 95% Confidence Intervals. p < 0.5 %, p < 0.1%%,p <0.001 ***) Comtrol Group

Probabilistic Models: Mitigating the inherent
uncertainty in interpreting and inferring from

provenance data

e Traditional statistical models
e Bayesian probability and inference

e Neural networks

Nraining data items

Ffeatures + label
L

SearchinVis - 255Charts SearchinVi

number of visited elements

room:

number of visited elements

exploration time exploration time**

-—

bias (data point ct

bias (data point di
.

Training Data

sampleset1 | |-

ﬁ.;iﬁ "
i
|

Ffeatures +label

Sample set 2

sadwes N

Fleatures +iabel
1

Training Data

(a)

oo
+labe,  +labgl

Ntraining data items
Sample set 1
sSample set 2

— -

i

Ffeatures F* features

‘

r.n item

Smith etal., 2018

HindSigl

number of visited elements*

T —

255Charts HindSight - Metafilter

—o— o

exploration time exploration time

Prediction 1

Prediction 2

Prediction 1

Prediction2

Interest Driven Navigation in Visualization

Christopher G. Healey, Senior Member, IEEE, and Brent M. Dennis

nin a large dataset. We apply techniques from preference
st o the viewer. These "elements of interest” are bundled
ph s used to build camera paths that allow viewers o “tour”
J cues. Our preference model uses Bayesian diassification
Fhe model responds in real-time, updating the elements of
ts as they change during exploration and analysis. Viewers

sualization.

{very time a viewer’s interests change.

tmay be difficult for a viewer to formulate an exact
lefinition to describe why an element is interesting.
A viewer may not know apriori what they will find
nteresting.

our knowledge, this is the first attempt to auto-
lly define and update in real-time data properties
re of interest to a viewer during visualization. Our
fbutions in this paper are:

A description of the area of preference elicitation
Ind its relevance to data visualization.

A Bayesian classifier capable of constructing user
Rodels to tag data elements as interesting or not
nteresting.

A description of how a viewer's actions during
fisualization can be used as implicit cues to track

nd update the viewer’s inferests.
1S of dri

Bterest model into_an ex.smg frameworkfor
m\n atine ang larg
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i
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Probabilistic Models: Mitigating the inherent
uncertainty in interpreting and inferring from
provenance data

Traditional statistical models
Bayesian probability and inference

Nraining data items

Neural networks Usor Attention (hidden)

Markov models

Ffeatures + label
L

T —

Metrics for Experiment Analyses  (the error bars represent 95% Confidence Intervals. p < 0.5 %, p < 0.1%%,p <0.001 ***) Comtrol Group
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nin a large dataset. We apply techniques from preference
st to ihe viewer. These "elements of interest” are bundied

ph s used to build camera paths that allow viewers o “tour” E
J cues. Our preference model uses Bayesian diassification
Fhe model responds in real-time, updating the elements of
ts as they change during exploration and analysis. Viewers

Prediction 1

sapdues ¥
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Probabilistic Models: Mitigating the inherent
uncertainty in interpreting and inferring from
provenance data
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Program Synthesis: Create executable scripts based on past
user interactions

e Domain-specific languages

Capturing and Supporting the Analysis Process

Nezarin Kadivar, Victor Chen, Dusin Dunsmur,Efic Loe, CherytCian, Joh Di, Chistopher Shew, Robert
joodbury

‘School of Interactive Arts and Technology

Simon Fraser University

ABSTRACT
‘Visual analstis tools provide powerful visual representations in
order to support the sense-making process. In this process,
seatys ypicaly e through sepeaces of slps many e,
varying parameters each time. Few visual analytics tools support
s pocess el mor do they rovide support bt vializng
erstanding the analysis process itself. To help analysts
ey plor, erence, and e i anlyss proces,
we present a visval analytics system named CzSavw (See-Saw) that
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Capturing and Supporting the Analysis Process

Nezarin Kadivar, Victor Chen, Dusin Dunsmur,Efic Loe, CherytCian, Joh Di, Chistopher Shew, Robert
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‘School of Interactive Arts and Technology

Simon Fraser University
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evidentiary trails, weigh their quality, and compare their strengths

and weaknesses. For example, an intelligence analyst may analyze

field report documents, or a computer scientist may investigate
reports written about a software library

e the document collecton s small, the

question s tightly constained, and the f investigation is
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Exploration Strategies for Discovery of
Interactivity in Visualizations

Tanja Blascheck,

indsay MacDonald Vermeulen, Jo Vermeulen, Charles Perin, Wesley Willett,

Thomas Ertl and Sheelagh Carpendale

Abs how the functionality of an interactive visualization that was designed for the general public.
While interactive vlsuallzaoons are increasingly avaiable for publi use, we stil know e about how the genevau public discovers what
they can do with these wailable. Developing a better f ths process

can help inform the design of visualizations for the general public, which in turn can help make data more bcossio. Ts unpack this
probiem, we conducted 2 b stdy i wich partcpants wero free o use thlr own methods to discover the funclonally of 2

connected set of interactive vis data. We coll

and interaction logs as well as video

‘and audio recordings. By analyzing this combined ata,
functionali
discoverability of a visualization's functionality.

Index Terms—Discovery;

ization; Open Data; Evaluation; Eye Tracking; Interaction Logs; T!

trategies that the participants employod to discover the

inthese interactive visualizations. These exploration strategles illuminate possible design directions for improving the

-Aloud;

1 INTRODUCTION

Many governments worldwide strive to make their data
available online in open formats. This open data movement
has been pursued as a political priority in countries such as
Canada [], the United Kingdom [2], Germany [3], and the
European Union as a whole [4]. This data is typically only
available in raw formats like spreadsheets and CSV files -,
making it hard for the general public to access and explore.
Moreover, citizens often lack the means or skills to process,
visualize, and understand the data [6].

A popular way of making open data more accessible
is via web-based interactive visualizations. Some examples
include the OECD Better Life Index [7], the NCDRisc Height
Map [8], the Crime Maps of UK cities [9], or the Live London
Underground Map [10]. However, it remains unclear how

+

We contribute a detailed mixed-methods study from
which we identify a variety of exploration strategies that
people use when discovering how to interact with a visu-
alization. We report the results from our observations of 24
participants as they used their own methods to discover the
functionality of an open data visualization on a government
website dedicated to providing information on energy data.

We collected and integrated eye movement data and
interaction logs as well as video and audio recordings to
extract exploration strategies that participants employed to
discover the ty. These i
strategies are: eyes only, reading text, opportunistic inter-
actions, entry points, structural interactions, permutation
interactions, and leveraging the familiar. Some of these
exploration strategies have been documented previously,
including eyes only [T1], reading text, opportunistic inter-

ctions (12 e iooc G731 and chooc
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1 INTRODUCTION
Many types of data, such as census statistics, stock market prices,  We introduce DimpVis (DimP [10] for information visualizations),
and twitter fecds change over time. Fa art types, such s an object-centric technique for interacting with visual items in infor-
bar charts and scatter plots can be used to represent this ime-varying  mation visualizations to explore the time dimension (sec Figure 1).
data. Changes in data values over time are most often shown through  DimpVis enables intuitive investigation of spatial queries. For exam-
animation, usually paired with a separate time slider widget. Using ple, to answer “Was this bar ever at 5007” in a time-varying bar chart,
one simply 1o that height. I a moment
while observing how items of interest change. Altematively, images  when the bar is al the height, the visualization is moved to that
of the visualization at each moment in ime can be presented side-by- The intcraction is guided by visual paths which eveal how cclocwd
ide. 1L multinles (310 Howes ¢ data e chancy
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Company Event Analysis

‘The goal of this analysis is to identify companies for further
inspection based on whether they have behaved similar to
companies that was forced to close.

Based on the underlying analysis, the listed companies are worth = +
Ioboaciia. CHek vt 3 %

igate a par

efine the outcome of a company,

and fltering the data. The definition s based on the
company status event updates.

(2) The second part is to generate a model that can

effectively summarize the event sequence data in a useable
way.

A This part is where the model is calculated.

Mathisen et al., 2019
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Abstract—During asynchronous collaborative anal
by analysts may not adequately communicate the
‘automatically capture and help encode tacit aspecs of the investigaf

handoft annotat techniqu

‘communication of progress and uncertainty with annotation, and impid
evaluate our techniques, we developed an interaciive visual analysis

i
strategies, hel
Index Terms—Collaboration, sensemaking, handof, handover, struc

Visual-Analytics Evaluation

To Score or Not to Score?
Tripling Insights for Participatory Design

Michael Smuc, Eva May, Tim Lammarsch, Wolfgang Aigner, and Silvia Miksch » Danube University Krems

Johannes Gartner = Ximes

isual tools were used in the ancient world
for data analysis (for example, the abacus
for calculation), but human processing
abilities and the capacities of these tools restricted
analysis to small data sets. It wasn't until the de-
velopment of computers with greater processing
power that more complex mathematical analyses
of huge data sets became possible. In recent years,
computers have also been used to develop visual
methods and tools that further support the data
analysis process. With the advent of the emerging
feld of visual analytics (VA), the underlying concept
of visual tools is taken a step further. In essence, VA
combines human analytical capabilities with com-
puter processing capacities.! In the human-computer
interaction process, the user generates new knowledge
and gains insights.
One challenge confronting VA is to develop
i lysis tools that best support the user

+

1 INTRODUCTION

Visual representations of knowledge and insights can help analysts 115,47, 521. However, the explicit transfer of knowl

synthesize their obscrvations and questions dur-

ing

Analytics Tools Developed in DisCa” sidebar, next
page). These tools are developed for use with Ximes'
Time Intelligence Solutions software and are tar-
geted at human-resource-planning consultants. At
the beginning of the project, we used task and user
analysis to assess this target group's requirements,
which included optimal staffing or the design of
shift work systems. Users have to present their re-
sults to their customers, and new tools must have
an intuitive, easy-to-understand
design. Therefore, DisCd tools are
designed with an early focus on

s amd iterative testing phases, 10015 many studies confine

to scoring user insights into
data. For participatory design

Insight as an Evaluation
Method for Participatory  of those tools, we propose
Design a three-level methodology
Various methods have been de- to make more out of users’
veloped in recent years to test insights. The Relational

For evaluating visual-analytics

between
laborators remains a key visual analytics challenge in complex

track, organize, and synthe i« n
ing data analysis 16,46, 53]. As investigators collaborate, these  sensemaking scenarios [3,20,29,35,43].
a

visualizations of knowledge can cvolve into s

‘This transfer of knowledge is known as handoff (or handover) in




Future Research .OO
WHY %

Still many opportunities such as user intent modelling. n

Can support important questions in related field such as Explainable Al.
WHAT

Multi-layer provenance model: from system log to user reasoning

Challenges in user reasoning capture



Future Research

HOW

e Utilization of more advanced Machine Learning methods
e Fundamental challenges such as “chunking”: grouping the steps
In an interaction sequence

Standard and Integration

e Most provenance tools have their own formats, which makes
data exchange and integration almost impossible
e A common standard will be beneficial to the all related fields




