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Chapterl.l nt roducti on

OEngineers solve technical problems that are wehaved. Designetsuild and
innovate soltions to wicked problems, humamessy problemn And on the
(computer)mouse, the engineers did a really good job of making the little switches
and the things that control the wires and send the information to the computer
screen to show the pointer where it should(gé. But, will people like it? Shdd
you press the button once or twice? Should it make a noise when you do that or not?
That's all part of the human experience. So medthundreds of different micand
hundreds of different definitions of how the interaction between the pansbthe
computer would go. Bagse that's a human experience. You cannot analyage
you cannot sit down with an equation and figure that out. You have to go into this
place called the future we haven't been yet, where computdreeaddy, and talk to
theue r &nd 3ee what happens. And that's how we build our way fordard.

Dave Evans

The Diane Rehm ShowAMU, October 8! 2016

The surrounding inspiration of this PhD thesis is that data analysis, as well as our
everyday lives, can be profoundly shapechbynanbased design. Thatility of any

tool, or processthat we use depends not only on its internal technology and



capabilities, but also on thpsychological educational, social, and aesthetical
context within which it operates. | argue that datelysis is a process thigtno
different. To be able to truly understand data, we face not only computational and
algorithmic challenges, but also cognitive, educational, and even cultural ones.
Designing the process of bringing data to life, or creatnglata dialogue,
compliments designing the algorithms. Neither can survive alonaddition, to use

data as a form of communication, or even to draw a conceptual picture implicitly
lingering in our minds, data presentations need to appeal to our eyed as our
mind.

For decadedhe information visualization researchers have been developing new
techniques, the practitioners have been working to satisfy client needsvahapdz
culture, and the public hdeeen getting more literate through ddtasen journalism
and so many everyday ingations with data (information). Yete have more work
to do to enable rapid, effective, and expressive visual data exploration. Specifically,
in a humarcentered context, innovation is not merely adding new chipediand
techniques, but also #shaping the processes to meet the needs of today, and to
prepare for a positive vision of the futuiiéhe only way to build #imeless sculpture
is to removethe excess material, and the imagination of the artist defimed
would remain,the core purpose of the material. Similarly, innovation in data and
human based design can remove such extraneous material, the complexities, with a

new vision for functionality, aesthetiqgajrpose,and value.
2



Motivated by the growingmportance of making effective data driven decisions,
and improving data literacy, for a broad public, and the inspirations of human
centered approaches to problem solving, this thesis presents (i) a framework to
understand cognitive aspects of visual daggloration, (i) a minimal yet expressive
model to enable rapid tabular data exploration, ¢hi¢ implementationon this
mode]| Keshif, which has been applied in oud&0 settings, (iv) a contextual, isitu
help system design foproviding training in visual data interfaces, and (v) an

evaluation of alternative visual designs for dense display of numeric datasets.

1.1 Motivation

This thesis is motivated to contribute towards more rapid, effective, and expressive
visual data exploration. The need for rapsmeeflects the essence of time. The
throughput of datalriven knowledge from a dataset depends on making quick
observations and a fluid dialogue to support the process. The nesffefdiveness
reflects the essence of analytical thinking and accuragnalysis. Given many
alternative ways to explore a dataset, there are many pdientigleading paths to
inaccurate assasents, or roadblocks to reaspecific targeted outcomes. The need
for expressiveness reflects the essence of depth ahthess ofexploration
outcomes The toolsandtechniquesshould not only provide a singular view of the
data, but a range of views each of which can answer new questmmsver, aken

together, rapidness, effectiveness, and expressivaregmals thatanoppo® each
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other Expressiveness can increase the time to make effective decisiogs,
rapidness can lower the depth and accuracy of assessments of data. The approach of
this thesis is finding a balancand generatingew valuethrough by not sacrificing
along one dimension while improving among another dimenseengnizing that
this is not a&erosumsetting

Specifically, this thesis decomposes this higher motivation mialtiple
chapters These motivations can also be linked together based on targeting various
stages and factors of the Cognitive Exploration Framework (See S8cd)okirst,
we neel to have a clear understanding of the cognitive aspects of data exploration
(Chapter 3. Second, we need to develop new, refined models that would create new
environments that offer rapid, effective, and expressive exploréibapter 4. We
need to implement new tools based on these models, and study how people use these
them (Chapger 5. Third, we need to enable expressiveness for revealing deeper
relations and information within richer data sour(@bapter §. Fourth, we need to
consider how people can be trained, and how they can receive help, so that they are
able to quickly learn aneéffectively apply data analysis and explorations end
variousconditions and dataset€hapter 3. Last, but not least, we need to evaluate
alternative visualizationby their characteristics graphicalperceptio and design
to empirically find those that would be more effective under targeted settings

(Chapter 9.



1.1.1 Motivationfor aCognitive Focus on Data Exploration

The value of data can be measured by the knowledge we can extract from it. Visual
tools support exploration for knowledge discovery by creating an interactive
dialogue with dataTo evaluate the role of cognitipwe focuson the role of alata
explorer whose primary goals to understand data by developing and answering
guestions. This is in contrast to consuming-gxe&acted knowledge from a data
presentation (such as a news story), communicating re#ifs or designing
specific interfaces and data exploration spaces for other[d§érs

Vi sualization can amplify R&dHpweeds abili
using visual tools for data analysis also requires other cognitive activities, such as
forming analysis goals and interaction plans. Barriers to effective cognition can lead
us to fruitless paths, inagate or false knowledge, lost time, or even the
abandonment of exploration because offasion and frustrationExisting work in
modeling visualization or cognitive activities in exploration tend to be frameworks
that focus on system componefi2§], [31], [60], empirical results from specific
tools and study setufy§4], [80], [84] or surveyq85]. Little work has focused on a

comprehensive analysis of thegnitive aspects ofisual data exploration.

1.1.2 Motivationfor aVisualand Interactivéviodel for Data Exploration

Visual data exploratio can be performed using visualization design environments

(VDEs) (such as Tablea{l36], Lyra [123], iVisDesigner[115]) that enable

5



constructing custom visualizations and iatgions based on rich visual grammars,
interactive features, and data pipelines. VDEs are also designed to support
explanatory tasks, such as storytelling and interactive infographics. As a result,
VDEs typically define a highly expressive, yet vast andngex query and
configuration space that requires users to make many decisions to create effective
data views. This process demands high cognitive effort, requires knowledge and
experience, and reduces exploratory speed, affecting both n¢vijesnd experts

[16]. Extended discussions of related work in mdltnensional data analysis, and

their limitations in the context of this thesis, are presented in Sé:8on

1.1.3 Motivationfor SetTyped Data Exploration

Many reatworld data collections consist of elements with multiple attributes. Some
of these attributes may take multiple categorical values; fample, movies may
have multiple genres, recipes have multiple ingredients, students take multiple
courses, and publications typically have multiple keywords and authors. These
multi-valued categorical attributes are commonly referredetsyped since thg
implicitly describe set memberships over elements.

Settyped data has recently received considerable attention in the field of
information visualization, with visual representations based on linear lists of set
intersectiond88], radial noddink diagrams[3], and element matrix compositions

[121]. However, common between these and other visual set exploration approaches



in the literature is thati)they scale to a relatively small number of sei¥tljey are
optimized for particular set exploration tasks; anid (hey either do not support
other element attributes beyond set membership, or the visualization and interaction

is designed differently and duc for other attributes, decreasing consistency.

1.1.4 Motivationfor Integrated Contextual Help System Design

Using computer applications effeaiy can be demanding for both fiténe and
experienced users. While user interface improvements, better interaction models, and
increased familiarity have made applications easier to use, using new interfaces and
learning new concepts always pose chaé=jl31]. In practice, users today expect
to use new applications immediately with no or minimal training, and to learn and
troubleshoot as they go.

In particular, designing seifstructional interfaces for data science tools faces
many challenges becsel of the overall complexity of data analysis. Everisaal
data interface such as Tableau, Spotfire, or Keshif, which are based on interactive
visualizations of data to aid sensemaking, must guide experts in translating their
analytical knowledge intactual tool features. This step is even more challenging for
casual users or novices, who have a limited vocabwamyata analysis, yet are
increasingly consuming or searching for ddteven answers in their everyday lives.
However, traditional help matials based on static datasets and fixed application

settings cannot match the rich context of a live data analysis environment, and thus



require the user to translate the abstract information into their task at hand.
Integrated help systems have the pt#d to provide this crucial help and training
guidance. Specifically, data interfaces constitute an unprecedented opportunity for
data-driven contextualizationvhere the features of the underlying dataset, such as
variable types or distributions, and &s#s settings, such as chart types and data

selections, can be used to guide the user to learn the tool and perform data analysis.

1.1.5 Motivationfor Dense Visualization dflumeric Data

Lists of numeric measurements for specific itdnssich as country populahs,
smartphone prices, or university acceptance datege ubiquitous. The sorted bar
chart visualizes this data with perceptual effectiveness and simplicity. However, it
can only show a few dozen records given standard constrained screen sizes. How can
we visualizemorerecord® such as 150 countries, 75 tablets, or 300 univer8ities

in a chart, while maintaining perceptual accuracy for data comprehension? Among
potential solutions, (i) larger screen spaces for charting may not be available, (ii)
interactian, such as scrolling or focus+context, are not supported in ubiquitous print
and image medium, and (iii) aggregation of underlying data prevents observing
records individually. In addition, there currently exists no detailed evaluation of
alternative visulizations and their graphical perception performance targeting this

data setting and context.



1.2 Contributions

The contributions of this dissertatianeas the following:

T

(Chapter 3 We developedhe Cognitive Exploration Frameworto present
comprehensivstructuredoverview of the cognitive activities and challeag

in visual data explorationThe framework can be linked to many design
guidelines in data analysiand can be used for evaluation of data analysis
tools as wellThis framework is built upon, and extends, existing literature in
visual data sensemaking, cognition, and barrigng. results are presented at
BELIV 2016[153].

(Chapter ¥ We developed a visual model for data exploration tlealuces
decision making in data exploration, arathieves minimalism while
maintaining expressibilityWe describe thevisual, interactre, and analytical
components of this framework, and describe its application to multiple
common data types.

(Chapter 5Weimplemented a webased data exploration tool called Keshif
based on the proposed framework. The implementation allows creating data
browsers using graphical authoring, or using a simple API. The browsers can
be embedded, edited and shared eaBiised o our user evahtion with
visual data analytics noviceshort training and a casual setifeshif can

leadto rapid data exploratio performanceas measured by the volumend
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depth of datadriven insights. Our study results and performance are
comparableto, and on par withexisting studies using advanced tools or
novel prototypes with more skilled audiences.

(Chapter § We present a focused design and development for analysis of set
typed (multivalue categorical) data, called AggreSet. This technique has
advantages in visual scalability, castency, and expressiveness compared to
the state of the arfThe results are published &V/CG as part of InfoVis
2015 proceedingd 54].

(Chapter 8 We present thalesignof a newcontextualin-site (integrated)

help systenior visual data interfaces$iglpin), with the goal to advance upon
rapid help seeking ahlearning of data interfaceldelpin takes advantage of
active data, and query, visualization states, and includes multiple modes
targeting different use cases in help. Our approach clarifiassthef context

for both help seeking and help presentation

(Chapter 9 We present a detailed evaluation, both in design and in graphical
percepton performancefor visualization of dense sorted numeric data. We
present a novelisualization technique, called Piled Bars, which is an
extension of the wrapped bars technique, with advantages in data encoding
properties. The evaluation details the perception accuracyn three
complimentary tasks (comparison, ranking, overview), as well as various

practical use cases and alternatives of the studies altertetheques



Next, we describe the contributions of each chapter in more detail.

1.2.1 CognitiveExplorationFramework

The Cognitive Exploration FrameworKor visual data exploration (GB is a
structured overview of six cognitive stages in data explorafidre factors of
decisionmaking, existing knowledge and motivatiare also identifiedh relation to
cognitive actities. By its comprehensive coverage of cognitive activities, the
framework can be used to improve and evaluate the design afraxpl/ tools. We
demonstrate the rhetorical power of CEF by using it to categorize a large number of
concrete design guidegith respect to stages of cognitidn. order to use CEF as a
lens to evaluate toolsye propose an observational study approach that focuses on
identifying failures and challenges in opended exploration instead of performance

on benchmarked tasks osights[122].

1.2.2 A Minimal Yet ExpressivéModel for Data Exploration

To streamline and unify the visualization authoring and dagdoration workflow
for tabular dataand to reduce complexities and decismaking costswe propose
the aggregate summaries and linked selection model. Data records are aggregated in
attribute summaries with visual design based on data type. Our mechieles the
search space for choosing visual data encodings by automating visual representations
based on data type and semantics using perceptually effectivegvadapping

visual encodings. Thus, the user makes fewer decisions on data representation
11



compared to VDESs, leaving more cognitive resources to reachddatn insights,

and reducing required visual analytics knowledge. The model defines an interactive
overviewto-detail flow for visual exploration using three linked selection
interactions: (i) highlighting (rapidly previewing record groups), (iifiltering
(focusing on a record group), and (igpmparison(locking selection of record
groups). Despite its minimalism, the model is expressive (enables rich data
exploration) by its applicabilityot common data types (categorical, numerical,
temporal, and spatial (Table 1)), and its support for measure functions for aggregates
(count, sum, average) and visual scale modes (absolut@fpdrhe model achieves
scalability in record count by expliciggregation, and its minimalism enables rapid
learning.

Design and Implementation of Keshif: Data Exploration Environment

Based on this modelye designed andmplemented Keshif, an opesource, web

based data exploration tool for tabular data, availableme atwww.keshif.me Raw

data is visualized by authoring a Keshif browser by inserting attribute summaries,
the record display (showing records individually), and calculating custom attributes.
This authoring can bdone using graphical interface, as well as using the minimal
JavaScript APl of KeshiiDat a is then interactively
unified, consistent linked selections. By enabling authoring within exploration, the

two processes are merged ie gingle environment.

12
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Keshif further specializes summarieasedon data semantics for tasks such as
categorical sorting, flakle range selections, and ngation (scroll, pan, zoomJ.o
enable exploration of spatial records or seferencing attribute (networks), the
record display can show records on a geographical map or as-antodieagram, in
addition to list views. Keshif browsers are defined with a compact configuration,
which can be forked to enable collaboration. Browsers can be publaigdsbn the
web with a unique URL, or embedded into existing web pages using basic JavaScript
and CSS programming, which also can be used to customize the browsers. As a
result, Keshif provides an cof-the-box tabular data exploration solution to enable
rapid data exploration.

We present an evaluation data exploration process from raw data with visual
analytics novices in a casual, unguided setting given short training using the-insight
based methodologyThe results support that Keshif and its modelr fdata
exploration enable rapid learning, authoring, and discovery flow, averaging close to
two insights shared per minuté/e also validatethe design through 1&+ Keshif
browsers on public datasets across many disciplines, enabléde bynderlying

genegic model andts implementation.

1.2.3 AggreSet: Sefyped Data Exploratiofiechnique

AggreSetis a novel set exploration technique that solsetexplorationchallenges

noted abovehrough an integrated design of linked visualizations of multiple data

13



dimensions with rapid selection, filtering, and compari@éigure 12). It addresss

the challeges presented in theéSection 1.1.3 as the following: i) To improve
scalability, AggreSet uses a mathased visualization for set relations. Scalability

in thenumber of sets is achieved by the yoverlapping and zoomable nature of the
setmatrix. Scalability in the number of elements is achieved by aggregaiipn. (
Based oman analysis of setyped data exploration and design guidelines, AggreSet
is designed d@ achieve richness of supported tasks, design efficieacy
consistency.iif) AggreSet embeds the segtrix in a multiview layout consisting

of histogrambased visualizations that are brushed and linked in a design that does
not differentiate betweensettyped and multivariate attributes. Specifically,
AggreSet achievesiproved scalability, richness, consistenaggdenables naid set

typed data exploration throughnew matrixbaseddesign for visualizing sets

Scalability: AggreSet supportgoncurrent analysis on numerous sets (50+) and
many aggregated elements (100,000+) across multiple dimensions. Its scalability
comes from notoverlapping visuatations of aggregations over elements, and a
scrollable and zoomable matrix view for visuaigirelations between sets.

Richness AggreSet supports a plethora of tasks for exploring relations -y sed
attributes and elements with minimal visual and interaction components. Its multi
view and linked design enables higleeder analysis (e.g. ietsection of three or

more sets), surpassing the limitations of static 2Brs#tix layouts.
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Consistency The visual and interaction design of AggreSet is consistent across all
attribute types; i.e. it does not differentiate between aggregates foreselsgees,
setintersections and other attributes, when applicable.

Rapid exploration: The user can observe many relations on tightly coupled
visualizations without performing explicit state changes that slow down interaction.
Our visual and interactioredign encourages an overvi¢avdetail exploration.

Matrix design for set relations: Ag g r e S ematibs visiakzes sespecific
relations: empty, identical and ssbts. It also presents a new set similarity metric,
and a new method for set orderingpgerceptually emphasize intersections of set

groups.

1.2.4 Helpln: DataDriven Contextualn-Situ Help System

To improve help and training for visual data interfaces, we predeiyln, a
contextual datariven insitu help system. With contextual integration ludlp
instructions using visual callouts, superimposed labels, and dynamic annotation into
a live visual data interface, such as in Figure 1, Helpéponds to active data and
application context, and reduces the physical distance of help material to the
interface,targetingto weaken the sphattention effecf51]. The features od data,
visualizations, and queries, agll as application and task history, is used to help the
user to quickly find help material of interest (help seeking) by contextual filtering

and ranking, as well as to comprehend dynamic narrative answers. We introduce five
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modes of helgseeking acrosshe pull/push model (help initiated by the user vs.
system)[67]: contextual help on pointed interface elememsirit Learn, topic
listing, overview, guided tour, and notifications. In addition, while updating interface
design can outdate fixed screénots or videos, Helpin allows help material to be
adjusted in small pieces during development, enabling itenai@netenance

We evaluated Helpin in comparison to its strippledvn version with non
contextual topic index and nentegrated answers usinghared instructional
material. While our participants showed similar progm@sgyiven tasksacross the
help system conditions, the Point & Learn mode was found the most useful in their
feedback, and lead to higher tagkmpletionperformance while also aneasing time
spent on help. Given high quality help instructions, the preference across static vs.
integrated topic answers were split across on individual level. We also report on

help-seeking behaviors for visual analytics, including when, for whathand

1.2.5 Evaluation of MulttColumn Bar Charts and Treemaps

Relating to the graphical perception aspects of visual data exploiach the
visualization assessment stage of the Cognitive Exploration Framework, and
guidelines thereof)this thesis also focuse&m dense data visualizations for sorted
numeric datato enableboth overviews of all recordsand comparisonsacross
recordsFigure31 shavstreemapg71], wrapped barg47], andpiled barsthat meet

these goalsNe consideedtreemapqTM) because of their common ude], [143],
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[159] for presenting large numbers of records without hierarchical structure,
although the technique was originally designed with hierarchical structures in mind
[71]. Visualization tools such as Tableau also include treemaps as a suggested plot
for a numeric attribute, which leads to its adaptation in various dashlj8atdg/e
consideed wrapped bargWB) andpiled bars(PB), which are multcolumn dense

bar charts. Wrapped bars, to our knowledge first introduced by Stephef@HAew

use multiple columns to improve the compactness of the visual representation. Based
on this designwe refined wrapped bars into thmled bars technique by using a
shared baseline for all columns, which visually aligns all record bars, and improves
on the data encoding resolution. However, this step introduces overlaps across bars
along a row, which we separate visually using a gradient reigdapproachThis
thesiscontributes a detailed analysis of the three designs, and disstiss use of

color and bidirectional axis for visualizing negative values and grouped records, as
well as showing record labels.

In addition, the thesisepors on the graphical perception performance of the
alternative techniques through crowdsourced human experiments, comparing them
on three complimentary tasks: comparison, ranking, and overview. In terms of data
assessment accuradle results suggest thailed bars > wrapped bars > treemaps
for comparison task (given a strong outline highlight stimulusgpped bars >
piled bars > treemap$or ranking task; anavrapped barse piled bars > treemaps

for overview taskThe experiments with weaker matipe stimuls for comparison
17



task show thapiled barsmay not be interpreted correctly with limited training given
its significantly lower accuracy performand¥e also discuss the effects of column
layout and data density on the perception performance.

We developeda JavaScript library to generate the studied chart designs and
figures in this paper and the experiments, called chubuk.js, which is available as

open source agithub.com/adilyalcin/chubuk.jsThe experiment data, setup and

results are also publicly availablegthub.com/adilyalcin/chubuk.exp

1.3 Evaluations

Developing humaitentered desigrand evaluation techniquesithout actually
gettinghumans to usi and influence the processuld belike walking in the dark
without a compass We w0 rhéwt mughpragmesswe are really makingwe
wonodét know when we raemac lweo uwro ndd s teivreant ik w
is well calibrated! Threfore, while we have our guidelines to act as our compass to
our goals, we need to have people to illuminate our path, confirm progress and
direction, and better understand our environment.

We evaluated each of our proposed contributions using targstrdstudies
under various settings. To evaluate the application of Cognitive Exploration
Framework to detect cognitive barriers and activities, we used Keshif as the
exploration tool andnalyzedvarious challenges across thizestages proposed. To

evaluate the exploration model on aggregate data summaries and linked selections,
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we used insightgained by our participants measure progres$o evaluate the in

depth exploration of sdyped data, we conducted expert reviews arghortterm

case study. These evaluations, all enabled by the extensive implementation of Keshif
(Chapter %, are described in detail i@hapter 7 We present the evaluations of
Helpln, and alternative visualization designs for the dense visualization of numeric

data in their respective chapte@apter &ndChapter 9
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Chapter2.Backgr ound

0A common risk in academic research is getting too caughh wgur hammers
(powerful solution techniques) and losing track of the nails (the problems that need
solving)6

David R. Karger

in 6The Semantic Web and End Users: What's Wrong and How to Bix 4]

This thesis builds upon a body of decattexy research and practice on data
visualization, interaction, interface desigrgmputation, andpsychology. In this
section, wagive an overview of the backgrouadd related workhat influenced and
provided the motivation for the contribobhs presentedhereafter Additional

referencesre cited in the throughout this theasnecessary

1.1 Sensemakqg and Data Visualization

Sensemaking is an iterative process of gathering and representing information,
developing insights through manipulation, and producing knowlddig@]. The
information visualization reference mod@6], [31] models visualiation pipeline

from a system poirdf-view as transitions between data, analytical abstraction,

visualization abstraction, and view. A nested mddéll] can be used to evaluate
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such systems. Yet, these approaches are not based on cognitive processes in visual
exploration. Information foraginfl11] describes information search behavior using

an analogy with animals hunting and gathering food. However, it does not model the
data interfaces, interaction, and the analytical process. The datatinaomy of
sensemakingj79] argues that sensemaking is composed of cycles of (i) elaborating a
mental frame, (ii) preserving a frame, and (ii) reframing. Whilembdels a
reasoning process, it does not model the concrete roles of interaction and

visualization, and cannot explicitly guide on supporting these processes.

2.1 Cognition for Sensemaking

Higher mental processes such as attention, language use, memoryti@ercep
problem solving, and thinking, are the focus of cognitive psychdi@jy Cognition

is therefore closely related to sensemaking and data visualization. Card2&( al.
define externalized cognition as the use of an external object to reduce menmtal eff
and memory demands when performing a task. David Kit8hextends the e of
external representations into rearrangement, persistence, independence,
reformulation, and natural encoding, the use of multiple representations,
construction, and simplification of control. In a reverse perspective, Liu and Stasko
[94] describe mental models as the internal, structural, behavioral, and functional
analogues foexternal visualization systems. They argue that interaction primarily

enables external anchoring, information foraging, and cognitive offloading.
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Distributed cognitiormodels transitions across cognitive representations, and can be
applied to infovis[92]. Walny et al.[145] studied datesketching as an external
representation of data understanding. Their analysis focuses onefthgketches as
the artifacts, and not on the cognitive activities explairtiogv the participants
created or iterated upon these sketches. While these studies aim to explain the tools
as external representations helping cognition, they are primarily expignWe
aim to close the gap between theory and practice by building a comprehensive and
actionable framework, demonstrating its link to design, and its use for evaluating
tools.

Shrinivasan [132] presents an analytical reasoning framework with three
components, data/knowledge/navigation, which can be supported by gpepeate
Vi ews I n tool s. Van Wi[l49] Gnsludesn peraeption, o f Vi s
knowledge, ad exploration as usdevel constructs. Green et §5] argues these
constructs are cognitive processes informing each other. We focus on data
exploration using a holistic model covering a wide range of cognitive activities. We
identify six mgnitive stages, which encompass perception as an assessment activity,

and discuss the cognitive influence of knowledge and motivation factors.

2.2 Barriers and Costs iVisual Data Exploration

Generalizing our everyday interactions with the physical waild, r m egulfé of

execution and evaluatiofi04] is a simple, effective, and widely adopted model.
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However, it does not fully explain visual data exploration, which involves deep
analyticalthinking and interaction with abstract data interfaces. [&®hpresents a
framework of seven interaction costs, based on a suoveysability problems
reported in 484 papers. Our framework builds upon these works by decoupling
cognitive and physical activities, and exclusively focuses on the cognition. Amar and
Stasko[5] discuss two forms of analytical gaps: worldview gap (what is shbwn
what needs to be showa draw a straightforward rementational conakion), and
rationale gap (perceiving a relatisimpZz being able to explain the confidence and
the usefulness of it). Cognitive stages extend beyond analytical gaps, and aim to
clarify the ambiguous definitions across cognitive activities.

The behavior ofnovices can reveal barriers that may be reduced or hidden
because of existing skills. Grammel et[&84] performed an observational studg
how novices construct inforation visualizations. While thestudy suggests barriers
in visualization construction, it does not reflect interactive autonomous data
exploration since a mediatdWizard of Oz) created visuahtions using verbal
descriptions of the participants. Kwon et f4] studied behavior of novices to
identify visual analytics roathlocks. They gave participants piefined tasks and
offered guidancecreating a partially explorative process and limiting the extent of
reported roadblocks. Lee ell. [86] identified five cognriive activities in the
sensemaking of unfamiliar charts: encounternstauct, explore, question, and

flounder.However, heexplorerwould avoid creating unfamiliar visualizatioftst].
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Decision making as a cognitive activity, and its costs and factors, are well
formed within psychology125]. Yet, decision costs lack a focused discussion in
analyics community. Heer et a]62] di scusses fAconstraining ¢t}
that users havéo explor e 0, y et only considef0lng vVvisu
studied constrained interactions on solving a math game, with empirical results

suggesting that constraints can increase performance.

2.3 Techngues forMultivariate Datalnterfaces

In this section, wepresent an overview of existing techniques and practices for
multi-variate dta interfacesThis thesis focuss on challenges regarding exploration
of multi-variate data, anthe proposed design amthplementation solutionbuild

upon a collection of best practices and with comparison to the state of the art.

2.3.1 Visualization Design Environments (VDES)

Visualization design environments, such as Tablga6], enables visualization

specification through graphical user interfaces by -@mddrop on visual encoding

shelves. The abstractis in Lyra[123] and iVisDesignef115] include marks, drop

zones, connectors, handles and data pipelines. Howeverz daiaual encoding

task is one of t bottlenecks for infovis novicefb4]; they commonlyprefer

familiar, simple visualizations such as bar and line charts. Kwon ¢84l.also

notes that Afailure to choose @pfgoopri at €

improve data exploration process, systems can stecemmendedisualizations
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based on data types and intended tasks based on a visualization model.
Recommendations may be a shortShow Met of
[95] that uses a rulbased design on selected attribute types on its visual query
model VizQL, or a fully automated approad?0]. The context of use can also be
considered53]. Another example is Voyag€l51], a faceted browser that generates
and recommends alternative data visualizations. Homyvevedoes not support
guerying data, its visualizations are static, and its visual model does not consider
semantics, such as spatial view of categorical regions. In contrast to defining a
grammar for flexible visualizations, recommending visualizaticaarsj allowing
customizationsthe proposed exploration mod&hapter 4 and its implementation
(Chapter $ (i) use a set of fixed visual representations and interactions designed to
support accurate graphical perception in statistical grapBijsand to facilitate a

rapid data exploration flow, (ii) give the user the control of selections of attributes

and data queries, and (iii) provide semantic visual alternatives.

2.3.2 SingleChart Visualizations and Tempéest

Chart templates offer a geralized solution for data visualization. They require
explicit selection of the chart template (among available options), followed by
specification of datd visual encodings on the template slots. ManyH$dd] was
among the first platforms to offer visualization templates as a web service for many

chart types, also supporting data upload, hosting, and commenting. Spreadsheet
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software (e.g. Microsoft ¥cel, Google Sheets) also offers charting with templates
and data specifications. However, templated charts present a bottleneck for novices
by requiring visual decisions upfront, and inappropriate decisions may lead to

ineffective data views.

2.3.3 CoordinatedMultiple Views

Effective data exploration requires multiple perspectives (views) that the user
interactively controls. Coordination on interaction (such as by brushing and linking)

enables observing data relations across views. Rojdd@} provides a survey on

CMVs. Snaptogether[105] treats coordination as database join queries. Improvise

[146] provides a rich, customizable coordination model on shared objects and
dependencies. These systems target higlbflégy, expert users, a wide range of use

cases and patterns. Their graphical design is based on many menus and configuration
options. The targeted audience of such systems is commonly developers rather than

the public. As Robertfl18]n ot e s, AConcurrently they (de\
how the informatiorwill be aggregated or abstracted and finally work out how the

user interacts with the system. o Novice ¢
from these shortcomings. The notion that
coordinated bet w¢le]n[118hu[146] doged mot censider thed

increased costs on usability, discoverability, learnability, andsibecimaking for

guerying relations in the data.
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2.3.4 Domain Specific Systems

Domainspecific systems present design solutions, guidelines, and case studies based
on a detailed analysis of domain requirements. Examples include energy portfolios
[22], online communitie§82], funding portfolios[96], temporal transaction®3],

and literature survey§l?2]. Domain specific systems can assume or emphasize
specific properties or relations within their domain, yet potentially limit
generalizabns, i.e. transfer of solutions across datasets and domains. For example,
SurVis [12] focuses on literature datasets including keyworddgi@ita. In contrast,

we generalize exploration of seHferencing attributes as notiek charts,

exploration of categories as sorted histograms, and offer a unified interaction model.

2.3.5 Foundations

Faceted browsingl57], which is based on query previeys6], has become a
ubiquitous model of organizingnd browsing tabular datasets. Dynamic qudfi¢s

enable querying data using interface elements such as sliders, buttons and maps. Our
solution builds on a tight integration of sual represeation and interan,
extending the design ba$[1], [142], [157]for rich exploration by including rich

visuaizationssupportingmultiple selectionsaggregate measureand scale modes

2.3.6 Webbasedvisualization Tools focCharting and Publishing

Exhibit [68] allows constructindaceted d&a interfaces using XML specifications.

Likewise, Keshif is easy to deploy, whigso providingricher exploratory features
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and a graphical authoring. VisG4®&9] provides an explotary interface for time
(histogram), location (bubble map) and tags (word clouds) in document collections.
Compared to our system, it does not define a generalized visualization and
interaction model, does not support selections to enablebgidiele comprisons,
and does not support graphical authoring. Its user evaluation iiedinto self
reported usability. 1 contrast we present userevaluations using multiple
methodologies including cognitive barriers and datkiven insights with mixed

gualitative and quantitative analysis

2.3.7 Settyped Data Visualization

This section presentsraview of the related work on set visualization based on a
categorical approach of visualization types from a recent sydjeyVe refer the
reader to this survey for a more thorough analysfter presenting AggreSethe
proposed techniguiea Section6.6, we present a focused comparison and discussion

of selected recent techniques.

Euler Diagrams: Sets can be drawn as enclosing boundaries around elements,
generating Euler diagrams. Given few set and element counts, Euler diagrams are
powerful and can intuitively demonstrate set concepts. However, scalability is an
issue. Proposed improvements, sashuntangling116], cannot avoid the inherent

visual complexity beyond a few hundred elements and only a few sets, especially
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when the sets are densely intersecting. An extensive survey of Euler diagrams is
presented by Rodgef419].

Overlays: Setscan also be overlaid on existing visualizations that define element
positions (layout) by other attributé®], [33], [38], [99] Isocontours are commonly

used to enclose elements within sets. Their scale is limited by the element count
when elements are not aggregated. Elements appearing in many sets also increase
visual overlaps and complexity as in Eulergiams.

NodeLink and Chord Diagrams: Nodelink diagrams visualize set relationships

by mapping sets to nodes and-gair (second degree) intersections to edges. Visual
scalability is primarily influenced by the set (node) count and link sparseness (edge
count). Circular layouts (chord diagns) position set nodes along a circle to bring a
spatial structure visually. To allow for richer set exploration on such diagrams,
RadialSetq3] is based on an interactive circular layout with degree dniatos on

the set nodes, and uses edges to represent intersections of two or more sets.
RadialSetds included in our focused comparisdrhe design of AggreSdollows
previous studies that have shown that wigesphs (connected entities) are bigger
than tventy nodes, matribased visualization performs better than nibale
diagrams on many tasks0].

Matrix -Based Diagrams:A matrix layout is made of rows and columns that list
values of a data type. @mcurrence matrices use tbet list on both axes, and cells

show set pair intersections. Intersections metrics, such as element count, are
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commonly visualized using coloh¢atmaps The resulting visualizations are non
intersecting and easy to read. However, such matrices hidenatfon about higher

order set intersection87]. AggreSet improves on the sestrix design with its
interactive, mulddimensional approach. Matrlxased diagams can also be built
using different data dimensions for rows and columns. Coj/s¢tuses a matrix

with rows from elements and columns from sets. Since elements are not aggregated,
its matrix view is not scalable by element count. Among ther eibyeroaches, UpSet

[88] and OnSef121] are discussed iafocused comparisofSection6.6).

2.4 Help and Documentation Systems

As using new or rich interfaces can be a demanding task for users with a variety of
backgrounds, the design effective help systems and documentai®ian integral

part of humanrcomputer interaction resedx In this section, we summarize the
motivating related work, existing approaches, and the differences of our

contributions

2.4.1 Motivating Work

The principles of minimalist documentation[27] motivates the design and
contributions of our work: (i) getting started fast, (ii) trainingreal tasks (and real
data), (iii) reading in any order, (iv) coordinating system and training, (v) using the
situation (context), (vi) exploiting prior knowledge, and (vii) supporting reasoning

and improvisation. While our implementation also aims toi)(\8upport error
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recognition and recovery, as well as (ix) develop optimal training designs, we do not
claim contributions on these principles. Our design and contributions also reflect
Cal dwel | a n esystévilm design @®alkd) ef Ingvigability, consistency,
relevance, coherence, conciseness, reuse, and fidelity, while we do not aim to
guarantee completeness. Earlier studies have empirically shown that physical and
temporal separation of information sources umdee learning, i.e. the split
attention effect[51]. Our designof Helpln enables rapid switching between
consulting help and using the interfacean@lyzing data) [8], while avoiding
interference with the main interface use, and remaining unobtrusive while the user
focuses on the original tagi27]. We aim to guide the user through complex
operations by demonstration in the context of theduser own [574.tOearr f ac e
integration of help intahe data interface also reflects the guidelineslodéwing
instead of tellind10], and advances the state of the art in visual data representations

to support contextual and integrated help.

2.4.2 Basic Interactive Techniques

Help topicindicesare commonly used to offer alphabetical, hierarchical, and search
based access to help. However, empirical studies suggest that users often avoid using
both paperand online help manuals, and are frustrated by navigation, terms of
indexing, and leel of explanations[106]. As a common Ul patterntooltips

(callouts) are simple snippets that offer brief information next to a Ul component on
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demand (such as on mouse hover). However, they gen@ralbent static (nen
contextual) descriptive information, and they are not indexed for navig&iaded
tours use a sequence of tooltips as a fixed, -Sigptep introduction to various
interface components and tasks; however, they cannot provide hdgnand and

on targeted questiongOverlays with multiple tooltips can describe multiple
components at once (for examp]#60]). A multi-layered approacH73] can
structure help material from simple (on figse) to complex (on continued use). In a
similar fashion, training wheel strate§®9] blocks complex actions and error states
on introductory useAutomated wizardaim to complete specifi@sks on behalf of

the user with minimal interruption. This contrasts with teaching how to carry out

data analysis under different datasets and a rich range of configurations.

2.4.3 Video-based Training

Videoscan introduce multiple interface features in a reedrdequence, often using
voice-over explanations. The research on vibesed training commonly aims to
allow navigation by vide@ontent. In order to provide a contertnotated timeline,
Tools cape[77] uses crowdsourcing to extract annotations, and Wdkédn
identifies events and inteice components by image processing. Nguyen and Lie
[103] propose controlling the video playback by making the videos partially
interactivewithin the captured video framahile Pongnumkull et a[113] propose

synchronizing a tutorial video to a live interface when the user aims to achieve the
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same task on videdlowever videos fundamentally presentixed linear flowusing

static materialthat cannot adjust to active application. Users can become disengaged
in a video training for reasons including long segments, abstract conceptual
information, inconsistencies within and compared to other documentation, or
extensive zoomind112]. Future changes in interface design can outdate existing
videos. Therefore, producing and maintainingghbquality videos remains
demanding, and video materials are limited in supporting integrated and contextual

help.

2.4.4 Contextaware Help Systems

AmbientHelp[98] uses a secwary monitor to continuously and ambiently present
help material (videos and manuals) outside of the primary work monitor, with
relevance detected using most recent user actions. Targetingsearth
applications, Ekstrand et dl1] propose contexprofiles including recentlyused

tools, actions, and open interface components. Helpin, on the other hand, provides
descriptions of data elements with an interpretation of actual live data. Myers et al.
[102] focus on answering why and wimpt questions in user interfaces. Their query
model can extract topics from pointed elements or recent actions, and present
answers with textual description and relevant interface componentgyhigt. Yeh

et al.[158] use screenshots to overlay the help on the interface directly. However,

imagetargetingrules can result in false positives/negativasd is not robust to
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changes in interface design. Also, this system cannot be aware of the full application
state or underlying data, or control the application. A key distinguishing element of
Helpin is that it provides descriptions of live data with exptions of how to

interpret and act on that data in context of the data interface itself.

2.4.5 Help and Traning for Visual Data Interfaces

Existing studies on visualization help commonly focus on providing training for a
single visualization design or techo@ Recently, Kwon and Ld83] studied the
effectiveness of different learning approaches for sgdties (static, video, and
interactive). Other recent approaches include converting visualizations to natural
language descriptions of data features and potential insights, such as recent
Wordsmith[161] and Narratives[162] tools developed for dashboards created with
Tableau software. While Helpln also features customized narrations, these come in
response ttelp seekingather tlan detecting and presenting potential insights. Our
method also enables finding relevant help topics rather than insights. To our
knowledge, there is no comprehensive, integrated, and responsive help system
developed for rich visual data interfaces asamgcope of our work.

Closely tied to help and training, literacy and knowledge have received attention
in visual data analytics community. For assessing visualization literacy, Boy et al.
[21] propose a principled approach based on Item Response Theory. In the Cognitive

Exploration Framework[153], knowledge is modeled to influence cognitive
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activities in visual data exploration, as a dynamic construct that can be extended with
new knowledge of data and of the application over use. These discussions on visual
literacy and sensemaking fuethmotivate our work towards improving help for data

interfaces.

2.5 Visualization Design for Dense Numeric Data

|l ncreasing data density is §lalp Arpthefuf t ed s
goal of effective visualization design is graphical perception accuracy, requiring a
cardul design process, and evaluation of alternative designs.

Fekete et al[45] demonstrated the use of treemaps to visualize up to a million
records on large screens. Under such settings, many records occupy a few pixels, and
the visualization primarily supports perceiving overviews of record groups, and
comparson across records with larger sizethis thesis theaimis high legibility of
each value in the chart, thus avoiding large data scales in a limited chart area. Kong
et al.[81] compared the perceptual performance of treemapntgecolumnbar
chartsin a hierarchical settingwith up to 8,000 records at the ldafel in a
600x400 pixel chart si ze. They reported,
become faster than bar charts while exhibi
be due to the tiny size d¢finglecolumnbars at dense displays that makes them
harder to observe, which could be mitigated by usmdtiple columnsTheir study

did not consider the use of treemaps in a-hienarchical setting, and tasks for data
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overview. Thereforethe studyin this thesiscontasts to existing studies with its
motivation, data types, and inclusion of visual overview and ranking tasks.

Among the techniques for dense information visualizatibatizon charts

2 [46] display timeseries data in a compact chart height using a

refined filled line chart. They divide the numeric data axis into equal sized bands,
and collpse the bands while adjusting the color darkness per band. The chart height
is reduced in the order of the number of bands while trends can still be observed.
Heer et al.[63] studied perception of horizon charts and identified the effect of
banding and chart height on estimation accuracy and speed. Javed[&]] al.
discussed dégn alternatives to visualize multiple time series in a limited area,
including braided charimillssma®, and assessed perceptual performance with lab
experimentsFuchs et al[48] evaluated alternative glyph designs for time series data
in small multiple settings, wine each glyphs represents dense temporal data.

Evaluating the graphical perception of visualization design has a long history in
the field of statistical graphics. The comparison task used by Cleveland and McGill
in 1984 [32] has become an established method to assess graphical perception.
Talbot et al[138] extended their results on bar chart perception to better understand
the reasons for performance differences across aligned and nonaligned bars, and the
effects of separatioand distracting bars. Perceptual studies have been extended to a
crowdsourced methodology by Heer et [@1]. Their results were aligned with

results in lab settings, @it with more variance. The uncontrollable display size and
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viewing distance across crowdsourced participants can be balanced by recruiting
more participants from a wide online population than traditional lab settings with
few participants. Following otlmeecent studief?21], [134] and targeting casual use

of the sudied charts, we used online crowdsourcing for our graphical perception

experiments.
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Chapter3.Cogni ti ve Exploration Fr ame

0The best design gets out of the way bet we

Edward Tufte

We begin the contributions of ththesis by presenting théognitive Exploration
Framework for visual data exploratignwhich offers a structured basis for
understandingcognitive activities, design gielines, and evaluating data analysis
and exploration tools. The design of tisual cata exploratiormodel Chapter 4

and its implementatiorKeshif (Chapter %, the contextual help systerHelpin
(Chapter 8, as well as our perceptual evaluation on dense visualizations of sorted
numeric datgChapter 9 builds upon the foundations of the cognitive activities and
design guidelines proposed in this chapter.

In this chapter, @ first describe the six orthogonal cognitive stages of visual data
exploration,as well as three factors into these activities. We then present how the
framework can be used to categorize a large number of design guidelines. Lastly, we
propose an evaluat approach that focuses on cognitive barriers and activities,
revealing challenges on all six stages of the framework, as well as opportunities for
improving the design of tools. The results from our user study using this approach is

presented in Section.L This chapter concludes with discussions and remarks on
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how the framework was constructed, implications of the framework for future design
guidelines, our refictions on the process and the results on our evaluation, and effort

levels across cognitive stages.

3.1 The Framework

We present theCognitive Exploration Framewor{CEF in short)(Figure 1), which
identifies six cognitive stages in visual data exploration as a combination of two
activitie® planning and assessidgacross data analysis, visualization, and
interaction. Cognitive barriers are impediments that can be obseratgorized

and studied across these orthogonal cognitive stages. In addition, the framework
identifies the factors of decision costs, existing knowledge and motivation, which

interact with cognitive stages to influence the exploratory process and ogtcome
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Figure 1- The cognitive exploration frameworkith six stages (showwithin blue boxes) and thr

factors: decisiormaking, motivationandexistingnewknowledge (shown in red text).

3.1.1 The Six Cognitive Stages

We describghe cognitive stages using arguments in existing literature below, and
show them in exploratory flow iRigurel.

1. Planning Data Analysis Form goals[29], determie domain parametefd],
characterize task and d486].

2. Planning Interaction: Form system operatioffi29], translate queries to attributes
[14], execute appropriate interactid2s].

3. Planning Visualization: Design visual mappings / encodinf@6] [14], choose

appropriate view§28].
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4. Assessing InteractionEvaluate statehange[29], adapt mental model to views
[28], the gulf of evaluatiof37].

5. Assessing VisualizationPerceive / interpret visualizatiof28], visualcluttering

and viewchange cost429].

6. Assessing Data AnalysisReason about outcomes, observe trends, generate
hypotheses, make predictions, assess uncerfaintgnd buildconfidence.

The framework defines visualization as the purposefully org&ed
representation of data in an abstract visual langudgeeraction is the
communication between the data and the explorer through the data interface. It
encompasses all elements beyond the visual data encoding, such as control panels,
buttons, and mitiple views. Thereforein the framework, th@otion of visualization
strictly relates to the visual representation of data, and does not cover any
interactivity.

In terms of activities in data exploration, CEF identifies two activity groups
planning and assessing that apply across data awsik, interaction and
visualization. Planning activities involve consciously setting goals, making
decisions, and identifying courses of individual actionge¢ctaken to reach goals.
Assesment activities evaluate theourse of actions taken, data visuadtions
(through perception), the changes in the interface, and also include reasoning on
whether tle analytical goals have beersarered based on available data, or mbe

Cognitive Exploration Frameworkodels exeution, such as by mouse or touch, as
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a physical, noftognitive stage that follows planning interaction, and leads to
cognitive assessment stages. It is therefore left out of the scope of cognitive analysis.
In Cognitive Exploration Framework, exploratidiows from data analysis
planning to analytical data assessment to generate knowledge (insights). This is a
cyclic and dynamic flow, i.e. gptoration can continue with nepaths influenced by
insights obained. If a path does not lead to knowledge, ohef éxplorer is stuck,
s/he may retreat to produce new plans or change goals, although time would be lost
and motivation may be reduced. The explorer may also act without a purposeful
plan, such as selecting a data subset out of curiosity, and reachsimsigitiserving
relations revealed by these actioifierefore, while the path idly starts with a
well-defined data analysis plawge recognize it can also be driven by serendipitous
interactions.

Next, we discusghreefactors that influencthe preserd model of cognition.

3.1.2 The Factoof Decision Making

Increasing options in the exploratory process needs to be assessed not only by what
they may enable (richer insights), but also by their cognitive costs. Given many
options to choose from, making a démisis harder, and a decision is less likely to

be optimal[125]. For example, finding the most effective visualization can be
overwhelming given the combination of chart types, glyph types, color, and other

visual encodingsgspecially for novicefb4] but also for experiencatesignerg16].
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Avoiding a decision also can be costly. Kobsa reported that Spotfire users tended to
use scatteplot, its default visualization, (therefore agtimig chart decision) when
another chart would better {80].

Cognitive Exploration Frameworgeneralizes decision costs iatd exploration
across all plaming activities in visualizatio, interaction, and data analysis. We
argue that the options faced in the process of exploration directly influence the
decision costs and therefore the cognitive activities. While the examples given above
relate to decision factors in vialization, deci®n-making also applies to data
analysis (such as identifying which questions to follow, and which selections to
make), and interaction (such as selecting across two alternative actions that may
produce the same higlavel outcome, or the sequence of atsip Every decision is
likely to have a positive, or negative, outcome in the exploratory process. CEF
recognizes and emphasizes the factor of decision making as a potential cost of the

cognitive activities in the process of data exploration.

3.1.3 The Factor oExisting/New Knowledge

The explorer does not only process the data and its interface; s/he also has existing
knowledge about the data domain, interface, and visualizations. This knowledge can
help across all cognitive stagy For example, recalling persbrexperiences can

help forming new queries, and assessing results in a broader c[@@pxAs the

explorer gains more skills, the plans and assessmesm inprove. However,

43



existing knowledge is limited, neuniversal, and varying across people. In addition,
knowledge is dynamic, i.e. there is learning during exploration and use of the tool.
The explorer iteratively uses, builds, and evaluates knowledge congir@¢tsS/he

does not only learn about the explored data, but also about the interfacetioriera

and visualizations, which can lead to more effective use of the tool over time.

3.1.4 The Factor of Motivation

What are the driving forces of the explorer to engage inalgiaration?Cogritive
Exploration Frameworkidentifies potential answers as thmotivation factor.
Motivation can follow the curiosity, such as to understand the data content and
features. Being ithe flow is another motivati@h construct. The flo@ the balance
between the challenge of a task and user 8kilsn apply within the coekt of
interface us€g13] and visual analysi$55]. Creativity is also motivatingand is
applicable to data analysis (finding goals), interaction (combining features of the
interface), and visualization (finding new forms to see new data perspectives).
Emotions can also be motivating. Harrison et[a@] found that emotion (affect)
priming can influence perception of visualization. We propose that this result can
apply to a wider range daictivities in data exploration. Positive mood can increase

motivation, and therefore exploration success.
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3.2 Design Guides frorthe Perspective of Cognitivetages

In visual data exploration, theata interface becomes the commuative channel
between thecognition (mind) and the data. Spgrting cognition (and reducing
barriers) is therefore most related to the design of the tool interfaces rather than their
computational models. In turn, what is the relatbetween design and the cdiys
stages? How cathe cognitie barriers be reduced by pripEd design? To answer
these qustions, we contribute a new egprization of 29 concrete and common
design guides by linking them across six orthogonal stages ofCtumitive
Exploration FrameworkThis sectio can be used to guide and improve the design
of data exploration tools. The wide range of principles covered supports the
rhetorical power of the CEF, which creates an orthogonal space for analyzing
cognitive activities.

The selection ofdesignguides isbased orthe existing practices anddiature.
Although we aimed to pisent a wide coverage and effee exemplars for each
stage, offering a complete list of guides is impossible, and an extensive list is out of
our scope. These guides should not benaks rules of design, but rather directions

to consider in designing tools to better support cognitive activities.
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3.2.1

3.2.2

46

Guides for Planning Data Analysis

Promote overviewo-detail exploration [129]. Starting with the data
overview helps the explorer build a hitgvel mental model. Reveal detailed
relations by interaction progressively.

Show only relevant exploratory paths. Promote neweling exploration
[43]. Prevent queries leading to zero resyfi6]. Systematic yet flexible
discovery[110] enumerates exploratory paths to suggest unexplored areas
and communicate progress.

Make exploration steps easily reversip3]. This motivates action and
reduces decision costs.

Provide traces of exploration paths. To form new goals, the explorer may use

action historie$64].

Guides for Planning Interaction

Use direct manipulatio43], [130]. This reduces the cognitive distance
between planning and execution through a continuous representation or
metaphors of objects in the interface.

Integrate interface withvisualizations[43], [55]. This promotes visual
coherence in a single immersive environment. Scented wiflgg$suggest

designs on merging visualizations with interface elements such as dynamic



3.2.3

guery widgets[128]. Legends can also be designed as interactive widgets
[117].

Show only relevant interaction options. Design to provide context; reveal
interactions relevant to the selected object. Design based on the context;
reveal contextual interfaces only when the explorer interagth relevant
object (e.g. show action icons on mowser).

Indicate affordances of visual objects cledd$]. Use visual cues to suggest
interactivity[20].

Design to fit the cognitive and conceptual model of the explorer. Allow
searching for concrete data values, exposetexinof data attributes and
their senantic relations, and support partial specification of exploration paths
[54].

Make every step useful and pleasid@]. An action should not lead to a

confusing, ineffective interface.

Guides for Planning Visualization

The primary means to suppaognition in planning visualization is reducing the

visualization parameters and options, starting with showing sensible d¢bdilts

1
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Show only appropriate visualizati options for the underlying data types and
intended tasks. Recommendations may be a short list of suggestions; such as

Tabl eauds i s h O%, whiah cusesf & adbased edesign on



selected attribute types, or a fully autdathapproacil20]. The context of
use can also be considefég].

1 Support alternative visualizations teveal relations that cannot be explored
with existing views. Alternatives should be functional and add minimum
decision costs. For example, given cities and their populations, an ordered list
would reveal the cities with most/least populations, a histogvauld reveal
the population distribution, a map would reveal the spatial context, and a line
chart would reveal temporal changes.

A common practice in visualization designtésnplating in which the explorer
selects a chart type first, and then deciddsch attributes to map to template
parameters: axes, color, size, and so on. However, using visualization templates can
impede cognitive activities because they require the explorer to understand the tem
plate parameters to make effective mappifgd. Thinking is restructured to the
terms of the templatparameters from the terms of exploratory goals, potentially
creating a mismatch of mental representations. Templates can be richer than fixed
chart types such as flexible shbHsed systemd36] that construct a parameterized
visualization space. We argue that revealing systematic parameters of a visualization

design space should not thee basis of constructing visualizations for exploration.

3.2.4 Guides for Assessinigteraction
1 Make system status clearly visijlE4].
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1 Link multiple views on interactiop118]. Having multiple views increases
the cognitive load with more visual infoation to digest. Linking views
reveals relations between data representations, and can improve mental
models. Linking should be consistent and intuitive.

1 Provide reatime feedback after interactiga3]. A visual feedback delay, as
short as 500ms, can decrease exploration activity and data cojf@¥hge

1 Animate transitions between interface stg#&. Avoid abrupt changes and

provide a sense of direction.

3.2.5 Guides for Assessingisualization

1 Use effective visual encodings. Graphical perception sty@ggeport how
accurately and rapidly we perceive data graphics across different encodings.

1 Use appropriate scales, grids, labels, leg¢®2ls

1 Aim to reduce visual complexity. Avoid overlapping glyphs since they are a
basic form of visual complexity.

1 Avoid duplicate representations. Duplication of the same data point may
increase cognitive efforts, as it requires understanding relations across
multiple glyphs of the same data. Each additional glyph also takes screen
space, which is a limited4source that should be carefully used.

1 Aggregate data, when it cannot effectively filimited screen space, and to
provide overviews.
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3.2.6

3.2.7
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Show conceptual data domain. For example, use matching icons (as glyphs
or isographs) and matching colors for categofi6] where appropriz.

Show uncertaintys] when data has an uncertainty measure.

Animate transitons of data glyphg5].

Use available screen space effectively. Adapt the visualizations based on

display size.

Guides for Assessing Data Analysis

Provide muliple views (perspectives) of datg5], [118] One visual
representation cannot show all aspects of rich data. Simultaneously observing
multiple views can reveal relations across individual views.

Provide analytical models for statistical analysis. Without tool supgoet
explorer may not be able to accurately evaluate their findings using statistical
methods such as hypothesis testing with significfisice

Show the semantic context of d@f], such as description of data attributes,

categories, and data values.

Guides acros€ognitive Stages

Aim for consistency. Inconsistencies in visualization, interaction, or interface

design make it hardego form goals and action sequences, make decisions,



perceive data, and the interface state. Therefore, consistency can influence
both planning and assessing stages across multiple artifacts.

1 Aim for minimalism. Make design as little as possif@&], [141], [163]
Showing only relevant paths and options in context of active state isna for
of minimalism, which can support cognition for planning. Minimalism can
also present complex systems as having fewer components that are easier to

evaluate, thus supporting cognition for assessment.

3.3 An Evaluation Approach to Detect Cognitive Barriersand

Activities

The success of data exploration depends on cognitive activities, and the cognitive
barriers faced within these activities. The goal of the proposed evaluation is to better
understand the behavior of the analyst/explorer, and to use this tanderg to
reduce barriers by improventsrin design. In this section, vdéscuss how cognitive
activities can be observed per each stage in evaluating an exploration tool, and how
the framework provides a highvel structure to this evaluation. The g@ahot to
describe evaluation of a specific design guide, or a single stage of cognition, such as
visualization perception, mich require different setups. Weeo n 6 t aim to
new guidelines, or a comprehensive analydian existing tool. Rather, vpeesent a

new evaluation approactwhich can be considered as a specialization of usability

testing,as a lens that focuses on and reveals barriers to cognitive activities.
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We argue that detecting cognitive barriers requires focusing on failures, such as
lack of goals, not beinmp-flow, ineffective plans, and invalid insights. This is in
contrast to the common practice of searching for success stories of our tools. Using
benchmark tasks on fixed datasets does not facilitate autonomouslrivestf
exploraton. Furthermore, it may fail to motivate participants with a wide range of
interests and background, or alienate them. We suggest that, the participants should
express their interests in selecting data domain and their exploration goals, in order
to improve their motivation and success. Furthermore, to expose all cognitive
activities clearly, participants should be encouraged to interact with the tool directly
without guidance by the facilitator. In contrast, usability studies commonly focus on
physical eecution problems and surfatmel software use activities with pre
defined, benchmark tasks. Their goal does not include revealing the cognitive
processes of the user. To summarize, the proposed study protocol aims to position
participants as exploreraiming to discover meaningful datdriven knowledge in
an operended setting to answer their own questions based on their interests.

Revealing cognitive activities in depth requires moving beyond basic
observations. For example, the explorer may want tb &oiist alphabetically,
interact with various interface components to find this feature, and then give up and
change her goal. Detecting such a process as a negative outcome is instrumental to
understanding cognitive activities, especially when suchgasky not be explicitly

enumerated. How can such failed actions and goals be observed by the analyst or
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some algorithmSoftware logg58], eye traking [135], and brain scanf5] have
some yet limited, power in describing reasoning and exploration processes.
Alternatively, encouraging verbal communication and analyzing the discourse can
allow dbserving parts of the cognitive procesgl4].

As the basis offte proposed protocol, weeiggest that cognitive activities can be
revealed with the facilitator observing the exploration process for potential
challenges, asking for clarifications, prompting for more communication based on
exploratory stages and reasoning behind actions of theicipant. These
interventions should be minimal and focused on cognitive activities, not a test of
knowledge or a measure of success. Surveys and others forms of external cognition
can also facilitate communication of cognitive procesSes.position isthat, taken
together, observations, interventions, surveys and external cognitive methods can
lead to identification of a rich set of cognitive activities in data exploration.

We applied this suggested protocol to the evaluation of Keshif, theteséted

within thisthesis. The results apgesented andiscussed in Sectioh 1

3.4 Discussiomn the Cognitive Exploration Framework

3.4.1 Construction of the Framework

We presented theCognitive Exploration Frameworko provide a comprehensive
overview of cognitive activities, the role of design in cognition, and how barriers to

cognition can be the focus of evaluation of tools. To construct the framewerk,
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iteratively identified and refined various arguments about cognition and barriers in
related literature (see Section 2) as wellhasown experiences in evaluation and
design. For example, the gulf of execution and evalugfiéd] models physical or
lower-level cognitive activities, while Lan{85] focuses on interactierelated
usabilty problems, which are integrated to our framework after separating physical
execution stagesThe framework is further enriched and supported by other
arguments such as positioning of analytical gaps and actijsfieand results from
empirical user studidd 6], [54], [84] Overall,we hadnoticed similar themes across
taxonomies and empirical studiestsd in different perspectiveg/e hope that the
six-stage orthogonal overview of cognitive activities of CEF and its relation to
design and evaluation will provide a concrete, lean basis to understand and improve

how we cognitively explore and analyze data.

3.4.2 Implications for Design Guide

The overview of design guides suggests that existing literature provides many
guidelines and discussions for interaction and visualization design. However, high

level data analysis and planning are cognitive activities with further opportunities for

more results and guidelines with new focused studies. One of the challenges is
identifying how people reason about data, and plan for data analysis steps. Another
challenge is evaluating highvel outcomes of exploration and cognitive planning

activities. Eqipped with better models for cognition and evaluation methods that
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expose new metrics and processes, new improvements and guides may be made
achieved. The results and examples from our user evaluation support thigvieigh
cognitive activities can be ayaed qualitatively by observing failures in user
behavior and verbal feedback. The framework can be used to target and analyze

specific cognitive stages to propose new guidelinexperimentaktudies.

3.4.3 Reflections orCognitive Evaluation of Exploratorjools

To detect cognitive barriersye designedand ran a useexperiment(Section7.1)

with an operended exploratory setting, allowed the participants to chaatsaset

and exploratory goals of their interest to increase motivation, and applied brief
interruptions to encourage the participants to communicate their exploratory process
and their negative emotions/experiences in a safe environment. While -ipessgiat
methodologie$122] focus on the success stories to quantify the observed value of a
tool, a principled way to understafaluresreveal opportunities for improvement.
Our evaluation is a reflection of the opended data exploration approach, aiming
for the unknown and intangible in the process of exploratory cognition and
generating qualitative, rather than quantitative, vaM# have shown thathe
CognitiveExplorationFrameworkcan be applied in practice to detect and categorize
observed barriers on cognition effectively, although we did not create CEF on

empirical results fronthe particular studyeported in this dissetian.
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The proposedstudy design can be replicated or modified to study cognition in
more depth. Whileve used thinkaloud protocol and discourse analysis along with
actions observed in video and notes taken by the facilitator, this approach has its
own limitations, especially for achieving comprehensiveness. This qualitative
analysis can be coupled with other forms of behavior tracking, such as software logs
and eye movements, to add quantitative support for detecting cognitive activities.
Using pair analycs protocol[9], the cognitive stages can be distributed across
subject matter expe (high-level cognition in data analysis) and visual analytics
expert (lowlevel cognition in interaction and visualization).

In retrospectwe observed that the participants rarely used the carts of the
strategies employed to encourage communicabibrcognitive stagesto express
their emotional and exploration state. While external anchoring may be beneficial to
reveal more activities, the participants were either immersed in their data
exploration, or not paying attention to the cards that wesgaiied on the table next
to the study laptop. Embedding these feedback mechanisms on the interface of the
tool may make them more prominent. The benefit of such external mechanisms can
be studied further to detect if they lead to more communicationthAsstudy
includeda small number of participantse used the survey as a way to collect more
feedback from the participants rather than to build a $pmntitative analysis.

Selected quotes reportéd Section7.1 include feedback during the completion of
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postexploration surveyWe suggest the use of pestploration surveys to create
opportunities to gather more feedback about the experience of the participants.
Sinceour goalwasto find exemplar barriers in this preliminary studse did not
fully transcribe the sessionshich require higher effort and resources. Having more
participants, full transcriptiongnd multiple passes over the recorded material may

reveal more cognitive activities in the use of a studied tool.

3.4.4 Effort Differences across Cognitive Stages

Do all cognitive stages require the same mental effort? Daniel Kahngf@aan
argues that our cognitive activities are tfotded: systerrl (thinking fast) and
system2 (thinking slow). Sgtem1 is how we make quick decisions, take short
cuts, apply our cognitive biases, etc. It is less deliberate and more spontaneous.
System?2 is how we engage in a more effortful thinking, be more analytical, evaluate
facts, and even actions of systdmWe argue that the stages of planning and
assessing data analysis requires higher cognitive efforts as a slow thinking activity,
and that fast thinking activities include perception of visualizations, evaluation of
interface and planning for lo¥evel actimms respectively. Future research may

investigate the differences of effort in cognitive activities under various settings.

3.5 Ouitline of the Thesis

The structure and motivation for the rest of this thesis is also supported by the

Cognitive Exploration Framewk (Figure 2). The aggregate summaries and linked
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selections modelQhapter 4 aims to support rapid tabular data exploration by
reducing decisiomaking costs by presenting a minimal visualization and
interaction basis. Its implementation and extension Kedbifapter % is also
designed to follow many design guidelines mentioned in Sed@i@nto lower
barriers in assessing interaction and visualization. We present interaction and
visualization strategies on sigped data in AggreSeChapter §. Next, We focus on

the knowledge component, as related to interaction planning and assessment, and
propose a contextual help system for visual data interfaCdsmp(er 8 Last, we

focus on perception (assessing visualization) for dense numeric data, and present a

new chart design, Piled Bars, and detailed evaluation across alternative designs

(Chapter 9.
. Motivation Data Analysis
Decision r ;
Making \ Planning Chapters
r ~ -~ 4,56
Chapter 8 eractio alizatic
(Existing/New) Planning Planning
Knowledge

Exploratory Model & Keshif

Execution

Assessing Assessing

Helpin -
Contextual
In-Situ Help

Interaction Visualization

' Chapter 9
Dense Vis. of

Numeric Data
& Piled Bars

Data Analysis

Figure2- The outline of the thesis based on @mgnitive Exploration Famework

58



Chapter4. Aggr egate aSdmmkhedeSel ecti or

f ovri sual and I nteractive Data E

oDesign is the conscious effort t
Victor Papanek

in oDesign for the RealWorld Hu man Ecol ogy [H8d Soci al

To streamline and unify the visualization authoring and data exploration workflow
for tabular datawe propose the aggregate summaries and linked selection model
(Figure 2). This model provides a minimal yetxpressivedesign basis to enable
rapid visual and interactive data explorati®ata ecord attributes are summarized

by aggregating records and measugngup characteristics. The visualization design

of aggregates is based on the attribute data(fyplele 1), and supporabsoluteand
part-of-active scale encoding ofmeasured aggregate characteristithis model
reduces the search space for choosing visual data encodings by automating visual
representations based on data type and semantics using perceptually effective, non
overlapping visual encodings. Thus, the useakes fewer decisions on data
representation compared teisualization design environmentdeaving more
cognitive resources to reach datd@en insights, and reducing required visual

analytics knowledge. The model defines an interactive overioedetal flow for
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visual exploration using three linked selection interactionshigilighting (rapidly
previewing record groups), (iiltering (focusing on a record group), and (iii)
comparison(locking selection of record groups). Despite its minimalidra, rhodel
is expressive (enables rich data exploration) by its applicabiliyuitiple common
data types (categorical, numerical, temporal, and sp@imddle 1)), ard its support
for measure functions for aggregates (count, sum, average) and visual scale modes
(absolute, parbf). The model achieves scalability in record count by explicit
aggregation, and its minimalism enables rapid learning.

The data model is desiga for common tabular data: records with attributes
(categorical or interval). Categorical data may be single or multi valuetlyfeet)
[33], and may describe spatial regions. Interval data may be numeric or timestamp.
New attributes can be calculatedr pecord using existing attributes, such as to
split/parse text values and to compute weighted averages from a list of numeric

attributes.
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B8 Data

Record | Attribute Existing / Calculated
Su mma ry Organize records by value
Aggregate Group & measure records

% Linked Selections

~ compare A &

Total) = I3 Highlight
(Total) 1gntig ~ Filter id

Ll Visualization k Interaction

& Human

Figure 3- The aggregate summaries aliwked selection modeadreates a datahumaninterface Date
consists of records with attributes. Attributes are summarized to aggregates, which meast
characteristics. Three linked selection modes provide the exploratory dialogue with recc
aggregates. Highlighting precedes filterimglacomparison.

4.1 AggregatesSummariedodel

Given an attribute of a datasetsammaryextracts attribute values of all records,
and aggregatesrecords by their value, either as discrete categories or as interval
(range) bins Table 1). The aggregate measuremetric computes a numeric
characteristic of the aggregated record group, eithecofint (e.g. count of car
accidents), (ii)sum (e.g. total injured people in accidents), or (@yerage(e.g.
average car speed in acciden®yunt the defaulmetric provides a familiar faceted
data overview [34].Sumand averagemetrics use the record values of a chosen

numeric attribute (e.ghe number of injured people, or the car speed). Median and
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percentile characteristics of a record group can be shown by the percentile
aggregations on numeric summaries upon selection of the group. Thus, our model
achieves expressiveness by revealing dewiange of group statistics on multiple

attribute types.

4.2 Linked Selection Model

The model defines three selection interactions for three complementary tasks
highlighting, filtering, and comparisorHighlighting allows rapidly previewing
characteristics fathe records in the selected aggregktltering focuses on records
within the selected aggregate by removing the records outside of the selection. It is
an explicit, permanent selection compared to the highlighting selection for preview.
Filtering criteia can be refined incrementally using multiple summaries and
selections. Grougomparison allows comparing characteristics of multiple record
groups sidéby-side by locking a highlight selection. Without compaetection,
comparing distributions acrossuitiple selections would require memorization over
time and higher mental effort. Thus, compaetection allows capturing and storing

a selection state to facilitate groupse and siddy-side comparison of records. In
practice, we limit the number of owared selections to three in order to
accommodate capabilities of human perception. To model the exploration process,

highlight selection precedes (previews) all filtering and comparison selections. With
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the total selection representing all the records, model allows exploration of

distributions ofsixrecord groups concurrently.

Data Type Glyph Visualization
Absolute Scale Part Scale
A 276 A 73% —
Bar B 256 B 86% Emm—m
Category (Category) C 148m== C 66% mmmmm—
D 8= D 79%
Encoding Y Length(Width)
Position Category order, next twategory label
Absolute Scale Pantt Scale

T

Line ’ | |
(Interval range bin) —’\-‘A—

Time 49 42 81 s0% 59 60
Nov  Dec Jan Nov Dec Jan
2014 2014
Encoding ¥ Lengthfor measure value.
Z Line connects bins.
Areafill for noncompare selections.
Position Interval Range
Absolute Scale PaftScale
Bar
Number |(nterval range bin) I I | I I I
181 312 289 26 38 53%
STk S4k  S20k  S70KSTk  S4k  §20k  S70k
Encoding y Length(Height)
Position Interval Range
y D
$300 STk S4k $20k S70k
| 1 I 1 1 1
I I I I 1 1 1
BlOCk | |‘ ' - "ot I—.I_ﬁ 1
Percentile (Percentile range)
(Distribution) Distribution of a numerical attribute. Simple alternative to-b

plots withoutvisualization of outliers.
Percentiles are independent of scale mode.

Encoding Color: Four fixed percentile ranges with 10% steps. Darker
towards the median (50%).
Position The percentile ranges of the selected records

(Table continues on the next page)
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Data Type Glyph Visualization
Absolute Scale Part Scale
> > > >'
Disc
D 'Y D D |
Set Pair p > '
('ggltté'\é?h;e Encoding Filtered:U Circular area.
gory Highlighted: Arc area (6360°)
Compared: Arc bordg0°-360°)
Total: None.
Exists: Cell background color.
Strength: Circle color (pauf scale)
For details, see AggreSet [33].
Position Setpair location on grid. Small glyph size.
+
®
Region (Map)
Spatial Area
In part-of scale, color is scaled from 0% to the maximum %
value of all (filtered) regions.
Encoding Color: [0 - max(distribution)].
Visualizes one distribution by color mapping.
Default is filtered selection.
Highlight-selection takes precedence when enabled.
Position Geographicalidefined. Fixed shape and size.
No-Val Icon @
M?_ss;ue Aggregates records with no-value in summary.
( 9) Encoding Color (0-max(filtered))
Position Fixed (Lowerleft corner of summary).
All Bar 2.294 Victims [l Race: biack| [JAge: 20 to 40| [YSex: Female 4|
Records (Full width) )
(Global) Encoding Y Length(Width)
Position Fixed (Top of the browser)

Table 1- Visual encodingdor aggregations across multiptiata typesand selectionsThe visua
encodings are designed to minimize overlaps, support accurate graphical perception, en:

interaction, and achieve scalability and consistency.
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4.3 Visual Data Encoding

Relation across Measure Scale
Measure | Measure selection values i
Function | Summary et Absolute (Shared scale in  |Part-of (Scale per aggregate)
(distributions) summary)
Count NA Total O Fi 0->max(filtered value 0->filtered value of aggregate.
S Total Filtered ©O of aggregates in summary) | Presented in percentage{00%)
um (Total) Numeric Filtered O ggreg Y, p g 0
Average Attribute NA O->max(filtered/compared Not applicable, not well defined
value of aggregates)

Table2- Properties of three measure functions and two measurensods.

Aggregates visualize measured values by ecbaling the selected record
distributions (Total], Filteredd, Highlighted @, Comparedll @ [J) (Table 1).
Measure values are visually encoded based on the aggregate glyph type, such as by
length, color, or area on a quantitative scale with two alternatbssiute scaland

part-of scale(Table 2). Absolute scale constructs a scale that is shared across all
aggregates in the summary. Pafrtscale constructs a scale {aggregate that
encodes highlighted/compared measure value asemeage of filtered value.
Comparisons are sidgy-side along a shared axis. Filtered selection distribution is
emphasized by setting the maximum range of the axis on filtered selection.
Highlighted and compared values are within the scale limits when emghsum
measure functions are used, as the subset of records measure less than the filtered set
of records. However, this relation does not hold under average measure. In our

design for this case, the measure scale is updated to cover values of compare
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sdection, but not of highlight selection since frequent scale updates on rapid

highlighting can be distracting.
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Chapter5.KeshiThempl emewmft aEkRphor ati or
Mo d el

O0Real arotStesetdebss hi p

Based orthe proposed data explorationodel, | implemented Keshit, an open
source, welbased data exploration tool for tabular data, available online at

www.keshif.me Raw data is visualized by authoring a Keshif browssamples

shown inFigure3, Figure4, Figure5, Figure6) by inserting attribute summaries, the

record display (showing records individually), and calculating custom attributes.

Data is thennt er acti vely expl ores,dconsistentdinkgdh Kes hi
selection model To enable exploration of spatial records or -selérencing

attributes (networks), the record display can show records on a geographical map or

as a noddink diagram, in ddition to list views. Summaries are further specialized

on data semantics for tasks such as categorical sortintpléleange selections, and

navigation (scroll, pan, zoom)Jas summarized ifTable 4. Keshif browsers are

defined with a compaciSONlIike configuration, which can be forked to enable

collaboration. Browsers can be publicly shared on the web with a unique URL, or

lKe ki f rdare gigcovéry and exploration in Turkish.
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http://www.keshif.me/

embedded into existing web pages usingd)davaScript and CSS programming,
which also can be used to customize the browsers. As a result, Keshif provides an

out-of-the-box tabular data exploration solution to enable rapid data exploration.
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%  Available Attributes

3,201 Movies

o HO0X

QSearch /7
T w0 ¥ H— ¥
. rows P —
Title .
Unigue Creative Type
IMDB Vote Count Contemporary Fiction
2 300k Historical Fiction Major Genre
Production Budget = Drama
200 300 [ % Drop summary ] Comedy
Release Date < Action
20 O
Rotten Tomatoes _— Us G Sal < Adventure
h54
Rating . 100 ross Sales Bt v Thriller/Suspense
Horror
Running Time
9 = o~ IMDB Ratin Romantic Comedy
5 2 i ‘
US DVD Sales - Musical
620k I50M
US Gross Sales ¥
oM —
Worldwide Gross ¥
Sales 200 3G

Figure 7- Browsers are authored using dragddrop from available attributespanel to crea
summaries in four browser panels (left, right, middle, bottom), or to list records individually.
view, US Gross Saleis dragged and placed betweereative TypandIMDB Ratingsummaries. T

browser layout is adjusted to reveabplizones across all panels and between summaries.

§1 93,996.536 Average Cost ‘Total! of Bird strikes [3Wildlife Size: Medium edikd
Time of Day Phase of Flight ]
Day $120m 1 Category Height:(short| Long
Night 572k mrrroo—en
-
Dusk 540k Landing Roll sso« M
Dawn S46kM
- '_Avg Take-off run $250
~ Wildlife Size &
Small Nearent QQI._
Medium 59zimg Avg ' !
Large $42( Speed of Aircraft
Avg k 0k
Cost (Total) & oo
== Scale:( Linear (1.2345) | Log (1,2.4,8,16) -
Percentile Charts:(mm Full | mBasic | # Hide 00}
- —
v . _m A\l% 51k 98k 76k 27k 24K 16k 100k
Avg 560 5258 $1.0k $5.0k 520k 569k 5230kS1.1M S50 0in 50kn 100kn 150k 200k 250k 300k 350K
530 $100 $500 $2k S8k 530k $100kS500k $2M S8M @ o ]
Date
Avga0k S6dk 5340k ';[3:_ i1 §130k Tk tetk Sk 5160k 578k o6k 5110k
1990 1991 1992 1993 1994 1595 1966 1997 1998 1999 2000 2001 2002

Figure 8- Exploring BirdStrikes dataset. The aggregate measure function isvbegeof cost

Medium size birds are highlightdl. The highlight selection shows the averatgamage per ea

aggregate related to meditsize birds. The average cost is not steady over time, and chart re\

correlation between all birds and medium size birds.
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5,000 Companies
() Industry

Q Search 5 0
IT Services 15

Advertising & Marketing ©

Business Products & Services ©
Health

# of Workers

% 1 14% 42% 31% 1 2 1 )
4 20 60 300 1k 4k 20k 70k
Revenue

% 21 42 26 8 2 0
a = - it : D
S1IM 54M $20M  S70M (S300M 516G $4G

Growth “P: Q, Search: company
@ Glen Burnie (Baltimore), Maryland
@61 workers

BEHOX

31MS (2148% |~

48% @ New Horizon Communications -©

@ Lexington (Boston), Massachusetts

& 54 workers

48% © Polsinelli &
¢ Kansas City (Kansas City, MO-KS),
Missouri

49MS [0148% |~

320MS [2148% |+

48% @ Via Trading -
@ Lynwood (Los Angeles), California
& 50 workers

74 48% @ Precise Mold & Plate £

@ Columbus (Columbus, IN), Indiana
8749 workers
48% @ The Garabedian Group
@ Fresno (Fresno, CA), California
& 14 workers

e 48% @ Mar-Bal <

@ Chagrin Falls (Akron, OH), Ohio

38MS [2148% |~

7.9MS [2148% |+~

2.1MS [2148% |+~

65MS [2148% |~

Ml Machine Gun 3 Q Search: county

+ | Toronto

The Bahamas

View: i= MMl +#ofCitations to Paper [JQ  View: i= «§ References [

>

Figure9-Alternative record display view3.op) List view with custom content and styling. Polsir

(a record) is highlighted. Summaries on the left reveal its characteristics with consistent ct

Business Prod. & Services, unknown)(number of workers, $300M revenugottom Left) Mag

view shows US counties and the number of machine guns they received from military. In

view, records can be selected spatially into flexible aggregates. Counties within the black 1

are selected by filtering (click+drag), and orange countiesimwittange box are selected

highlighting (shift+drag)Bottom Right) Nodelink view based on citations between papers fror

InfoVis conferences [13]. Node color shows the number of citations to the paper. Papers o

conference are highlightedtv orange border.
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5.1 Data Browsemwith Record Display

Keshif data browser builds the data exploration space around attribute summaries
and a record display that shows records individually either as a list (row / grid), on a
map if the records define spdti@oundaries, or as a notlek diagram if the records

are explicitly interconnected (such as references across publicatieigsré8). The

visual encodings are sumarized inTable3. All attributes of a record can be viewed

in a popup window by clicking® in the list view, or the region/node in map/nede

link views. The header panel summarizes the complete dataset and visualizes the
selection charderistics using the global aggregate. All active selections are shown
as breadcrumbs in the header panel, éadoby color and icons for a quickly

accessible overview of the data selection (exploration) state.

Record | Organize by

View | (numeric attribute) Filtered-Out Records | Highlight / Compare Encoding

List | Sort Removed Fill color
Map | Fill Color Transparent Border color
Node-Link | Fill Color Removed Border color

Table3- The form and visual encoding used by the record display for visualizing indivielc@ids
List view is the default. Map view is supported if the records have &abkpamponent. Nodénk
view is supported if the records have an attribute that refers to other records. The form o

display can be switched during exploration.

The active aggregate measure function and the scale mode are shared across all
summaries to provide a consistent interface. The controls are mapped to conceptual
visual elements, aimed to minimize cortsplecific Ul components. The aggregate

measure is set by clicking to global aggred&igure5); the scale mode is set by
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clicking on the measure scale axis. In contrast to TaljlEz6] and Voyagef151]
whererecord countis shown along record attributes, Keshif clearly distinguishes
record count as an aggrégameasure function. Measure labels can be shown in
absolute or percentage values untmrntandsummeasure functions. For example,
an aggregate of 343 female employees among 870 (filtered) emplogeebe
labekd as 39%, providing a quick percentayerview of the record groug&igure

8, Left). Clicking# - % icons on the chart corner changes this mode.

5.2 Design Specifics

This section presentspecializationdetails of the layout (browser), visualization

(summaries), and the interaction (linked selection) desidgeshif

5.2.1 Layout Design

The Keshif browser layout is designed to avoid overlaps across summaries and the
record display, and to simplify layout configuratiorhe browser defines four panels
(left, right, middle, bottom) that can include multiple stacked summaries. The
summary height is automatically distributed across all summaries in a panel. The
individual summaries can be collapsed to their hedBryure 5, # of Workers),

which opens more space for other summaries in the panel. The record display is
positioned in the middle, perceptually binding selections acrossuatimaries

positioned around it. The browser header panel holds the global summary and

75



selection breadcrumbs. This constrained design minimizes decisions on the layout

and positioning to speed up data exploration.

Summary | Form | Navigation
. List 1 Scroll (1D)
tegorical
Categorical Map <4 Pan & Zoom (2D)
Histogram| @&Zoom to filtered range
Interval Li QZoom to total range
ine (Fine vs. coarse bins)
SetPair Matrix “ Pan & Zoom (2D)
Summary | Form | Specialization
Sorting: Automated resorting after filtering to | DEabel text search under many
List emphasize most relevant first. categories.
Cat cal Multiple sorting options, custom category D#ultiple logics for selectionAnd/
ategorica ordering, and inverse sorting are supported. | &/ {IZ1), And is only applicable to
M Select ds b tial tanal multi-valued categorical attributes. S
ap electrecords by spatial query (rectangle) AggreSet [33] for details.
DEinear/log scale binning, based on data DBin range is based on value range
Histogram distribution, can be changed in Ul. (min/max) and summary width.
Interval DBupportspercentilechart. DFElexible range queries to select
DBupports unit names (10g, $100, etc.) records beyond fixed ranges.
Line | DDnly linearscale binning (horizontal axis). | DEiltered range is always visible.
SetPair Matrix D¥isualizes sepair strength & subset relations (design on g&t@antic)
DEonnected (next) to categorical list summary with synchronized scrolling navigati

Table4- Specialization®n summary and form types reflect data types, semaatidstasks.

5.2.2 Attribute and Summaries lyataType

The summary design is further specialized on data type and semantics as
summarized.Table 4 presents an overview of the specializations. An attribute
summary can support alternative data semantics by adjusting its visual form with the
setting controlled by a button that demonstrétescontext. In our implementation,
categorical attributes that define spatial boundary definitions (such as countries) can
be shown as a li= (to emphasize sorted ranks), or on a r@gto emphasize
spatial distributions). The icons in summary headlewacontrolling the mode. The
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relations in multivalue categorical attributes are revealed inps@t matrix [154]
using®. By default, the percentile chart is not visible in numeric summaries to keep
the interface minimal. It can be shown using the summary configuratiompop
panel(Figure7 1 Cost summary)which also allows adjusting the binning to linear
or log scale if applicable.

Existing attributes of a raw dataset may need to be transformed or reformatted
for effective representation and analyskseshif allows specifying calculated
attributes as functions that return a new value given a record and its attributes. This
provides a highly flexible customization pipeline to describe units of analysis, and
can support prprocessing stages such as cantei ng values (e. g.
and A20Mo to 20, 000, OO OFjgure3, tlee Day ®ft Weekn g s
summary is extracted from thate attribute. InFigure 4, the services held by the
nominees are combined to a simple list merged from multiple attributes, each of
which define the location of a service if the serviea tbeen held. This allows
summarizing the service types in a compact form instead of summarizing them
individually. Calculated attributes can also be used to lookup/merge external tables.
For example, in a publication browser, a calculated attribut€dontries of Authors
can return the list of countries of all authors of a paper by a lookup on the author
table that stores the author country. Calculated attributes also enable defining rich
HTML markup for individual records in the record displ@@gure 8, Left). Keshif

interface also supports common data transformation shortcuts in its graphical
77
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interface, such as (i) extracting month, hour or weiletay from a timeattribute, (ii)
extracting the sedegree from a seayped attribute, and (iii) splitting categories into
multiple values by tokenizati on, such

~

categorical Ilist [AAO0, ABo, ACO] .

5.2.3 PointerBased Linked Selectiobesign

Keshif implements gointer (mousepased interaction design for selecting records
and record groups. Mouswer on an aggregatly sets the highlighselection.
Clicking on an aggregafid sets the filterselection, an explicit action compared to
mouseover. Compareelectionld can be set by clicking ol that appears on a
highlighted aggregate. Alternatively, shift+click on a highlighted selection sets
comparison as well, and enables comparison of aggregate designs that may not
reveal a lock icon by a&&gn, such as nealue or map region aggregates. To enable
flexible interval selections (beyond fixed bins), shift+tmousemove,
click+mousemove, and shift+mousemove+click along horizontal axis set highlight,
filter, and compare selections respectively. Tggragate measure text label color
also reflects which distribution it displays. Activating highlight selection sets the text
label to orange. Mousever on a compare selection, on the breadcrumb or charts,
updates the labels to show the values. All vigmaloding transitions (such as length,
color, and size changes) are animated. Categories are resorted with staged

animations after filtering to show most frequent/relevant on top.
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Selecting a record by mouseer reveals its attribute values in all summarie
(Figure 8, Left), a doubly linked selection that highlights the record on demand
within the context of distributions of all records. In the ntdk view, mouseover
selection of a record also highlights its neighboring records. To avoid unintentional
triggering of highlightselection (and visual flickering) on mous®ve across the
screen, we added a delay that is linear to mouse speed, activated above a threshold.
Slower, deliberate mouse moves immediately enable highlighting, while fast moves

respond with a minor delay.

5.3 Authoring Data Browsers

Enabling outof-the-box data exploration requires easily importing new datasets into
the exploration environmentn Keshif data browsers can la@ithored / createdlter
importing a datasaising two approaches: using JavaScript API (which also serves
as a storagekchanggormat), or the graphical interfacehich supportsddrag drop
interaction.Authoring is designed asmodethat can benabled during exploration
as well as after data imporso that exploratiorprocess can be enriched with
modifying the data summaries within the browser

Keshif, including its API, isprimarily designed to let the user defiménat is
being visualized and explored, nbbw. This is in contrast to grammars of

visualization such agega Liteandggplot, which have a compositional approach to

create arange of chart designs. It also contrasts with chart templating approaches
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such Excel, Raw, Datamati¢c and Quadrigram since Kesti automates the

visualizations and interaction, and the data dialogue is driven by the user based on
key exploratory tasks rather than selecting charts and mapping data to template
paameters.

Lastly, aistomizations of Keshif browseare most commonly aied to express
metadata, such agdinal categories and unit names of numeric attrib(sesh as
km, or $) as well as basic data transformations such as parsing time components
from a text field, and splitting a text field into multiple categories bylinder. The
API currently does not aim to store exploration state, such as specific selections. We
created a descriptivesoncise APl for Keshif browserthat supportthe common

needs we identifiedn 18+ public datasets.

5.3.1 Graphical Authoring

Authoring embles converting raw data to an explorable form in data browsers, as
well as modifying existing browsers to explore different perspectives of data. In
graphical authoring mode, the available attributes panel (Figure 6) shows the
attributes thatdo not appar in the data browser. Each attribute includes a small
visualization thumbnail showing its distribution overviews with category count, or
interval range. To organize the attributes, they are sorted by data type first
(categorical, numeric, and time), atieen by distribution characteristics. Attributes

can be added to, removed from, and moved across four panels in the browser by
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draganddrop. To simplify the arrangement (a rexploratory task) for rapid
exploration, doubkelicking on an available attrite adds its summary on a panel
chosen based on the data type (such as categorical: left, interval: right, time: bottom),
and remaining panel space. Calculated attributes can be defined in a popup panel

with title and function body written in JavaScriptdeevaluated live.

5.3.2 Programmatic Authoring (ARIf Browser Configuration

The JavaScript APl of KeshifF{gure 9) enables flexible, customizable, and
persistent configuration of data browsers. The format of this configuraion
minimalistic, andcan be easily learned and used by web programmers. Thiea&P
a single entnypoint: instantiation of a kshf.Browser object with a browser
configuration, which describes the data source, the list of summaries (position,
name, function, and other configurations such as sorting of categorical data or unit
name forinteger values), and the record display (including sorting options, record
view, etc). Multiple browsers can be added to a single ywabe by instantiating
multiple kshf.Browser objectszigure 9 demonstrates functional customizations for
key objectives including loading custom data (such as GeoJSON of a camtry,
XML file, or evenBibTeX entries for literature surveys), describing a data feature to
summarize (suchs extracting months from a Date attribute), and describing HTML
components of how a component should be rendered (such as merging multiple

attributes, with custom styling). While the visual and interaction design is tightly
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controlled and not aimed to nduser configurable, these callbacks provide key
flexibility so that Keshif can fit many data sources, domains, and settings of analysis.
In addition, Keshif browser configuration can be serialized to/from JSON objects.
To handle custom callback funct®m a configuration, we convert these functions
to strings on export, and evaluate functions as string definitions using JavaScript
eval functionon configuration load.

The enduser API documentation is available at

github.com/adilyalcin/Keshif/wiki
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google.setOnLoadCallback(function(){
browser = new kshf.Browser({

domID: "#demo_Browser",

recordName: "Accidents",

categoryTextWidth: 160,

rightPanellLabelWidth: 228,

barChartWidth: 15@,

source: {
gdocId: "1G2umrkAYKSnI-mEl1gQNYy2HditxQAR4K9wu7ialv_TY",
tables: "Accidents",
callback: function(){ US_States.loadGeo(this); }

b

summaries: [
{ name: "Travel Mode", panel: "left" },
{ name: "Primary Activity", panel: "left" },
{ name: "Setting", panel: "left", collapsed: true },

—~

name: "State", panel: "right", viewAs: "map",
catLabel: function(){
var v = US_States.index_code[this.id];
return v ? v.name : this.id;
1,
catMap: function(){ return US_States.index_code[this.id].geo; } },
name: "Place", value: "PLACE", panel: "right" },
name: "Date", panel: "middle" },
name: "Month", value: function(){ return this.Date.getUTCMonth(); }, catSortBy: "id", catLabel: _demo.Month },

s s s

name: "Killed", panel: "right", unitName: ‘'ppl' },
1
recordDisplay: {
sortBy: [ 'Killed', 'Date’' ],
sortColWidth: 65,
recordView: function(){
return this,PLACE + " <i class='fa fa-map-marker' style='color: lightgray;'></i>"+
(this["Travel Mode"]?
(" - <span style="font-weight: 10@;"'>"+this["Travel Mode"]+"</span>"): "");
}
}
12N
I H

Figure10- Keshif configuration for an avalanche accidents dataset. This browser can be act

keshif.me/demo/RalancheAccidentsT he full source of the wepage is available at

github.com/adilyalcin/Keshif/blob/master/demo/AvalancheAccidents.html

5.3.3 Sharing andcCollaboration

To enable saving, hosting, loading, and editing browser configurations easily as
JSON objects, we implementedGitHub Gistbased storage and authentication,

similar to theblockbuilder.organdbl.ocks.orgservices. Gist configuration are stored
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and loaded using unique IDs, suchkashif.me/qgist/?82d0d3caed8e93easfkith

code hosted agist.github.com/82d0d3caed8e93ea5flhis allows easy versien

control and forking of browser configurations. Our Gist integration also can manage

custom CSS style files alongth browser configuration.

5.4 Implementation

Keshif isimplementedas a crosglatform tool based on modern web standards of
JavaScript, HTML and CSS. As a strictly clieside tool, Keshif is a lightweight
system that does not require a server installabiomaintenance. Datasets can be
loaded from cloud services that host spreadsheets (such as Google Sheets) or
documents (such as CSV or JSON files on Google Drive or Dropbox), in addition to
files hosted at a local server, or uploaded from local computerpersistent).
Essentially, a Keshif browser can be built on any data resource that a web browser
can access, and Keshif does not control data authentication and security protocols of
the data sources, which can be set up using the cloud services.

Keshifd s  esidé lmsist puts a practical limit on the data volume that can be
|l oaded i nto browser 6s memory, whil e a

available as aNYC bike-trip data browse(SeeFigure 11). This dataset, with 8

active summaries, can be interactively browsed (quewigitibut significant delay
about 500ms to 1 seconds in filtering performance, faster for highlight se)ection

Macbook Pro (RetinaMid 2012) with 2.3Ghz Intel Core i7 processor and 8 GB
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1600 Mhz DDR3 memory with NVIDIA GeForce GT 650M GPU running on
MacOS Sierra operating system. The performasigmificantly depends on the
browser (type and version, includingva&cript runtime), operating systemnd
hardware.In addition, the quergxecution speeds relatedlinealy to the selected
number of records, and the number of aggregates they appeaKeshascurrently
implements a linear pass over each elemerd, @drecks if they meet the query
condition for each potential filter, and propogate selection changes to each aggregate
that the record appears ihherefore, making selections of an aggregate that has 50k
records responds slower comparedmoaggregate wh 10k recordsln this dataset,

filtering queries can take to complete and start refreshing the charts.
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Figure11- NYC Bike-Trips Data on Keshif (available http://keshif.me/demo/nycbiketrips
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Our implementation emphasizes a lean, minimalist approach as well. To keep

our development stack minimal and have full control over the implementation and

85


http://keshif.me/demo/nycbiketrips

user interface design, we opted not to use frameworks siRbagsand Angular, or

evenjQuery. Theonly core dependency of the current Keshif implementatidd3is

which is used to bind custom data structures to page components, create
visualizations, and update these components interactively. We implemented our own
internal aggregation and cached computations, since Keshif support query models
not supported byoff-theshelf tools like Crossfilter The JavaScript code is
developed and maintained under a single #eshif.js In addition, Keshif uses
Leafletto render interactive maps, aRdpaPars® load and parse CSV files when
necessary. Keshif browser styling is implemented ugsg a CSS preprocessor,
which simplifies hierarchical styling and crelssowser compatibility. Our current
unminified JavaScript implementation is over 11kLOC (460KB), and less stylesheet
is over 4k LOC (138KB). Keshif also useésntAwesomewhich provides a clean,
consistent, and familiar icon design for many actions and objects in Keshif interface.
Furthermore, we implemented most animations using CSS3 transitions instead of
using d3.transition(), making more concise, simpler to develop and maintain. We
used CSS flexbox display model to implement flexible and responsive layout
components. Since rendering records individually (in record display) can hurt
rendering performance given largatasetswe inplemented an infinite scrolling
strategy, creating page DOM elements conservatively and dynamically on scroll and

filter.
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5.5 Discussion

In the design and development of Keshif, our end goal is to lower barriers in generic
tabular data exploration in order teach more insights (knowledge) from raw data

in a short time. The barriers are higher for novices in data analytics with lesser
existing knowledge to make good decisions in visualization and interaction. Our user
study with novices in shoterm data exmration (Section 7.2) suggests high
performance using Keshif, with the volume, range and characteristics of insights
comparable to skilled users on advanced to®ieported in other studies.

In contrast to existing visualization and charting environments that emphasize
flexibility on design and support for naxploratory tasks, we instead focused on
building an immersive data exploration environment with exterimbsd practices
and refined design. Our implementation automates the aggregated visualization and
linked selection interaction model that addresses the reported limitations, preferences
and cognitive processes of the us@sd]. Our integrated design extends upon
effective and common techniques such as the overioadetail flow for
information seekindl], faceted browsing157], coordinated multiple viewfl18]
with brushing and linking. Specifically, we introduced a linked selection model
composed of three complimentary selections (highlighting, filtering, and
comparisons), aggregated visualizations includigigbal overviews, nwalue
aggregations and semantic alternatives, and scale and measurement modes on

aggregations for alternative higtility views into data.
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We argue that the effectiveness of the resulting data exploration space follows
our design mavations in data exploration, and our basis in effective principles and
techniques for visualization and interaction. By focusing on a core set of features
seamlessly integrated to provide an expressive and consistent exploration space, the
endsystem is bth greater and different than the sum of its individual components,
following gestalt principles. Therefore, our contribution also lies in the definition
and demonstration of the combination of our systematic components. Furthermore,
our implementation adnces the statef-theart in webbased visualization
engineering as an open source tool used by thousands of visitors and hundreds of
developers as of the time of submission.

While this dissertationreflects the refined design of our solution, we had
corsidered and iterated on alternatives some of which were found to be limited or
inferior. All selection and visualization states (such as measure function and scale
modes) are shared across all summaries to create a consistent atwceasyl
interface,which is in contrast to flexible coordination models which require more
training and decision making. For visualizing compared selections, we chose side
by-side rather than stacked designs since stacking only works when selected record
groups are excluses therefore not applicable for multiple selections across
summaries or in a muitialued categorical summary. We avoided categorical
wordclouds because of their limitations in perceptual accuracy,-degiied

ordering, and use of size encoding, compaodobr charts. Scatterplots anddprds
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present challenges in scalable overviews. Our focus on univariate visualizations
implies that Keshif achieves multivariate exploration with synchronized interactive
views rather than multiple varialsl@isualizedn a single chart.

We presented the aggregate glyph designs for visualization on selected common
data types rather than a design basis applicable to a wide range of chart types. We
did not aim to provide generalizations for exploratory visualizatiattepugh we
present components and design features that can be applied to new data types and
semantics. For example, spatial points-iggiy) can be aggregated on a map using
the circular glyphs of sgiair matrix. Our design can be extended to support
aggregte hierarchies to represent categorical hierarchies, and merge aggregates for
higherlevel overviews.

Lastly, we modeled exploration process to start with raw data, and have not
proposed models toapturethe process of exploration directly. The raw data i
converted to a dashboard through metadata, including attiite descriptions
(which are shown on mouser on€@) and codebooks (converting integer codes to
string labels, as commonly used in some datasét®.source of the data can be
linked on thebrowser usinc¢EE icon, which can be manually adjusted to link to a
page including data dictionary or detailed source information. However, beyond
these supporting features to provide links and descriptive information on data,
Keshif does not aim to provide data dictionary or reflect the process of how data

was collected. It also does not aim to suppaliting data. While data quality or
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coverage issues can be exposed visually through creating dashboards quickly, it does
not offer views specifically focusg on detecting potential data issues. Supporting
automated data quality checking with integrated visual reporting in the system may

be a part of the future extensions of Keshif.

5.6 Limitations

In this section, w identifysome of thdimitations of the propsed exploration model

and its implementatigrkKeshif, through multiple perspective: Limitations of data
model (what kind of data types are supported, not supported, and cannot be
supported), form factor (what kind of devices can be used), collaboration (what kind
of collaborative tasks arénot) supported), skills (how useskills influence the
outcomes), data size (the limits of data size in our implementation), and chart types
(what kind of charts maynot) be supported). We also contrast the goal of
minimalism, to achieving expressiveness, discoverability, and visual complexity

which can be opposing goals when considered together

5.6.1 Data Model

Our data model is strictly tabular, and a Keshif browser presents a single record type
(table), where each record ideally presents a single observation (an event, entity,
person,etc.). Calculatedattributes enable linking to additional tables to merge

multiple datasets. This data model design is consistent and minimal, yet places

limitations on the supported data structures. For example, raw data in aggregated
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forms cannot be explored with fullefibility in selections, and spattemporal
datasets that describes observations across multiple dimensions do not lead to

effective attribute summarizations in our design.

5.6.2 Form Factor (Display size and input devices)

Keshif is designed for desktop/laptofform factors with pointebased
(mouse/touchpad) interaction. It does not aim to scale to small (mobile) displays
large displays effectively. Showing multiple charts in a small screen with linked
selections and brushing may not be an optimum desigroagip for small screens.
Likewise, large spaces would present different interaction requirements and
opportunities, as well as the need to scale charts into larger form factors which can
be observed from both a short and far distance. Keéshisonot designed for rich

touch interactionSome buttons and selection targets are smaller than recommended
sizes for touch interaction, and we did not discuss alternative inputs with multi
touch, such as zooming or more advanced dragging capabiitiage workcan

focus on design extensions for a wider range of display and input characteristics.

5.6.3 Collaboration

Our problem spaceodelsthe user as an individual with a motivation to understand
tabular datasets. While browsers can be forked, refined, and sharedh wet
propose a model for synch or asynch collaboration in data exploration. Our model

does not present solutions for provenance of insights or interface use. Based on our
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focus on exploratory process of data understanding rather than data presentation,

Keshif is not designed to support custom annotations, or exporting charts.

5.6.4 RequiredSkill sfor Customized Aithoring

While Keshif offers a graphical interface for authoring and exploration, features such
as calculated attributes, API customizations and oustata loading callbacks target

a more skilled audiencgsuch as with some web development experiend#jile
informal feedback from some external users with novice coding skills noted that
Keshif API can be learned and used through example browser aatifigns, we are
looking forward to extending graphical features for authoring and calculations, while

mai ntaining Keshifds | ean and clean design

5.6.5 Data Size

Keshif is currently implemented as a cliesnde tool that runs on a web browser
locally. While thelack of a server query backend limits scalability in practice
because of computational limitations, it also makes Keshif easy to deploy, maintain,
and integrate with existing data sources and web pages. The aggregated
visualizations of Keshif can suppodrgier datasets by desigiven appropriate data
backends that support aggregated and flexible quertes future work to offload
computation from client to server side includes development of remote and scalable

data backends&ncrementabata transmissig and rapid query models.
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5.6.6 Chart Types

Previoussection includes discussiomegarding the chart types selected and the
visualization designsTo clarify the limitations, w do not represent the multiple
selections and aggregate gly@pproach as a fullrlgmmar that would automatically
supportdata typesand use casdseyondthose presented or discussedr example,
summarizing multiple measurements of agé variable is not supportesiich as
given a list of cities with various indicatorKeshif currently cannot summarize
population over timas a singleinteractive integratedchart Current model would
only be able tosummarize population of cities at single time-point using a
histogram. Showingmultiple selectionson timeseries datawhile supporting
different aggregation modes (count/sunefage), data types and visualization
settings is a challenge not addressed in this dissertation. However, extending the
model to latlong data types witldynamicspatial aggregations is possible, and the
model canalsobe extended to support-bariate analysisvith additional effort as
an extension of the setatrix design alreadyresented as scalable basis for
scatterplotike relations across two variables.

Bi-variate analysis in a single chart ilsa supportedonly for multirvalued
categoriesn Keshif. Generalized charting solutmimclude scatterplots or heatmaps
with two axisusing different attributesData simmaries in Keshif are designed to

aggregatedatg and be scalableFor example, aterplots would not scale to

di fferent i nput sizes or confHpowewertheo t he
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record display can be extended to support a scatterplot wiberéeach record is a
point), or alternative charts where each record is predeatdy once (such as
parallel coordinates, or bump chartéhdding such i f e @& woule require
considering how it would be enabled and used in the exploratory prodéssit
violating the minimalist and systematic design basis of the vpodsented inhis

thesis

5.6.7 Minimalism vs. Expressiveness

As notd in the motivations (Sectioh1), minimalism and expressivenesan be
opposinggoals When one wants to make a system more expressive, it is generally
achievedthrough adding new features, which may not be aligt@tesivéy with
existing features, andeduce its minimalism, usability, and learnability. The
proposed model, and its implementation Keshif, awrschievaninimalism through
connected components, consistency, and minimal Ul. It targets core, common data
types, and coredata analysigasks, such as comparison, ranking, filtering, and
observing trends using alternative measurementswithin  record groups
(aggregations). The features are designed to work together seamlessly, rather than
isolatad parts of an amghmation ofvariouschartsandanalysis options

The limitation of expressiveness includes not only data mattétollaboration,
but also other tasks such as data presentation,tfagossible datgueries. For

example, while SQL might be used to quergatabase in very flexible ways by
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chaining and merging different selections, the proposed model only presents a
single, fully synchronized query modé&thervisualization or data preparati¢éools

such asTableaucan includemore flexible ways to formulatnew data properties
using data not only from each row, but by using metrics from all the dataset and
visual structure to enrich data visualizations, such as generating PeratoTdineses.
example functions include ranking, running count/sum/average,dowin
count/sum/average and combinations ther@éé. did not propose a fully flexible,
all-generalized model to transforamd repurposedata into new formatdHowever,

by using full JavaScript specifications, we enabled various transformations for data
attributes per recordThe selections and linking strategy of Keshif is also single

purposed, as such cannot be as flexibl8resptogethe{105] and Improvisg146].

5.6.8 Minimalism vs. Discoverability

Another point of friction acrosdifferent goals is between minimalism and
discoverability. Reducing icons, and revealing options only on certain interactions
(such agrevealinglocking icon after highlight selection (mous®er), or changing
aggregate metrichrough a single, shared igomay leadto adesignfor which the
features are harder to discover. We have observed these limitations in our user
studies with novice users of Keshif (See Sectitrisand 7.2 for examples). These
limitations in discoverability was among the factors that leadto design an

integrated help systenmost relevantlyits Guided Tour mode (See SectiBr8.4)
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and Topic Listing mode (See Secti®3.2. However, the capabilities of Kesfill

require some learningnvestment and usingit effectively requires analytical
thinking. Having a menless approach where dabecomesthe interface is a
passionate goal. Yetyith increasing expressivenesiscoveralbity can become a
new profound barrier to #depth dataanalysis Making the current desigeasier to

discoveris one of the future desigiallenges

5.6.9 Minimalism vs. VisualComplexity

While Keshifaimsto achievea systematianinimalism, we have observed that the
visualizations and interactions it enables may be visually complex or confusing for
some audiences and some settiri@se source of complexity is the medielection
visualization ¢yph design of KeshifHaving up sixcolors on a single aggregate
glyph representing different selectiofiBable1) can be confusing to firdime uses.
To limit the impact of this complexity factor, Keshif starts theplorationprocess
from the overview tbtal selectioly and any future selections are enaldeglicitly
by mouseover or clicking, giving full control to the user

Another contributoto complexity is the frequent animated updates on mouse
over. While we implemented a thresholded delay to selection while the mouse is
moving to prevent highly frequent updates, the highly interactive nature of making
selections, where every action miglgadl to a change in the interface, can be

confusing to some users, as we have observed on various occasions through
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feedback.One way to counter this observed complexity effect is to offer limiting
highlight selection, or increasing its dglthreshold, fornovice audiencesThis
would decrease the rapidness of data exploration through quickly observing multiple
subgroups by moving the mouse, however with benefits to readability.

The perception of visual complexity also depends on the vjetveir domain
knowledge and motivation For example, a data browser witn chartsdescribing
varous aspects of the data may have high utility for a domain expert who would like
to explore relations across multiple attributes simultaneously through linked
selectionsHowever, such an interface may be tmgsyor distracting for a casual
person who may not wish to see all these trends, and they may gradually increase
complexityas they prefer. The ideal situation would be to bootstrap their exploration
with few selectedasic attributes (summaries), and encourage exploration of other
attributes afterwardsThis example also points to the complexity introeldi by
having multiple simultagous and highly connected charts on a data dashboard. One
way to reduce complexity wadi be to enable expanding one chart to adide to
cover the browser, and limit exploration across multiple summaries. This may
simplify (limit) the data presented on the screen, and can also allow seeing more
details in a single chart (such akegermap, or an extendedulti-columnlist).

Lastly, we have developed HelplGi{apter 3 to counter the complexity of the
interface by offering live, contextual, integrated descriptions to help readability of

the data interface, charts, and various interactions. One limitation is that this help
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based approacks based on existing design difet tool, and does not make it
inherently simpler or more effective, but aims to close the gaps with additional
features. While we argue that getting help, and training, for a data interface/tool is
crucial for effective use, we also recognize that the §cal should be to create a
better designed interface rather than providing help when discoverability, usability,

and confusion issues arise.
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Chapter6.Aggr eSelty ped Data Expl orati

OEvery doorway, every inter

Katherine Dunn

AggreSetspecializeghe proposediata exploration modéb meet the challengex
settyped dateexploration. In this section, waresentfeatures of setyped data, the

detailed design of AggreSet, and how it makesygetd data explorable.

6.1 Featuresof SetTyped Data

Settyped data implicitly define relations between sets (A, B) based on their
intersection (Q=A). Figure 10 orders intersection imcreasingstrength disjoint

sets, partiabubsets, proper subsets and identical sets. Revealing these relations are
among set visualization goaBisjoint relation (Q-A ) represents empty intersection.

It is very common in sparsely connected sktentity relation (A=B=Q) represents

the strongest connection. It requires both sets to contain the same elé&nepes.
subsetrelation is the strongest relation when sets have different number of elements.
One set subsumes the other, i.e. all elements that appearsimdher set are also in

the larger set (BB, Q=A or BEA, Q=B). In datasets, any setpairs are irpartial
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relation. The sets have some shared items, and each set has some unigue element

compared t oA ABR, BAiAer ( Qi

COWO® OO

a) Disjoint b) Partial (weak)  c) Partial (strong) d) Proper Subset e) Identity
Fiaure12- Relations between two sets based on shared elements.

To model relations between setg define thestrengthof a set pair {A,B} on a
continuous scale from disjoint (0) to subset (1), computed/&B|/Ain(|A|,|B]). The
setpair intersection gets stronger as the sets share more elements, atrdntyh
reaches onwhen the sets share all the elements theyshare. This metric presents
a normalized context to spair relations, a form of similarity, and is an alternative
to characterisation by element count, an absolute value on an unbounded scale.

In contrast, the Jaccard Indea common setelation metric,normalizes the
intersection size of two sets with their union sizedB¥|ACB|), also ranging from
0 (disjoint) to 1 (identical). However, this metric produces an unbalanced
distribution since high values (toward equity) are much less likely to occor tha
strength metric (toward subse¢ss) given varying set sizes. There are also other
similarity metrics representing deviation from expected values using statistical
inference assuming a marginal independence betweeri3$e{88]. Such metrics
return positive or negative values depending on whether the observed element count

is higher or lower than expected. Deviation results can be compared rglatvets
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sets and their intersections, while #teengthmetric is meaningful in absolute form

(subsetness) as well as for comparison.
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6.2 Set Exploration Modeling

Set exploration is conceptually nnvial; there are many tasks that involve
intersections and relations between multiple sets and other element at{dbuies
support a rich and comprehensive ability to exploreaygetd datayve present a new
modeling for data representations, Kmvel actiors, and higHevel tasks.This data

and lowlevel action model is shown Figurell below.

@ Analyze %Sync @ Analyze &
Select
Elements i Aggregates} Set Aggregates
@Find  (Sefection ©Find [ Setlist )

f s (a1) ~(_Set-Degree )

B ~(Set-Intersection
2 :)ﬁetru;ve i —( Other attributes )

Figure 13- Our set exploration model for data and #mwvel actions. Elements are mappel
aggregates, and actions are defined across data typestypesbtattribute is decomposed into tt
forms of element aggregates: -fist, setdegree, and séttersection. This model distinguishes
explicit setlist from setintersections, and allows for exploration usingdegrees directly. Given
group ofelements/ aggregategou canFind an element/ set with some characteristicApalyze the
group overview to detect the range of values and patterns. Given an element, yRetrgzawre the
aggregates that include the element. Given a selection of amereraggregates, you c&electthe
elements that satisfy the selection. We do not differertiateselection is actualized (i.e. highlight
or filtering). Lastly, given a selected element gro8gncis a global actiorfrom all elements to ¢
aggregaas to reflect underlying element characterist®@mc action generalizeRetrieve for selecte
elements to enabl@nalysis within all aggregates. Sequencing these-level actions on set lit

degree and intersections allows expression of complex qumgrigeating flexible typagnostic path:
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To exemplify the execution ahis model, letme consider a movie dataset where
each movie (element) has multiple genres (sets), an average rating, and a country of
origin. What are theenres the countries,and the range ofatingsin the dataset
(Analyze within aggregates)? What are thenresand therating of the movieWall-

E (Retrieve)? What are the two most comma@enres(Analyze within genres,
Find)? How manygenresdoes a movie have at most (the maximgenre degrée
and what is the degree distributiohélyze within genre degrees). Such overview
reveals basic patterns. Then, exploration expands threeigictions What are the
dramamovies? Movies that have at least three genres? Movies with highiags?
Such exploration commonly starts withSalect is followed by Sync that retrieves
and aggregates selected element attribinesrder toAnalyzedata characteristics in
multiple data dimensions. What is tfaingdistribution ofc h i | dnovwes (gesire
to rating)? What are the comma@enresof high-rated movies (rating to genres)?
What othergenresdo documentarymovies have (genre to genreset relation)?
Which genreshave morenulti-genremovies (genre degree to genres)? Wigehre
pairs ae more common, which genre pairs include no movies (empty intersections),
and which genres always appear together (are subs&itsglyte within set
intersections)? We can then compare different selections. Howatithgs compare
across horror vs. documenary movies Gelect horror A Syng repeat for

documentary andAnalyze for comparison within rating)? We can expand our
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inquiry by looking at intersections of multiple genres. AggreSet supports all such
gueries through its single aggregatesed exploratiomodelling.

Many exploratory questions depend on 8edectaction based on some criteria.
Rich data exploration is only possible through flexible selection models, ideally with
ease of expression. Selection fortgted data can include multiple attribsitigh-
rated dramamovies) and multiple set values can be selected using different
modalities family and comedymovieswithoutaction, representing intersectiod
- and), union € - or), and complement { not).

Comparison of data characteristics endifferent selections is a more complex
form of exploration. To support comparisons across different element selections,
SelecA Synd Analyze pipeline needs to be executed under each selection, and the
resulting distributions need to be saved and visedliExploratory comparison then

follows visualizations of multiple distributions.
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Revanons w Cranracrens CHaracTERS -

Swrengh # Crapters  |F o 4
Fartne Fantine

Combeterre Combeterre
Madame Thénarder Madame Thénardier
Bossuet (Lesgie) ° Bossuet (Lesge)
Fauchelevent O Fauchelgvent
Eponine ' Eponine
Madamaoiselle Gilenormand > Madamosele Gilenormand
Madame Magiore Madame Magore
Monsour Mabeul ' Monsieur Mabeu!
demosele Baptisine & °© Mademoiselie Baptistine
Joly Joly
Bahorel  » ' ° o Bahore!
Feully + o E Feuly
nwm ’ » - . ’ G,m’c
s ' Félix Tholomyts

Reranons w CuaracTens Cuanacrens -
Q Search
- Srecgh 855%) . s i

Famine Fanting 10«
Combederre Combeterre 100%
Madame Thénardier Madame Thénardier 100%
Bossuet (Lesgle) 15 Bossuet (Lesgle) 100%
Fauchelevent Fauchelevent 10«
Eponne Eponine 10«
Madamoiselie Gillenormand © Madamoselie Gillenormand 10x
Madame Magiore o Madame Magioire 100%
Monsieur Mabeu! Monsiour Mabeut 100%
demosele Baptstne (&} Mademoisele Baptisting 100%
Joiy ® O Joly 101
Bahorel ® O Bahorel 100
Feuly 9@ o® © Foully 100%
naire o @] Grantaire 100%
0s Félix Tholomyds 10
Claocuesous 10«

® 221 pairs © 82 Sudwets ¢ 80 Rows, ~ S3More % S o

Figure 17- Character cepccurrences in Les Miserable®This dataset has 82 subset relatiohsp:

The circle area maps the number of chapters both characters occéiidniersections with few
chapters appear small and are hard to obs@&wtom: The circles are full and color denotes tl
character relatiorstrength by the chapters they occur in together. The border is shown whe
character always appears with the other character. For exapld, | of Feuilly
include Bossuet, who appears in 16 chapters. This suggests asubpet redtionship, and the borde
is half. When two charactersaalways appear togethethdar border is full (not visible in this cross
section). We can also observe that while intersection of Madame Thenardier was one of the Ia

number of chapter&, it is notone of the stronge$d.
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6.3 Settyped DataExploration with AggreSet

Settyped data xploration with AggreSet encourages the overviewletail flow of
the information seeking mantfd]. Its approach can be explained in four levels with
increasing depth and richnesg. AggreSet displays sets as a linear list, aggregates
elements within sets, and visualizes the distributbelements. It orders sets with
larger element counts first by defa(fiigure 16, andFigure 17-a). By selecting a
specific set, the user can interactively explore (highlight, filter, compare)
distributions of elements of the selected set, also revealing its intersectipns. (
AggreSet summarizes the skigree of elements. Set®ns on this dimension can
be used to reveal higherder set relationships (e.g. intersections of >3 ¢Eigure
13). (iii) AggreSet introduces the set matrixvisualize the distributions in sefir
intersections and set relations (strength) using circle glyphs. The interaction design
(highlight, filter, compare) seamlessly extends to this matii. Ihtersections
beyond second degree (getirs) are explorethrough selections. At all levels, the
result list can show all, or filtered, elemeli&gure 17), and other categorical and
numeric attributes are presented with the same core design as set dimensions.
AggreSet uses element aggregation to scale on element count by design. Element
are agregated per set, per siggree and per spair intersection, as modeled in
Figure1l Since sepair aggregation is independent of the set order, the set matrix
uses half of the matrixandthereforeavoids visual duplication. The intersections of

a set are captured along two-Beés, one vertical and one horizontal. For example,
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in Figure12, actionmovies are selected and two orange lines in matrix pass through
the intersections of this sethe rows/columns are also highlighted when a cell is
selected (pointed) in the matriEigure 16). The empty half of the matrix displays
set labels (for easy identification of sets involved in intersection circles) and visual

legend for matrix.

A REeLATIONS IN RECORD ... ~ Recorp TYPES »
Strength Q # Data Breaches |7
| Birthdate Birthdate 1l
@ ,: | Email & Email  ommm 11
Addresse ] Address  3W
Password[— d J b - Password 11/
Credit Card No D Credit Card No 11
Log—e ? ] ‘ ® Log 111N
dical Records I[_ \’_’) Medical Records 0 o
Financial | Financial 0
>hone Phone 0
90 pairs @ 2 Subsets ¢ 18 Rows, v 5 More # 10 20

Figure 18 Record types(sets)compromised in 284 largecale data breachdglements).&n 11
Breaches witHog and passwordrecod types are selected usingsultpreview The largecircle size
shows theséwo record types were commonly compromised togeth&or8er intersectios (4D s
sets) are showen the setist histogram For example @ email is commonly associated with 1
selected breaches (9 out thfe 11 with passwordand log), and© neither medical nor financial
records werestolen withpasswordsandlogs We can Bo observeintersections of 4 record typ
About 35% ofemailandaddressbreaches also hazhsswordandlog leaks@ .

To explore a high number of sets that cannot fit within the linear and matrix view

on a limited screen size, AggreSet matrix supports scrolling and pannisigowse
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in Figure 12, Figure 13, andFigure 14. Scrolling is a fluidinteraction to olkerve
limited parts of the datasetompared to explicitly selecting active sets -ayeone

such as applied in Ups@®8], [121]. When the selist is scrolled, the set matrix
follows along its diagonal line so that for all the sets visible on the list, their
intersections are also visible on the-gettrix. The intersections inlxong sets that

do not appear in the sk$t are outside the diagonal. AggreSet allows these
intersections to be explored by panning the matrix view by mouse drag. Notice that
the sets below the view cannot have any intersections within the matrix view by
design.In addition panning reduces the unused portion of thensdtix view.
AggreSet also supports adjusting the matrix cell size (zoor @idputton) to make

the circles easier to read, or to show moreps#t intersections in a single view
Figurel?.

AggreSet enables exploration beyond- &t relations byselection across set
dimensionsFigure 16 shows that theesultpreviewselection on a sgdair enables
analysis of intersections of three and four sets visuallyd&gtee selection also
enables higher order analysis. For examjgl@nalyze intersections that involve 4 or
more sets, one can filter to elements with degree 4+, as showgune 13.
Likewise, selection by an exact set degreel whHow set relations unique to
intersections that only involve as many sets. Quickly iterating through different set
degrees by resufireview can provide a quick overview of higher order relations

within the data.
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6.4 Details onVisual Encodindesign

In thesetmatrix, theresultpreviewis visualizedwith a sweeping aron circles with
12 o0o6clock alignment, pr od#.Waridesgn uses pi e cha
sweeping arc (instead of radius mapping) to emphasizeopasdiations within
intersections® (¥4), @ (¥2), and @ (¥4 serve aasilyrecognizablevisual anchors
for comparison of previews to (filteredjement countlf radius mapping by area is
used to reflect selection areasich ratios are harder to perceive, sucie d%%4),
(*2), and® (3. We notice thathe visual distance betweeircles and the lack of a
shared basis can be limitifigctors for effective comparisons across set intersections
within the matrix. The compasgelection visual encoding is an outline on the arc
swept circle,as shown irFigure 12, The 12 o0o6clock base | ine
that the line connecting from center to the arc is only used to show the value.
The strengthof the relation, as defined iBection6.1, is mapped to the circle
color and bordefFigure 15). Lighter color visualizes a weaker relation than darker
color ( vs. @). The circle border visualizes subset relations. A full bor@jr (
shows the identity relation, while a hdlérder ©,9) shows the proper subset
relation. The edge connecting the halcle (upper or right) directs to the larger set.
When the sets are ordered by element count, the containing set always appears above
since it is larger. Yet, this property may not hold dtiner ordering approaches and
the visual state encodes the direction. The total number of subset relations is also

shown below the sethatrix, next to the total number of intersecting set pairs. To
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maintain design consistency, AggreSeicoenputes the seitrength metric after
filtering. Therelativemodecan be engage bglicking theGrengit) buttonon the set
matrix summaryThe strength button changesws swength s when relativemode is
enabled, describing the visualization of the strength relation with its gradiernthea
blue border at the strong end. This design is limited for analysis of hierarchies of
subsets, although hierarchies can be traced using the set matrix step by step.

When all circles (noempty intersections) are scaled to fsilte in therelative-
made the disjointsets (of empty space) become visually more distinctive. The
matrix layout creates a spatial context for observing sparseness of set intersections.
In the absolute mode with varying circle size, AggreSet uses the grey cell
background to hel the viewer distinguish the small circles (few elements) from
empty intersections (cells). Some sets may also be disjoint &brothers (like
disconnected network nodes). To distinguish ssohatedsets, AggreSet removes
their gridlines, suggestinghat there is no line to follow to uncover selations.

This design reduces chart ink and makes existing lines easier to perceive.

6.5 Perceptual Set Ordering fdhe Set Matrix

The Gestalt principles state that our perception is influenced by similarity,

cot i nuati on, closur e, and proximity. Jacqu
t han regroupi nd5]. €hamactdrisias oftshti visuglizations and

visually emphasized patterns therefore depend on therdet. To reveal patterns
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among sets that are closely related, AggreSet includes a perceptual set ordering
method aimed for the satatrix layout. Figure 17 shows tha ordering sets on
element count may create salt and pepper pattern within the set matrix, and
perceptual ordering can improve visual structure by placing connected sets along the
diagonal.

Matrix reordering methods have been long stud84). Greedy heuristics and
clustering are commonly used approximate solutions since ordering optimization is
NP-complete in the general case givésets combinations. In AggreSet, set
ordering is solved once as an approximatabgl layout optimization, since both
matrix axes use the same ordaggreSettranslats set ordering to the Minimum
Spanning Tree (MST) problem by using sets as nodes, apaisa@htersections as
undirected edges. The edge weight between two sets fof MSthe total

di ssimilarity i n their r=g |zagiBzpn wherad | S

| , ,7j The intersection sizez/ is used as the visual characteristic of the set

pair, i.e. the metric to optimize the matrix layout. To reduce the number of &mge
be processed, only intersecting-ped i r s , s u @ haretcbnaideredrhis |
edge weight is defined for the MST algorithm to optimize the layout globally, and is
not exposed visually otherwise.
To generate MST(s) of the setersection graphweusedl Kr us kal 6s al gor i

which greedily inserts edges with smaller weight (higher set similarity) to MST(s).
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We generate the linearized set ordering by a brefudth traversal of MST(s),

starting with the largest tree in terms of the number of nodss)(sTo have a
consistent linearization with larger sets within a tree appearing before smaller ones,
larger nodes need to be traversed first. To achieve wasmnodified Kr us kal 6 's
algorithm such that when two nodes are connected, the node (set) wigh mor
elements becomes the new root. Our epemrce implementation provides more

details.
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Figure19 Exploring country neghborhood relations. THest aggregat number showghe number of

neighbors per eaatountry(set).
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6.6 Comparison of AggreSet and Other Set Visualization Techniques

This sectionpresend a focused comparison of recent set exploration techniques,

including AggreSetTable5 presentthe comparison summary.

AggreSet UpSet RadialSets OnSet
o) # Element: Aggr. Aggr. Aggr. 100s
8 # Sets 50+ 20-50 3040 N
Bl #A(ntersections|  (#Rowy #Row (#Set¥ N
Element«@®
Sets®
Degrees® Group, filter
Attributes®
o AEDegree 2-4+ N 2-4+ N
8 Aas Cell Row Arc/Circle Set
@ Retrieve
=) Analyzg Sets & Element{ Sets & Elements| Sets & Elementg Element focused
< Synchroniz Partial
E| Yeshierarchy
A| In-context Remove
” AC\ Mixed Mixed Mixed Rich
g Similarity
B Compare Distf  1-to-many Tabular Color No
A Higher-Order| Preview, filter Visible Choose 24 Drag & drop
Matrix-View Set x Set Set xA N/A Elements
Element Agg
c Overlapping Yes Yes
D Animated
8 Highlight-Selec| Hover, brush | Within matrix only

Table 5- A comparison ofinteractive set explorationapproachesScale group shows practic
limitations in scale per data typ8etsshows active number of se&shows number of intersectic
that can be visible on the scredbata group shows thedata dimensions explicitly showin
DegreesiiFilter, Group shows that degree is not a primary data type; it is explored by groupi
filtering in separate interfacé\ctions group shows lowevel actions Partial syncmeans not a
components in the interface are conneckexhturesenablehigherorder and sespecific exploratior
E showswhethersubsets areexplicitly visualized; 1 denotes subset hierarchies are not exgi
(empty setsian be highlightedn-context or can beremovedfrom display Similarity of setpairs
includes deviation from expecte@lues.Comparison of distributionsan be enabled dsto-many
in tabular form, or using color mappingligher-Order shows how intersections of many sets

explored.Designgroup lists design guidelinelslatrix row shows the matrix view construction.
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UpSet[88] uses a combination matrix and table layout. In the matrix view, columns
are (active) sets, rows are all possible intersections of these sets, and cells show the
intersecting sets per row. Per each row (intersectior)tdhular view shows the
cardinality, deviation, and summary attribute statistics using sortable columns. Since
UpSet explicitly shows all set intersections, it is effective for analysis ofdeghee
intersections as well as attribute characteristicepeh intersection. UpSet answers
AC-/ set queries by selecting and grouping intersections that satisfy the query.
Grouping and sorting features for intersections extend its linear basis of design, yet
these features apply view transformations that mdybeantuitive on first use. As

the active set count increases (more sets are inserted to the view), the combinatorial
growth in number of rows and the widened matrix view reduces its visual scalability.
Targeting sparsely connected sets, UpSet can retheenumber of rows by
removing empty intersections. Satribute filtering is visually separated from
filtering other attributes, while AggreSet uses the same selection modalities across
data dimensions. UpSet does not visualize element degrees expétthiyugh it

offers a range filter and grouping by degree. In its element view, it also does not
explicitly show, or link to, set memberships. Overall, when set exploration needs to
focus on all possible set intersections and their characteristics givesm chosen

sets, the interactive tabular view of UpSet provides a rich visual exploratory space.
RadialSets[3] is based on the circular layout neld& diagram design, thus has the

scalability limitations by intersecting edges. The distribution of element degrees is
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explicitly visualized by length encoding fomeh set (node), and revealed upon
selection for set intersections (links). RadialSets can also visualize intersections of
three or more sets using circular glyphs as hwygges. The positions of these
glyphs are optimized to visually reduce overlaps,lacgd in layers sorted by glyph
sizes. Thus, understanding higher degree set relations relies either on tracing
overlapping edges, or on selecting glyphs to see contributing sets. RadialSets also
supports mapping other attribute characteristics to ther aaflosetintersection
glyphs, allowing higHevel overviews of differing characteristics of set
intersections.

OnSet[121] visualizes Eaments as cells within set matrices. A matrix can represent

a single set, or a set combination. Elements are located at the same cell positions
across matrices, and can be spatially grouped by bounding boxes. OnSet matrices
should be large enough to hadl elements, limiting scalability on element count.
Sets can be dropped and merged with direct manipulation. Merge queries gkpport
C-\ modalities with hierarchical compositions. When a matrix represents a set
combination, cell (element) opacity/color csts the number of sets, of the
combination, that the element appears under. Yet, the sets of the elements are not
directly available. To visualize similarity across set matrices, OnSet supports-a node
link diagram. This layer is visually limited in the nber of (large) matrices because

of occlusions. OnSet relies on pandzoom interaction on a 2D zoomable canvas to

explore norrivial number of sets and relations. However, element context can be
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lost when zoomed out, and controlling the canvas makehe canvas space more
complex to navigate and understdtd]. I'ts matrix design depen
ability to understand which elements are located at which cells across matrices. Yet,
element ordering and grouping structure is not explicit, and finding a specific
element across multiple mmees with many rows and columns is a ftawial task.
AggreSet supports a high number of sets, visualizes all set dimensions explicitly,
enables the tasks consistently across data dimensions and attributes, supports rich,
high-level exploratory goals, and avoids major design problems that may affect
scalability and gability. It can be used to express the set exploration tasks proposed
by Alsallakh et al[4] through selections of five data dimensions (elementdisset
setdegree, seintersection and other attributes), except the three tasks relating to
creating new sets from specific element selectionsaaatysis of inclusion (subset)
hierarchies AggreSet is also different from other muliew visualization systems
[118] with its novel combination of sehatrix view with element aggregations,-set
exploration specific features (such asga&it strength and perceptual set ordering),
and interaction design witpreview, filter, and compare models. The limitations of
AggreSet can be discussed as the following:

(i) Higher-order relations: Exploring relations beyond sphair are not
immediately visualized and such exploration requires selection. In our ovensiew
detail approach, this is presented as the final (fourth) level. Since explicitly

visualizing highetorder relations increases the number of visualized data items,
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placing this information on demand through interaction allows our design to visually
and seandssly scale to overviews of more sets.

(i) Set intersectionElement attribute characteristics cannot be shown within the
set visualizations directly, while UpSet and RadialSets support such cases. Relations
between sets and other attributes are expléhedugh explicit selections in the
minimalist design that consistently applies in both directions(sattribute).

(i) Data densityWhen aggregation glyphs are small, the visual mappings (size
and color) can be hard to distinguish, especially farlesr in the matrix view. To
mitigate this problem, matrix zooming can be used to enlarge the glyphs, a tradeoff
between space and number of data points. In addition, -fEswiew and sepair
strength uses the same visual channel (color) in matrix wetl, the dominant
being orange preview. While the strength is occluded on the circle, it is still available
in the sedlist view, right side of the matrix, in % value. This also highlights how set
list and seimatrix support one another.

(iv) Scalability: Given a laptop/desktop displayl280x800 pixels or morg)
AggreSet can accommodate on the order of 50 sets. Zooming out shrinks set and cell
visualizations, and allows showing more data in a fixed display size. Panning allows
exploring areas outside thesible matrix viewport. Perceptual ordering can improve

the visual structure along the diagonal for some set relations and reduce information

outside of the visible matrix area. Scaling to hundreds of sets with dense relations is
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still not practical, whichwould require techniques for aggregating sets and their

intersections.
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Chapter7.Us er Evalkeatidns of

"In my experience, users react very positively when things are clear and
understandable. That's whatarticularly bothers me today: the artaniness and
thoughtlessneswith which many things are produced and brought to market. Not
only in the sector of consumer goods, but alsarghitecture advertisement. We
have too many unnecessary things everywhere."

Dieter Rams

In this chapter, we present usemkiations and applications of Keshif, which also
include the underlying data exploration model, thetyetd data exploration
technique AggreSet, and the evaluation based on Cognitive Exploration Framework
presented in Chapter 3.

First, we describe twostudies thatinclude operended, seldriven data
exploration, starting from raw data, authoring browsers, and exploring and
communicating observed findings, and challenges. The first study of this kind
focuses on the evaluation approach based on the @egBiploration Framework,
and aims to understand challenges of exploration using the proposed tool. The
second study follows the insightised methodologyaken together, they present a
complimentary overview: one of the barriers, and the other ondfghts gained.

122



Then, we describe evaluations based ondefened browsers, and focusing on
exploratory process rather than authoring. This evaluation is focused on the
capabilities and usability of AggreSet, the-Based data exploration technique. We
present an expert review, and a short case study with two domain experts in
educational data analysis.

Finally, we present a summary of the public use of data browsers available on

www.keshif.me and other use cases wistpplications through collaborations in

different organizations, and external use.

7.1 Evaluation of Cognitive Barriers withata AnalyticdNovices

This study focusesn the application of the proposed user evaluation for cognitive
activities and barrieréSedion 3.3). Keshif was selected as the tool to demonstrate
the protocol and gather input from the evaluation. As such, the goal was not to
evaluate Keshif, but to eluate the protocol and demonstrate the use of Cognitive
Exploration Framework. Still, the observations from this staldp shinedight on

the challenges of the firsime Keshif users, some of which were addressed in the
follow-up research activitiesush as improved design and providing part of the
motivation for the help systenThe recruitment of data analytics novices ahne t
openended, exploratory and unguided nature of this study protoeshared with

the follow-up insightbased evaluation of Keshif. In this perspective, the study also
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provided early input abouhe behaviorof novices although the participants were
asked to communicate different thoughts (challenges instead of insights).

This study was performed ogarlyfall of 2015. At the time, Keshif did not have
an option to modify the measure metric, the only option beingctiumt metric.
Other features of the tool, including authoring, were similar to otkerdescribed

in this thesis.

7.1.1 Study Design

To detect cognitive activitee and barriers in exploration, waesigned a casual
setting with a 185minute exploration per dataset, anththute training for using the
tool. As existing knowledge and extensive training can reduce the barriers that the
evaluation aims to detect, veémed to recruit novices in data ayss, and offered
limited training. The participants chose two multivariate, tabular datasets they would
like to explore given five options: movies, traffic accidents, passengers of the
Titanic, Lego sets, and foodborne disease outbreaks. The recordcnomt)ranged
from 3.2k to 30k, and the attribute (column) count ranged from 8 to 16.
To encourage communication on é&x@ation and emotional states, vadso
implemented an external strategy using printed cards. One group of cards described
exploratory proe s s : (i) Al am t rPAannngdatd amaly$is) (i)d a que
A | am trying to Planmisgvet e aa qtuiesn i &nvosgal iz

have an Assessinggatat anabysis). Another group of cards focused on
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negati ve lenfoeteilo.ns.:0 A( i ) confused, (i)
(v) frustrated. The use of cards was not mandatory; the participants could talk on
their observations and challenges without picking or pointing to cards.

Procedures and data collectionAt the beginning of the study, the participants
completed @ackground surveyon demographics (age, sex), existing knowledge in
data analysis, visualization, and computer use/interaction, and overall motivation in
data exploration, using a ta##toud prdocol. Then, they were trained with &
minute video tutoriaf, which described the tool features while demonstrating data
analysis,and 2@slide printout* for future reference. After the training video, the
facilitator presented the cardsnd asked theparticipants to think aloud while
exploring data, and use the cards if appropriate. To gain familiarity with the tool and
the study process, the participants explored the training dataset for 5 minutes. Then,
they explored two datasets of their interes§ minutes each. The facilitator
answered questions about the tool based on the training material. While we
encouraged sefiriven exploration without external tasks, the participants could pick

among five sample questions per dataseffter each datasethe participants

2 docs.google.cofforms/d/e/1FAIpQLSd58tfmam5dw9ARWItf4AKo3MDSZ_ wiFyANgxuYQi2urgCH9g

3 https://www.youtube.com/watch?v=3Hmwhgru

4 docs.google.com/presentation/d/1beCw3KiFjWLdVfgp8EICFPNPiuu2UzX8PFbcirJFQVw
5> docs.google.com/document/d/1HgKOfJOW2KSA M59YSPRLgftoHen8bc4yK1Wgs/
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https://docs.google.com/document/d/1HqK0fJOw2KSA_M59YxQj9PRLqftoHen8bc4yK1Wg5-c/edit

completed a survey’ that encouraged recalling both positive and negative
experiences, using ten Likestale questions based §t07]. The screen and the
audio in the roomwere recordedluring participation inthe study. Todetect the
cognitive barriers, Wwatched the videos and took note of the problems faced by the
participants, and their relevant verbal feedback, including feedback based on the
surveysl then classified them across the six cognitive stages.

Participants. We recruited participants using uplic message boardsThe
participants were neaxperts in data visualization and analy3ise study included
pilot-sessions with two participants and repoisedsions with three participants (P1,
P2, P3). P1 was a male student in biology, agé4l82was a female professional

in finance, age 4d9. P3 was a female student in food science, ag241&\ll
participants were familiar with basic chart types {tlaarts, histograms, lireharts,
maps), and none were familiar with advanced chart types (statse treemaps,
nodelink diagrams and-foords) by name. The sekported computer skills were
novice (P1, P3), intermediate (P2), and none advanced. All participants had
experience with Excel, including basic visualizations, data entry (P1), foromdat
(P2), and none had experience with other data tools. Their motivation to join the

study was curiosity (P1, P2, P3), and earning money (P2); $10 for tiheiarl

6 docs.google.com/forms/d/e/1FAIpQLSeVdSGdQ1lVaWelabVeDUWxRdAdUbdB9IPVhs7AXu59K4FGIBQA
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participation. While this reflects the demographics of the study location, a university
campus, their data analysis experience were none (P1) or infrequent (P3), only P2
noting to frequently analyze data Ato fi ¢
participants were interested in the following domains: movies (P2, P3), traffic
accidents (P1l)Yoodborne outbreaks (P1, P3) and Titanic passengers (P2). Per each
participant, the use of sample questions to bootstrap exploration wasne2P3l
guestion, and RBwultiple questions.

Next, we demonstrate the application of tR®gnitive Exploration Famework
for tool evaluation using the proposed protodylke report exemplar barriers faced

by the participants.

7.1.2 Barriers in Planning Data Analysis

Tal king about h i s Maybep felt likeel madd ¢op mueH comtral,t e d , i
but | was noo,t aadedald ywafsonré6ti tqui te able to fig
tofigureout 6 He stated he was overwhel med at p
Altés just a | ot to take in. A lot of diff
how to put (a lot oinformation) together 6 P2 set some letemeendi pi t
see (filter) Clint Eastwood and see what happeas When picking sampl e
P1 noted on hiwambtioafiod, s@met hi ngé t hat
get the answer too  Mition, godsave the limited time, P1 did not want to pick

guestiors that looked complicated to smer. Goals were also constrained by the
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content of deha. d®PBa)saddes mot have enough
definite answey , as s he late diseasesdfront fsh consumption to fish

production per state. To address the information overload, the tool can be designed

to offer simplified authoring interfaces, or to encourage -bieptep guided

exploration. Sample goals can be provided frompgento complex as the user gets

familiarity using the tool.

7.1.3 Barriers in Planning Interaction

After getting stucKlhien compwe £tri alm,esPhbdBtnote
guestion that I have (é) | am confhused abc
or i f the method | 6m usimhly3 wass aacdmnufad d ggd ta
ineffective sequence of actiandiltering, locking, and selecting the same histogram
binowher e shle dondé&td, kniow what @&xBattiyci @an tt
also upated interaction plans and goals given the design and limitation of the tool.

To search for specific values, P2 first wanted to alphabetically sort categories and

records (not supported), then she used text search, a more appropriate strategy.

When P2 wargd to sort few movies by year, which could be achieved using sorting
dropdown, she hovered the cursor over movies to automatically highlight their year

within summaries. Being satisfied with this approach, she discarded her original

sorting plan. We alsolbserved some learning challenges with contextual interfaces.

P3 wanted to resort categories in reverse, however was not able to easily find the
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sorting button because it was hidden by default, and shown only on ‘oerse
categories. She later suggestdd ihad more practice with this, | would definitely
be in more controb

To address the changé-plan observatiorundersorting goal,we updated the
design of the tool to include a sorting button within the summary in addition to the
sorting option combobox. The tool can also be improved to identify repeated actions
to reason about user intent, and suggest relevant actions to help the user plan for
interaction.This idea is among those explored in the help system component of this

dissertation Chapter §.

7.1.4 Barriers in Planning Visualization

With the selected tool, activities related to planning visualization include aggregate
selection modes (highlight, comparélter) and partof/absolute mode. This
contrasts to the charting tools that would require more careful planning to construct
effective visualizations. Therefore, barriers in this stage were not frequently
observed. In trying to find the most common foadbweak in different months, P3
fitered through multiple months, while highlighting would be more effective.
Another barrier was that participants could not plan to executeopadale mode
change, as no participant in our study used-glstcale. Thigmay reflect that their
guestions may not have required such views, but also suggests that the limited

knowledge about how this mode could be used effectively. The tool design may be

129



improved to communicate and clarify the use ofjpércale mode to an®wrelated

guestions.

7.1.5 Barriers in Assessing Interaction

Failing to consider filtering selections correctly was a common barrier leading to

false conclusions about general, or targeted, populations. After unfiltering a

sel ect i on forgd that khadi stil,filterdd everything for the norovirgs.

When P2 wanted to analysarvivorsof the Titanic, she highlightedhon-survivors

and reached a wrong conclusion about their ages. She realized and corrected her
mistake shortly after. P3 interpreted thdl foar length in a filtered summary to

support her misunderstanding that the complete dataset was selected. P3 also
misinterpreted how selections are linked across summaags)g,filf | lock (this

bar ), thereds no way | c dhetadse theympawvo e t o (
different thingsd Over al | | tracking multiple select
trivial task for the novices in our experiment. The tool can be updated to offer

simplified interactivity to reduce confusion on dynamic selectlmanges.

7.1.6 Barriers in Assessing Visualization

P1 was confused about what the BBthimber s re
number representing fatal accidents, or just accidentis it drunk vs. nedrunk..
Ok , I di dnot real i ecorsot hR2Z et raireed ttwoo wn d & resr

highlighting selections by hovering on different bars, observing numbers, and
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making connections. P3 had trouble observing exact filtering range within the line
chart because of its design. The rounding of histogeachpoints also leads to
wrong interpretations. With maximum duration of movies at 157 minutes, the high
endpoint of histogram was rounded to 300 minutes, an anomaly of the log scale
used. With this view, P3 interpreted there were movies up to 300 mirReed
maximum value could be observed by sorting movies in decreasing duration. We
later improved the design of our tool by placing the maxintipnon the scale to the

real maximum value, instead of the maximum of the histogram bin range that may
exceed tue maximum. Filtering range can be more explicitly revealed in interval
summaries, and information about what each number presents in the interface can be

revealed dynamically.

7.1.7 Barriers in Assessing Data Analysis

Understanding data semantics was a compotailenge. P2asked,iHow do | find

the definition of vote coundand later removed this summary from the browser. P3
askevhatnis 6ethnic style, unspeci Diedd (a
and thedhnet eldbeshiodt realm,by i aBbbedtusst hd hpr a
Notice that these comments to not reflect to either visualization or the interaction

design, and relates to data concepts related to analysis. Unexpected findings raised
suspicions, with pér 1abpeeting aghtt(Pd) ,c oinfcd u@mn g,

reading right (P2) . Acknowl edging an i nappropriate
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s a i lcam mdrely associating these numbers with the question that Ibhavé/h e n
only 1020 outbreaks were selected after filtering, PBcbaded about statistical
trends and did not discuss limitations of their significance. No participant recognized
that some summaries did not include all records, e.g. there were movies without
rating information. Another issue was potentially misleadinferences across
summaries. When the filtered movies had higtings, and kids movies were
common, P3 inferred that kids movies had high ratings based on univariate
distributions, without querying further to confirm her intuition.

To address assessmenhallenges in data analysis, providing contextual
information about metadata would be helpful. Warnings can be presented when few
records remain to make statistical conclusions, or missing records can be highlighted

explicitly.

7.1.8 The Factor of Existing/New Kowledge

Our participants were neexperts in visual data analytics. We further limited
training and asked a casual skemm use to limit the factor of knowledge. We
observed this approach influenced the experience and feedback of our participants.
Plsad, il t 6s been a while since |I-fanliliaricek ed a't
yourself with all the information it represenis. Hdlt digcouraged, just in the very

beginning, as | was getting used to the wol. P 3 &' dudhevdr redlly learn it
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until you actually try to do 0 These feedbacks

experience of the participants during the use of the tool.
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7.2 Insightbased Evaluation witbata AnalyticdNovices

In this section, wepresent an insigHtased evaluatiofil22] of Keshif with visual
analytics novices in a sherm, casual, opeanded data exploration study with
short training.The goal is to understand insight characteristics and the exploration
process, and how the proposed maddhtes to the procesg/e aimed to recruit
visual analytics novices as they are most impacted by barriers in specifying visual
encodings and unconvemtial visualizations, thus would benefit more from a
streamlined exploration flowl he participantsof this studyusedonly the graphical
interface of Keshif (not the API) to explore the data by authoring (creating and
adjusting) data browsers. Thus, our tggsants did not use the JavaScript
programming Our results are comparable to the evaluation of VoyflEl] at
hightlevel, showing that lesskilled participants could reach insights rapidlyngs
Keshif, comparable to participants with more skills using tools that are more

sophisticated.

7.2.1 Study Design

Participants. We recruited 6 participants using public message boards (4 female, 2
male, 5 aged 124 (4 of them studentsll outside computer dnformation science
departments), 1 aged 41®). Participants were not skilled in visual data exploration,
and had not received formal training on visualization. None had used Tableau or
similar visual analytics environments. All had used Excel before.fiMe younger
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participants had created charts and analyzed data with Excel, and other tools they

had used include SPSS (3), Stata (2), and Graphpad (1), showing their background in
statistical analysis. They had not analyzed the studied datasets Hefgrevetre not

domain experts, and they had not used Keshif before.

Datasets.We used two datasets (movies dndl strike$ for the study, also used in

the evaluation of Voyagdi51]. They are chan for realworld interest to a general

audience, of similar complexity and data types. The movies dataset includes 3,201
movie records with 15 attributes (7 categorical, 1 temporal, 8 numeric), including

title, director, genre, sales figures, and IMDB dtten Tomatoes ratings. Therd
strikesdataset is a redacted version of the FAA wildlife airplane strike database with
10,000 records and 14 attributes (8 categorical, 1 spatial region, 1 temporal, 4
numeric).

Training . The sessions began with drnutevideo tutorial using a dataset on 5,000
companies, followed by a warap exploration of this dataset for 6 minut@fe

participants were alsprovidedwith 23-page printed slides on the video training.

The facilitator answered questions about tool femsturased on what is covered on

the training material.

Study Procedure.We asked participants to explore a given dataset, and specifically

to fAget a comprehensive sense of what t h
interesting patterns, trends or otheriimght so. Their expl oration

imported to an empty Keshif browser. The participants performed an unguided, self
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driven exploration without explicit tasks for 15 minutes for each of the two datasets
in a thinkaloud protocol. Half of the grticipants explored the movies dataset first,
while the other half explored therd strikesdataset first. After exploring a dataset,
participants completed a survey focusing on insiiged metrics. Participants also
completed a survey on demographacsl data analytics experience.

We did not ask the participants to formulate any questions before the
exploration, as doing so might have biased them toward premature fixation on those
guestions. However, we encouraged (i) changing the axis mode, (ii)ichahg
measure function, (iii) using compare selections, and (iv) using the map view (if
available) so that they could form richer goals and reach wider insights. In our pilot
studies, we observed these features were not utilized by novices -drigeff
exploration. We did not enforce these recommendations so the participant remained
in full control. Per the thirdaloud protocol, the facilitator encouraged
communi cation by asking questions such as
ACan younempl@ai detail 20 when communicatio
was vague.

Each study session took at most an hdure participants wereompensated
with $10 cash. All sessions were held in a university lab using Google Chrome on a
Macbook Pro with a Hnch retina display, and a mouse for interaction. During the
studies, the screen and the audiere capturedSurveys results on exploration

experience and participant background are also pé#neafata collection.
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Theevaluation shares the structure of Voyages [451]undeyms of datasets
and the opemnded exploration task. However, (i) we recruited visual analytics
novices instead of experienced participants, (ii) we limited exploration to rilfesi
per dataset instead of 30 minutes (a more casual use), (iii) we provided shorter
explicit training (6 vs. 10 minutes), and (iv) we followed insiplised evaluation
with think-aloud protocol instead of using bookmarked charts. Our protocol and
analyss provide a thorough analysis of the exploration outcomes. We did not
compare Keshif and Voyager sidg-side because the tools differ in visualization
model, supported tasks, charts, and insights. For example, Voyager does not support
interactive linkedselections, and map views. Visualizations in Keshif are always
aggregated, and do not include scatterplots and its variations. Keshiiatomesdel
data exploration as exploration of alternative chart types, but of aggregated

summaries with linked seleofis.

7.2.2 Insight Coding

To detect the insightd,transcribed the verbal feedback of the participants. Using the
transcripts| identified statements that presented an insight on the data content as a
single, cohesive propositiohdid not consider statemerdsa strictly visual level as

an insight (such as fAthere is a peako),
| also did not consider restatement of a previous insight as a new insight.I Then,

coded attributes of each insight using two passes on the transcripts and the video
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captures. In the second passextended insight categorizations, and confirmed
existing codesl also notechypothesistatements as a question or an explanation of
a trerd that can neither be cdinmed nor denied within the dataset. A hypothesis
commonly relates to participants prior experience and knowledge. The insight
coding results are accessible and explorable as a Keshif brovisgly &tV bs40c

| coded each insight on its insighésed characteristics and the interface state at
the time of insight.

OText: What is the insight@ranscription)

OTime: When was it noted? (seconds elapsed)

OCorrectness: Was it correct?

O Featire: Was it describing a fact, min/max, distribution, comparison or
correlation?

O Data types directly relevant to the insight (summary type (categorical,
numerical, time, map), individual record, etc.).

OSelection state (the number of filtered, hightiep, compared summaries)

OMeasure function (count, sum, average)

OMeasure label (absolute, perceme)

OAxis mode (absolute, part of)

ODataset

OParticipant ID

ODataset order (First or second).
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Next, we describe thénsight categories and tluiata features they reflect

1 Fact describes a property of a record, an aggregation, or a basic observation that
does not descri be a 84tof themdare causing mméres i nc
damage ,Thafiwas Delta Airlines , & is @ adiventure mowe.

1 Min/Max describes the most/least common feature in the data. Examples include
AB737300 cause the most bird strikesDrafnas typically make between 20 and
300MO , dModes Yere released] Mostly during this time period, between
2004 and 2007 0

1 Distribution focuses on the variations and trends within a data attribute.
Ex amp | e s Sa, theccomedyemovie ratings.... it is kinda spread out, they
are not that consistert., at mas a farge variety of genres, from drama to
action, horroro

1 Comparison describes two or more specific aggregates, records, or selections.
Examples includéi [ Bel ov e d] has a higher Rotten T
| MDB r a fAifien fijtering] All of a sudden Dallas falls way doaén and
fiSo the average cost, is, | guéssaround the same [as the overall trertd].

1 Correlation describes relations across attributes in a dataset. The relation may
be based on a subset notfmany bfehatdhaghest. For
grossing) wererated®&® r el at es g r omtmg, desctibengatendt h t he
filt looks like they gave pretty good scores to original screenplays s anot her

example.
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The verbal statements may not reveal the details of observations and analytical
thinking of the participant in the thirkdoud protocolOverall,the expectation from
the participants isiot articulation ofthe complete exploration state, bsharing
important aspects of the insight clearly. While encoding insight coasgtnvehad
a permissively posive basis. For example, when the pacti pant not ed,
strikes are in Pitt sbuawegdnsiderdéagpirectneden o n
though the filtering criterion is not stated. An incorrect statement example is
fiPortland has all their hits being the one species ofdird b ePordandshas a
variety of birds contributing to its birstrikes. Some statementsiere encodeds
partially correct when the trends could not be easily confirmed, or statements were

vague. E x a m@dmedges makecthatuntieh out of that much mo eyl

i t

a f

ft he worl dwi de salde.s HKa&ogt sdedrn npers gnanovexryg

coded for correctnessThe confidence in the insights assessed usingost
exploration survey.

The coding of the interface state (selections and visual modes) enables
understanding how the tool is used and at which stages the insights were
obtained/shared. However, the insight may not relate to all such states. For example,
when there are multiple compare selections, the insight may describe one
distribution rather than eomparison across multiple distributions. Lastly, an insight

mi g ht rel ate to mul ti pComredydvas ane df the ®F .

For

grossinginthe U8 r el ates to both genre (categori
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while describing a min/max featur€he datatype of an insight would be noteals

i ma ip the map viewvereused to describe the location in the insight.
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7.2.3 Analysis and Results

The temporal overview and characteristics of the insights of ouy pauticipants is
shown inFigure 18. Our participants reached 35 to 90 insights in total across two
sessions, with ~2 insights/minute on average. During the studéesioticed that
personal differences were a big factor in the variances. To quote the participant with
the | owest numbleersomalfy would bavegghined mareFrpm thisi
experience if | was asked t o hpnecesSsaily m speci
feels inclined to just play on my own. Some people are, some peopledarentt.
Therefore, each individual may not be inclined to reach data insights or perform well
when unguided, a challenge in broadening public use of data exploration.

In comparison, Voyagejl51] reports 12.5 bookmarked charts in average per 30
minute data exploration session by skilled participants using the same datasets (and
10 charts in average for a dragddrop visual specification). Studying the effect of
display size across two conditions (targeting large displays), RedqEt4lreport
about ~1.2 insights/minute. Their participants were mostly computer science
graduate student s [90] bn the eHientbf 560ne ntéractios t u d y
latency using imMenf91] system with 16 participants skilled in visual analytics (R
and Tableau) report a throughput of ~1.9 insights/mirkdsed on observahs or

genealizations on two datasets explored 30 minutes €eBlol participantsin this
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study had no visual analytics experience, and achieved a high insight throughput
with short training.

Insights ofthe participants most commdy described the mindax features in
the data attributes (34%). 79% of these insights were on categorical data, suggesting
that autesorting influenced the exploration process. 24% of the insights included
simple facts, 38% of which were on individual records (an individuavieno
Correlations were also common (22%), as they also include statements that relate
two attributes by first selecting an aggregate on one, and observing the trends in the
other. Comparisons were the least common type of insights (14%). Note that an
insight may have multiple types. 28% tife coded insights had more than one
feature. The analysis shows the variation in the types of insights shared by our
participants. Arguably, their experience in statistical analysis (through course and
personal work) mahave guided them to look for and report detailed insights, even
though they were not skilled in visual analysis.

The participants had insights most frequently under the default settings that
create a familiar faceted interface with absolute record coamid basic
distributions. 96% of the insights were made under absolute axis mode, 92% were
made with absolute measure label, and 90% were made under the count aggregate
measure. Remarkably, the participant with the most insights (E) used the default
settirgs throughout. In contrast, 78% of the insights, a high ratio, were reported with

some active data selection. Highlighting was active for 34% of the insights, and
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filtering was active for 55%. However, comparison was less common, only 18%
across all insigts.

Our results show that nestefault, less familiar settings for expressive richness
are more likely to lead to incorrect statements. Insights made under average or sum
measures were incorrect 24% and 20% of the times respectively, compared to only
5% forthe default count measure. A substantial difference in accuracy was observed
for compare selection as well. 35% of the incorrect or partially correct insights had
at least one compare selection at the time the insight was shared, another significant
trend in our data. The compare selection on locking interaction is an unfamiliar
design compared to filtering and highlighting actions, which may explain the lower

accuracy under its use.

I would learn more about this dataset if | had more time to explore it. 2 3
" Ihadinsights on detailed relations and trends within the dataset. A e -
| made many observations and reached many insights. 1 3 4 1
 Myexploration was influenced by what | leamed inthe process. (11 2 1 e EIEEE @800
©lcould comfortably use the tool to explore the data. T 5 >
””””””””””””””” Myexplorationwastargeted. I 2 2 4 [HEE @0
_______________ | was familiar with the topic of the dateset. ~ [HCEN 1 2 ‘1 EEEEE @@=
"~ lhaveconfidence that my observations werecorrect. M2 3 3 EE@0090
”””””””””””” My exploration was comprehensive. |1l 3 3 2 EE @000 0 0
__________ My insights about the datasets are valuabletome. 5 3 1R
Strongly Disagree [N B strongly Agree

Figure 21- Postexploration survey resultfocusing on the selvaluation of data explorati
experience. Each question includes 12 responses, across six participants on each dataset the
The color shows agreement, and the answers are aligned on neutral response, and sorted

positive agreements first.
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The survey results are summarizedrigure 19. Participants collectively agreed
they could reach more insights given more time using Kestafticipants also
positively noted they could observe detailed relations and trends, although not
comprehensively. The least positive feedback was the perceived value of their
i nsights. This follows that thevedptlerticipa
strongest negative ratings, as lower familiarity with datasets or domains is likely to
lower the value of insights for the participant. The confidence and value in
exploration also reflect (I ow) cohfidence
d dn' t know where the |ist came from, how
how much value they have to me, because | don't know how much | can trust them
[dataset] 0 Participants responded mor e posi ti
influenced by whatthey learn, rather than being targeted. The responses to
comfortable usability of Keshif were among the positive feedback as well.

Our results suggest a learning affect over time with improvement of outcomes
and satisfaction. More insights were reportedhe second session compared to the
first (194 vs. 160). Survey resultEigure 19) show that participants were more
comfortable in using Keshif in the second sessisnwell (4.3 vs. 5.3 average on 7

point Likert scale answers).
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7.3 Evaluation of AggreSet

To evaluate the design of AggreSet | conducted user studies with two
complementary approaches. Firsigonducted expert reviews to identify strengths
and weaknesses of AggreSet as observed by visualization experts using multiple
datasets. Expert reviews in visualization have been shown to help detect usability
and design issues, and yield qualitative residlt0]. Second,| conducted a case
study where domain experts analyzed complex data, with the aim of uncovering the
usability and usefulness of AggreSet and gsial strategies. In both evaluations,
collected qualitative feedback on usability and design features during the studies and
in semistructured posstudy interviews.In both cases]) used the feedback to
improve AggreSet desigas presented in this dessation,and to identify future

work.

7.3.1 Expert Review

We recruited three visualization experts (senior researcher P., graduate student D.,
and industry professional F.) and asked for their honest feedback -imour.5
sessionsWe first used the movie datas® demonstrate set exploration in multiple
dimensions and sgair strengthWe followed with the Les Miserables characters
dataset to demonstrate subset relationships and perceptual set o¥lering.

encouraged the participants to think aloud, and mp¢rat any point to ask
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guestions, make, and share observations. The following summarizes some of their
comments and observations.

Before introducing the matrix viewye asked D. which movie pair would have
the biggest intersection, to which heplied, il canno't tel |, I donot
overvi ew. I f knew which ones to compare,
need other ways to see which pairs are most intergsting Wi t h genr e mat r i
and highr at ed movi es pThedrama adevdr,(mohies) seems tahe
very goodé | I mnngdedsecton)eNow | wamt torsee thé telease
date of war and drama, andstar rating . By filtering and sel ec
movies he liked. This exemplifies the utility of seatrix view.

The participants also developed strategies to effectively explore data using
Aggr eSet . Theé bar anasttservets as & key to the mairix. antinued,
iFor navigation, you have manevenmgthei ¥o0é& t he
interpretation it is good to | ook bacd themt the b
complementing each otler. Upon s e l-paicinterseaon and gnalyzinge
t he sel ecti ons Ybuoare aduallwshowing, out df the irtesisectdon i
of 2 things, multiples e t of intersections-bendetD.i s a | i
comment ed l i kewi se ulp other \sewd, & dellsi megthec o me d vy ,
percentage ofomedyy n t hose overlaps of the other mc

basicallyo.
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When explaining the patet i a | compl exity dfisalotlofe 1 nt er f
information. Once the person masters it, and then they have at their fingertips a lot
of information in a venyittle space. It is just thagetting there takes some effort. |
understand you areyting to minimize that effort so that the user can quickly master
the way to interpret this chart.This follows our suggestion that intersection
characteristics should be queried after thdiseand setdegree, as part of overview
to-detail explorationAs F. notesifiwhen you hover with your mouse on top of the
matrix, showing (previewing) those intersections is when it is a little overwh&ming
Commenting on matrix readability, F. also sdibhteracting with the matrix on the
horizontal level and othe vertical level (for a single set), that takes some time. It is
not something that comes to you immediately, like differences in (strength) colors
doo .

The participants found the zoomedt matrices dense overall; visualizations on
small circles wereto easy t o o0bser v eThis rhibies sense.rl, D. a
start with the overview, ldancdetllpesn me éd rbielcla
have made some observation based on the-leigh small pie chart. | want to
confirm, so | will drill down and seexactly how it looks liké.

The relative mode with percentage distributions was favored among all
participanltsl i kPe stahiids, (fpercentage) view b
querie® .Subset relations were found the most complex concept, although the

participants could understand the relation and encoding through some exploration.
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At the start, F. notedjl am trying to understanddhy (ci rcl es) have out
states: Total outline, half outline, and no outlib&.f t er exp !l oTfhssi on, F
one that | think some teaching aid would be geat. An d R like that iwhs i
able to do it, but it was hard.

We implemented several changes to our design following the expert revigws: (
An earlier design visualized set similarity (strength)ngpping to circle size. This
made understanding ciretéze mapping harder as it overloaded the eleroeunt
mapping.We updatedAggreSetdesign to use coleroding for strength metric as
suggested, and to use circleesifor element count only. (i) Wieoted that color
coding was ineffective with varying and small circle sizes with the cell background.
Thus, in relativanode (strength)we chose to use fulsize circles and remove cell
background. (ii)Relativemodeand strength metriare linked togethe effectively
encoding strength as eelative setpair metric. This simplified AggreSet while
making it easier to understand and usg.An earlier design used asecond mouse
pontwai t to sel ect an aggr eHpeeting mdamlramc o mp ar i
thinking, it doesnd,it amedanP. svaundit off | 6cdo mipia
when | dondét want it.o Users converted to
using mouse, changing their behavior to overcome the issues with the specific
design.We then designed an explicit control usi@gwhich also visually reveals the
selected aggregatev) (An earlier visual design for comparing distributions (black

lines) was an enclosing sectic{), which suggested stacketiarts semantics for
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some users when previews were enablecha), thus complicating the visual
language of AggreSeiVe changed the bordered design in favor of a simple bar

extending from the baselin=7).

7.3.2 Case Study

| conducted a case study with two assistant deans of the undergraduate studies
department of a large public university analysing student degree and course
enrollment data. First, the participants had access for a few months to a version of
the visualizationwithout the set matrix, but with histograms and the data preview
and selection. This allowed them to look at categorical and numerical aspects of the
multivariate student records, including-sgbed data using séists and setlegrees.
They used the td@ few times on their own during this period. Aftee developed
the set matrixdesign we performed data exploration including the matrix view in a
1.5hr session with the two participants togethEne aim was to capture the
cognitive and reasoning prasesof novice visualization users with rich data in a
limited time using AggreSet. Thusye used pair analytic§9]. The participants
collaboratively formed questions, observed data, and generated irisagited as
Adriver o, d e monst r-lasttovenvipw tb senatnixrdetal) aqdf r o m
expressing their queries.

First, the pdicipants analyzed 175,000 students and the degrees they received,

along with their birth year and gender to provide context. 131 most common majors
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with at least 100 students were the sets over students (elemgnEarly in the
exploration, the padii pant s wondered why t hMathbke. wer e n
The driver performed a search within the dedreest t o s el eMatho al | ma j
(aC query by text input). The resulting visualizations supported their hypothesis that

one o Mathd h svedisé\pplied Matlo .ii) When the driver previewed the
Economicsselection, they observed the other degrees received by students in
Economics(iii) They wanted to explore students who did not receive a degree. First,

they tried to generate hypotheses dlbeir distribution trends and what the data

represents, such as whether the declared yet unfinished degrees were included in the
reported numbers. Upon selectingd€@gree students, they noticed these students

were younger, suggesting many were possibiliytaking courses. To improve their

outlier analysis, they wished for more data context in the browser, such as entry term

and majors declared. Upon selecting students withelg r e e, t Thesg noted,
(selected) are all t h e(Thp eest)pateehe prieawith e ar n e d
doubl e marheodriverdhen efabled relative mode. Upon selecting females,
theynoted,i 6 7 % o f t he soci ol d&gwgkesanore demsetths ar e f
wayo . Up o n -segreesstudentiagainlthey noted sora@ra had very few

students with multiple majors, enriching their knowledge of the more demanding

majors.
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Next, the driver showed the major (set) matrix. One participant immediately
poi nt ed o utherefate morepeople that Bave accounting and finance. The
bigger gray circle meansher e i s more peopl eo. When t he
trends they dAltlectradse othe@eulslae dmdij or s wi th
would be very interestedtoseestth . Si nce only a | imited num
shown at once, one asked,osujdgestireoutsideéthee ver (e
triangle, at which point theriver panned the sehatrix. They explored various
departments and their intersections tlglo rapid result previews. Then, the driver
enabled majopair strength visualization. First, enlarged circles made it easier for
them to see intersecting majors, as it was a stronger cue than the gray cell

background i n the defraadofnmeans ategher pelOantagen ot e d,

than the one next to it (l'ighter)o, whi |l e
saying, AnWhen we | ooked at that gray view
di scussi on, t hey concl udedeting iaMihfindna t her e
(students), there is more accounting in fi

received three or more degrees, limiting exploration of highger intersections in
this dataset.
Next, they analyzed 4,300 students and the 83-negittered coursed~{gure
20). They noticed that few students took 50 or more courses. Note that the sets
(courses) are densely connected, and thdesgtee distributin has a wide range. By

selecting those students, they explored their majors and courses, and generated
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insights regarding degree programs, and potential effects of course count on student
success. They al so noted AThgabovewhat Ot show
they would have needed?o0 -sumnimarg thatwoeléshavd a n e w
the additional courses the student is taking compared to declared major
requirements, a more complex data setup. When the matrix view was shown, they

noted large pa intersections of some common core courses (such as English), as

well as courses that are prerequisites to others. Noting of their previous experience
analyzing this data wit hbistviewtwodd havat r i x Vv
allowed us to do what weanted to do more easily than what we did. What courses

they take, and what they take together When t he strength metri
noticed courses that had consistent colors among all its intersections, which meant

that they had no strong relatidmgs with others. They went on to analyze common

properties among students that did not take some specific courses.
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7.4 Applicatiors over Multiple Domains

In this section, we describe how data authoring and exploration using ldgskifo
fit in a workflow of data analysis / exploratiphow it isapplied over multiple data

domains with realvorld datasets, and its impact and external use so far.

7.4.1 Sample Use Casgcenaridor Data Journalism

We present a use case scenario for data journalism using angexiatasetThe
goal is to give a clear demonstration of a sample, supporting workflow using Keshif,
and various tasks it supports to enable data exploration and sharing.

A local newspaper wants to run a story on the homicide victims in the city to
inform its readers and policy makers. The journalists track ten years of reported
cases, describing the location, motive of the murderer, police investigation status, as
well as the name, age, gender and race of the victim in a spreadsheet. They add the
neighborhod of each homicide using its pailocation in data prprocessing to
reveal spatial trends as a regional overview. They also generate a GeoJSON file
describing the neighborhood boundaries, indexed by neighborhood name. Then, to
explore this structured tmrapidly, they import it into Keshif.

Keshif first reveals the number of homicide victims (2,294) and the list of
attributes with simple distribution previews. Interested in demographics, the
journalists add age and sex summaries, which immediatelyl réna¢2040 age is
the most common range (1.4k), and that this population is significantly male (2.0k).
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They change measure labels to percentages, and note that 62% was between ages 20
40, and 89% were male. To analyze if female victims had differenaceaistics,
they filter to female, and notice that only 44% were between agé6.2lhe change
of distribution shows that the age of female victims were higher overall. They
confirm this observation by clearing the filtering, opening percentile chaag®f
and highlighting the female victims. Using the distributions in a simple 1D chart
with color-coding, they note that the median age of male victims was 26, while the
median age of female was 31. They take a note of these numbers for their news
story.

Next, the journalists are interested to see temporal trends in motives. They
quickly preview most common motives by mouseve: arguments, drugs,
retaliation and robbery, and observe their temporal trends. Knowing that the city had
been taking measures teduce drug violence, they highlight drugs again, and find
out that over ten year period, the number
However, they also notice an overall decreasing trend in homicides. Therefore, they
lock-select drug related homi@d for comparison, and changeptart-of scale. This
reveals that the relative r aBWhasnalfer, drug r ¢
yet still significant 62% decrease. They note these trends may be due to the new drug
policies and policing in the city

They save the homicide victims browser with selected attributes, and share the

link with another colleague. When she opens the link, she notices they may have not
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looked at manner of homicide, and its relation to neighborhoods. She adds the
neighborhoodsummary and changes to map view to study spatial trends. She also
adds manner summary, noticing that shooting was the largest motive by far (1.8k
victims), followed by stabbing (246). To explore patterns, she moves the mouse
across motives and observes miges on the map. She quickly notices homicides
with stabbing have a different distribution than the overall: Central regions of the
city have more victims of stabbing. She sends a note to her colleagues, along with a
link of the updated browser to repro@éute result.

Collecting many insights over the process, along with other resources from
public officials, interviews and higprofile cases, the journalists are ready to write
their story. They create simple annotated charts with constrained interaictions
highlight the individual trends they observe, and link them in their story. They
embed the Keshif browser in the end of their report to make it freely explorable.
They invite readers to look at their own neighborhood and to find the information
valuableto them in Keshif browser. This sample workflow is based on the example

at http://www.keshif.me/demo/dc_homicidesnd can be reproduced live and online.
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7.4.2 PublicWeb-basedData Exploration at www.keshine

160 Same|e Datasets [JRecord Display: Grid | [[JRecord Display: List =| HEOX K
Keywords Highlighted &) ~ Q Search: Name Config Complexity i
Q Searct Tt g Abreezex O
Journalism 1 — L ] Simple a6 —
Informational 6 = im___ Intermediate sk 16 —
Collection g " Detailed wararw 13
Cities 4 - W * Fully featured aaaax  2W
Visualization 11 o #
Survey g s ;. ’:’2“” IDEASWORTHSPREADING Summary Types
Publications 1 [ Visualization Tools Commencement TED Talks Histogram il 29
Transportation o and Books Speeches Time® 27
Accidents 0 Map@ o®

Washington D.C. 1im #

Government ;:_ »~ Record Display &
ListiS ) —
# of Records ﬁ] &[EJ Gridi 37mmmg
\W/ARIS; Nework 0
Map@ o

VI il #

Kobe Bryant's Nobel Prize Winners Star Wars Quotes Authored
_. i 30,000+ Shots
# 6 14 5 8 1 3
a

¥ | U | ' |
30 100 500 2k 8k 30k 100k

Data Source Type VOO A VA 2013 2014 2015 2016

Figure 23- A Keshif browser that displays the list of public Keshif demos (sample datasets)

datasets available atww.keshif.me

| have cread public Keshif browsers for 06 datasets across many domains
including journalism, surveys, transportation, cities, food, finance, entertainment,
politics, and personal data, some of which are discussed and showcased in this paper.
Figure 21 shows a screenshot from the collection of public data explorers made

available online atwww.keshif.me The range of datasets demonstrates the

generalizallity and flexibility of our model and implementation. While importing,
studying, and testing many tabular datasets with a wide range of data characteristics,
structure and format s, we incrementally
implementation ovethree years. These sample public data browsers are created and
maintained using the JavaScript API by the lead author of this paper.
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In oneyear period, data browsers kashif.mehave been visited 100k+ times by
50k+ users in 62k+ sessions based on Google Analytics. Keshif source code
repository on GitHulinas been starred 400+ times, and forked+liies at the time
of this writing. The browsers have been shared on social med& 40s- timesin
the recentyearastracked by AddThis web service. The project page includes a list
of mentions and references to Keshif, including paper citations, research proposals,

talks, resources, and interviews.

7.4.3 Other Use Cases

In addition the targeted user evaluations and-tegHd overview of applications of
Keshif above, | have worked with multiple partners and organizations across
different domains to enable visual data exploratromew and emerging datasets.
Below is a summary of these efforts.

- | collaborated with course catinators and instructors at the Department of
Communication to help them analyze course consistency across multiple sections
and years of offerings. Our approach enabled them to explore course structure,
student succesand gradingand feedback practiceA.paper published at the annual
meeting of the National Communication Associatigas recognizedas the Basic
Course Division Top Papér].

- | collaborated wit the National SockEnvironmental Synthesis Center

(SESYNC) intheii Dat a t o Mot ipmgramewhiShyamedte gavideo
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tools to build improved capacities frerform collaborative research on riopen
government datasets across food, energy and water systems. My role was to help
them buildweb-based user interface for data visualization anstovery using

Keshif. Specifically, | build tools to explore multiple attributes (indicators) across
multiple datasets, and then to explore spatial and numerical trends and characteristics
across datasets. This effort has lead to the development anovement of the
spatial display capabilities of Keshif, and was further customized to meet their needs
to explore both watershed and coubtyundarieson a single integrated map view

with supporting histograms.

- | collaborated with theTeaching and Learningransformation Center
(TLTC) of University of Maryland to collect and analyze aaglating to the online
coursenformationfor teaching and learning.

- | am currently collaborating witthe National Consortium for the Study of
Terrorism and Responses te@riorism (START), transforming their datasets on
global terrorism events, foreign fighters, and narratives shared by terrorism and
counterterrorism organization, using rapid prototyping and continuous feedback and
integration.

- In addition, | am also volueering with CodeForDC, a local branch of Code

For America(https://www.codeforamerica.ofgfocusing on providing transparency

for political campaign contributions in Washington DC races for council andnsiay

over the last 4 election cycles. Specifically, Keshif is used to provide an overview,
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and allow rich exploration, of contributions across selected candidates or campaigns.

This project is available &ittp://codefordc.org/dcampaigafinancewatch/.

The opepsource release and public demos and demonstration of Keshif also
allowed other people and organizations to use Keshif for their own daBskia/
is a quick summary of some of thelic use and acknowledgements we have
received.

- Society for Industrial and Organization Psychology (SIOP) created a Keshif
browser for the 8ears of their conference programs, using the-kased sharing
and graphical authoring, which receivddvorable feedback on their Twitter
channels. More information is available on their weld4ig3].

- A recent public feedback on the projeatiling list” by a software engineer
atSchool of Computer Science, Uni viersity o
proving to be a really popular way of viewing data in dihganizationl am using it

for.0

" https://groups.google.com/forum/#'topic/keshif/FZNc81HI7EY
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Chapter8.l nt egrated Contextual He |

0Combined with a teehniquesttiee old Baalmies mdtian tofi doing
more with | ess can come true. o
Hans \van der Meij and John M. Carroll,

in Minimalism Beyond the Nurnberg el [28]

The influence of knowledge to visual data kexation can be modeleds a dynamic
construct that can be extended with new knowledge of datzofithe application
over use, in addition to existing knowledtpat stees theexploration proceséSee
Cognitive Exploration FramewoyrlChapter 3. Even if a firsttime userof a data
analysis tool has analysis skjlihey still need orientation and trainimg thego.
Novices have an even greater need for trairiorgthe basics of visualization and
interaction features. This chapter addresses the challenge of supporting a wide range
of users with various backgroundsthvvarious needs on thgp, and providing this
support as quickly as possible with minimal intamsito original task on the data
interface.

In this chapter, we first present contextual features in visual data interfaces,
including datadriven features and the use of context i@lp seekingand help

comprehension. Then, we describe the desigHealpin, including its help modes
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and implementation overview. We evaluated Helpln with-firee users of Keshif
who were mostly data novices, in comparison to a-cwntextual version. While
task completion/progresperformance was similar under both coradi8, one
cortextualhelp-seekingmode, Point&Learn, was found the most usetujectively

in participant feedbacgland increased objective performance overall.

8.1 Context in Visual Data Interfaces

The overarching idea of contextual help is to use the dumentext of an
application to provide customized and targeted help to facilitate comprehension.
Specifically, contextual features can be used to filter and rank help material by
relevance, and also to present dynamic and integrated answers. Below, e prov
an overview of (i) datariven, (ii) applicatiordriven, and (iii) historydriven
contextual features. In each category, we exemplify its use to find relevant help
material, and to present integrated answers. Our contributions include identifying
data as a firstclass context category with multiple use cases, and identifying how

context can be instrumental for both help seeking and comprehension.

8.1.1 DataDriven Context

This context category describes the features of the underlying data, such as data

types,distributions, and relations, and the states of data visualization and queries.
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Help Seeking

Relevance of help topics can be defined by existing data types, features and query
states. For example, topics concernaugnputing temporatharacteristics, suchs
extracting month, would be relevaonly when data has a temporal component. If

the data is not filtered, a topic on clearing filtev#l not be relevant. Topics can
reflect the existing data visualization types as well. For example, selecting data by
geographical regions would be relevant only when a map is visible. Ranking topics
on relevance can reflect frequency of data types as well. For example, if numeric
data type is common, tasks on numeric data can have higher priority. (See Topic
Relevance ad Ranking section below for details.) To further support-deteen

help seeking, data glyphs or visualization components can be directly selected to
retrieve their contextual information. Topic names can also reflect visualization
states. For exampld, application allows two modes for visual scale, the topic name
can reflect the alternative (target) setting.

Help Comprehension

To try to aid comprehension, help descriptions can highlight appropriate data types,
features, or distributions. For exampleked selection would be best demonstrated

by exemplifying aselection thareveals interesting features. A heuristic approach
may select a data aggregate that includes about half of the data. To pick examples to
describe the effect of actions, such ashwitoltips and data information, similar

heuristics can be applied. In addition, the descriptions of help can include
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information about the data distribution and features. For example, description of a
record can include its sorted rank, or multiple enegsliin a visual glyph can be
clarified with legends and exact values. The answer can also respond to the
visualization state and visual encodings. For example, in a scatterplot, requesting
help information on a filteredut dot (record) can describyit is filtered out (i.e.

which query it fails). If points are color coded by category, the description can

describe the color mapping and the category of the point.

8.1.2 Application-Driven Context

This context category describes the application state, as wéllasnponents (such

as widgets, buttons, menus, etc.) that are visible or are reachable through interaction.

Help Seeking

The help material relevance can reflect active application settings. For example, if

none of the panels in the interface is collapsedi unc ol | a pwilenotb@e nel 0 t o
relevant. Relevant help material can be requested by interface components, either by

direct interaction (pointing), or using a textual list of components. For example,
pointing to a sortingtiocgnccianesiuggeahdiAil8
topics. Considerindpelp-system as part of the application s&tpresentingelated

help topics to aselected help materiat an expand userds repert

supporting information. In addition, the positiohhelp panels (and tooltips) can be
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adjusted to avoid, or minimize, overlapith highlighted components. Location
aware presentations has been shown to increase training perfoffifaince

Help Comprehension

Help can be presented by highlighting relevant interface components, such as where
to click to change a setting, to minimize the distance between answer and action. The
helpdescriptionscan be responsive, describing the current state, and the role and use

of alternative states.

8.1.3 History-Driven Context

This category is based on the actions performed by the user.

Help Seeking

The help topics can be ranked by recency or frequency of usagbasizing either
more/less or most/least frequently used features. The action history information can
beusedts ef r e s h t h eordaify mastsrecanteintecactigns, orenable
discovery of new (or unused) featurésser actions can also beedsto infer high

level behavior. For example, if the user scrolls frequently in a visualization panel,
the help system may suggesaximizingit. Or, when user frequently highlights two
categories, the system may suggest comparing the two by a locked selection.

Help Comprehension

The answer may exemplify the most recently used components if there are

alternatives to achieve the task.
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8.1.4 Topic Relerance and Ranking by Context

Ranking and filtering help topics using contextual information can offer more

relevant options wfront and improve navigation. In Helpln, each topic defines a list

of context features (such as data, application, or Ul staéheed to be satisfied in

order to be relevant. The ranked topic relevance is computed using the following

strategies:

1
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The weights of satisfied context features are added. The richer the required
context features of a topic, the heavier the topic weidtite context feature
weights are defined in help material, and reflect the importance and
commonality of the feature within expected interface use.

If a context feature returns a count of satisfactory features (such as the
number of numeric attributeshis value can be used to adjust the context
weight, so that more common features have higher ranking. Helpin uses a
1.08% multiplier, where x stands for the matching features, if relevant.

If topics reflect multiple targeted Ul components (such as bygrazing Ul
hierarchy), the topic that relate to more specific components are ranked
higher by adding adjusted weight based on component spigcifi

If topics are ranked by recency of use (history), a score that reflects if and
how recent the feature wased is added. When ranking for the most recent

first, the score isnversely proportionato how recent the feature was used.



When ranking for unused first, the score is highest for topics that have not
been used, and lowest for the most recently used.
1 The topic selweight (if defined) is added. This allows adjusting ranking per

topic irrespective of the context.

8.2 Helpini A Contextual IeSite Help System

Helpin is a contextual help system designed as an overlay on top of a visual data
interface. It blendss semitransparent help overlay with the underlying interface in
the background, supporting the user to stay oriented. Helpin features a stencil
approact75] to highlight interface components that are selected by the kigeiré

24), or to present part of a help topic answeag(re22). To demonstrate HelpIn, we

use a data exploration tool, Kesfiit4], as the underlying visual data interface.

8.2.1 Seeking Contextual Help
sEALOXK

Get Help
!I]:E Topic Listing \‘
five modes (i) Topic Listing, (i) Overview, (iii) Point & Learn] . Overview )
i(d‘_“; Point & Learn )

(iv) Guided Tour, and (v) Notifications. Accessible by clicki |:4 Guided Tour )
(A& Notifications (J\J

To addras different use cas for helpseeking, Helpin include

a @ icon, these modes reflect a mix péish/pull approaches
[67]. With the pull mode] the user initiates the request to get help pnds
(searches for) for relevant help topics. The role of Helpln is to evaluate the active

context, identify relevant help, and rank them on relevance. Withus$ie modelthe
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role of Helpln is to suggest help based on the inferred context, therefore pushing the

help [98]. The push model may allow the user to carry out their tasks more

efficiently throughunintentionalearning[124]. I n Hel plnds tesi gn,
push/ pul | Topwoldseng reflects an explicit pull action with the user
controlling the topic sCvavewpresebty a shaty wor ds

narrative summary of Paict&Learamalles it @sieatoal ysi s
pullhelpbased on t he poiGuitdes dours mitiated (fpudledeby ar e a,
the user, yet the sequence of material is pushed by the help sysikitifications

reflect the explicipush mode by monitoring application use, and suggesting specific

help diectly.

8.2.2 Presenting Contextual Help Instruction

Once help material is selected, its answer is presensitlirthat is, the material is

fully integrated into the interface (Figure 4 and 5). The design of Helpin highlights
relevant components, uses toditifo describe the actions, and provides descriptions
that reflect the selected data glyph, component, and active application settings. After
the user reads the answer, they can select another help topic or component, or

activate an action by interactingttvithe answer.

8.2.3 Instructional Design

In our instructional desigrippicsreflect the unit tasks of the application, i.e. tasks

that can be completed with very few actions and change only one aspect of the
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interface. We strived to achieve minimalism and dicity in the help language, to
reduce the number and complexity of the words, and to maintain consistency across
all componentd27]. Our material reflects the design language of the underlying
application, such as using the same icons and color design, thus reducing the
extraneous agnitive load[30] in translating help information to the current interface

state.

8.3 Modes of Helpin

In this section, we describe the design of five fsgdpking mdes and the topic

answer, which provides instructions.

8.3.1 Overview

The Overviewmode Figure22) shows a narrative higlevel summary of the active
data analysis and interface state. It orients the user in data analysis and exploration
by describing multiple relevant features that dfféne active view (such as active
selections, and visualization modes). It also allows the user to see how these modes

can be changed by linking to individual help topics.
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Overview of Data Browser

30057 Accidents are summarized with their 18 attributes
(such as School Bus Related or On National Highway

System).

17249 Accidents remain after filtering on n
[{Relation to Trafficway: On Roadway | .

The charts show the Number of Accidents per each
category/range.

I shows the active (filtered) selection. (Clear)

M shows [FJRoute: State Highway | lock-selection. (Unlock)
I shows [“Route: Local Street — Municipality | lock-selection.
(Unlock)

Metric is Number of Accidents. (Change) E
Visual scale mode is absolute. (Change)
Measurement labels show absolute (#) value. (Change)

Figure 24. The Overviewmode.€) The interface state isriefly described using the active setti
and data feature€d} The user can interact to learn how to change the related states (for e

changing selections or visualization modes).

8.3.2 Topic Listing

The Topic Listingmode Figure 23) lists all help topics, ranked (and filtered) by
relevance given the current context. While this mode reflects the tradipotal
approach with tadpased filtering and texdearch to navigate through help topics, our
contextaware ranking improves upon the static help listings and navigation of
topics. In addition, Helpln provides contextual options to hide (or show)j non
relevant tpics, and to prioritize unused (or most recently used) features. Providing
paths to topics that may be currently irrelevant can help users learn about extended

tool capabilities.
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How do | ? i Get Help
Explore Bird strikes with missing/invalid values

ACTIONS Search and filter categories by text & Point & Learn

12
Select(12) 1 Filter-out a category with (0

Explore (12)

- Lock-select to compare groups of Bird strikes
Filter (4

View (1) Filter-select to focus on selected Bird strikes

COMPONENTS

Highlight-select to preview Bird strikes
Aggregate (9)

(1 S :
Categorical Sum.. qllter categories in a summary using

Record (2) Filter categories in a summary using

Time Summarv (1)

3 [/} Show non-relevant topics
[ Prioritize unused
[ Prioritize recently used

\d Adjust filtered range selection 69

9 View record details

Figure 25. The Topic Listing mode. €} Topics arefiltered to those relating t&electaction, an
ranked by contextual relevanc& Non-relevant topics are shown with (!), and are ranked k
relevant topics€ Ranking options can be modified. Topic names reflect the ddfagRecords ai
Bird Strikeg and application state (ex: absolute vs. relative visual scalest visible in thi

screenshot)® Topics that have been recently used are marked vgkaon.

8.3.3 Point & Learn

In thePoint & Learnmode Figure24), the user selects an interface or visualization
component by hovering their mouse over it. The help panel shows the information
relevant to the pointed element, including its name, desmmiggalong with visual
encodings and settings), and related help topics, while the pointed element is

highlighted using a stencil window and tooltip in the séamnsparent overlay. The
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hoveraction provides a fluid and responsive interaction design tokigulearn

about multiple components. Clicking freezes the selected element, and enables
interaction with the help panel (such as activating a related help topic). The freeze
action can also trigger updating help material, such as showing connected
componets of the selected item (such as a data record) on the interface. The

selection can be unfrozen by clicking outside the help panel.

Get Help

{h Category +
There are 74 Cereals with Cold Type.

— Block size shows the selected percentage of Count
of Cereals among all Cereals with Cold Type.

2 Highlighted Cereals : 0% g
5 %

[*}Shelf Level: Top Eereals
1 Category [“Ishelf Level: Middle| Cereals : 26%

Cold 100 ———— Related Topics (hide)
HOt 100 1 ———
% 20% 40% 60% 80% 100

Explore Cereals with missing/invalid values 0
Unlock a locked selection @

View measure-labels of a locked & selection

¥ Highlight-select to preview Cereals

@ Click to un-freeze selection

Figure 26. ThePoint & Learnmode of HelpIin&} A category is selected by pointing} Its parem,
categorical summaryis also highlighted€) Descriptions of the category iesponsive to da
visualization and selection states. It includes a basic description, the visual encoding, and
visual feature, describes the encoded value and how to read the int@f&mdated topics incluc
those relating to the categorgraponent, as well as the categorical summary component.
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Helpln recognizes the hierarchical composition of Ul elements on pdiased
selection. For example, a measure label appears inside a category (glyph), which
appears inside categorical summary, clhiappears inside a panel (of the data
browser). While the description follows the most specific element (such as the
measure label), the help topics and stencils can reflect multiple layers in hierarchy.
We limit the hierarchy to two components (self gmarent), so that material is

focused, and not overwhelming to the user.

8.3.4 Guided Tour

The Guided Tourmode Figure 25) aims to quickly familiarize the user with the
interface using a prdetermined sequence of help material (topics or interface
components). The user controls the pace by explicitly steppingdh the sequence.
Related topics to the active step are available on request. Helpln displays the
progress through a defttern, and clicking on a dot jumps to the tour to a specific
step. If the user exits or changes help mode during the guidedheurcan later

resume from the last active step.
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I:Gmwth: max. 128.00%

This breadcrumb shows the highlighted-selection.

- € ) Highlighted
3 Integrated Database I I Growth: max. 128.00%|

— S : 2 Companies
Highlight-select to preview Companies’ " S—————jirae s i eenrme

color.
Q4 Guided Tour
OO0 000

Mouse over an aggregate C Replay

You can highlight Companies in categories or number/time :
ranges. As an example, one aggregate is highlighted. 2

# 2.1k
breadcrumb on the top section shows ]

1 ]
the highlighted-selection. Highlighted Companies are shown in Mouse over an aggregate
orange across all summaries. ‘

You can observe highlighted records in groups in othera v Highlighted Companies are shown
summaries, as well as individually. = in orange across all summaries.

' | For example, $70M to $300M has
Relevant when ... (Show) € 213 [YGrowth: max. 128.00%
Related Topics 5 (show) Companies.

Figure27. The Guided Tour mode.€) The tour progress is visible, and user can control it fon
backward, or to a specific step. This step shows answer to a helpHuapitight-selection to previe
Companies@The tooltip of the main action, which is a mowsesr on a visual glyph, is highlight
by color. €} Additional tooltips describe the effect of this action on other interface compoénts.
Detailed description ofhe topic presents an eawyread summary of tooltips and additic
information. & Related topics, an@ the context under which this topic applies can be viewt

demand as well.

8.3.5 Notifications

The Notifications mode suggests relevant he HEAOX ‘

See Tip
Measure by Number, Sum, or

topicsonthe fly as an explicit pusimodel. To not
Average metric
disrupt to the user, we followed a subtlesign Shift+Click to dismiss

that usesa on the corner to present incoming ° 12 6 .

notifications. On mousever, the icon reveals the related task name, and allows for
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dismissing the notification. In ewurrent prototype, we enable notifications on a
pertopic basis over an extended period of time if the user has not used the relevant
feature yet. The notifications can also be used as-@f-tipe-day feature to suggest

new topics for revisiting the interface.

Generating relevant notifications require detecting user behavior by tracing their
actions, in addition to taking data and application context into account. While earlier
intelligenthel p systems such as Microsective 6s Cl i p
[100], finding the right content and presentation design for notifications can enable
opportunistic learning. In other words, more semantics and less intrusiveness is
desired57]. To achieve unobtrusiveness and usefulness, the notifications should not
be frequent (avoid false positives), and help the user when appropriate (avoid false
negatives). We present Notifications as a design prototype thatsctwe explicit
push model for help, and we claim no contributions on identifying when to raise

notifications.

8.3.6 Topic Answers

A contextual topic answer aims to ease help comprehension (rather than help
seeking), and can be reached through the topicdistirrelevant topics of a pointed

component. The topic answer is presented directly on the interface by highlighting
all the Ul components that can achieve or affect the task using a stencil window and

tooltips Figure26). Help descriptions include not only how to perform the task, but
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also how it affects the rest of the interface, such asowordinateeviews design
patternfor selection task$118]. When a dynamic demonstration of an answer is
appropriate, Helpln can prst an animated sequence of steps, highlighting
information relating to each step directly on the interface. The user can replay these
animation sequences to better attend to interaction details and sequences. Clicking
on a highlighted Ul component passies mouseclick through overlay and executes

the action. The help overlay closes if there are no other actions to execute for the
task, or shows the next action step if other steps remain. When multiple components
can achieve the same task, a single toaki shown for each component group
(Figure26).

The contextual features Refl ev amél pvhtetnpgpi c
of the help panel. The selected topamde norrelevant contextually if one or more
context features are not met in live interface (for example, when input data does not
include the relevant data type, or when data is not filtered for a topic that is to
modify an existing filtering selection)Figure 27). The help descriptions are also
available within help panel, providing training for application features and future
usecases. In our instructional desjgne enriched answers and descriptions using
screen captures and short animated sequences (implemented as animated-GIFs) on
repeat to help users learn the tasks using visual media when live integration is not
possible. This is similar to traditional appcbas using static material to describe

answers when contextual relevance fails.
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~ Incident Date B

Click the
dropdown to
see options
and select

one € Change sorting criteria of Victims +

Click the dropdown to see optnand select one
-OR-
Click ¢

Records can be sorted using a number/time attribute.

< appears when you move the mouse over a number/time
summary.

$ is always visible for the active sorting summary (currently
Incident Date).

Relevant when ... (Show)
Related Topics (hide)

Sort Victims in reverse

Figure 28. The Topic Answemo d eChafge sorting criteria t oy iTwo)distinct actions c¢
satisfy this task, either b§ using the dropbox, of} clicking an icon in a numeric summar{p
Notice that all relevanti c ons ar e h iClickolattignhtookip is shgwe only ffor or
Clicking on any of these stencil boxes pass the mouse event to underlying interface eletiognt

executed and Helpln closes.
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Figure 29. A nonrintegrated (static) topic answer, including a screenshanionated gif@using ¢
fixed dataset. The reason why this topic is not relevant is highlightedderRe | e v a n tanc

a link to satisfy this criteria is available.

8.4 Implementation

We implemented Helpin for web applications based on modern web standards. The
program logic of Helpln is implemented in JavaScript, and help material is also
described as Ja®cript objects. The material includes lists of contextual features,
help topics, Ul components (for Point&Learn mode), and guided tour steps. Our

implementation, including help material for Keshif, is available on (GitHub).
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