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ABSTRACT

To facilitate everyday activities, contextaware applications use sensrs to detect what is happening
and use increasingly complex mechanisms(g. by using big rule-sets ormachine learning) to infer
the user's contextand intent. For example, a mobile application can recognize thtte user isin a
conversation and suppress any incomingcalls. When the application works well, this implicit
sensing and coplex inference remain invisible. However, when it behaves inappropriately or
unexpectedly, usersmay not understand its behavior.This can lead users to mistrust, misuse, or
evenabandon it. To counter thidack of understanding and loss of trustcontextaware applications

should beintelligible, capable okxplaining their behavior.

We investigateproviding intelligibility in context -aware applicationsand evaluae its usefulness to
improve user understanding and trustin context-aware applications. Spedfically, this thesis

supports intelligibility in context -aware applications through the provision of explanations that
answer different question types, such as:Why did it do X?Why did it not do Y?What if | did W,

What will it do? How can| get the apgication to do Y?

This thesis takes a thregoronged approach to investigating intelligibility by (i) eliciting the user
requirements for intelligibility, to identify what explanation types end-users are interested in
asking contextaware applications, (ii) supporting the development of intelligible contextaware
applications with a software toolkit and the design of these applications withdesign and usability
recommendations and (iii) evaluating the impact of intelligibility on user understanding and trug
under various situations and application reliability, and measuring how users use an interactive
intelligible prototype. We show that users are willing to use weldesigned intelligibility features,
and this can improve user understanding and trust in th adaptive behavior of contextaware

applications.
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1 INTRODUCTION

Over the past 20 years, with the miniaturization and commoditizatin of computing power, we have

moved away from thedesktop paradigmof computing to that of ubiquitous computing (Ubicomp).

This manifests Weiser's vision of a world with ubiquitous, invisible computing [Weiser, 1991]
embedded in smart ambient environmentsand carried byend-users in small devices. Anticipating,

adapting, and servicing user needs, these Ubicomp systems were envisioned to work calmly and
NOEAOI Uh OAI AETET ¢ ET OEA AAAECOI OT A f7AEOAO AT A

work or activities.

An important part of this Ubicomp vision is contextaware computing [Dey, Abowd, and Salber,

2001; Schilit, Adams,and Want, 1994] with applications that automatically adapt and tailor their
AAEAOGET O ET OAODPI 1 OA iddior corehq IO OADARD AD® ODRAA 00 @®AGDA O
and environmental conditions.5 OET ¢ OAT 01 06 O1 OAAT CI EUA 1T 0 EIT £AC
context-aware applications do not needexplicit user input to carry out their functions. Hence, these

applications implicity AAOAOI ET A xEAOG EO EAPDPATET C AT A AiibpiAi

needing the® O Aditéntibn. Examples of contextaware applications include

Mobile tour guides,e.g, CyberGuide [Abowdet al., 1997], GUIDE [Chevert al.,2000]),
Reminder systemsg.g, CybReminder [Dey and Abowd, 2000];

1 Monitoring and awarenesssystems e.g, Digital Family Portrait [Mynatt et al., 2001],
embedded assessmenbf the elderly [Lee and Dey, 2010 2011], domestic activity [van
Kasterenet al,, 2008], coworker awareness [Lim, Brdiczka, and Bellotti, 2010]

1 Interruption management, e.g, for Instant Messaging/Avrahami and Hudson, 2006, on the
mobile phone [Lim and Dey, 2011a;Rosenthal Dey, andVelosg 2011], and in the office
[Tullio et al.,2007];

Coordination, e.g, family transportation [Davidoff et al,, 2011];

Service or device automatione.g., Intelligent Office SystentJheverst et al., 200b
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Consider using context-awareness to manage interruption on a mobile phone With the

proliferati on of smart mobile phones, mobile applications can leverage embedded sensors in the

phones to provide contextawareness. A compelling application is for the phone to automatically

detect what the user is doing to determine whether it is an appropriate tmeEl O OEA OOA08 0O A
to call and interrupt her. For examplethe application can detect if the user is in a conversation

(using the microphone for sensing and machine learning for inference) at the office (using \Wi or

GPS sensing), or detect if shis driving a car (using the accelerometer for sensing and machine

learning for inference).Using a set of rules, it cainfer whether the user is available.

In the previous example,as with many contextaware applications, the user does not need to
explicitly inform the application of her availability, or more generally, of her contextual situation,
and can expect the application to serve her need to be uninterruptegithout her involvement. The
application uses implicit sensing , and complex inference to support context-awareness.

However, these designs and capabilities can lead to some user interaction issues.

1.1 THEPROBLEMP LACK OENTELLIGIBILITY

Since contextaware applications sense implicitly and act quietlythese applications lack the
affordances [Gilson, 1979] to allow end-users to be aware of what they know or what they are
doing. Bellotti et al. [2002] point out that with the vision of Ubicomp making the interface invisible,
it would become difficult for these systems to manifest themselves and allousers to make sense of

them. Dourish [1996] argues OEAO ET OAOAAOEOA OUOOA+ Geflebiiel O1 A CI

representations of their operations andexternally observable states

The complex inference mechanisms employed by contegtwvare applications also increase the

difficulty of understanding how these applicationsreasonand decide.Bellotti and Edwards [2001]

propose that contextaware systems must bentelligible » (ble to represent to their users what

they know, how they know it, and what thex OA AT ET CThéyAdli@®thak Giahg with

enforcing user accountabilityh ET OAT 1 ECEAET EOU Ol-adv@®systedhs tb kA OAT O
OOAAAT Anh b OA A Edelhi &t al 2002} &ish chélldngeUBicomp systems tosupport

alignment between the user and system by making the system stateperceivable persistent and
guery-able, and providing timely and appropriate feedback.Indeed, this lack of intelligibility has

been empirically observed. Barkhuus and Deyp03a, i found that although endusers wantto use

context-aware applications, they hae serious issues with the lack of understandability, loss of
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control, loss of privacy, information overload;users find automatic behavior useful but difficult to

understand.

Trust in automation guides reliance when the complexity of the automation makes a complete
understanding impractical [Lee and See, 2004]This lack of system intelligibility in contextaware
applications and user confusion can lead users to mistrustnd misuse, and even abadon them
[Muir, 1994; Muir and Moray, 1994. Therefore, ensuring endusers have sufficient usertrust of
these systems is crucial to supporting their adoption. Lee and See [2004] described three attributes
of trust in automation: predictability, performance, and purposePredictability and performanceare
particularly relevant to the problem of the lack of intelligibility. Without sufficient understanding of
context-aware applications, endusers will find theOA A DD eAakidsHdsd peedictable, and
this can compromiseuser trust. Furthermore, context-aware applications are prone toambiguity
and uncertainty [Greenberg, 2001] Thiscan cause them to make wrong inferences and misbehave,
compromising their performance. A common strategy forimproving the performance of context
aware applicationsinvolves user mediation where the user resolves uncertainty [Deyet al., 2002].
Nevertheless, withoutintelligibility, end -users will struggle to determine the causes for uncertainty

and may not be able to impove the system performance

1.2 ASOLUTIONP EXPLANATIONSORINTELLIGIBILITY

Providing explanations is a popular way to improve user understanding and user trustphnson,
1993] in Intelligent Systems.Dzindolet et al [2003] found that even though users lose trust in
intelligent decision aids whih makeoccasional errors, providing a description of why the aid might
and performance in expert systems €.g, knowledgebase systems [Davis, Buchanan, and
Shortcliffe, 1977, Gregor and Benbasat, 1999], intelligent decision aids [Glass, McGuisnemnd
Wolverton, 2008; Haynes,Cohen, and Ritter, 2009]) and endiser systems €.g, recommender

systems Herlocker, Konstan, and Riedl, 200Qintelligent user interfaces [Myerset al., 2009]).

We employ the same strategy of providing users with explanations of application state, inference
logic, and behavior for contextaware applications. For example, a contexdware application may
mis-infer OE A Ca@aflaBilityOto receive phone calls, and allow a colleague to cdlim at the

library. Intelligibility will allow the userto learn why this apparent mistake happened. It could tell
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him that the application correctly inferred his location at the library, but that he had forgotten to

set a rule to be unavailable, or thalis colleague ignored social norms and called anyway.

1.2.1 THESISTATEMENT

In this thesis, we explore how to provide intelligibility in contextaware applications through
explanation interfaces. We aimto support both developersto design and implement intelligible
context-aware applications, and evaluate the benefits and limitations of intelligibility orend-users

With the intelligibility explanations we develop in this thesis, we claim that:

Intelligi bility in contextaware applications can improve en® O Aubdeitanding
of how these applications work andtonsequently,increaseendusers trust to use

these applications.

1.2.2 THESIAPPROACH

To prove this thesis statement, we approach the problem in theeshigh-level stages. First, we (i)
explore what intelligibility is and define it through exploratory work, then we (ii) facilitate and
support intelligibility so that it is easier to provide it, and finally, (iii) we evaluate the usefulness of

intelligibil ity towards the thesis goalsFigure 1.1 outlines the chapters in this dissertation.

Design
Recommendations

Requirements Support Evaluation
Literature Implementation Pilot
Review with Toolkit (Chapter 4)
(Chapter 2 (Chapter 6)
v :t QuasiField
EI|C|tat|on_ Design and (Chapter 9
—» from Scenarios ",
(Chapter 5) > Usability _
P (Chapter 7) B0ADPAOSE 0 OI
¢ ) (Chapter 8)

B R

Figure 1.1. Three -stage approach to thesis with various projects connected by progression

Arro ws indicate how findings and implications from one study applies to the next. We

summarize our taxonomy for Intelligibility in Chapter 3.
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|) REQUIREMENTGATHERING ANSPECIFICATION

In the first stage, we sought to define a fraework for intelligibility. We accomplish this with a
literature review of explanations in intelligent systems Chapter 2), and empirical work eliciting
what explanations potential users of contextaware applications would liketo know (Chapter5). To

this end, we have defined gaxonomy of explanation question types.

[I) FACILITATIONSUPPORJTANDGUIDELINES

The next stage implements the requirementsas determined from the taxonomy of intelligibility,
and provides generalized support forimplementing intelligibility in context -aware applications
through a software toolkit and design recommendations. We facilitate the implementation of
intelligibility with the Intelligibility Toolkit ( Chapter6), and also exploredand evaluateddesign and

usability issues to derive guidelines for providing and presenting intelligibility Chapter7).

[1I) EVALUATION

In the final stage, weevaluate intelligibility in context-aware applications. Using the toolkit and
design guidelines, we can rapidly prototype intelligibility in contextaware applications to test our
hypotheses. We investigated the impacts of different explanation types on user understanding and
tru st of contextaware intelligent systems Chapter4). Next, through questionnaires, we evaluated
the impact of intelligibility on user impression d context-aware applications that are uncertain or
certain of their inferences (Qapter 8). We followed this with an evaluation of an interactive
prototype of an intelligible context-aware mobile aplication, where we investigated the extent of
usage of intelligibility, how well or poorly users understood he application inferences and their

perceived usefulness of the explanation€Chapter9).

1.2.3 INTELLIGIBILITY ERPLANATIONYPES

We support intelligibility through an explanation query paradigm (e.g, [Wick and Slagle, 1989Ko
and Myers, 2003, where users can obtain explanations to questions about the conteatvare

applications, such as:

What is the current value of the context?

Certainty : how certain or confident is the application of this inference?

Why is this context the awrrent value X?

WhyNot:x EU EOT 8§60 OEEO Ai 1T OA@O OAI OA 9h ET OOAAAe

P w0 NP
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5. How To: when would this context take value Y?

6. What if the conditions are differert, what would this context be?

Categorizingexplanations into these Explanation Types allowus to systematcally investigate their
usefulness and how to support their provision in contextaware applications. Wedetail our

taxonomy of Explanation Typesn Chapter3.

1.3 SCOPE ANIDEFINITIONS

There are several terms and concepts that arentral to this dissertation and we define them here.

In this thesis, we focus on providing and evaluating explanations inontext-aware applications
used by lay endusers for everyday computing activities. We use the definition ofcontext-
awareness as defned in [Dey, Abowd, Salber, 2001; Schilit, Adams, and Want, 1994] regarding a
positivist, constructionist view of understanding of the environment and the user through
constituent contextual cues and signals that are sensed, aggregated, interpreted, anteired.
These can include sensors around the house.{), thermostats, brightness sensors), itomputer
software (e.g, keyboard and mouse activity),worn on the body or in mobile devices €.g,
accelerometers, microphones)and inferred activities and irtentions such as domestic activity €.g,
making breakfast, using the toilet), and mobile availability and activity €.g, driving, talking in a
meeting). On the other hand, the use of intelligibility, especially in a social applicatioegh , A OA
Chapter 7), can support theinteractionist, phenomenologicaliew of context[Dourish, 1994], where
context is relational, dynamic,depends on thesocial interactions, arises from activity, and is co
constructed with the user. Ingelligibility can provide users with more information to make better

sense of the situation.

There can be many different types of users of intelligent systems, with different relationships to the
systems and different domain expertise. We have scoped ourvigstigation into contextaware
applications to cover Gveryday 6 activities as defined in [Abowd, Mynatt,an Rodden, 2002;
Greenfield, 2006] €.g, reminder systems, interruption management), rather than work task
oriented or professional decision aids €.g, medical diagnosis knowledge bases, task planning).
Finally, we targetlay end-users as the consumers of the intelligibility features we seek to provide.
We do not expect these users to have technical or computer science expertise, nor will they

necessaily have deep interest in understanding the detailed operation of novel contexdware
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applications. Instead, we expect these users to primarily focus on their activities and pay attention

to intelligibility occasionally, e.g, when the applications misbehge or act unexpectedly.

We intend for contextaware applications to provide ntelligibility to help endusers learn and
understand them. Much research has been performed on explanations in intelligent systems, using
different terms to describe an intelligble application, such asexplainable, interpretable [Mozina et
al., 2004],transparent [Cheverstet al., 2005; Crameret al.,, 2008 H66k, 2000, scrutable Assad et
al., 2007; Barua, Kay, and Kummerfeld, 20},1palpable Rimassa, Greenwood, and Calis2005],

O C 1 AlOgimok et al., 1996], white-box [Herlocker, Konstan,and Ried|, 2000], seamful [Chalmers
and MacCol| 2003], etc. Given the complex inference mechanisms and sensors used in context
aware applications, there will be terms and concepts cerdt to their operation that end-users may
not understand. Therefore, intelligibility can help endusersto learn the relevant terminology and
concepts so that they may properly scaffold and form more accuratmental modelgJohnsonlLaird,
1983]. We do notintend for end-users to learn these concepts to the extentvhich students learn
from their coursework (as is the intention of Intelligent Tutoring Systemsg.g, [Anderson et al.,
1995]), nor do we expect eneusers to understand the application to be abléo debug their code
(e.g, Whyline [Ko and Myers, 2003]). We aim to use intelligibility to allow endisers to understand
the factors or sensors that influence the inference and decision making in contextvare
applications, so that they may beaware of and appreciate OEA AT | PAOAT AA 1T £ OEA
complex inference (assuming reliable performance). We also want engsers to understand the

limitations of the applications.

We aim is to improve enduser trust by improving the endO OA 08 O OA A Elpedtabili®i A OOQEI|
I £/ OEA +r ADDPI EAAOET 160y AAEAOET 006 AU LlUeddndSee OEA
[2004] identified three processes underlying trust: analytic, analogical, and affectivénalogical

trust is influenced by the contextenvironment of use and other social factors such as reputation.

Affective trustE O ET &£ OAT AAA Au OEA OOAOG60 AiiT OETTAI OAODI
burden when deciding how much to trust the applicationParasuraman and Miller [2004] found tha

differences in machine etiquette €.g, providing messages at appropriate or disturbing times, whether

polite or impolite) can influence user trust more than the automation reliability. This demonstrates

an influence of affect on user trustAnalytic tru ssOAT AOAOG O1F OEA OOA08 O O1T AAOC
OEA ApPbPI EAAOCEIT AT A EO ET &£ OAT AAA AU OEA OOAOCGO A
AAAE OUPA T &£ O00OOOh EIT OEEO OEAOEOh xA & AOO 11

underOOAT AET C 1T £ OEA AneRlsoRimAcd&[ usebs®betfelrchlibréictihedtBust
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[Dzindolet et al, 2003] in contextaware applications with their increased understanding of the

competence and limitations of these applications.

Finally, Edwards, Newman, and Poole[2010] noted that low-level infrastructure on which
applications are built should also be made intelligible. Although we provide a toolkit to support

intelligibility, our focus in this thesis is to support intelligibility for end -user applications.

1.4 CONTRIBUTIONS

This dissertation makes a number bmajor contributions:

Evidence that enduserswant intelligibility in context -aware applications.
A taxonomy of explanation types that endisers desire to have provided for contexaware
applications.
A toolkit for supporting the development of intelligibility in context-aware applications.
Algorithms to generate multiple explanation types from several rules and machine learning
inference models.
Design recommendations for intelligibility features.
A prototype of an intelligible contextaware application developed through several
iterations.

91 Investigation of caveats and limitations of providing intelligibility (usability issues and
intelligibility of uncertain systems)

9 Evidence that endusers can use intelligibility features to learn &out context-aware
inferencesand behaviors

1 Evidence that providing intelligibility can improve end-user understanding and trust in

context-aware applications

1.5 OUTLINE

The rest of the dissertation is organized a®llows:

To give a background to this dissertation, in ChapteR, we review explanations in intelligent
systems, various taxonomies of explanations, and systems that provide explanations to users. In

Chapter3, we give an overview of intelligibility as defined in this dissertation. We describe research
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guestions that drove various projects in the thesis and introduce a taxonomy of explanation types
that intelligible context-aware applications can povide. The following chapters are organized

chronologically and in the order that follows from the chain of reasoning in our research questions.

Chapter 4 describes early work demonstrating the usefulness of intelligibility tohelp endusers

understand and trust the output of a contextaware intelligent system. Particularly, we compare the
effectivenessamongfour explanation types. Subsequently, in Chaptés, we describe our expansion
of the list of explanation types through an elicitation studyby presenting questionnaires of various

applications and scenarios to participants.

Chapter6 describes how we support the implementation of our taxonomy of explanation types with
an Intelligibility Toolkit to automatically generate and present explanations from multiple inference
models. However, the toolkit does not provide design recommendations on how to present
explanations to users. In Chaptef7, we describe a user study that explored design and usability

issues for intelligibility interfaces in a contextaware application prototypeh , A [ OA

Having designed a usable, intelligible contexaware application, we evaluate the impact of

intelligibility. Chapter8 describes a questionnaire study that investigated the positive and negative

impact of intelligibility for application inferences with high or low certainty, respectively. Chapterd

describes a quasi’EEAT A OOOAU AOAI OAOET ¢ OEA OOACA AT A OOA
prototype, showing how usage of intelligibility helps endusers to better understand and

troubleshoot the application inference

In Chapter10, we conclude the dissertation with a summary of its contributions and a discussion of
its limitations. We include several appendices describing detailed technical aspects of the
Intelligibility Toolkit, descriptions of the intelligibility user inter ZAAA 1T £ OEA , AJ OA DO

experiment study materials.
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2 RELATEWORK
EXPLANATIONS INTELLIGENT
SYSTEMS

In this chapter, we review the explanation taxonomies developed in several research domains of
different types of intelligent systems.Researchin several domains have explored the impact of
explanations to improve user trust and acceptance of intelligent systems, including knowledge
based systems gee a review in [Gregor and Benbasat, 1999 task processing systemse.g, [Glass,
McGuinness, ad Wolverton, 2008; Haynes,Cohen,and Ritter, 2009; McGuinnesset al., 2007;
Silveira, de Souza, and Barbos&001]), intelligent tutoring systems (e.g, [Graessef Person, and
Huber, 1992; Graesser, Baggett, and Williams, 1996 recommender systems(e.g, [Herlocker,
Konstan,and Riedl, 2000, Cramer et al., 200§), casebase reasoning (CBR)€.g, [Kofod-Petersen,
Cassens, andamodt, 2008; Sgrmo, Cassens, and Aamqd005]), end-user debugging(e.g, [Ko and
Myers, 2004; 2009; Myers et al., 2006]), and context-aware systems €.g, [Assad et al., 2007;
Cheverst et al, 2005; Tullio et al, 2007; Vermeulen et al., 2009]), etc. These domains can be
categorized into two groups, namely, expert systems handling professional tasks and enrdser
systems handling &veryday" activities.We discuss how we draw inspiration from these works that
have investigated explanations over the past several decades, and identify gaps and opportunities

for providing explanations for contextaware applications in ubiquitous computing (Ubicomp).

2.1 EXPLANATIONS IBXPERTYSTEMS

Much early research on explanations in intelligent systems were focused on expert systems to help
professionalsto learn how the systemmakesdecisions, or to help novicego learn about decision

making. As sub, several frameworks of explanations have been developed.
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2.1.1 KNOWLEDGBASED SYSTEMS

Drawing from explanation facilities of many knowledgebased systems (KBS), Gregor and Benbasat
[1999] identify three classification methods of explanation type:content, presentation format,
and provision mechanism. They found that KBS systems provide four content types of

explanations:

1. Traceorline ofreasoning. ) T OAODBI 1T OA O1 OEA OUBPEAAI OxEU6 K
describes the decision processes taken by theystem, why or how it came to its result.
Explanations thatEMYCIN[Van Melle, Shortliffeand Buchanan 1984] provided are of this

type.

2. Justification or support. Introduced in the XPLAINsystem [Swartout, 1983, this type of
explanation provides deeperdd AET ET 1T xI AACA OF EOOOEAU OEA OU
explanations can incorporate different types of knowledge such as analogies, cases, taxtl
books.

3. Control or strategic. Introduced in NEOMYCIN Clancey 1983, this type of explanation
explainsE A OOUOOAI 60 A1 10011 AAEAOGEI Oh AT A DOT Al A
user with the design rationale that the developers employed for the application logic.

4. Terminological. Distinguished by Swartout and Smoliar 1987], this type of explanation
familiarizes users with domain terms and concepts by providing terminologies and

definitions.

There are several factors, such asser expertise , that affect when certain explanation content
types are more important. For example, novice users would use jugtition and terminology
explanation types more as they learn how to use the expert system; expert users would mainly use
explanations to resolve anomalies and for verification, so they would prefer reasoning traces and

control types of explanations.

Presentation styles used in KBS systems have been identified to fall into two categorieBext-
based and Multimedia . Textbased explanations can either be in the form of programming
language syntax, a canned text of the programming logic, or natural languagartslations of the

logic. Multimedia explanations use graphics, images, animations, or sound.

Gregor and Benbasat have also identified three types of mechanisms to provide explanatiamser -

invoked , automatic , and intelligent . Userinvoked (also known as @-demand, optional, or
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voluntary) explanations can be provided throughmenus, commands, and hyperlinksand users can

choose whether or when to invoke them. Automatic explanations are provided all the time, and
users do not get a choice of whether to recet them. To maximize exposure of certain explanations,
and minimize the perceived effort of obtaining these explanations, Everett [1994] recommends
making these explanations automatic. Intelligent provision of explanations depend on the system
determining when is most appropriate to provide the explanations. Gregor and Benbasat discuss
employing user modeling to track their expertise and mental model (and whether they are making

mistakes) for the system to determine when to provide explanations.

2.1.2 INTELLIGENDECISIOMID

The knowledgebased systems discussed by Gregor and Benbasat [1999] deal mainly with
supporting decisions, or helping users decide what to do, rather than acting on their behalf. On the

other hand, there is a growing number of systems thatra being designed to be more proactive, and

have greater autonomy to carry out tasks. These systems, also calletklligent agents would have

to gain the trust of users before they can be widely accepted. One way to increase user trust is to

increase transparency in these systems, such as by answering explanation questiohfaynes

Cohen, and Ritter [2009]did an extensive review of explanations in intelligent agents (systems that

Ol AEA OOA AAKAI Al MAGA CT OEOQEIT O1 )usilgGaWiddr €edpe @ OO OAC
systems than just KBS. They extend and reorganize Graess¢rald O ¢ pwwcY Al AOOE ZA£EA
explanation-seeking questions into a framework of four main explanation typesontological,

mechanical and operational explanations,ral design rationale.

f Ontological explanationsDb OT OEAA OxEAO6 EIT &£ Oi AGETT 61 EAI P

or a component of the system, including:

0 What z identity. Basic ontological information about the existence of an agent or
agent component, or is identifier.

0 What z definition. Information beyond simply identifying an agent or component
and involves providing it with some meaning in context through definitions.

o0 What zrelation. Information about the static structural relation between agents or
their components, such as spatial information.

0 What z event. Especially distinguished, this is information about entities that are

primitives in describing causal explanations, and can provide temporal information.
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1 Mechanistic explanationsdeal with the how of agent behavior. The main type of question is
"How does it work?" This type of explanations provides information about how different
components interact to give rise to more complex actions.

1 Operational explanationsanswer the question of "How do | (the ger) use it (the system)?"
They provide instructions for the user or other agents to enact some agent behavior.

1 Design rationale explanations deal with why questions at multiple levels from system
component constraints to designer intentions to lawlike relations. In relation to the
taxonomy provided by Gregor and Benbasat, the design rationale spans reasoning trace and

strategic. Hayneset al. categorize design rationale into four parts:

o Deductive -Nomological (D -N). Explanations referring to some law or lav-like
relation between entities and/or agents. This is based on the -N model that
suggests that explanations should take the form of deductive statements predted
on well-established truths [Hempel, 1965].
o Functional. Design intent ofthe function of acreated agent or component.
0 Structural. Explanations that refer to the structure of the system constraints that
cause an entity or event to happen.
o Pragmatic. %0@Di1 AT ACET T O OI OANOAOOO OEAO AAPAT A |

explanations are in reponse to eitherwhy notor what if questions.

In an empirical study using a virtual pilot cognitive modeintelligent agent, Hayneset al. found that
most explanation seeking questions (58%) were ontological, followed by mechanistic (19%), then

operational (12%) and design rationale (11%).

McGuinness and colleagues have explored explanation needs for task processing systems,
particularly with the Cognitive Assistant that Learns and Organizes (CALO, 2007). Focusing on
temporal characteristics, McGuinnesset al. [2007] articulated several types of explanation

guestions that users of task processing systems are interested in:

f  Motivation for tasks. ) T OAODPI 1T OA O1 OEA NOAOOEjahswebx EU AQ
strategies can (i) include identifying the task rguestor (attribution), (ii) indicating that the
task is a subtask that supertask depends on, (iii) indicating the task is neit-step of a task

procedure, and (iv) indicating that certain terminating conditions have not yet been met.
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9 Task status. This regards to (i) what tasks are being done, (ii) what the status of those
tasks are, (iii) whether certain tasks are not being donewhat A E A,Tadéd@v) whether any
tasks are being hindered.

9 Task history. This regards to (i) what the system has done recent}y(ii) what it has started
recently, (iii) why it did a task (in the past, as opposed to why i doing, (iv) why it AEAT & O
AT A OAOEh j06Qq Eix EO AEA A OAOGEh AT A j OEQ AI
guestions.

9 Task plans. While task histary looked into past actions, task plans looks into the future
planned actions. This regards to (i) what the system will do next, (ii) when it will start the
task, (iii) why, and (iv) how it expects to do it.

9 Task ordering. This regards to (i) why a task isbeing done before another, (ii) why some
other task has not yet been started, and (iii) what needs to be done to complete a task.

1 Explicit time questions. This regards to (i) when a task will begin, or (ii) end, (iii) when a
task happened, (iv) how longti took to complete, (v) why a task took so long to complete,

(vi) why a task is already being done instead of later.

While users of task processing systems may have many questions regarding time, they have other
information requirements before they can appopriately trust these applications. Through

structured interviews with users of CALO, Glasgt al. [2008] investigated several factors that

influence their level of trust. They used Silveiretald 8 O OA@GT I T T U r¢nmpyY | £ OO0A

to derive a Ist of question types users are interested in:

Choice: What can | do right now?

Procedural : How can | do this?

Informative : What kinds of tasks can | accomplish?
Interpretive : What is happening now? Why?
Guidance: What should | do now?

History : What havel already done?

Descriptive : What does this do?

Investigative : Did | miss anything?

=A =4 =4 =4 4 4 -4 -4 -4

Navigational : Where am 1?
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These questions are ordered by the rated importance from the interviews. While question types
defined by McGuinnes®t al. [2007] were mainly abaut time, and about the system, these questions

are about the user and his activity.

2.1.3 INTELLIGENTUTORINGSYSTEMS

While not quite expert systems to aid workers in their work, Intelligent Tutoring Systems provide
expert knowledge (of the domain or concept bieg studied) to students. The knowledge or
information can be provided via explanations.Graesseret al. have explored how students ask
guestions and derived several explanation types and reasons for question askingraesser and
McMahen [1993]four conditions when questions are asked:

1 Anomalous event . Questions are asked about the causes and consequences of an unusual
event,e.g, if someone faints in a restaurant.

1 Contradiction . Questions are asked to resolve a contradiction between two propositions,
e.g, two people who claim to be married but are not wearing wedding rings.

9 Obstacle to a goal. Questions are asked to remove or circumvent an obstacle #ogoal,e.qg,
when a car fails to start, the driver will ask why it will not start and how it can be fixa.

1 Equally attractive alternatives . Questions are asked to break a tie between a sef

alternatives, e.g, pros and cons of switching jobs, choosing different products.

From empirical analyses of questions in educational settings, Graesser and Person [4P§rouped
, AET AOOGGO frpwyxyY po NOAOOEIT AAOACI OEAO ET OI

1 Simple / shallow questions
o Verification: invites a yes or no answer
o Disjunctive: Is XY, orZthe case?
0 Concept completion: Who? What? When? Where?
0 Example: What is an example oKk?
1 Intermediate questions
o Feature specification: What are the properties ofx?
0 Quantification: How much? How many?
o Definition: What doesXmean?
0

Comparison: How is Xsimilar to Y?

OEOA
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1 Complex / deepquestions

0 Interpretation: What doesXmean?
Causal antecedent: Why / How did Xoccur?
Cause consequence:What next? What If?
Goal orientation: Why did an agent dox?
Instrumental / procedural:  How did an agent dox?
Enablement: What enabledXto occur?
Expectation: 7 EU A Ko&dur® O
Judgmental: What do you think d X?

O O O O o o o

While these questions are not specifically for endisers to ask of automated systems, many of them
are relevant (e.g, example, feature specification, comparison, causal antecedent, goal orientation,
expectation). Point and Query, an educational softare [Graesser, Langston and Baggeit993]

provides explanations to questions in terms of levels of knowledge:

1 Taxonomic knowledge: What does X mean? What are the types oX? What are the
properties of X?
Sensory knowledge: What doesXlook like? What doesXsound like?
Goal-oriented procedural knowledge: How does a person use / play?
Causal knowledge: What causesX? What are the consequences of? How doesX affect

sound? How does a person creas?

2.1.4 RELATION TQONTEXTJAWAREAPPLICATIONS

The aforementioned frameworks provide a rich design space for different types of explanations.
However, they cater to expert systems with users who carry out tasks that require expert decision
making. Contextaware applications in ubiquitous computing focus on helping ka end-users in
"everyday" activities [Abowd, Mynatt,and Rodden 2002], so their users would require a different
set of explanations. For example, we expect the functional purpose of contetare applications to
be clearer than expert systems because, &veryday products, their functional scope would be
limited. Therefore, we do not anticipate functional explanation types to be very necessary.

Nevertheless, some of these explanation types remain useful for conteastvare applications.

In this thesis, theexplanations we provide for intelligibility are mainly about the application'sline

of reasoning or mechanistic We treat contextaware applications as inference and decision agents,
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and, through intelligibility, reveal their reasoning process. We take aser-centered approach, and
therefore, also provide pragmatic design rationale explanations to explain to endisers how the
application inferred in the context of the user's goals (why not) or present understanding of the
situation (what if). While users sould not have to be overly bothered by technical terminology
when using everyday applications, to explain some of the lelying contexts and reasoning traces,
terminological explanations may be needed to help users learn relevant explanatory concepts. We
also expect users to act on the information they learn from intelligibility, but they would need to
know how they can modify or control the contextaware application. Therefore, operational

explanations would also be relevant to provide in contexaware applications.

2.2 EXPLANATIONS IND-USERSYSTEMS

Research into explanations for KBS or task processing systems tentb focus on trained or
reasonably knowledgeable users. However, explanations can be useful for novice ars#rs to

understand unfamiliar programs tog, even those that help with their everyday tasks

2.2.1 RECOMMENDEBYSTEMS

Currently, explanations of enduser systems are most accessible to people through online
recommender systems like Amazon's recommendation of products, Pandora.com's song selection

etc. Herlocker, Konstan, and RiedlZ000] describedtwo sources of errors:model/process, anddata.

1 Model/process errors are due to the limited feature space of the computational model
used;

9 Data errors are due to (i) not enough data, (ii) poor or baddata,or (iii) high variance data.

To support explanations, Herlocker et al. discuss whitbox and blackbox models. Thewhite -box
model divides the Automated Collaborative Filtering ACH system into three parts: userprofile
ratings, similarity measuresused to compare profiles, and the model omechanismof how the
ratings are combined to form recommendations. These explanation capabilities may help users
understand the conceptual model of the system, but this may not be desirable all the time,
especialy for guarding proprietary methods. The black-box model is appropriate for such
situations, and use alternative information to explain the system. Techniques include providing
information about past performancegustification (e.g. that the system was 80%orrect in the past

when recommending this), and usingexternal supporting evidenc§ustification type explanations).
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Tintarev [2007] classifies the explanation types used in recommender systems in several types
such ascase-based, content -based, collabor ative , demographic , and knowledge -based. Much
of these explain the recommendations regarding thaimilarity of the attributes of the entities of
interest (e.g, speed of camera), of the usee(g, demographic information), preference similarities

betweenusers (e.g, the user preferring low prices).

417 Agbpi1 OA OEA EiPAAO 1T &£ Agbl ATAGEITO 11k AT100I
commerce) recommendation agents (RAs)Wang and Benbasaf2007] examined the effects of three

types of explanations:

1 How explanation to reveal theline of reasoningused by the RA. This increased perceived
benevolenc® EAO OEA 2! AAOO ET OEA AiT1 O00Ii AOG6O ET OAO!
1 Why explanation to justify the importance and purpose of the RA to consumersThis
increased perceivedcompetance(performance) andbenevolencén the RA.
1 Trade-off explanation to offer objective decision guidance to help consumers identify
differences in features between products. This increased perceivadtegrity that the RA

adheres to a set of principles€.g, honesty, justice, objectivity).

Note their use of the termswhy and how differ from how they are used in the rest of this

dissertation.

Cramer et al. [2008a, b] investigated the effects of transparency in an art recommender, Cultural

Heritage Information Personalisation (CHIP) system, on user trust. They considered three versions

of CHIP: nonrtransparent, transparent (provides Why explanations listing properties the current
recommendation shares with artworks the user had previously rated positively, and OO OA 8
(showing a Confidence OAQET ¢ 1T £ OEA OUOOAI 80 OAprdvidihgAWhA AOQET T q
explanations increased useacceptanceof the system, but did not improve usetrust. Furthermore,

they found that Confidence (Certainty) explanations did noimprove acceptance or trust.

Even though thesesimilarity -based approaches are highly effective for recommender systems,
context-aware applications also use context information about the physical environment and
situation. Moreover, contextaware applicdions can use other types of models to make inferences.
From a literature survey of contextaware applications Lim and Dey, 201( and in Section6.2, we

found that the most popular models are indeed different: rules, decisiotrees, and naive Bayes
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classifiers. Therefore, while explanations have been richly studied for recommender systems,

research into explanations for contextaware applications remairs an open problem.

2.2.2 CASEBASEREASONING

Given the focus on unique and similaproducts or entities that recommender systems have,
recommender systems can also be considered as systems operating on a collection of calds.
lends itself nicely to applying techniques in CasBased ReasonindCBR) For example, Top Case
[McSherry, 2005] provides explanations todiscriminate between different cases and explainhy
one is better than another It explains in terms of attributes of the cases, indicating whether they
are the same or different for different cases, and which attributes do at affect the

recommendation.

Some research has sought to provide frameworks for explanations in CBRoth-Berghofer [2004]

describes five explanation types of [Spieker, 1991] relevant to CBR:

Conceptual explanationsto describe the meaning of concepts
Why explanationsto describe thecauseor justifications for an event
How explanationsas a special case of Why explanations to describe the causal chain of the
decision process

1 Purpose explanationsto describe the purpose of a fact or object

1 Cognitive explanations as a special case of Why explanations. The previous four
explanation types explain the physical world in which the CBR system operates on, while

these explain the processing and behavior of the system.

Roth-Berghofer describes knowledge containers(vocabulary, similarity measures, adaptation
knowledge, and casdyase) as components of the CBR system which contribute variously to these

explanations.
Sermo, F., Cassens, J., and Aani@805] identified five goals for explanations in CBR to satisfy:

Transparency to explain how the system reached the answer
Justification to explain why the answer is a good one
Relevance to explain why a strategy is relevant

Conceptualization to clarify the meaning of concepts and vocabulary

=A =4 =4 =4 =

Learning to teach the user abotithe domain
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Cassens [2008] employ problem frames [Jackson, 2000] to model explanatiorachinesand system

knowledgeto meet these goals.

CBR has also beeapplied to ambient intelligent systems €.g, [Cassens and Kofeéetersen, 2007;
Kofod-Petersen andAamodt,2003; Maet al., 2005; Zimmermann, 2003]) For example,Cassens and
Kofod-Petersen[2007], added explanation capabilities the CREEK architecturddmodt, 2004] in a
simulated hospital ward domain. For usefcentric explanations, they distinguish betveen context

awareness(inferring the situation) and contextsensitivity (acting according to the situation) and

respectively provide different explanations:

1 Elucidate why the system identifies a particular situation (contextawareness). This
explanatione@bi OAO OEA OUOOAI 8 O A OO GjusanOnhat it belietesE OE A
1 Explicate why a certain behavior was taken (contexsensitivity). This explanation points

out the relevanceof the system performing a particular action.

2.2.3 BEND-USERPROGRAMMING

End-user programming considers users whose primary task is not to program the application, but
who still do so to facilitate their task or configure the application. For example, people who use
spreadsheets to tabulate and calculate budgets can be considerend-user programmers.Ko and
Myers [2005] found that end-user programmers of theAlice programming environment [Conwayet
al., 200Q asked questions when their expectations are unmet. They askl why did questions when
something unexpected occurs andvhy A E A iq@e€ions when som¢hing expected does not
happen Ko and Myers subsequently develop the Whyline systef2004, 2009] that traverses the
program tree to generate reasoning traces within the program code to generatehy did and why
A E Adxgafations.

1  Why did the program do X?

 7EU A HhA prdg@m do Y?

Kulesza et al. [2011] developed the What You See is What You Test for Machine Learning
(WYSIWYT/ML) method that supports systematic testing of machine learning applications,
particularly for high criticality tasks. WYSIWYT/ML provides explanations of

1 Confidence to indicate how certain the ystem was of its classification

1 Similarity of how different the exampleis from previously trained data
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1 Relevance of how able the system ido perform the classification

1 History to help users track inference changeafter the users make edits

This is complementary to our approach of supportingad hoctesting of contextaware applications,

where endOOA OO OAOAT AEPEOT 001 U 1 AAOT Aukés@é sdmeE dnd ADDI EA
users will take the effort to perform such a rigorous test. We do not assume such enthusiasm and

effort of end-users, and explicitly measure their usage in our study described in Chaptér As
demonstrated with WYSIWYT/ML [Shinseket al., 2011], explanation and testing facilities can also be

EAI DEOI &£ O | 01 OEPI-ROTCOVMODAEOE ABOOEAQA OODEAEOOA 1 4
collectively improve the behavior of a machine learning system. However, viecus on singleuser or

single-viewer use of intelligibility in this thesis.

Although machine learning is becoming popular for developers of intelligent adaptive systems, it still
remains difficult for developers to understand and debug their programs. Patet al. has investigated
the classification pipeling[Patel et al., 2008], and developed several toolse(g, Gestalt [Patelet al.,
2010], Prospect [Patelet al., 2011]) to help developers implement classifiers and analyze their data.
Although the applications investigated were for endusers, Patelet al. focused on supporting
programmers familiar with machine learning. We focus on endisers with no knowledge of machine

learning in this thesis.

2.2.4 INTELLIGENT AMEDAPTIVEJSERNTERFACES

Intelligent and adaptive user interfaces are closely linked to contexaware, but typically describe
desktop-based applications,e.g, spam filters, email sorters, or office application assistants. They
typically perform user modeling to understand the user needs and adapteordingly. To increase
their predictability to end -users, H66k [2000] argues for useradaptive systems to bdransparent.

She describes thregylass boxevels from [Brown, 1989]:

1 Domain transparency for the user to see the application domairor concepts elevant to
the system
Internal transparency for the user to see the internal workings of the system, and
Embedding transparency for the user to see a whole picture of how she relates to the

system.

Myers et al. [2006] apply the Whyline explanation types why did and x E U A Etd\ énd-Ser

OAOAOUAAUG DPOI ABABEOEOU O1I 11 06 xEOE OEA #OUOOAI £m&O
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text editor that has autacorrect features. Following this question-asking approach, Kuleszat al.
[2009] investigated the provision ofwhy 8 and why not 8 explanations for an email client that uses
the naive Bayes machine learning classifier to sort email. Due to the probabilistic nature (rather
than deterministic or rule-based) of thenaive Bayes classifier, reasoning trasewere not used for
the explanations, but a representation of weights from various inputs (keywords). Explanations

were provided as a ich visualization of bar charts

Kuleszaet al. [2012] explored whether endusers can quickly build and recall sound strctural mental
models of an intelligent music recommender system. They found that scaffolding with a human tutor
can help endusers to build mental models with greater soundness, and allow them to subsequently
better operate the system. Even though the sffalding was not done through the system interface,
this gives evidence that enelusers can learn to better and effectively understand such complex
systems. In this thesis, we minimize scaffolding via human tutors or instructions, such that enders

learn about the system behavior and inference through the intelligibility provided via the interface.

2.2.5 RELATION TQONTEXJAWAREAPPLICATIONS

It is intuitive that end-users would also ask why and why didn't questions for other "everyday"
applications, and, in theproposed thesis, we take this approach of providing explanations to these
guestions, but generalize it for contextaware applications. Our work leverages some explanation
techniques from Kuleszaet al., extending them to explain physical contexts that ammore relevant
for context-aware applications. Furthermore, the overall approach in endiser programming is to
allow the enduser to debug the application when it behaves inappropriately. We broaden the use
of explanations to be used in more situations, @n when the application is functioning

appropriately.

2.2.6 UBIQUITOUBNDCONTEXTAWARECOMPUTING

Contextaware applications for ubiquitous computing present new challenges for providing
explanations to endusers. These applications wouldpenetrate everyday lie and have awide
impact on endusers [Abowd, Mynatt, and Rodden, 200R Furthermore, many of these systems
would automatically gather information (contexts) about the user and environment andnplicitly
take various actions Pey, Abowd, and Salber, 2091( | x AOAOh OOAE AAOEOEOU Al 1l
OEA OOAOB6 Pweisér e Brwk CLA9T, without much transparency, can belisconcerting

to users who may like to know how their information is béng used.
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Bellotti and Edwards 2001] state that contextaware applications must be intelligible: being able to

OOADPOAOAT O vihatthéyknbE, Aow the) AnOvDit, and what they aredoingA AT O Ohefg 08 6

proposed a framework for intelligibility and accountability including four principles:

1. Inform the user of current contextual systencapabilitiesand understandings
2. Provide feedback including:
1 Feedforward : What will happen if | do this?
1 Confirmation : What am | doing and what have | done?
3. Enforce identity and action disclosure particularly with sharing restricted information:
Who is that, what are they doing, and what have they done?
4. Provide control (and defer) to the user, over system and other user actions that impact her,

especially in cases of conflicts of interest.

In this thesis, we cover aspects ahe first two principles exposing the application capabilities by
OAl AAOET ¢ OAI AGAT O ET & Oi AGETT AT A ET & Oi ETC 060,

generating explanations. We also support feedback through various explanation types.

2.2.6.1 INTELLIGIBL®ONTEXTAWAREAPPLICATIONS

A simple form of intelligibility is to show the Certainty T £ OEA ADDBPI EAAQOET 160 ET £EA
colleagues showed that uncertainty improved task performance speed of participants when

certainty is high [2004], and that paticipants verified automatic settings made by a contexaware

system less often when its certainty was high or medium [2005]. In studies of presenting location

information [ Dearmanet al., 2007;Lemelsonet al., 2008], visualizations of location certaintywere

found to improve user performance with locatiorbased services.

Some earlyintelligible context-aware applications provide endusers with a modest amount of
explanations to give them insight mainly by providingtransparency (showing the application's
underlying state ) and traceability (showing reasoning trace ) information. Cheverstet al. [2005]
investigated how much users would want to know about rules governing a contexware system
and whether to control it. The system takes actions depending on etext changes (and history) and
the user model (e.g. preferences)and displays to users itgules of a fuzzy decision tree and its
certainty about the inference McCreath, Kay, and Crawford [2006] explored the difference in
scrutability of different machine learning classifiers (sender identity, keywords, THDF, decision

trees, naive Bayes) in their IntelligentElectronic Mail Sorter.The Daily Activities Diarist [Metaxaset
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al., 2007], an awareness display to support aging in place (like the Digital FdynPortrait [Mynatt et
al., 2001]), employsnarratives complemented with graphical visualizationsto provide semantic cues
and explanations. Tullio et al.'s interruptibility displays [2007] explain how they determine a
manager's interruptibility by exposing the values of sensors in the manager's roonPanoramic
[Welbourne et al., 201Q provides reasoning trace , location status, andhistory explanations to
explain location events through a visualization of parallel timelines of sensed and rutdetermined
events. Vermeulen et al. explored several interfaces to provide intelligibility in ambient intelligent
(Aml) environments. They projected trajectory visualizations along the wall of an Aml room,
tracing the application operation from sensor input €.g, camerl motion sensor) to actuator output
(e.g, room light) [Vermeulen et al., 2009] The PervasiveCrystal Yermeulen et al., 2010] also
explains for processes in a smart environment by providingVhy and Why Not explanationsfrom a

mobile screen display

2.2.6.2 FRAMBNORKS TO SUPPORMELLIGIBILITY GONTEXTJAWARECOMPUTING

Some frameworks and toolkits have also been developed to provide wider support for intelligibility
in context-aware applications.SpeakEasy [Newmart al., 2002]supports querying and displaying
of the states of devices(PCs, printers, projectorsetc.) in an environment, allowing users to
discover if they are available, they have faileatc. PersonisAD Assadet al., 2007 defines a
distributed framework to support explanations by resolvingidentities and associations of
devices, locations, peoplestc. It makesuser modelsscrutableso that users can control which parts
of their user model can be private or public and visible to the sensing environmermRersonisLF
[Barua, Kay, and Kummerfeld2011] extends this concept of scrutability to lifelong personalization
and adds capabilities to controforgetting information. While this is important for deployed
systems, this thesis does not cover the scope of longitudinal use of intelligibilityardian et al.
[Hardian, 2006; Hardian Indulska, and Henricksen2008] addeda Logging andFeedbackLayer
along with aQuery Interfaceo the Pervasive Autonomic Contexaware Environments(PACE)
middleware [Henricksenand Indulska, 2006] toreveal elements hat influence application
behavior. However, as pointed out by Fong [2010], these componergspose information that is

too low-level and overly technical.

Dey and Newberger 2009] provide the Enactors toolkit to support intelligibility and control in
context-aware applications by adding the Enactor component to the Context Toolkit. For
intelligibility, it allows applications to provide input context values, andreasoning traces . For

control, it exposes parameters that the Ul layer of the application canlav users to interact with
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and manipulate. This thesis extends the scope of intelligibility to allow users to ask more guestions
of the application's state and inference mechanism. For example, users would be able to ask about
an anomaly with a Why Not qustion, and ask about a possible future scenario with a What If

guestion.

Vermeulen [2010] proposed to explore the design space for providing and presenting intelligibility

in Ubicomp systems along the dimensions of:

timing 2 before, during, or after an gent

generality 2 general, or domainspecific

degree of co-location ? whether intelligibility is provided in the same Ul or separately
initiative 2 user, or system initiated

modality » visual, auditory, haptic

=A =/ =4 =4 4 A

level of control 2 not controllable to fully programmable

This thesis takes a different approach to investigate intelligibility in contextaware applications.
Rather than explore multiple presentation styles for intelligibility, we have explored the provision
of intelligibility from an information-centric perspective. Endusers are considered information
consumersof explanations, and intelligible applications as informationproviders through the
explanations they can generate, and present. Presentation styles are definitely important for the
effective assimilation of explanations and conveyance of intelligible information, but we have
treated finding the best solutions for presenting explanations in different applications mainly as a

design exercise.

Inspired by our taxonomy of explanation types (se€hapters4 and 6), TOSExp (TinyOS Explained)
[Bucur, 2011] supports intelligibility in embedded contextaware applications by providing static
explanationsto explain thelnputs values andOutputs range of the applicationand What If and How
To explanations that describe hypothetical behaviors of the applicatiorit operates at an embedded
systems level to provide bitaccurate explanations that while being very precise, may suffer from a
lack of use-friendliness by being too low level or too detailedThis thesis focuses on systems and
applications at higher programming abstraction layers i(e, application logic) and also prioritizes

explanations that are more usable for endisers.

Targeting end-user preference models for contexdaware systems, Fongt al. [2010, 2011] developed

an intelligible preference modeling approach that expresses preferences in terms oftlifen-else rules.
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Their system can generate explanations to questions #hat, Why, Why Not, How To, andControl .
As such, this is limited to preference modeling and rules. In this thesis, we do not restrict our
contributions to just rules and include machine learning models and models for other purposes, such

as activity recognition.

Metaxas [2010] investigated supporting intelligibility in the Contextual Range Editor (CoRE) for end
users to configure rules for awareness systemsie consider rules presented in text templatesand
whether to present the rules indisjunctive normal form (DNF) o conjunctive normal form  (CNF)
depending on theaffinity of logical terms €.gh OAOEOET ¢é6 AT A OOOI 1T EI Co6
00011 ET Cé AinKhafdd6l wekalsd oprside8 DNF for representing explanations dfiles,
AT A AAT ET OACOAOA - AOA@PAOG A£ETAET CO xEOEET OEA

2.2.6.3 INTERPRETABMEACHINHEARNING

Machine learning is a popular technique to enable inference and activity recognition in many
context-aware applications (see reiew in Chapter 6). For example, machine learning is used to
recognize what activity an occupant in the home is performing [van Kastereat al., 2008]. To
support intelligibility in these applications using machine learning models, these inference models
will need to be intelligible too. Indeed, much work in the artificial intelligence and machine learning
computing community have sought to make these modelsterpretable. In this thesis, we focus on

explanationsfor the inference process rather than the learning or training process.

Some learned models are trivial to explaing.g, decision trees that can be transformed into rules)
by just traversing through the program branches to provide reasoning traces. Soneained models,
in particular additive classifiers (e.g,Naive Bayeslinear Support Vector Machine (SVM), and Linear
Regression, are less intuitive, but still relatively easy to make interpretabled.g, Mineset[Brunk et
al. 1997], Nomograms [Mozina et al., 2004]; ExplainD [Poulin et al, 2006]). These explanation

methods present visualizations to users and indicate decision processes based on weights placed

EA

AEO A

iIT AEEZAOAT O AAAOOOAOB 4-BR0A Al ADOPAEAGD HPAOABPARA

Networks) that are not directly interpretable. One way to try to make themreasonably
interpretable is by using casebase reasoning to provide an alternative explanation [Nugent and
Cunningham, 2005],and another way is to extractrules from them [NUfiez, Angulo, and Catalg
2002; Tickle et al., 1998].



28 OHAPTER2 | RELATEDWORK EXPLANATIONS INNTELLIGENTSYSTEMS

2.3 SUMMARY

In summary, much research investigating the provision of explanations in intelligent systems have
demonstrated a positive impact on user understanding and trust. Research in the domain of
context-aware computing is also nascent and has shown some promise, but more work is required
to provide stronger support for intelligibility and gain better insight about how intelligibility
impacts users. This thesis proposes to deepen this research, and providencrete contributions
towards providing intelligibility in context -aware applications. In theChapter 3, we describehow
the nature of contextaware applications pose research questions for providing intelligibility, and

desctribe the taxonomy of explanations we investigated tanswer these questions in tie thesis.
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3 EXPLANATIONYPES FOR
INTELLIGIBILITY

In Chapter 2, we reviewed the different types of explanations provided in various intelligent
systems. In this chapter, weintroduce the research questions that have driven our investigation
and then describe the taxonomy of intelligibility explanation types we have developetb make

context-aware applications intelligible.

As mentioned in the earlig section, contextaware applications useimplicit sensing andintelligent
inference to determine the user's context so as to perform appropriate actions. Fotbicomp
systems, contextaware applications havebeen primarily developed to support everyday adivities,
such as tracking the user's physical activity to monitor her exercise, recognizing activity in the
home to provide timely medical assistance, determining her availability to others, providing
recommendations based on where she is and what shedsing, reminding her to pick up the milk
when she is located at the grocery storestc. They sense implicitly to minimize obtrusiveness and
interruption to the user; they automatically sense the situation rather than requiing the user to
manually tell them what is happening. Contexaware applications are increasingly using
sophisticated inference mechanisms due to the growing complexity of contexts they need to
understand, particularly for activity recognition. For inference, they use big rule sets and rohine
learning algorithms to handle diverse situations, and to be more robust to excejpnal cases. All

these improvethe accuracy in properly and calmly understanding the user's context.

Unfortunately, these two factors of implicit sensing and intelligeninference also make context
aware applications difficult for end-users to understand. This is particularly problematic when the
applications behave inappropriately or unexpectedly. In such cases, conteaivare applications no
longer remain invisible to the user's experienceinstead, they become puzzle. The userdecome

frustrated if they cannot understand what has happened and why the applicationbehaved
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unexpectedly. Eventually, thislack of understanding would lead to aloss in trust in the system's
inference and behavior, and the eventual abandonment of them. Without a proper understanding of
how context-aware applications work, usersmay also not be able to effectivelycontrol them to
improve their performance for subsequent situations. Thereforejt is crucial for context-aware
applications to be intelligible, so that they can explain what they sense and how they are inferring

about the users' contexts.

3.1 RESEARCQUESTIONS FAORTELLIGIBILITY

Starting with a broad idea of intelligibility from Bellotti and Edwards R001], we defined
intelligibility for a context -aware applicationas the abilityto answer or explain questionsthat users
could ask.Giventhe implicit actions that context-aware applications take, ad-users may not know
what the application is doing, let alone assess whether it has performed appropriately. Hence, it is
important for applications to make their action state explicit and providefeedbackof what they are

doing. This is supported by providing an explanation or answer to the @stion:
1. What is the current value of the context?

Continuing with the usercentric perspective of answering intuitive questions, v draw from the
guestion-answering approach of the Whyline Ko and Myers, 2004, 200p with just why and why
not questions. Ore can easily imagine a confused, exasperated, or inquisitive user asking the

following questions:

2. Why is this context the current valuex?
3. WhyNot:xEU EOT 60 OEEO Ail OA@O OAI OA 9h ET OOAAAe

Why asks what factors caused or influenced the inference outcomand Why Not asks why an
alternative inference was not made. In a similar manner as the Whyline, we answer these questions
by providing mechanisticexplanations that specifically describe the inference over the instance the
end-user is asking about. Note tht we do not enforce a particular structure of explanations to
answer these questions. They could be answered witlule traces(line of reasoning) or some other
structures. We do not explain these in terms oflesign rationaleor purpose which relate to the

underlying assumptions, conceptsgr objectives driving how the application behaves.
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As an extension of Why and Why Not questions, engers may want to ask questions relating to
the general rules or model under which the application makes inferences. iBhcan allowthe users
to generalize their understanding of how the application works to bettempredict future behavior.

Specifically, we provide explanations for the questions:

4. How To:when would this context take value Y?

5. What if the conditions are different, what would this context be?

How To explanations are a generalization of Why explanations, btliey do not specifically target
any instance. In terms of rule traces, this explanatiotype can be expressed by listing all traces that
achieve the desiredinference. What If explanations support thefeedforward type of feedback,

where end-users can investigate what the application will do in a future or hypothetical scenario.

We began our investigation of providing intelligibility in contextaware applications with this initial
set of five explanation types.This thesis aims to show that intelligibility can improve user
understanding and trustof contextaware applications.We would especially like to show this with
the scope of intelligibility that we havedefined based on multiple question types. Specifically, our

first investigation sought to answer the research question:

RQl DOES INTELLIGIBILITYHELP USERS IMPROVEHEIR UNDERSTANDINGN® TRUST OF CONTEXT

AWARE INTELLIGENT STEMS

Even though this has ben proven true with narrower forms of intelligibility (transparency,
scrutability, etc) in related work, we explored how supporting the various question types
independently affect user understanding and trust in contexaware applications. Our work,
presented in Chapter4, shows that providing some explanation types (Why and Why Not) are more

effective than others in improving user understanding and trust.

These successful results from our first study showed thaproviding intelligibility is a promising
avenue for research. Next, we sought to carefully explore the scope of questions that users would

ask of contextaware applications. Specifically:
RQZ2 WHAT ARE THE INTELLIBILITY NEEDS OF ENDSERS IN CONTEXAWARE APPLICATION

Answering this question will helpto ensure that the intelligibility we aim to provide will be relevant

to users andcan better satisfy their informational needs. In work presented in Chapter 5, we
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conducted wser-centered, empirical research to elicit what information users wanted to know of
context-aware applications when the applications behaved under various situations. Wedentified

more explanation types, and expanded our taxonomy efkplanationtypes.

To improve end-users awareness of what the application knows, much previous work in adaptive
or context-aware applications have investigated the principle of making the application
transparent. One way to support transparency is to fully reveal the internainput state of the

application. This answers the question:
6. Inputs : what factors and valuesaffect this context?

One could distinguish between naming the inpusources and thevalue taken by each input at the
time of interest. Users are also interested ithe range and diversity of actions or responses that
context-aware applications. Considering an application model as an inpaiutput functional model,

this supports the explanation for the question:
7. Outputs : what other valuescan this context take?

Given he ambiguity and uncertainty in sensing and inference, contexaware applications are not

necessarily deterministic in their decision logic. Hence, users are also interested in asking:
8. Certainty : how confident isinference of this value?

With increased knowledge and understanding of the applications, users will also want to be able to

reconfigure or control the application to improve its behavior. This asks the question:
9. Control: how can | control the application to improve it?

Finally, we determined some drcumstancesin which users asked for information additional to
what the contextaware application may model for its function. For example, wanting to see a video
capture of the room where an elderly family member was detected to have fallen. Providing shi

extra information helps answer the question:

10. Situation : what else is happening in this situation (not about the application, but about the

circumstance)?

Similarly, users want to know if the application hataken other actions meanwhile:
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11. What Else: what else did the application do?

With the study described in Chapteis, weidentified which explanation types users aslof context-
aware applications However, it remains difficult for application developers to implement
intelligi bility in context-aware applications, especially with such a wide range of explanation types.

This brings us to the next research question:

RQ3. HOw CAN WE SUPPORT EHIMPLEMENTATION OFINTELLIGIBILITY IN ©ONTEXFAWARE

APPLICATIONS

We chose to provide tolkit support for developers to easily add intelligibility to their context-
aware applications Chapter 6). We developed the Intelligibility Toolkit that provides extensible
components to support the automatic gneration of explanations, and mechanisms to process the
explanation information into simpler forms that end-users may easily interpret. However, this
technical contribution did not provide final solutions to how the explanations should bepresented

to end-users. This leavesinaddressedthe next research question:

RQ4 HOW CAN WE DESIGN IRLLIGIBILITY FOR COREXT-AWARE APPLICATION TBE USABLE FOR END

USERS

We answer this question with a thinkaloud usability study described in Chapter7, where we
designed, A [ ©dbimplex contextaware application that uses multiple input contexts and various
rules and machine learning classifiers.This application was implemented as an interactive
prototype for participants to engage with.In this study, we explored seveal design principles for
intelligibility, and evaluated how users interpret explanations from an intelligible contextaware
application. Our findings provide insights and design recommendations for providing usable

intelligibility in context -aware applicaions.

We considered contextaware applications with inference models that infer a certainty distribution
over multiple Outcomes.Instead of a single What value, there can be a nearero Certainty of
inferring eachof the possible Output values. We suppognd later manifest this as an aggregation of
explanations Outputs + Certainties. An alternative point of view is that the What explanation is

extended to include a range of output values.

12. Outputs + Certainties : how confident isinference of all possiblevalues?
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As we investigate providing explanations with a realvorld interactive prototype, new explanation

types becane more relevant and important, mmely:

13. When: when was the context inferred as this value?
14. History : what was the inference at an earlier time T? Why did it make that inference at

time T?Etc.

Historical explanations can helpto provide users with a confirmation of what they and the
application have done in the past. Furthermore, explanations about history include not just the

inferred value atthat time, but alsoany other eventdependent explanatiors about the event

As contextaware applications begin to use esoteric sensors and features for inferencge also
include textual descriptive information to help endusers to learn the terminology used by the

application and key concepts
15. Description : what is the meaning of the context terms and values

Description explanations can also be used fastify the behavior of the application by describing the
implications of various context values, and éscribe the rationale for the application to consider

various features or inference mechanisms.

At this stage, we investigated how to provide intelligibility through gathering requirements,

providing technical support, and recommending design principles. fis allows developers and

designers to more easily and carefully implement, provide, and present intelligibility in context

aware applications. This alscenablesus to explore our hypotheseson the impact of intelligibility

with more realistic intelligible context-aware applications. Logically, we next address research

guestions relevant to evaluation in light of realistic issues. One concern is that conteavare

applications are not always certain of what they infer, and providing intelligibility may notbe

helpful when they are uncertain. This could be because users leathAT 0O OEA ADPDI EA,

weaknesses This brings up the research question:

RQS. WHEN IS INTELLIGIBILTY HELPFUL AND HARMR FOR CONTEXAWARE APPLICATIONS NWH

DIFFERENT CERTAINTS?

We onducted a large online controlled study with a betweersubjects experiment design to

investigate the interaction effect of providing intelligibility and of application certainty on user
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impression of two contextaware applications. This is described in Gipter 8. We found that above
a threshold of about 80% certainty, providing intelligibility improves user impression of the
application performance. However, below that threshold,providing intelligibility harm s user

impression because it reveas the weaknessesof the application.

This result deepens our earlierfindings in Chapter 4, and consides nuances in the impact of

intelligibility in context -aware applications. At this point, nuch of our work on evaluating

intelligibility has £ AOOAA 11 NOAOOEITT AEOA OOOAEAOG AT A 0D,
fictitious context-A x AOA ADPDBPI EAAOET T 08 7 E OE7),0E fough th [ndehse b O O1 O
realism in investigating intelligibility with an interactive prototype. However, intelligibility was

OET xT OAIl xAUO 1106 O DAOOEAEDAT 6O6h O1 Ommidgs xAOA

forward the question:

RQ6. EVEN IF INTELLIGIBITY CAN IMPROVE WEER UNDERSTANDING ANIRUST, WILL USERS WANT TO

USE IT, AND, IF SQHOW MUCH

We address this question with the study described in Chapted. Using a quasfield experiment
with four scenarios, we let particpants freely use a fully interactive intelligible contextaware
application on a mobile phone. We logedtheir usage of the intelligibility features, and interviewed
participants to evaluatetheir understanding of the application behavior. We found that paicipants
do use intelligibility without prompting, and that more extensive and deeper usage helps theno

better understand the application behavior.

3.2 TAXONOMYOFINTELLIGIBILITBXPLANATIONYPES

We have introduced several explanation types in the pregus section, and in our empirical study in
Chapter5. Here, we summarize these into a framework of explanation types for intelligible context

aware applications.



Explanation Type Question Explanation
What Top Value | What is the inferred value? Shows the \alue of the inferred output.
s/%‘lﬁzl;t Outputs What are the inferred values? Lists multiple other likely alternative values.
What Else | What else (other actions) did the application do? Informs what other actions the gplication is simultaneously
doing.
Certainty | Top What is the confidence of inferringthe current value X? | Shows theCertainty of inference.
Certainties | What is the confidence of inferring all possible values?| May include certainties of inferring othervalues.

When When was valueXinferred? Indicates the ime that the inference was made.

Why Why was valueXinferred? With the Intelligibility Toolkit, this explanation can be provided as &
Rule Trace or as Weights of Evidence.

Describes the triggered rle(s) or weights of evidence for the
inference.

Why Not Why was valueY not inferred? Sameformat asWhy.

Describes the untriggered rules or difference in weighs of
evidence for why an alternative valueY was not inferred.

Input Values What are the factor values / What is the input state? Describes the values of all input factors.
Situation What else is happening with the situation? Provides a descriptionor playback of the recordedground truth to
What is the ground truth? convey a richer pictureor experienceof the situation.

E.g, showing a video of the sensed scene, providing an audio
recording of the sound recognition source.

History* *Provides the same range of explanations, but for a historical event or inference at a specific time in the past

Table 3.1. Dynamic instance -based explanation types explaining the inference of a specific event . These explanations will differ

for every instance the application acts.

ALITIGIDITTILNJOSA S3dA INOILVYNY 1dXd | cd31dVHD 98



Explanation Type

Question

Explanatio n

What If What will be the inferred value, if the input values are | Provides a hypothetical What or What Else answer given user
W? queried input values.
Requires user input to specify / constrain some input values.
How To How can | get the application tanfer Y? Similar format as Why, but
Explains in terms of an alternative output valueY, instead ofX
How To If How can | get the application to infefY, given a subset| Similar format asHow Tq but

of input valuesW?

Requires user input to specify / onstrain some input values.

Control | Parameter

What parameters can | change to control the

Describes howto control and adjust parameters or attributes to

Values application behavior? change the application behaviofe.g, in a manner exposed ifiDey
and Newberger, 2009).
We do not cover this explanation type in this thesis

Rules / Model | What rules or settings can | change? Describes how to add/edit rules or the model.

We do not cover this explanation type in this thesis.

Table 3.2. Dynamic general explanation types explaining the inference model of the context -aware application .
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Explanation Type

Question

Explanation

Inputs Factors

What factors / sources influence this inference?

Lists all input factors / sourcesfor the application.

Outputs (Options)

What are the possible output values for this
inference?

Lists all possible values or actions that the application may
produce or perform.

Description

Terminology | What does this term mean? Provides a textualdescription of a term or concept.

Justification | What is the implication of this value? Provides a textual description of the implication of a context value.
Egh A EECE OOAOEI AO 1T £ 3EI AT AA
talking noise because speech hasore relative silence than voices.

Rationale What is the rationale for this inference? Provides a textual description of the rationale of a process, rule, of

inference mechanism.

E.g, the application considers sound activity when inferring
availability because you may be in an impromptu meeting, and it
detects your talking, even though your calendar is open (no eventg

scheduled).

Table 3.3. Static general explanation types explaining the inference model of the context -aware application . For a static (fixed)

model, these explanations will always be the same.
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In the next chapters (4 to 9), we describe in detail the pieces of work that have been compéet for

this thesis.
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4 INVESTIGATING THE
INTELLIGIBILIDFQUESTION
TYPES

This chapter is an extension of the work presented in:

Lim, B. Y., Dey, A. Kand Avrahami, D.(2009). Why and Why Not Explanations Improve the
Intelligibility of Context-Aware Intelligent Systems. InProceedings of the 27th international
Conference on Human Factors in Computing Systems (Boston, MA, USA, Ap€if02009).
CHI'09 ACM, New York, NY, 2112128.

This publication was a best paper honorable mentiorfor a CHI '09

ABSTRACT  Contextaware intelligent systems employ implicit inputs, and make decisions based

on complex rules and machine learning models that are rarely clear to users. Such lack of system
intelligibility can lead to loss of user trust, satisfaction and a@ptance of these systems. However,

AOOI I AGEAAT T U DPOT OEAET ¢ Agbi AT AGETT O AAT 6O A O0OUO
problem. In this chapter, we present results from a controlled study withover 200 participants in

which the effectiveness of dferent types of explanations was examined. Participants were shown

AgAi D1 A0 T £ A OUOOAI 60 TPAOAOEIT AIT1T ¢ xEOE OAOE
then tested on their understanding of the system. We show, for example, that explanations
describing why the systembehaveda certain way resulted in better understanding and stronger

feelings of trust. Explanations describing why the systerdid not behavea certain way, resulted in

lower understanding yet adequate performance. We discuss implidans for the use of our findings

in real-world context-aware applications.
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4.1 INTRODUCTION

This chapter describes an investigation of a number of mechanisms for improving system
intelligibility performed using several controlled online lab experiments. To inwestigate these
intelligibility factors and their effects, we defined a modebased system representing a canonical
intelligent systemunderlying a contextaware application, and an interface with which users could
learn how the application works. We recruied 211 online participants to interact with our system,
where each one received a different type of explanation of the system behavior. Our findings show
that explaining why a system behaved a certain way, and explaining why a system didt behave in

a dfferent way provided most benefit in terms of objective understanding, and feelings of trust and

understanding compared to otherexplanation types.

In this chapter, we first define a suite of intelligibility explanations derived from questions users

may ask of a contextaware systemand that can be automatically generatedWe then describe an

online lab study setup we developed to compare the effectiveness of thesgplanation types in a

quick and scalablenanner. Next we describe the experimental setup sl to expose participants to

our system with different types of intelligibility and the metrics we used to measure understanding,

AT A OOAOOGS DPAOAADPOEIT T 1 £ préserd®® bxperdierts inOihiBBAV@O OAT AET
investigated these factors, elaboraing on the results and implications. We end with a discussion of

all of our results and plans for future work.

4.2 INTELLIGIBILITY

Contextaware systems carconfuseusersin a number of ways. For example, such systems may not
have familiar interfaces, and uses may not understand or know what the system is doing or did.
Furthermore, given that such systems are often based on a complex set of rules or machine learning
models, users may not understand why the system acted the way it did. Similarly, a user may not
understand why the system did not behave in a certain way if this alternative behavior was
expected. Thus, our focus in the work presented here is on explanations that can be regarded as

reasoning traces.

While a reasoning trace typically addresses the ugstion of why and how the application did
something, there are several other questions that endsers of novel systems may ask. &/chose to

following initial set of intuitive questions (adapted from Dourish, Adler, and Smith, 1998:
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What: What did the g/stem do?

Why: Why did the system do W?

Why Not: Why did the system not do X?

What If: What would the system do if Y happens?

a pr w D kE

How To: How can | get the system to do Z, given the current context?

Throughout this chapter we will refer to these as our fiveintelligibility question types, and the

explanation addressing each of them aan explanationtype.

.1 O AT AAOGAOEAAA Oxi ¢cOI £#60 OADPAOAOET ¢ ONOA&Od CT Al
1988]. Explanations that answer questiondVhat, Why, andWwhy Na address thegulf of evaluation

i OEA OAPAOAOCEIT AAOxAAT OEA DPAOAAREOGAA EOT ACEITAII
expectations), while explanations answering questiondVhat If and How To address the gulf of
execution(the separation betweenx EAO AAT AA AT T A xEOE OEA OUOOAI ¢/
that). With a partial conception of how a system works, users may want to know what would

happen if there were some changes to the current inputs or conditiondA(hat If). Similarly, given

certain conditions or contexts, users may want to know what would have to change to achieve a

desired outcome How To).

This chapter deals with providing and comparing the value of explanations that address four of
these intelligibility questions to investigate which of these explanations benefit users more. We
label theseexplanation types: Why, Why Not, What If, and How To. Since the system we developed
to evaluate the value of explanations, already explicitly shows the inputs and output of the system
(see nex Section on Intelligibility Testing Infrastructure), we did not investigate the What

explanation.

4.2.1 HYPOTHESES
7A EUDPT OEAOEUA OEAO AEAEEAOAT O OUPAO T &£ Agpbpi AT AOD
experience:understandingof the system andperceptiors of trust and understanding of the system.

We will now present our hypotheses about each of these intelligibility questions.

Why explanations will support users in tracing the causes of system behavior and should lead to a

better understanding of this betavior. So, we expect:

H1: Whyexplanations will improve user experience over having no explanationd\one).
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Why Notexplanations should have similar benefits toWvnyA @1 AT AQET T 6N ET xAOAOh
apply Why Notexplanations may not be as straiglibrward. There may be multiple reasons why a

certain outcome did not happen; while a why explanation may be a single reasoning trace (or at

least a small number of possible traces), a why not explanation is likely to contain multiple traces.

Given this conplexity, users will require more cognitive effort to understand how to apply the

knowledge, and may do so poorly. As such, we expect:

H2: Why Notexplanations will (a) improve user experience over having no explanationsNone),

but (b) will not perform as well asWhy explanations.

Explanations for How To and What If questions would have to be interactive and dynamic, as they
depend on example scenarios that users define themselves. Receiving these explanations should be
better than receiving none at allHowever, given that novice enelsers are unlikely to be familiar
with a novel system, they may choose poor examples to learn from, and learn less effectively than

the Why explanations. So we expect:

H3: How Toor What If explanations will (a) improve user experience over having no explanations

(None), but (b) will not perform as well asWhy explanations.

Hypotheses Experiment 1 Experiment 2
H1 None < Why None < Why None < Why
H2a None < Why Not None < Why Not None < Why Not
H2b Why Not < Why I TA B 7EU . ITTA s 7EU
H3a None < (How To, What If) CTTA B (7 x
H3b (How To, What If) < Why (How To, What If) < Why

Table 4.1. Summary of hypotheses and results regarding the effect of explanation type on
user experience (understanding and trust) 8 re@rts no significant difference (p=n.s.); &3

means we hypothesize either a lower user experience or no difference .

To test these hypothesegsummarized in Table 4.1), we created a tesbed that allows simulating
different types of intelligent systems and testing different explanation types. We describe this

testing infrastructure next.
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4.3 INTELLIGIBILITY TBSFPLATFORM

We developed a generalizable web interface #t can be applied to various application domains to
study the effect of the various mechanisms for providing intelligibility. Users interact with a
schematic, functionalintelligible system that could underlie a contextaware application: it accepts

a setof inputs (e.g.Temperature, Humidity), and uses a model (for example, a decisidree), to
produce a single output €.g, Rain Likely, or Rain Unlikely). Users are shown different instances of
inputs and outputs and can be given various forms of explanatis (or no explanations) depending
on what explanation type is being studied. To users who do not receive explanations, the system

appears as a black box (only inputs and the output are visible).

This infrastructure allows us to efficiently and rapidly investigate different intelligibility factors in a

controlled fashion and closely measure their effects; further, the online nature of the infrastructure
allowed us to collect data from over two hundred participantsThe design also has the advantage of
being generalizable to a variety of different domains simply by relabeling its inputs and outputs to

represent scenarios for those domains.

4.3.1 TESTPLATFORMMPLEMENTATION

The web interface was developed using the Google Web Toolkgogler 8 7 A 1T AOAOACA 1]
Mechanical Turk infrastructure [Amazon to recruit and manage participants and manage study

payments by embedding our study interface in the Mechanical Turk task interface. Users found our

study through the listings of Human Intelligence Task¢HITs), and after accepting our HIT, they

participated in the study and interacted with the system.

The user encounters several examples of system inputs and output (sEmgure 4.1). He first sees

the input values listed and has to click th®©® %@ AAOOAS AOOOI T O OEA OUOOAI
7EAT EA EO AT A OOOAUEI ¢ OEA AgAipi Ah EA AT EAEO O
on the explanation condition the user is in, he may receive an explanation about the shown

example.
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Sensors Activity
(Inputs) Example 7 output Prediction)
t
Body Temperature [ 4 | hapr 95% accuracy
& L Not
Heart Rate = (S Exercising
Pace L —
Mext Example
Explanation
Activity predicted as Not Exercising because Body Temperature = 5.0, and Pace =
30
Notes
Feel free to make notes as you work with the system_ It will remain from instance to
instance.
I

Figure 4.1. Screenshot of the interface for our intelligibility testing infrastructure.

We modeled our testing infrastructure on typical sensotbased contextaware systems that make
decisions based orthe input values of multiple sensors. Many of these sensors produce numeric
values and the applications change their behaviors based on threshold values of the sensors. For
example, a physical activity recognition system could look at heart rate and wallgrpace. To keep
our experiments and the task reasonably simple for participants we restricted the system to three
input sensors that produce numeric values, we used inequalitjased rules to define the output
value, and constrained the output to belongingo one of two classes. In Experiment 1, for example,
we defined two inequality rules that consider two inputs at a time (sedequation (4.1)). Since we
did not want the lack of domain knowledge €.g, that the body temperature carrise from 36.8 to
opy8ocJ# xEAT xAECEO 1 EAOEI Ccq O AEEAAO QLAODOS OT A
arbitrary scale of integer values: Body Temperature from 1 to 10, and Heart Rate and Pace from 1

to 5.

HBAAOAERBE ¢ "1 MAI PAOA@OOA AAL
"E"l "H'Hi H'l i 6@ A A OA EBEE C ( A ADKO0 A& . $0AA L (4.1)
c. 1 %BAAOARE OERAOxEOA

Equation (4.1): Inequality -based rules for the physical activity domain.
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Body
Temperature

Not Not

i .. Exercising
Exercising Exercising b

Not

Exercising -
7 Exercising

Figure 4.2. Visualization of the learned decision tree model used in  Experiment 1.

As machine learning algorithms are popular in contexaware applications, our system also uses
machine learning. Among the myriad of machine learning algorithms, decision trees and Naive
Bayes lend themselves to be more explainable and transparent, while others are bldgudx
algorithms that are not readily interpretable (e.g, Support Vector Machines and Neural Networks)
[Nugent andCunningham 2005. We chose to start our investigation using decision trees because
they are easier to explain, especially to endsers who may not understand the probabilistic
conceptsthat underlie Naive Bayes algorithms. Using A E AHalDet al., 2009]J48implementation

of the C4.5 DecisiofTree algorithm [Quinlan, 1993, our system learns the inequality rules from the
complete dataset of inputs (250 instances from the permutation®f all inputs) and outputs and

models a decision tree (se&igure 4.2) that is used to determine the output value.

4.3.2 DECISIONREEEXPLANATIONS

While the decision tree is able to classify the output value given input values, we hidextend it to
expose how the model is able to derive its output. The decision tree model lends itself nicely to
providing explanations to the four intelligibility question types. Table 4.2 describes how the

explanations were inplemented.
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Why: Traverse the decision tree to trace a path of decision boundaries and values that match the instan
being looked at. Return a list of inequalities that satisfies the decision trace of the instanaagh o/ q
classified as Not Exercisich AAAAOOA "1 AU 4AI PAOAOOOASuY AT A 0A

Why Not: Traversethe whole tree initially to store in memory all the traces that can be made. Walk the tre
to find the why-trace, and find differing boundary conditions on all other traces thateturn the alternative
output. A why-not trace would contain the boundary conditions that match the why trace and boundary

conditions where it is different (e.gh O/ GDADAOOEAEAA AO %@A OA EdEHdy
A full Why Not explanationwill return the differences for each trace that produces the alternative output
However, so as not to overwhelm the user, we use a heuristic to return the differences of just one wint
trace, the one with the fewest differences fromte why trace. Note that while this technique is suitable fo
small trees, it is not scalable to large trees, and heuristics should be used to look at subsets of traces.

How To: Take user specified output value, and values of any inputs that were specifidterate through all

traces of the tree to find traces that end with the specified output value and has branches that satisfy t
specified input values. If any trace is found, it identifies the satisfying boundary conditions for th
unspecified inputs ard returns them. Note that if there is a trace, there will only be one, since an instan
can only satisfy one trace in the tree. If there are no boundary conditions for the unspecified inputs, thg
these inputs can take any value. If no trace is found, thehere are no values for the unspecified inputs
given values of the specified inputs, to produce the desired output value.

Whatlf: 4 AEA OOAOG60 ETI POOO AT A POOO EO OEOI OCE OEA
since this is a sinulation, do not take any action based on this output value.

Table 4.2. Algorithms for generating different types of intelligibility explanations from a

decision tree model.

4.4 METHOD

Given the different factorswe wanted to investigate and the flexibility of our testing infrastructure,

we were able to independently test different intelligibility elements in a series of experiments. We

ran Experiment 1 to explore providing different explanation types (Why, Why Nd, and the control

condition with no explanations). The system was presented in the context of the domain of activity

OAAT CTEOQCETT 1T &£ AQAOAEOETI ¢ AO AAOGAOEAAA AAT OGA8 (1 x
domain, our results were difficult to interpret. So,we decided to subsequently run experiments

with an abstract domain. Experiment 2 compares explanations provided to address each of the four
intelligibility question types (Why, Why Not, How To, and What If) individually to investigate which

are more effective in helping users gain an understanding of how our intelligent system works

compared to not having explanations (None).

4.4.1 STUDYPROCEDURE

Our study consists of four sections. The first section (Learning) allows participants to interact vhit
AT A 1T AAOT Ei x OEA OUOOAI xi OEO8 4xi OOAOANOAT O Of
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the system (Filkin-the-Blanks Test and Reasoning Test), and a final section (Survey) that asks users
to explain how the system works (to evaluate the degre® which participants have learned about
OEA OUOOAI 80 1T GCEAQ AT A O OADPTI OO OEAEO DPAOAADPOE

understandability, trust and usefulness.

4.4.1.1 LEARNINGECTION

In the Learning section, participants are shown 24 examplesithh inputs and output values (see
Figure 1). These examples were chosen from all possible input instances, to have an even
distributed over all branches in the decision tree, and they appear in the same order to all
participants. Examples were arranged irascending order of Body Temperature, then of Heart Rate,
then of Pace. Participants have to spend at least 8 seconds per example (controlled by disabling the
Next Example button). Explanations are provided depending on the experimental condition. If
participants receive explanations, they will receive themautomatically when executing each
example. It is important to note that explanations are only provided during the Learning section.
Participants are provided with a text box to make notes in, which perdighroughout the Learning
section. At the end of the Learning section, users are told to spend some time studying their notes

as those are not available during the rest of the study.

4.4.1.2 HLLIN-THEBLANKSIESTSECTION

This section tests users on their abilityyo accurately specify a valid set of inputs or output; they are
given a single blank in one of the inputs or the output, and are given the rest of the inputs/output.
There are 15 test cases, three with blanBody Temperaturethree with blank Heart Rate four with
blank input Pace and 5 with blank output. These test cases different from the earlier examples, and
are randomly ordered, but in the same order for all participants. On seeing each test case, users
have to fill in the missing input or output with a value that makes the test case correct. If an input is
missing, they should provide a value that causes the given output value to be producedthié
output is missing, they provide a value that would be produced with the given input values. After
providing the missing value, they are also asked to provide a reason for their response. Participants
are not given any explanations during this test and, are not given the answer or told whether they

are correct after they finish.
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4.4.1.3 REASONINGESTSECTION

This section shows users three complete examples, and, for each example, asked to give reasons
why the output was generated, and why the alternative output was not. These test case examples
are different from what users have encountered before, and are randognbrdered, but are in the
same order for all participants. To see if improved understanding can lead to improved trust, users
are also asked how much they trugtd that the output of the system is correct for each example.
Participants are not given any exfanations during the test and, are not given the answer after they

finish.

4.4.1.4 SURVEYECTION

The final Survey section is used to collect sedéport information from users. Users provide a more
detailed description of how they think the system works overall ife, an elicitation of their mental
models), and are askedl6 Likert-scale questions(see Table 4.4) to understand how users
perceived about using our system, including whether they trusted and understood the system and

explanations.The questions were randomly ordered to avoid order effects.

4.4.2 MEASURES

In order to see what types of intelligibility explanations would help users better understand the
system, and whether this improved understanding would lead to better task performarg
improved perception of the system, and improved trust in the system output, a number of measures

were collected.

Task performancenvas measured in terms of task completion time, and the Fiih-the-Blanks Test
inputs and output answer correctness. Taskampletion time was measured with two metrics: total
learning time in the Learning section, and average time to complete each Hilkthe-Blanks Test

guestion.

User understandings measured by the correctness and detail of the reasons participants provide
when they give their answers (in the Fillin-the-Blanks Test), explain examples (in the Reasoning
Test), or give an overall description of how the system works (mental model in the survey). The
reasons given for each answer in the Filh-the-Blanks Testwere coded using a rubric (se€lable

4.3) to determine how much the participant understands about how the system works. Reasons are
coded as Guess/Unintelligible if participants wrote they were guessing, did not write anything, or

wrote something not interpretable. Reasons are graded as Some Logic if participants provided
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some rules or probability statement or cited past experiencee.g, saying they saw something
similar before) that were not inequalities with fixed numeric boundaiies. This includes cases such
AO O"1T AU 4AIi DbAOAOOOAE(AAOO 2A0AR68 2AAO0TT O AOA
inequality of at least one of the inputs with a fixed numeric boundarye(g, Body Temperature>7).
Reasons are coded as Partiallyo@ect if participants provided only one rule with the correct input,
boundary value, and relation. Reasons are coded as Fully Correct if participants get only all the
sufficient rules correct, and did not list any extra ones. Each reason was coded withly®a single

grade (.e, the highest appropriate grade).

Understanding Code  Description

GUESSU NINTELLIGIBLE No reason given, guessed, or reason incoherent
SOMELoGIC Some math/logic rules, probability, or citing past experience
INEQUALITY Correct Typeof rules which are inequalities of inputs with fixed numbers
PARTIALLYCORRECT Some, but not all, of the correct rules, or extra ones
FuLLy cORREC™ All correct rules, with no extra unnecessary ones
Table 4.3. Grading rubric for coding free -form reasons given by participants. Mental Models

were coded using this same rubric.

There are two inequality rules €.9,0 A A A&, and( A A20400 &) for each test case or example, so
answer reasons for the Fillin-the-Blanks Test have two components. We measure how many of
these components participants learn using three coding metrics that count (i) the number of inputs
the participant mentions as relevant in the reasons, (ii) the number of correct rules described, and

(iii ) the number of extraneous rules mentioned (0 or 1).

The reasons for theWhy and Why Not questions that participants provided in the Reasoning Test

were coded using a rubric similar toTable 4.3. We also recorded, 0 a five-point Likert-scale the

In the survey, we asked participants to describe their overalinderstanding of how the system
works. This mental model understanding is coded in a similar manner to why reasons, but not

applied to specific examples.

We did a factor analysis on the 16 Likerscale questions of system and explanatioperceptionsin

the survey(seeTable4.4).

Al
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Factor 1 Likert -scale Opinions (Strongly Disagree 1 to Strongly Agree 5)

Understood System .917 | I understood the relationship between inputs and output
I understood how the system works

| found the system predictable

| found the system easy to understand

| believe | did well in the test section

Found System Confusing | .722 | | found the system confusing
(Negated) | found the system complicated
| found the system hard to remember

Liked System / Found it .648 | | learned something new from interacting with this system
useful | liked interacting with the system

Explanations Difficult .529 | | found the explanations insufficient

(Negated) | found the explanations confusing

| found the explanations too detailed

Explanations Useful .816 | | found the explanations approprate
| found the explanations usefu

Understood Explanations | N.A. | | understood the explanations

Table 4.4. Likert -scale questions of perception grouped into six factors with CronbacE 8 O |
reliability computed . The former three factors are regarding the system, and the latter three

factors only apply to participants who viewed Intelligible versions of the system.

4.5 EXPERIMENI

Our first experiment focused on providing answers tohypotheses H1 and H2; whether Why
explanations would lead to improved user understanding, trust, perception, and performance more
than having no explanations, and H2 regarding providing Why Not explanations being better than
no explanations, but not as good as Why explanationgle chose he domain of activity recognition

of exercise,of which users would have a reasonable understanding. Mapping to the generalized
abstract system described earlier, the system takes on the role of a wearable device that can
i AAOOOA OEA x AAOA@GHeart ' Ratd Bnd walkingrAWMng Pace, and classify
whether the wearer is exercising Equation (4.1)). The first rule can be satisfied during strength
training (e.g, weight lifting) that does not require much walking abo# but can raise body

temperature, while the second rule can be satisfied by running.
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Participants in the no explanation (None) condition did not receive any explanations, and could
only execute each example and move on. Participants in the Why conditiceceive Why
explanations automatically along with the output value when they execute each example by clicking
OEA O%ngA A PatkipantdidBeONhy Bot condition receive a Why Not explanation in place
of a Why explanation.

4.5.1 PARTICIPANTS

53 participants were recruited, aged from 18 to 57 (M=29.8). There were 18 participants ithe
None condition, 18 in the Why condition, and 17 in the Why Not condition. We removed from the
analysis any responses of participants who took fewer than 15 minutes (one péaipant in the
None condition) or longer than 50 minutes to complete the four sections. This was done to filter out
participants who just click through the steps without thinking, and to leave out participants who
may be distracted while performing the tagk and take too long. On average, participants tock4
minutes to complete the study. Participants were each give®3 for completing the study ($1 base
and a $2 bonus to motivate performancg. A further $2 was offered to a few participants who

participated in interviews conducted soon (up to a few days) after completing the task.

4.5.2 RESULTS

47 AT Al UUA DPAOOEAEDPAT OO AAEI EOU OiF ApPPIi U OEAEO
participant was summed and a Tukey HSD paivise test was performed. The nurher of correct

answers was the dependent measure. The analysis showed significant differences in accuracy
between explanationtypes (F[2,84]=8.85, p<.001seeFigure43q8 41 AT Al UUA DPAOOEAEE
formalize their understanding, their reasons were coded using theoding schemen Table 4.3 and

dummy variables were generated indicating: Inequality or better (0O or 1), Partially or Fully Correct

(0 or 1), and Fully Correct (0 or 1). The analyses werdone with the reason coding as the
dependent measure and with condition as a fixed effect. Participants were modeled as a random

effect and nested within condition. A Tukey HSD pairwise test of the occurrences of each coded

score shows that providing exphnations leads to more correct answers than not providing any
(contrast of None with Why and Why Not: F[1,50]=15.1, p<.001). However, there was no significant

difference inthe number of correct answershetween Why and Why Not explanatiorypes.
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% Correct Answers

100 -
75 - T =
50 -
25 -
0 ; : .

None Why Not Why

Figure 4.3. Participants receiving explanations (in the Learning section) answered

significantly more questions correctly in the Fill  -in-the-Blanks section.

% Responses with Correct Answer Reasons

100 -
75 O Inequality
50 - O Partially Correct
25 - B Fully Correct
0 e

None Why Not Why

Figure 4.4. Percent of reasons coded as Inequality , Partially Correct, or Fully Correct in the

Reasoning Test section.

Using the gradingcoding schemdn Table 4.3 on the Why reasons provided in the Fillin-the-Blanks
Test, we found that @rticipants in the Why and Why Not conditions were able to produce more
Partially Correct reasons compared to those in the None condition (F[1,50]=27.4, p<.00{3ee
Figure 4.4). Participants in the Why condition produced more Fuy Correct reasons compared to
None and Why Not (F[1,50]=10.8, p<.002). There were no significant differences between Why and
Why Not. A similar pattern was found in the Reasoning Test sectioRarticipants in the Why
condition had a higher level of trust han those in None F[1,49]=8.98, p<.M5), while thosein the
Why Not condition did not. The survey measures on overall mental model or perceptions of the

system and explanations did not reveal significant differences.

4.5.3 DISCUSSION ANMIPLICATIONS

The generdly poor trust in the system could be due to occasional examples that follow the system
001 Abh AOGO | AU egni OEEAE OTTAAAO OAAIBDAOAOOOA AT A
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understanding and trust of the system with less disagreement about the system outpttowever, in

their provided why reasons, several participants alluded to the domain of physical activity and

physiology to explain how the inputs (Bog Temperature, Heart Rate, and Pace) should relate to
xEAOEAO OEA AAOEAA xAJORDOKIAD DUWBROBREOET 80 pPAI PA
0011 ET ¢ O ) Obphubher@de mastkehpbd3&spediffe@ferinputs asOEECES 1 O
O1 1 ratier than specifying numeric boundaries €.g, OEAAOO OAOGA EO 11 xh OI |
ATTT1 ¢ xEOE EEGE Al AU OAI).BsGighdiOiat Maving @iar knbweiige A A OA
xI O A 1 AOOAT DPAOOEAEDAT 005 ehsm@hngOT midate hdeff@®OSMAE OA A
prior knowledge, and to support more generalizability to other domains, we decided to anonymize

the inputs and outputs with an abstract system.

4.6 BEXPERIMENZ2

Our second experiment focused on comparing the effectivenes$ different explanations types for
each of the 4 intelligibility questions. Using the explanation algorithms described in Table 1, we can

isolate these explanations for each condition.

4.6.1 METHOD

This experiment followed the procedure of Experiment 1. For #h None, Why, and Why Not
conditions, participants see the same interface as in Experiment 1, but with the inputs obfuscated

asA, B, andC and the output values relabeled taandb.

What-If Facility

Ta interactively learn how the system behaves, fill in the input blanks to find out what
output would be produced for your chosen input values.

You may leave the inputs blank if you do not wish to use this facility.

Inputs Qutput
ks
A |:| =y 96% accuracy
B[ J=p =]
Execute What-If
c[ =

Figure 4.5. What If explanation facility. Participants would get to freely enter values for the

inputs A, B, and C, and get the system to simulate what the output would be.
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How-To Facility
This facility helps you learn how the system works by telling what input values are
needed to produce a particular output. To interactively learn how the system behaves,

1. Select which input to determine its value: [~ -]
2. Select what output value to produce: [ -]
3. Fill into blanks the values of the other inputs:

Inputs Output

= Ry,
= b=y 95% accuracy
- — | =]
c —

You may leave the inputs blank if you do not wish to use this facility. |
Figure 4.6. Participants in the How To condition view this facility. By specifying two of the
input values and an output value, they can inquire the system to indicate possible values of

the remaining input.

Participants in the What If condition receive a What If interaction facility (se€igure 4.5) instead of
an explanation to let them see the output given their choice of input®articipants in the How To
condition received an interactive facility (seeFigure 4.6) to determine how to get the system to
produce a chosen output value. To control for the number of examples encountered, participants in
the What If and How To conditions only get 12 complete examples (the evanmbered examples of
other conditions), and can invoke their respective intelligibility facilities 12 times to see a total of
24 examples (similar to the other conditions). For each condition, the explanations or explanation

facilities will always appear as each example is executed.

4.6.2 PARTICIPANTS

158 participants were recruited, aged from 18to 72 (M=31.9). There were 2637 participants in
each of the 5 conditions:None (31); Why (30); Why Not (31); How To (29); What If (37).0n
average, participants took33 minutes to complete the study (similar to Experiment 1, they were
required to complete the study within 15 to 50 minutes). Compensation was identical to

Experiment 1.

4.6.3 RESULTS

We analyzed the results by using the Tukey HSD pairwise test, looking for differences between
groups for our previously described metrics. Compared to participants ithe None, What If and

How To conditions, participants in the Why and Why Not conditions hathore correctanswers in
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the Fill-in-the-Blanks tests, providedbetter reasons and reported having abetter understandingof
the system. Participants in the Why ad Why Not conditions had an accuracy d0.0% and 74.2%
respectively, compared to 61.7% for the None conditionH[1,152]=51.6, p<.001 seeFigure 4.7).
More of their answer reasons were coded as at least Inequality type rulesnéquality:
F[1,153]=198, p<.001), Partially Correct (F[1,153]=195, p<.001) and Fully Correct (F153]=108,
p<.001). Finally, the seHreports of understanding for Why and Why Not were 3.14 and 2.79,

respectively (seeFigure 4.10a).

Participants in the Why conditionfurther distinguished themselves from Why Not by giving more
Fully Correct reasons (contrast of Why with Why Not: F[1,153]=23.2, p<.001), and trusting the
system output more (contrast of Why with None: F[1,153]=8.26, p€01 vs. contrast of Why Not
with None: p=n.s.) with means of 3.26, 3.0 and 2.46 for Why, Why Not and None, respectively (see
Figure 4.10b). However, these participants also took the longest to answer each Hill-the-Blanks
test case (M=26.3 seconds, compared to M=22.0 and M=17.0 for Why Not and None, respectively)
(contrast of Why with None: F[1,145]=9.32, p<.00%s. contrast of Why Not with None: p=n.s.).

Surprisingly, participants in the Why Not condition werenot significantly better at providing Why

Not reasons than Why reasons. While participants in the What If condition were indistinguishable
from those in the None condition across all of our metrics, we did find that participants in the How
To condition were able to undersand the types of rules used in the system better than participants

in the None condition (answer reasons coded as Inequality or better: F[1,153]=15.6, p<.001).

To identify why participants in the Why Not condition understood less about the rules than Why,
we coded the guality of answer reasons on the number of inputs and rules mentioned. Participants
in the Why condition provided more correct rules (M=1.19vs.M=0.79; F[1,59]=6.16, p<.02) while
those in the Why condition provided fewer extraneous rules (M=11 vs.M=0.23; F[1,59]=8.276,
p<.006).
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% Correct Answers
100 -

H

75 A
50

111

25
None What If How To Why Not Why

Figure 4.7. Percent of correct answers in the Fill -in-the-Blanks test section, by condition.

Different colors indicate statistically significant differences.

% Responses with Correct Answer Reasons

100 -+
75 - O Inequality
O Partially Correct
50 1 ®Fully Correct
25 -
o — =

None What If How To Why Not Why

Figure 4.8. Percent of reasons coded as Inequality , Partially Correct, or Fully Correct in the

Fill -in -the -Blanks Test section for each condition.

% Participants with Correct Mental Model Score

100 -
75 - O Inequality
O Partially Correct
50 -
m Fully Correct
25 -
1]
0 T I 1 T I 1 T T 1

None What If How To  Why Not Why

Figure 4.9. Overall understanding of the system was similar to the understanding in  -situ of

individual examples, but responses were less precise (fewer correct descriptions).
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Understood System
Fully Agree

HH

Agree

Neutral @)
Disagree_] .
Fully Disagree : : :

None What If How To  Why Not Why

HH

Trust of System Output
Fully Agree

HH

Agree

Neutral - (b)
Disagree-
Fully Disagree- . . . .

None What If How To  Why Not Why

Figure 4.10. Self-reports of (a) understanding and (b) trust, by condition. Different colors

indicate significant differences.

4.6.4 DISCUSSION ANMIPLICATIONS

The results in Experiment 2 validate those in Experiment 1 with a more generalized abstract
domain, while not suffering from confound due to prior domain knowledge. The Why and Why Not
Aobpl AT AGETT1 O Ei POi OAA DPAOOEAEDPAT 006 O1 AAOOOAT AET C
task performance. Examining the user reasons, we found that automatically generated Why
explanations alloved users to more precisely understand how the system functions for individual
instances compared to Why Not explanations. This is in spite of the Why Not explanations being
logically equivalent to Why explanations since flipping thewotd O E 1 O Erideridd tiieilaked A A
Moreover, we found that the Why Not participants tended to provide fewer correct rules (more
participants could only provide one correct rule instead of two) for the answer reason, or provide
extraneous inputs and rules that the systendid not consider for the respective test cases, as
compared to the Why participants. These indicate that Why Not participants tended to learn only
part of the reasoning trace, and did not associate the two rules together, but treated them
separately. Thisfailure in rule conjunction could be due to the inclusion of negative wordingi.g.

T A N oA -
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explanation and create such a rule conjunction is certainly more than those the Why condition

had to expend, which could explain the differences we observed.

Neither the How To nor What If explanations showed much benefit over not having explanations.

Some participants expressed their difficulty in using these explanation typese.gh) OOAAIT 1 U AT 1
think | used it cause | did not understandditiThedirst few [times, | did] not even realize what the

facility was foro Participants receiving What If explanations did not optimize their selection of

examples, with some users even satéing input values out of range €.g, A=100). Given the abstract

and mathematical nature of the experimental setup, without any reasoning trace (unlike Why, Why

Not, How To), almost none of these participants proposed inequality rules as reasons, simitar

those in the None condition. However, as with the effect of domain knowledge (in Experiment 1),
participants who did not receive reasoning traces did consider the inequality rules, but just not

correctly (seeFigure 4.5).

Our results suggest that developers should provide Why explanations as the primary form of
explanation and Why Not as a secondary form, if provided. Our results may suggest the
ineffectiveness of How To and What If explanations, but thesexplanation types may be more
useful for other types of tasks, particularly those relating to figuring out how teexecutecertain

system functionality, rather than interpreting or evaluating.

4.7 GENERAIDISCUSSION

We now discuss the findings of our two experiments and their impletions for real world context-

aware systems.

4.7.1 IMPACT OPRIORKNOWLEDGE

We found in Experiment 1 that participants formed less accurate and precise mental models of the
system, compared to those in Experiment 2. This could be due to participants applyingethprior
knowledge of exercising to understanding how the system works and not paying careful attention
to the explanations, as evidenced by the reasons they provided. This persistence of mental model
was also shown in Tullio et al., 2007 where participants received explanationspver time, of how

an interruptibility system worked. As many real contextaware applications are based on common
everyday activities, users may have strong prior knowledge of the domains although weak

understanding of the appliations, and may also not diligently learn from the provided
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explanations. One way to address this could be to learn from the knowledd¢pased systems
community, and provide deeperjustification [Gregor and Benbasat, 1999explanations to help

users understand why the system behavior may be different from typical everyday understanding.

4.7.2 HROM THHAB TO THREALWORLD

Our intelligibility test infrastructure differs from real applications in that users would have
different goals when asking either of the intdlgibility question types. In reality, users would ask
Why questions when they lack an understanding of how the application works, but Why Not
guestions when they expect certain results that the application did not produce. This distinction in
user expectdions and goals was not present in our lab study. Therefore, even if Why Not
explanations are found to be less effective than Why explanations, for real systems, users may
prefer the former explanation type to bridge gaps in their understanding and improveheir trust

and acceptance of the system.

In order to investigate how our findings play in a realworld setting, we have developed an
intelligible, context-aware plugin [Lim and Dey, 2012ajfor the AOL Instant Messenger (AIM) that
uses predictions of budly responsiveness to instant messages (based oAvrahami and Hudson,
2006]). In afuture longitudinal deployment we planto investigate how explanationsaffect usability

and acceptability.

4.7.3 IMPLICATIONS FGBRONTEXTJAWAREAPPLICATIONS

While our intelligibil ity test infrastructure has some characteristics of contexaware systems, real
context-aware applications are more complex and several issues would have to be handled
regarding the provision of explanation types. Firstly, applications that use decision #e models
tend to have much larger trees learned from possibly hundreds of features, and it would not be
scalable to generate explanations from them. For example, a tree of depth 13 could lead to the Why
traces that have over 10 inequality relations. Thex@lanations returned would be too long for users

to assimilate and remember. One way to deal with the larger tree size is to just provide subsets of
reasons in the explanations. For example, the Why trace could just provide the top 5 inequality
relations ranked by how much each relation affects the prediction accuracy. Providing subsets of
explanations would provide users with only partial understanding of each application behavior

instance, and users may have to interact with the system longer before undtainding the system
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better. One way to reduce overall learning time may be to start new users with high€etail

explanations, then progress to less detail the more they interact with the system.

While our setup dealt with decision tree learners, thenaive Bayes classifier is another popular
learner used in contextaware applications. Even though they are not as intuitive as decision trees,
Naive Bayes models can be interpretable, and there are several visualizations to explain theng(
nomograms [Mozina et al., 2004). However, some learners €.g, Support Vector Machineswith
Gaussian kernels Neural Networks) are considered blaclboxes[Nugent and Cunningham, 2005]
and are not inherently interpretable. Fortunately, there have been some attempts to makkem
explainable using decision trees or rulesd.g, [Andrews, Diederich, and Tickle, 199%). We can then

use the same techniques to provide explanations for systems based on decision tree models.

Another issue with real systems is that users may not lkto receive explanationsall the time, but
on demandnstead, because the former may be too obtrusivén Chapter9, we performeda study to
compare if users can still benefit sufficiently from explanations if they get to ch@e when and how

often they can receive explanations, and this usage ofexplanations can lead to improved learning.

Our results suggest the effectiveness and importance of providing Why and Why Not explanations

over How To and What If. The formertwodda xEQOE . 1 Oi AT60 CcOI £ 1T £ AOAIT
two deal with the gulf of execution Norman, 1988. While we feel that this dichotomy should

remain true for informative context-aware systems €.g, applications to determine interruptibility

of others to inform onlookers [Avrahami and Hudson, 2006;Tullio et al., 2007), systems that are

more pro-active e.gh ADDI EAAOEI 1O OEAO OAT A 11 OEEAEAAOQETT O A
benefit more with the How To and What If explanations. With thosexplanations, users would be

better informed of how they can carry out their tasks.

4.8 CONCLUSIONSNDFURTHERVORK

We have described a large controlled study comparing the provision of explanations addressing
four explanation type questions Why, Why Not, Hw To, and What Ij. We developed a welbased
platform that provides a functional inputoutput interface of an intelligent system prototype that
provides different types of explanations. Our findings suggest that providing reasoning trace
explanations for mntext-aware applications to novice users, and in particular Why explanations,

A N o~ 2 oA z A
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Our results of the relative strengths and weaknesses of each explanation type came frolveween
subjectsstudy, but to gain an insight into which explanation type individual users may prefer, we
wish to run a within-subjectsstudy, where each participant sees multiple explanation types. In
Chapters7 and 9, we inwestigate this with an intelligible contextaware mobile application, which

provides several explanation types.

Furthermore, though our results do not show the effectiveness of How To and What If explanations,
we believethey may be more useful given bettemotivating scenarios and better interface design
Therefore, we continued to pursue our investigations into these explanation types in later work
(Chapters 5, 6, 7, and9), and specifically sought out a user friendly interface for explanations in
Chapter?.

We next sought to widen the scope of intelligibility to include more questions that users may ask of
context-aware applications. In Chaptei5, we expand on fourintelligibility question types to include

11 question types for our taxonomy of Intelligibility.
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5 ASSESSINBEMAND FOR
INTELLIGIBILITY

This chapter is an extension of the wik presented in:

Lim, B. Y. andDey, A. K.(2009). Assessing Demand for Intelligibility in ContexAware
Applications. In Proceedings of the 11th international Conference on Ubiquitous Computing
(Orlando, Florida, USA, September 3Qctober 03, 2009). Ubbmp '02 ACM, New York, NY,
195-204.

ABSTRACT.  Intelligibility can help expose the inner workings and inputs of contexaware
applications that tend to be opaque to users due to their implicit sensing and actions. However, users
may not be interested in & the information that the applications can produce. Using scenarios of four
real-world applications that span the design space of contexdware computing, we conducted two
experiments to discover what information users are interested in. In the first exgriment, we elicit
types of information demands that users have and under what moderating circumstances they have
them. In the second experiment, we verify the findings by soliciting users about which types they
would want to know and establish whether reeiving such information would satisfy them. We
discuss why users demand certain types of information, and provide design implications on how to
provide different explanation types to make contextaware applications intelligible and acceptable to

users.

5.1 INTRODUCTION

In Chapter4, we found that some types of explanation were more effective than others in improving

A N N oz oA
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information users actually want to know and will ask about and whether there are more explanation
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types than we had previously consideredIn this work, we explored and assesed a taxonomyof user
demand for intelligibility: which types of questions users want answeredand how answering them
improves user satisfaction of contexdaware applications.User satisfaction is obviously crucial for

adoption and acceptance of such technologies.

To make contextaware applications intelligible so that they can expose their innemnctions to the

end-user, much research has looked into how to generate explanations from the underlying
application models and deliver them to users €.g, [Cheverstet al,, 2007; Ko and Myers 2009;

Kuleszaet al., 2009; Lim and Dey, 2009. However, little work has been done to compardahe

impact of different types of explanations or in the domain of contexaware computing. lsers may

not be receptive to these explanations, especially when they end up using the applications in ways

for which they were nat designed [Orlikowski, 2000], and when those explanations do not adapt to
OAOUET ¢ OEOOAOEIT O i &£/ OOA8s 4EOO EO EO EIi Pi OOAT O

perspective lest effort is wasted in implementing explanations that would see little &s

Researchers have explored what users want to know in other domains. McGuinness and colleagues
[Glass, McGuinness, and Wolverton, 2008; McGuinnessal, 2007] have identified information
need factors that influence the level of trust in adaptive ageat They used interviews to identify
explanation requirements and rank question types according to their helpfulnessGregor and
Benbasaf (1999] meta-review investigates explanation types that users of knowledgéased
systems (KBS) would like to have. Wk adaptive agents and KBS are similar to contegtware
applications (which may also use agents or knowledge bases and rules), they are warented,
while context-aware applications are targeted for everyday use, for many more situations and a
wider range of users, and under more situationsAbowd, Mynatt, and Rodden, 200R Thus we need

to explore how these different requirements would lead to different intelligibility needs.

The chapter is organized as follows:we discuss how supporting intelligibility by providing
explanations that users want, has the potential to increase user satisfaction and thus acceptance of
context-aware applications. We then describeour experimental design that uses surveys and
scenariosto expose users to a range of experiencegith context-aware applications. We present
two experiments that investigate what types of information users want. In the first experiment, we
elicit the types of information users are interested in and under what moderating circumstances. In
the second &periment, we validate our findings by presenting users with 11 information types as

intelligibility features in a controlled study and measure their impact on user satisfaction. We end
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with a discussion of why users of contexaware systems demand certairtypes of information in
different situation, and provide design recommendations for providing different information types

to make contextaware systems intelligible and acceptable to users.

5.2 HYPOTHESES AMPPROACH

We hypothesize that there are differenttypes of information in which users are interested, for
different context-aware applications, and different situations.Since people ask information seeking
guestionsdue to cognitive disequilibrium [Graesserand McMahen 1993] and to correct knowledge
deficits [Van der Meik 1987], we believe that satisfying these information demands through
intelligibility can lead to better satisfaction when using these applications and improved adoption
and acceptance. In order to elicit the information demands users fia for contextaware
applications under various situations, we conducted a study of the demand for explanations and
different types of information in several scenarios users may find themselves in as they use context

aware applications.

Using described senarios instead of actual field deployments allows us to quickly and more
effectively study and understand the impact of different information on intelligibility and
satisfaction, without having to implement and deploy a variety of applications, any of wtt could
fail for reasons independent of our main focus. Next we describe four applications we use to focus
our scenarios. For each application, the scenarios intentionally span a range of incorrect,
appropriate and unexpected or anomalous, but not necessily wrong behavior, to probe directly at

the issues of intelligibility and satisfaction.

5.3 SETUP SCENARIOS GOURCONTEXFAWARE

APPLICATIONS

To investigate the demand for intelligibility in the space of contexaware applications, we selected
four prototypical contextaware applications: (i) a desktop interrugion management application
(an Instant Messenger plugin), (i) a remote person monitoring peripheral displayDigital Family
Portrait), (iii) a context-aware reminder application (CybreMinder), and (iv) a mobile context
aware tour guide (CyberGuide). All applications in this study behave according to models of learned

decision trees.
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5.3.1 INTERRUPTIOMANAGEMENT
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Figure 5.1: (Left) Screen capture of a fi ve-second video clip for the IM Auto -Notification
application survey , showing the user rushi ng to meet a deadline. (Right) S creenshot of a non -

work IM message which had been suppressed and delivered later.

We designed the instant messenger (IM) autaotifi cation plugin based onrecent work on a
predictive model to determine how long a buddy would take to respond to a messaggvrahami
and Hudson, 2006] Our application uses the responsiveness prediction to determine trsubjectd O
interruptibility [ Fogarty et al., 2009, and either forwards or suppresseincoming IM messages. We
developed four main scenarios for this application where thesubject is in various states of

availability:

1. Rushing to reach an imminent deadline,
2. Taking a break and surfing the Intenet,

3. Reading a workrelated book, and
4

Returning from a protracted informal meeting.
For each scenario, the user receives an IM message from

1 A colleague regarding critical work, or

1 Afriend regarding a fun video.

There are 16 scenarios (4vailability x 2 receivedmessages« 2 application actions).
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5.3.2 REMOTEMONITORING
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Figure 5.2: (Left) Screen capture of a five -second video clip for the Elderly Remote
Monitoring application survey, showing the user  casually glancing at the display.
Screenshot s of a normal event (Middle) and an anomalous event (Right) .

We used the Digital Family Portrait Mynatt et al., 200]] as an example for remote monitoring
systems. Itleverages a picture frame to present the cuent status of an elderly family member as

he or she goes through daily life living independently in her home, to remote loved ones. Our
rendition of the Digital Family Portrait is based on a decision tree model which we define as several
small subtrees, each addressing groups of scenarios. We present a subset of what the sensors on the
Al AROBO AT AU AT A ET detechingET I A AOA AAOAOEAAA AO

1. Whether the family member has fallen,
Whether there is a fire;

2. How many times the toilet has been used recently,
Whether the usage frequency is anomalous,
Whether the system thinks this could be a symptom of incontinence;

3. Whether the family member is watching TV,

Whether the family member is sleeping
4. TEAOEAO OEA EAIT EI U 1 Ai AAO

Whether there is anintruder.
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For this application, there are a total of 13 scenarios.
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5.3.3 REMINDER

Sony Ericsson

CybreMinder
Talk ta Michael
ahout including
John'srecom-
mendationsin
the report.

Figure 5.3: (Left) Screen capture of a five -second video clip for the Reminder application

survey, showing the phone trigge ring at the pantry . Screenshot s of awork -related reminder

(Middle) and personal reminder (Right)

We used CybreMinder Deyand Abowd, 2000 as an example for reminder systemsCybreMinder is

a contextaware reminder application that considers combinationsof contexts, such as location,
time, and collocation, to trigger reminders. It is based on several personal and environmental
sensors, and triggers reminders based on the satisfaction of one of several rules (modeled as a

decision tree). We developed scarios that would relate to three types of reminders (mentioned in

[Dey and Abowd, 2000):

1. Reminder to discuss an important issue when the user and a colleague serendipitously meet

(collocation triggern);

2. Reminder to take the umbrella when it is forecastedd rain and the user is approaching the

front door (location and information trigger); and,

3. Reminder to discuss party planning with a friend when the user and the friend are free, and

the user is at the office (complex trigger).

We developed 13 scenarios dsed on these three reminders.

Sony Ericsson

CybreMinder
Discuss party
plans with
Johnny.
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5.3.4 TOURGUIDERECOMMENDER

Carnegie
Museum
of Natural
History"

Figure 5.4: (Left) Screen capture of a five -second video clip for the Tour Guide Recommender
application survey, showing the user walking by the  museum, a point of interest . (Right)

Animated screenshots recommending a dinosaur exhibit at the museum

We usedCyberGuide PAbowd et al.,, 1997 as an example for tour guide systems. CyberGuideds
mobile contextaware tour guide that uses context to reemmend attractions to a user. Our
rendition of CyberGuide considers the contexts of location (where the user is currently located),
keywords (that the user has recently used), andavigation information like traffic. We use three

settings for a user with akeen interestin museums and dinosaurs visiting an unfamiliar city:

1. Walking by museum with a dinosaur exhibit;
2. Having a conversation with a friend talking about museums and dinosaurs; and,

3. Meeting a friend at his home with the application recommending eoute to the destination.

We developed 12 scenarios based on these three settings

5.4 EXPERIMENZ: ASSESSINBEMANDFORINFORMATION

TYPB

Based on these four applications and the scenarios we developed, we conducted our first
experiment on the intelligibility of contextaware applications to investigate what questions users

want to ask in the various scenarios.
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5.4.1 METHOD

We created one survey for each of the four prototypical contexdware applications. At the
beginning of each survey, the respective contexdware application is described to the participant.
Its functionalities are described, but not explained or elaborated one(g.,participants are not told
where it gets its information from). Depending on the application survey, participants are shown-3

4 scenaios, described from a firstperson perspective that places participants in certain
circumstances €.g, rushing to complete a report due in half an hour for the IM application). The
scenarios are represented by short Second video clips €.g, seeFigure 5.1 left) and short textual
descriptions about what is happening. After a scenario is presented, participants are showr52
(depending on the application and scenario) instances of the scenario, one at a time, with different
application responses, represented as screenshots along with tex.§, seeFigure 5.1 right), where
the behaviors may be appropriate, strange, or incorrect. For each application response, participants

are reminded about the scenariand can replay the video, if necessary.

To mitigate order effects, the order of scenarios was randomized for each participant. For each
scenario, we posed several questions (see Table 1) to ascertain what the participant thought and
felt about the applicaion response, and what information they would want to know, if any, for the
situation. Except for a question on application satisfaction with a-point Likert scale response, the

rest of the questions were free text response.

Measure Survey Question Response
Application | am satisfied with the application response 7-point Likert
Satisfaction scale

Action What will you do? Free text
User Feeling How do you feel about what the application did?

Information What information or knowledge would you like to know about what

Demand the application did or why it behaved this way?

Table 5.1: Questions posed to participants for each application response scenario to find out
what they think the application response , what they think is happening, and their

information demand for each scenario.

We recruited 250 participants (47% female; ages 18 to 61, M=29.5) from Amazon Mechanical Turk,
and paid them $4 for completing a survey. Participants were divided among the foapplications

surveys, and survey analysis was conducted betweesubject.
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5.4.2 (CODINGANALYSISEXPLANATIONYPES ANIMODERATORS

Functional Question
_ vy Input i Why
Environment /
/!r Model Why Not

Application K

b Output
Situation What If

Certainty
‘( What Else

Control

Figure 5.5: Hierarchical representation of explanation types that users want to know .

We coded the participant responses to the free response questions to determine whether
participants wanted more information regarding the application or situation, and what type of
information they wanted. Using the open coding method of grounded tloey [Strauss and Corbin,
1990], and drawing from question types employedpreviously in [Antifakos et al.,, 2005] and
Chapter 4, we derived a set ofexplanation types that users are interested in for contexaware
applications. In the rest of thechapter, we shall refer to these types asexplanationtypes Figure 5.5

presents them in terms of a hierarchy andable 5.2 shows the coding scheme used.



Theme { | Values / Description Example Participant Text E
Impression 91 | z |Negative Oricoué O0"AAd O)oi DPEOOAA 1 EE EO @
(Useless / Dissatisfied / Irritated / Frustrated) |©) 21 AEOABDI EI O AA ET OEA APDI EAAQ >
T . . . . . i . —
0 |Neutral / equivocal O0) 00O TEB86 OFET Ao a
+ |Positive (Useful / Satisfied) O'"iTT A8 01l OEOEOA86 O) 11 0A EOh xI ( >
Trust of .91 | 0 |Abandon it, Complain, Lost Trust, Doubt it, O) x1 01 ATo0 BAT PAUEEQ ADORI OA56 O3 l_%n
Device Dissatisfied / believe it is wrong xEQOE TTA 1T &£ OGEA OA1T 01 00686 0O) O i1 AU %
1 | Satisfied / Believe / Trust O4EA APPI EAAOGETT DPAOAE Oi AA POI PA( %
FA O] 086 0
>
Z
O
T
o)
Theme { | Values / Description Example Participant Text g
Information .84 | 0 |None / Not necessary - E
Demand . N A = A~ A~ < n < x A A o
1 | Too much info already / Overwhelmed 0)O0 EO i1 OA OGEAT ) xI O1I A xAT O OI @
2 | Yes/ Not enough info/details (See below) 5
Domain of .95 | 0 [None -
Explanation 1 | Application, Device, Sensors (includes logic) (See below)
2 |Situational / Event O0-U OOAOGOO AT A *TEITU2O DPOET OEOU;
OEA OAOA 1T &£ OAOPEOAOET I xAO8d 0O/ (

Table 5.2: Coding scheme for EBDAOEI AT O p8 4EA EEOOO OxIi
remaining themes indicate their information needs. Most of the participant text responses were coded by one coder, w
random sample of responses coded by a second coder. Inter -AT AAO OAlI EAAEI EOQOEAO

ith a 10%
i{q &£ O AAAE O

* denotes high apparent reliability due to low occurrence of coded measure (i.e., too few affirmative counts).



Theme J | Values / Descri ption Example Participant Text
Inputs .95 | Sensor thresholds, ranges, sensitivity, limitations, |O) x1 O1 A 1 EEA O ET i x xEAO OOECCAOO
capabiliies, coverage, etc O7TEAOA AI A0 EO GCAO EOO Al OAAAOGOET ¢
rather OEAT AT OAOET ¢ 1 U EI OOAed
Model .97 | Application conceptual model / Criteria / Heuristic | (See below)
/ Rules / Logic / How does it know / how it works
Outputs 1* | Options / Alternatives that the system could 0) x ikétdb khow fully what type of things that it would be able to detect
produce. Distinguish from What Else [recognitionoutput]d O) xT1T O1 A xAT O Ol EIT x EE
Theme I |Values / Description Example Participant Text
Why 1 |Whydid the application do X? O7 EU A Hthe meRagéDED® | OCEe d
O(1Tx AT AO EO ElIi x EO EO CiEIC O OA
Why Not | .96 |Whydid it notdo Y? O) xI 61 A 1TEEA O ETix xEU OEA ADPDPIE
O7EU AbPbPi EAAOGEIT AZ£AEI AA O OA1T OA &b
What Else | .95 |What (else)is it doing? O7TEAO 1 OEAO I AGOACA AOA ET OEA NOAOD
O(1Tx ) AiOIA TTTE Ob i1 OA OPAAEEEA
How .97 |How (under what condition) does it do Y? O) x1 01 A AAknéin@hbwiddédiiéshonddng to suppress
i AOOACAO8S
What If 1* |What ifthere is a change in conditions, whatwould®) o A 1 EEA O ET 1 x ET xEAO xEil ADPDI
happen?
Certainty | 1* |Application confidence of its actions / decions O(i x AAT ) AA OOOA EO EO AAAOOAOAed
O)oA TEEA O EITITx Ei x AAAOOAOA OEA
Control | 1+ |HoW tochange settings / thresholds O) xiI Ol A xAl O Oi Elix EEA ) AiOIA DO
O0) x1T 61 A 1 EEA OI ABIAI OERI AT @O AIALDE O Al

Table 5.2 (Continued).
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First, depending on the situation, participants may or may not have angformation demand If they
want more information, they may want to know more about how the application wiks, in terms of
functional inputs, outputs and conceptualmodel A conceptual model describes the decision and
action processes performed by the application to use the inputs in producing output. Regarding the
conceptual model, the participant may ask fomformation that can be represented in the following

guestions:

Why did the application do X?

Why Not: why did it notdo Y?

How (under what condition) doesit do Y?
What (Else) is it doing?

What If there is a change in conditions, what would happen?

o~ . Dh ke

Why and Why Not questions seek situatiorspecific information, while How seeks more
comprehensive information of how the output can be obtained. Although contexaware
applications that sense and act implicitly may elicit questions on what the application isothg,
guestion 4 (What Else) does not ask this. Instead, participants were interested in knowing what
else the application was doing €.g, whether the Digital Family Portrait had contacted emergency
services after detecting the elderly family member had allen). Regarding norfunctional
information about the application, users may want to know how certain the application is of its
actions, decisions, and inferences @2tainty). In agreement with past research [Barkhuus and Dey,
2003b; Bellotti and Edwards,2001; Dey et al., 2006], users also want to be able tooGtrol the
application (e.g, change settings for reminders), and want information on how to control it. In
addition to more information about the application, the user may also want to know more alu the
current Sttuation . Regarding the situation, participants expressed their questions mostly in terms of

What Hse, and sometimes as Wy or Why Not.

We also used the survey responses to derive themes describing circumstances tmabderate

demandfor theseexplanationtypes:

Application Satisfaction. (7-pt Likert scale) How satisfied the user is with the application

behavior.

Impression. Coded response of whether the user hasositive neutral, or negativeimpression of

the application, given the sitiation.
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Trust / Reliance. Coded response of whether the user isatisfied (believes application, trusts it) or

dissatisfied (doubtful, lost trust, in disbelief, found fault, will abandon) with the application.

These measures were found to be correlated dnso we combined them into a summed and
reversed measure of apptation Inappropriateness j | E8ouywgs8 7A OPI EO OEA OAAI
those with a high or low Inappropriateness score (using a Tukey paivise test; p<.001).

Based on the application funtionality in various scenarios, we developed more moderators. For
example, because CybreMinder supports goals of pmanned tasks, while the otherthree
applications do not, scenarios can be separated into whether they are gealpportive or not. The

other moderators are:

Criticality. Whether the situation presented is critical. Situations involving accidents or medical
concerns with the Digital Family Portrait and workrelated urgency for the IM AuteNotification
were considered highly critical.Due to the profound influence of the high criticality of the fall and
incontinence scenarios in the Digital Family Portrait survey, these scenarios were excluded from

consideration of the other moderators.

Goal-Supportive . Whether the situation is motivated by a gal the user has (CybreMinder

scenarios only).

Recommendation . Whether the application is recommending information for the user to follow or

ignore (CyberGuide scenarios only).

Externalities. Whether the application is perceived to have high external depemdhcies €.g,
getting weather information from a weather radio station)vs. AAET ¢ DAOAAMEBGAGA EA R ABGA

CybreMinder and CyberGuide had perceived high external dependencies.
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5.4.3 RESULTYJSERDEMAND OHNFORMATIONYPES

Results are shown inTable 5.3, describing the overall demand for various types of information, and
how the demand changes due to moderating circumstances. Discussion is deferred until after we

present the results ofExperiment 2.

= F'_J. o n Table 5.3: Results of Experiment 1. The left

s 8 vg 2 .

o S > 2 £ % column shows the percentage of participants

(@] = © B E c . .

g e 2 2 2385 o who had a demand for various explanation

< £c O Onaxws W types. The right columns show the effect size
Information | 72.5 nu n nwn

of whether higher moderator rating values

Application | 59.8 y -’ ol mom (of each column) leads to increased (up
arrows) or decreased de mand. All results

Situation | 12.0 e Y c| B
indicate Bonferroni -corrected (n=78)
Inputs | 19.8 8 wnpmn significant differences (p<.01; * denotes
Model | 33.6 nn Y prsmuvqs #I1 EAT860 A EO
Outputs | 2.9 8 W the size of differences rather than just

Why | 19.0 " whether the differences are significant.

Single arrow indicates small effec t size

WhyNot | 82 | [ uu Mu mu
(8 3 8), double arrows indicates
How | 13
medium effect size (8 s 8).
What If | 0.5
What Else| 6.4 How to read: e.g, 72.5% of participants demand

. information, in general; participants demand
Certainty | 1.7 9 P P

Control | 10.0 n

more information about why not when the

application behavior is more Inappropriate.
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5.5 EXPERIMENZ2: ASSESSINBEMAND FORXPLANATION

TYPES

While Experiment 1 sought to elicit the types of information users wanted for explanations of
context-aware applications under vaious moderating circumstances, Eperiment 2 solicits user

demand for the types of information through explicit suggestion of questions and provision of
explanations and studies the impact of meeting this demand on user satisfaction. For each of the
explanation types identified in Experiment 1, we wrote corresponding questdons and explanations

for each application situation response oExperiment 1. We added one morexplanation type in

response to demand for more information about the application conceptual model. This
O6EOOAI EUAOGET T 06 A@bi Al A OEiepresddtatibriof tBe@ihd& iy Aedisioch AE A C
tree. Table 5.4 shows examples of questions and explanation§Ve prepared 11lexplanation types

for each of the 54 scenarios, for a total of 594 explanations; some aepeated for similar scenarios.

We hypothesize that: (i) when asked specifically about whether they want aaxplanation type
(heretofore called solicited information demang, users should reflect the same demandslcited
information demand as that of expeiment 1; and groviding information for demandedexplanation

type will (ii) increase application satisfaction, and (iii) increase user rating of thaexplanationtype.

5.5.1 METHOD

We reused the applications and scenarios from Experiment 1, with one applicatiqrer survey.
Experiment 2 is designed as a betweesubject study for theexplanationtypes (11 conditions plus a
None condition). Participants are assigned to a version of the survey with only one Explanation
type provided (including None). To mitigate orde effects, four versions of each survey were
deployed with a different random ordering of scenarios. Otthe survey, participants use a 7point
Likert scale question to rate their satisfaction with the application.In the explanation type
conditions, participants were provided with a corresponding intelligibility question and
explanation. We posed additional queries regarding how important it was to get the question
answered, how much they are satisfied with the explanation and how useful they found it. We
recruited 610 participants (42% female; ages 18 to 61; M=28.9) from Amazon Mechanical Turk, and

evenly distributed them across the 12 conditions. Participants were paid $2.



Explanation Sample Question Sample Explanation
Certainty How certain is the systen of this The system is 90% certain of this report.
report?
Inputs What does the system use to sense| The system uses an accelerometer worn by the elderly family member, speakers around the
accidents? home, and smoke detectors.
Outputs What accidents carthe system The system can sense the following accidents: Falls and Fire/Smoke.
sense?
Why Why did the system report a fall? The system reported a fall because there was a high acceleration from the accelerometer wg
by the family member, and there was &ud sound.
How How does the system distinguish a | The system did not report a fire, because the smoke detector did not set off.
between a falling object and
person?
Why Not Why did the system not report a The system detects a fall through high acteration detected from the accelerometer worn by
fire? the elderly family member, and a loud noise. The system detects a fall of an object through a
loud noise, but no high acceleration from the accelerometer.
What If If an object falls, would the system | If an object falls, but the accelerometer worn by the family member does not report a high
report a fall? acceleration, the system would not report a fall.
What Else Did the system alert emergency The system has not aleed emergency services and is pending your approval.

(Application)

services of the accident?

Conceptual What is the overall model of how The following diagram describes a simplified view Siolad
Tree Model the system works? of the conceptual model of how the system works Y
Visualization It works by tracing a decision tree and taking High Acceleration? Fire
branches at decision points to arrive at a {
conclusion. Red arrows indicate false conditions Nothing londSound?
and green indicates true. For example, if smoke i =~ v
detected, then the system concludes there is a fire. Sitting Fall
Control How can | change sttings to control | Some settings can be changed through a control panel accessed via the menu: Options >
the sensitivity for reports? Settings.
Situation What was the family member doing | The family member was preparing dnner in the kitchen.
(What Else) before the accident?

Table 5.4: Sample questions and explanations of various explanation types participants received for the Digital Family Portrait.

ALITIGIDITISLINHOS ANVINI@NISSISSY | G43aLdVHD 08
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5.5.2 RESULTANALYSIS

We report three metrics in experiment 2:(i) solicited intelligibility demand (ii) satisfaction of the
application with and without intelligibility, and (iii) user rating of the usefulnessof intelligibility .
Table 5.5 summarizes the results ofExperiment 2 and compares them with Experiment 1. Results
are reported for explanation types across all scenarios, and by moderating circumstances (high.

low rating groups) as described inExperiment 1.

5.5.2.1 SOLICITEINTELLIGIBILITREMAND(SID)

Participant solicited intelligibil ity demand is measured from responses to the-point Likert scale
qguestion on how important it is to receive an answer to the supplieéxplanation type question. All
described differences are significant (p<.05) using a Tukey pawise comparison test. Aswith
experiment 1, the moderating effects are measured by the effect size between low and high

moderator rating groups.

5.5.2.2 DIFFERENCE APPLICATIORATISFACTIO(K AS)

To calculate relative application satisfaction from None, for each scenario, we subtractie means

of satisfaction of the None condition from each response in the ldxplanation type conditions.
Across moderating circumstances, we calculate the effect size between the high and low moderator
groups. If the effect size is small or medium, weeport the differencein scale value mean along with

the p value of a itest between the groups.

5.5.2.3 INTELLIGIBILITYSEFULNESA\TING(IUR)

We derived an intelligibility usefulness rating based on the mean of responses regarding

explanation satisfaction and e AT AOET 1T OOAAEDOI T AOGO j #0711 AAAEGSO

as described forsiD.

1 ES8



Average Inappropriateness Criticality Goal-Supportive Recommendation Externalities %

Expl Exp2 Expl Exp2 Expl Exp2 Expl Exp2 Expl Exp2 Expl Exp2 9

eiD(%)| siD |[BA|iuR|| eiD | sib | BA]JiuR| eiD| siD | BA{iuR | eiD| siD| BA{iuR | eiD| siD|BAJiurR| eiD| siD|BA{IiuR >

i)

Information | 72.5 |5.18(0.11{4.91|] W 4 0.47 |-0.47 0.81 0.45 n nwu H

&

Application | 59.8 |5.22|0.09( 4.9 n 0.45 (-0.48 0.79 0.44 nu nu —

Situation | 12.0 |4.82(0.28(4.92 0.76 nunii.1s5 0.62]| " ¢ -0.71|-0.75| 8 -0.52 5

@

Inputs| 19.8 [5.61(0.15|5.17 0.44*(-0.45] © |0.50* 0.61 hnni-0.66 nwu (@n

Model | 33.6 |5.04(0.01| 4.7 nn 0.46 |-0.52 0.83 041] “ |042 -0.45 -0.42 6

Outputs| 2.9 |5.62|0.06|5.11 0.59 0.75 053| -0.56| nu 048 Z

>

Z

Why | 19.0 [5.27|-0.36|4.32 n -0.65 1.21 0 0.59 o

3

Why Not| 8.2 |4.57|-0.01(4.42]f u 0.68 0.91 nnio.95 0.74 -0.68 nn 0.44 %

How | 13.4 |5.20|0.22|5.18 -0.48 0.54 0.73 -0.67|-0.80(-1.11 -0.63|-0.75 5

WhatIf| 0.5 |5.15|0.11|4.64 0.49 0.97 -1.33 -1.16 -0.84 -0.88 E

What Else| 6.4 |5.09(0.04|4.83 -0.83] v |0.81 %

':

Viz. 5.29/0.20]4.71 |-0.37] 0.53]-0.56 lo84] |oss | |o062/-083 | |os54] ] ] 3
Certainty | 1.7 |5.25(0.33(5.13 -0.66 0.99 0.42* 0.60 -0.49%-0.51% 0.62 -0.43
Control | 10.0 |5.37|0.23|5.42 " 0.79 0.54* 0.53 -0.80 -0.60

Table 5.5: Results of Experiment 2 and Experiment 1. e iD: elicited information demand 8 OE$d O1 1 EAEOAA ET £ Oi AOE
difference in application satisfaction for providing explanati on type. iuR: intelligibility usefulness rating of explanation received.
ForEdDAOETI AT O ¢h TAEDO AT 1 O0IiT1TO0 O1 AAO ' OAOACA AOA OEA 1 AAT OAI OGAO 1T E
means between intelligibility -provided (various types) and non-intelligible. The right columns are differences in means or
differences between high and lo w moderator rating groups. All E xperiment 2 results of each measure are Bonferroni corrected

(n=84) and significant (p<.01, * denotes p<.05).



How to Read: e.g, for explanationtype Situation, 12% of participants in experiment 1 were interested in knowing about the situation; in

experiment 2, participants wanted to know about it (M=4.82, above neutral); they rated it well, in general (M=4.92) and hadignificant
Ei DOT OAT AT O ET APPI EAAOEI T OAOGEOAZAAAOBEIT jY-Enm8cyqs8 7EAE AT T OEAA
information about the situation (both elicited and solicited, both medium effects), experienced more satisfaction afteraeiving

explanations for more critical scenarios (p<.05), and rated situation explanations better for those scenarios (small effect).
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5.6 DISCUSSION

We discuss the meaning of the results from both experiments in terms of demand for intelligibility
and what they imply for design. Among the four contexaware applications we investigated and
their various scenarios, we have determined average demands for variowexplanation types.
However, these demands change depending on circumstance and function of the aggtiion.
Participant awareness to seelparticular explanation types also increases their demand for these
types. We also found that explanations should be carefully tailored to be effective, otherwise, they

may be more detrimental than helpful.

Participants generally wanted information about the Application, and designers can anticipate this,

but they also moderately waned information about the Stuation in which the application acts.

When asking about the applicationparticipants tend to focus on the apgtation Model rather than

the Inputs or Qutputs. Of the application modelthey care most aboutWhy the application behaved

as it did in specific situations, andHow it works in general andHow To produce certain actions or

decisions. Participants indicatel a strong demand forVisualizations (with significant increase in

application satisfaction, and intelligibility explanation rating). This may be becausgarticipants

prefer graphical to textual explanations, sovisualization-basedexplanations may be a bieer means

to deliver explanations. As inChapter4 [Lim, Dey, and Avrahami, 200Q Why Not explanations had

a significant but limited demand compared to why. As indicated by many researcher®.g,

[Barkhuus and Dey, 200®; Bellotti and Edwards 2001; Dey et al., 2004), our participants were

interested in knowing how to control applications. We found that users were more satisfied with

receiving this explanation type even though we only told them where they could find a contto

panel. This echoes findings inGlass McGuinness, and Wolverton, 2008 I £ ET x OOAOO AAT E
AOO OAOCEAZEUSG APPOT AAE AT A EOOO T AAA O ETT x OEAU A

5.6.1 DEMAND FORNTELLIGIBILIWARIES WITRIRCUMSTABES

The Why Not explanation type is particularly effective for Inappropriate circumstances and Goal
Supportive functions.Participants would tend to ask Why Nt when encountering an inappropriate
behavior, especially if it deviates from their goals.Output information is desired more for
Recommenderand Inputs information for applications with high Externalities Table 5.5 indicates

other explanation types that vary by circumstances.
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5.6.2 HIGHINTELLIGIBILITDEMAND FORRITICAIORCUMSTANCES

Criticality is a particularly significant moderating circumstance as for highly critical scenarios,
participants want as much information about anyexplanation type (especially about theStuation

and What Hse) as they can get if they are aware afs availability. However, it is hard to satisfy
participants with any explanation types in highly critical scenarios, possibly due to the stress

during the critical period, and preoccupation with the primary problem.

5.6.3 AWARENESS G&XPLANATIONYPESHANGESDEMAND

Just as in McGuinnesset al., 2007, we found that awareness of the existence @planation types
plays an important factor where participants recognize the value of the various types and
subsequently had greater demand for them, resulting inigher application satisfaction; this created
higher demand and benefit thanwould have been predicted from Eperiment 1. Though not in
demand when elicited, Inputs, Qutputs, What If, What Hse, and Certainty became particularly

desired when participants weae informed or reminded about them.

5.6.4 VALLEY OEXPECTATION

The elicited and solicited information demand measures indicate whictexplanation types are

desired and under what circumstances, but providing explanations matching these types in the
corresponding circumstance may lead to poorer intelligibility usefulness ratings instead. This is
particularly evident for Inappropriateness circumstances, but absent for highly Critical ones. This

suggests that when participants have a higher demand for intelligibift, they also expect better
explanations, and may rate explanations worse. However, when they become more desperate for
information (as in cases of high criticality), they readily accept the explanations, and rate them

more favorably. We refer to this dropthen rise in expectation of explanation quality with respect to

ET &£ Oi AGET T AAIT ATA AO OEA OOGAITAU T £ AGPAAOAOQGEIT T &

5.6.5 SATISFACTIONS UNDERSTANDING

This work has explored theexplanation types that users demand and that may satisfthem. We
compare and contrast our findings to our earlier workin Chapter4 that explored how to improve
user understanding and trust of a contexaware intelligent system.Previously, we found thatWhy
and Why Not explanations were most effective, while interactive explanation types low To and

What If), were less useful due to the difficulty of using them. In this study, we provide participants
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with various explanation types without involving any user interaction, so we avoidhe confound of
difficult user interfaces and, in fact, find thatHow (To) and What If explanations should not be
neglected. We also found that even thoughwhy and Why Not explanations are intuitive and
particularly good at improving understanding, users lave higher expectations on the informational

quality of such explanations, and may be biased against appreciating them as much.

9.7/ DESIGNRECOMMENDATICGN

We present some recommendations to developers of conteaware applications about which
explanation types to provide and under what circumstances. Developers can identify which
moderators and situations apply for their applications and then use the suggested
recommendations.Implementing all the types of intelligibility we investigated is excessive anchay
even be ddrimental. We present the different types and offer advice about when and how they

should be implemented (summary inTable5.6 and Table5.7).

Application. When users want information, they will £nd to want application-centric information,

Oih ET CATAOAT h 11T OA A£EAEI OO0 OEI OI A AA AT 1T AAT OOAOA
workings and mechanism than on the situation. Explanations about the application should also be

provided for applications that are at risk of being easily abandoned (low trust), and when the

application is uncertain (high risk of Inappropriateness) of its action.

Situation . Though users are less interested about what else is happening when the application
responds, there is moderate interest in increasing their realworld situational awareness (vhat
elsg. This would involve making applications sense more related events and contexts.q, for a
monitoring application, what is the historical trace of events beforan anomaly) than their primary
function, and to reveal such knowledge to the user. This is more important in cases when the

application acts in highly critical situations.

Input s. Users may only have a moderate interest in knowing more about the applicatiodirput
sources or sensor readings, but if they perceive the application is heavily dependent on external

sources (high externality), they may want to know more about the inputs.

Output s. In typical application use, users are not interested in the outpualternatives. However,
they may suspect that the application is capable of more action than it is exhibiting. Providing

intelligibility explaining the output (action) capabilities of the application is particularly important
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for applications that make reommendations (such as tour guides), especially when users want to
seek better options.This should be provided automatically during early stages of usage to improve
OOAOO8 AxAOAT AOOS8

Model.- T 0O 1T £ OEA NOAOOETI T O OOAOO scontefrualinbdelAtsls AOA A/

elaborated with the following explanation types.

Why. Answering why questions is an essential intelligibility requirement as such questions are very
common. However, users may also have high expectations that théy explanations are very
ET £ Oi ACGEOGA AT A A OEIibBI A OAAOGIT OOAAA T AU 110 AA

Visualizations could be used to augment a trace.

Why Not. Such explanations are good for high risk (high chance of inappropriateness)
circumstances and goalsupportive functions. However, wecaution against implementing it in all
types of contextaware applications because generating these explanations for all alternative

possibilities may be nontrivial.

How. Users aresomewhat interested in knowing how the application arrives at its outcomes, and
particularly like such explanations. Howeverhow explanations can get cumbersome to produce for
applications with complex or learned logic. Users may have to use an interactive facility to specify

the constraints in which to obtain an action(as was the case ifvection4.6.4).

What If . This explanation type also involves user interaction in specifying input conditions and the
application simulating what would happen. We reconmend what if explanations for non-

recommenders and more selcontained applications, for which users indicated strongest demand

What Else. The what else explanation provides information closely related to the situation
explanation. The latter provides siuational awareness, while the former provides more
information about what the application has done. Unsolicited demand fawhat elseinformation is
low, but becomes significant when participants are aware of its availability. This indicates an
intrinsic need for this type of explanation.What elseexplanations are also important in critical
situations when users hope that the application is doing more to remedy or handle the critical

situation.

Visualization (Viz.). Given the general demand and effectivenssfor this explanation type, we

recommend providing visualizations to augment explanations.
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Certainty . Providing certainty information is particularly important for applications that are goal-
supportive where users want to know how certain the applications in its decision or action, and
for applications that rely heavily on external sources and sensor€ertaintyvalues that we provided
for this study were over 90%, but we suspect that if lowcertainty accuracies are reported to the
user, this may hurt their impression of the application. As applications can have varying levels of

certainty when in use, it may not be wise to always showaertainty information.

Control . For context-aware applications, ths explanation type would support users changing
parameters in the conceptual model that were originally set by the developers or learned by the
system. However, when users adjust such parameters, they may be making poorer choices than the
developers or the underlying machine learning algorithm, and may ultintaly hurt the application
accuracy. Nevertheless, it may be important to allow users to changieese settings, but caution

them about the danger of doing so.
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5.7.1 DESIGNPRESCRIPTION

We synthesize our findings and discussion to produce an initial attempt atdesign prescription on
what and how to provide and implementexplanation types for contextaware applications. We
propose a fourstep procedure, and use UbiGreerfoehlich et al., 2009 as an example application
to illustrate this and for external validity. UbiGreen is a mobile contexaware application that uses
a wearable sensor to recognize physical activity relating to sustainability (green) actions. The
application tracks the accumulation of green actions and displays a corresponding rewarding

wallpaper on the phone throughout the week. The steps are as follows:

I.  Map application to moderating circumstances. Determine whether the application will
encounter high or low moderatorrating values.Table 5.8 showsthe mapping for UbiGeen.

IIl.  Referring to Table 5.6 and Table 5.8, determine which explanation types to provide and
prioritize them in order of recommendation.

lll.  Consider issues (such as obtrusiveness and privacy) that would ledd trade-offs with
when and how to provide intelligibility. Table 5.9 lists concerns for UbiGreen, andable 5.7
presents ways to provideexplanationtypes.

IV. Summarize selections okexplanation types with justifications. We provide Table 5.10 as a

template for this summary and filled it out with details for UbiGreen.
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Table 5.6: Design prescription of which explanation types to implement depending on the

circumstances encountered by and functionality of the candidate context  -aware application.

Provision Type

Tradeoffs

Always on Obtrusive and space consumingOnly suitable for displays that are persistent|
(e.g. peripheral or kiosk displays).
Automatic ContextBased Could be obtrusive for frequent events. May want to deactivate after a while.

Adaptive / Intelligent

The system uses context to determine when toprovide explanations.
Applications with poor accuracy may provide or omit providing explanations
at inappropriate times.

This can be used to determine the most crucial time to send privasensitive
information.

On DemandAlways

Least obtrusive, but maynot expose user frequently enough to improve their
understanding.

On Demand ContextBased

Allows users to get intelligibility features contextually.

Table 5.7: Reference of provision types to handle trade offs between providing intellig ibility

and other issues.
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Moderator Lo Hi

Inappropriateness V Y

Criticality \%

GoalSupportive \% Issues Concern
Recommendation \Y Obtrusiveness Med
Externalities \% Personal Privacy Low

Table 5.8: Circumstances mapping for Ub iGreen.

Table 5.9: Issues mapping for UbiGreen .

Explanation Type Provision | Priority Details / Comments
Situation -
Inputs -
Outputs -
Why On Med To support curiosity or deal with expectation
Demand mismatches.
Why Not On High Needed to answer why certain activities were not
Demand, recognized and recorded.
How On Med Providing this explanationtype may be
Demand: controversial, since this information allows users to
g game the system.
®
L2 What If - Implementing this will also support gaming of the
g [ system.
< | 3B
= What Else -
Visualization (with To augment textual explanations.
others)
Certainty | Always Med Though important to have, it is more appropriate to
show certainty at the event level (e.g. detection of
various activities), than at the cumulative level (i.e.
wall paper display of progress).
Control On Med Expose user model and sensor thresholds to allv
Demand, tweaking.

Table 5.10: Design prescription for UbiGreen.
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5.8 LIMITATIONS

We acknowledge three limitations of our approach. First, we do not claim our list of moderating
circumstances to be comprehensive; therare other explanation types that could be important to
context-aware applications €.g, history, similar examples), and other circumstancese(g, more vs.
less autonomous systems). Second, our participants had to imagine using the various applications
through video and text. We used this approach to garner opinion from a larger pool of participants
and to investigate a range of multiple contexaware applications. However, this does not mitigate
the need to investigate the demand for intelligibility featires in deployed systems, where users can
get reakttime feedback, have internal motivations and goals, and can draw on past experience of
using the system. Third, since we drew our participants from the Internet, and a relatively new
platform, Mechanical Turk, our population is not a representative sample of the general public (see
[Schonlauet al., 200€). Our sample(ethnicity 32% Asian / Pacific Islander, education 37% 4year
college educated, 18% with posgraduate degree; 27% students)is more represertative of an
internet-savvy population, and should be representative of technologgarly adopters. This

population is appropriate, as we are dealing witlthe adoption ofnovel technologies.

5.9 CoNcLUSIONSND FURTHERWORK

We have described two experiments abat a wide range of scenarios with four contexaware
applications to assess user demand for intelligibility and the impact on user satisfaction when those
demands are met. From a question asking perspective, we have elicited a seexglanation types
(Application, Stuation, Inputs, Qutputs, Model, Why, Why Not, How, What If, What Else, Certainty,
Control) users of contextaware systems may be interested in, and several circumstances that may
moderate when this demand changesApplication Behaviorinappropriateness Situation Criticality,
Application GoalSupportiveness RecommendationRole Number of Externalities). Our findings
suggest that someexplanation types (e.g, Why, Certainty, Control) should be made available for all
context-aware applications,while some are more useful for specific contextse(g, Why Not for goal
supportive tasks). We believe that contexaware application developers can take these
recommendations on when and how to provide different types of intelligibility features and

dramatically improve user satisfaction with, and acceptance of, their contesxdware applications.

We have found that even if certairexplanation OUDA O AOA EAI b&£OI O Ei pOI OA

they may not necessarily want or seek them, and be more satisfied/e would like to investigate the
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interactions involved in increasing understanding and satisfying information demands to provide a
more cohesive framework for intelligibility. We wish to test our findings in a field study with a
deployed intelligible context-aware application. As an intermediate step, we designed, developed
AT A AOAT OAOAAR |, A[ Odware Aadbile Bapldakioni(dEsCribel inhaptérd &bk @ O
9) as a research platform.This application provides 10 of these explanation types allowing us to
gain richer insights into how and when users interact with each type, and how that may improve

their understanding of the application behavior.
47 OODPDPI OO0 OEA EIi bhddthériin@igbIE tohtext-adare, appficatidns,and to
make it easier to implement explanations that can explain the broad range of question types we

introduced in this Chapter, we developed the Intelligibility Toolkit, which we describe in Chaptes.
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6 INTELLIGIBILITMOOLKIT

This chapter is an extension of the work presented in:

Lim, B. Y. andDey, A. K.(2010). Toolkit to Support Intelligibility in Context-Aware
Applications. In Proceedings of the 12th ACM international Gerence on Ubiquitous
Computing (Copenhagen, Denmark, September-2®, 2010). Ubicomp 'LOACM, New York,
NY, 1322.

ABSTRACT.  Contextaware applications should be intelligible so users can better understand how
they work and improve their trust in them. However, providing intelligibility is non-trivial and
requires the developer to understand how to generate explanations from application decision
models. Furthermore, users need different types of explanations and this complicates the
implementation of intelligibility. We have developed the Intelligibility Toolkit that makes it easy for
application developers to obtain 12 types of explanationse(g, Certainty, Why, Why Not, What If,
How To) from the several popular decision modelsd.g, rules, decision tees, naive Bayes, hidden
Markov models) of contextaware applications. We describe its extensible architecture, and the
explanation generation algorithms we developed. We validate the usefulness of the toolkit wilthur

canonical applications that use theoolkit to generate explanations for endusers.

6.1 INTRODUCTION

Having elicited what questions users are interested to ask of contegware applicationsin Chapter
5, we have found a reasonably large set of explanation types thapplications may provide to be
intelligible. However, it would be a substantial effort for developers to implement these
explanations for all contextaware applications for which they would like to provide intelligibility.
To support the implementation ofintelligibility, and lower the barrier to providing them in context-

aware applications, we developed the Intelligibility Toolkit. Its focuss to provide the automatic
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generation and processing of explanations from the underlying context model of a conteaware
application. The Intelligibility Toolkit provide s an extensible, standardized framework with which
the explanations can be(i) selected, (ii) queried, (iii) generated, (v) post-processed, and )

presented.Our contributions are:

1. An architecture for generating a wide range of 12 explanation types drawn from Chaptér.
Our current implementation extends the Context Toolkit, a popular toolkit for building
context-aware applications[Dey, Abowd, and Salber, 20QJand supports at least 10 popular
inference models(e.g, rules, decision trees, naive Bayes, hidden Markov models).

2. Alibrary of reference implementations of explanation generation algorithms we developed
to extract any of the explanation types from any of thenferencemodels we support.

3. Automated support for the recommendations from Sectiorb.7 that promotes good design
practice by making the most contextually appropriate explanationgasy for developers to
acquire. Applications camautomatically obtain the most appropriate explanations given the

contextual situation.

As we will show, these contributions satisfy the regwements laid out by Olsen [2007 for adding
value to user interface architectures:(i) importance, (ii) problem not previously solved, (iii) has
generality across a range of explanation types andecision model types, (iv) reduces solution
viscosity through increased flexibility for rapid prototyping of explanations, (v) empowers new
design participantsby making it easier to provide explanations, and (vi) demonstratespower in

combinationby supporting combinations of explanation types as building blocks.

This chapter is organized as followswe review contextaware applications published in recent

years from a number of premier conferences to ascertain popular inference modelsThen we

present a discussion othe explanation we seek tosupport. Next, we provide an overview of the

toolkit architecture and components, and implementation details and algorithmsWe validate the

OTT1 EEO OEOI OCE AAIi 11 OOOAOCEIT ADPPI EAAOGEIT O AT A OE
We then discuss other toolkit features that would be valuable to support, and compare the toolkit

with related work. We end with discussing opportunties for new research given the toolkit.

We have also included extensive appendices to this chaptelescribing where the toolkit may be
downloaded (Appendix A), detailing more Explainer explanation generation algorithms (Appedix
B), and providing a tutorial on how to build an intelligible contextaware application with the
Intelligibility Toolkit (Appendix C).
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6.2 INFERENAHZ ODELS IKLONTEXJAWAREAPPLICATIONS

In [Lim and Dey, 2010], we identified the most popular contextaware inference models to support
in the Intelligibility Toolkit. We reviewed literature from three major conferences over at least five
years: CHI 20032009, Ubicomp 20042009, and Pervasive 20042009. We found the four most
popular models among the 114 contexaware applications reviewed: rules, decision trees, naive

Bayes, and hidden Markov models (sdeigure 6.1).

70 All Applications 15 7 Recognition Applications

60 -

50 - 10 -

40 A

30 -

20 - 5

10 -

0 - 0 -
$ 5 2 2 % z 8 5 2 = § 2
x I x I

Key: Decision Tree (DT), Mive Bayes (NB)Hidden Markov Models (HMM),
Qupport Vector Machines (SVM), iNearest Neighbor (KNN)

Figure 6.1: (Left) Counts of model types used in 109 of 114 reviewed context -aware
applications from 2003 -2009. (Right) Counts for 50 recognition applications; classifiers are

used most often for applications that do recognition.

In this chapter, we extend the Intelligibility Toolkitin [Lim and Dey, 2010]to support more types of
inference models to provide developers witheven more flexibility in choosing machine learning

classifiers and yet retain intelligibility features in the toolkit.

6.2.1 LOGICRULES

We classify applications as rulébased if the authors state that their applications were based on
Boolean rules(e.q, if/else logicc AND and OR combinations or that they were based on simple
mapping associations of IDs to entitiesd.g, RFID). Developer specified rules are the most popular
decision models used in contexaware applications. They are popular in the followingdomains:
activity recognition (e.g, [Tsukadaet al., 2004), adaptation / personalization (e.g, [Teradaet al,
2004]), awareness / monitoring (e.g, [Dey and Guzman, 2006, reminders (e.g, [Borriello et al,

2004]), location guides €.g, [Newcombet al., 2003), and persuasion €.g, [Froehlich et al., 2009).
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Also, the number of rulebased toolkits for contextaware applications indicates the popularity of
rules (e.g,[Assadet al., 2007;Bardam, 2005; Dey and Newberger, 2009; Gai al. 2005]).

6.2.2 DECSIONTREES

Decision tree classifiers (.9, C4.5 [Quinlan, 1993], Random Treef a Random Forest [Breiman,
2001]) learn a decision tree from a dataset. A decision tree infers an output by deciding on a
specific input feature at each node as it traverses @m and returns a decision once it reaches a leaf.
Decision trees are popular for their simplicity of use, interpretability, and good runtime
performance. Decision trees are popular in applications to recognize: identity / abilityg(g, [Chang
et al, 2009)), interruptibility ( e.g, [Avrahami and Hudson, 2006; Tullicet al., 2007), mobility (e.g,
[Zhenget al., 2008), etc.

6.2.3 FUNCTIONS

A simple form offunctional relationsis the direct of one or more inputs to an output. For example,
adjusting the color ofan ambient displaybased on the current price of energyAmbient Energy
Orb?), or adjusting the length of a string based on the arrival times of bus@@usMobile [Mankoff et
al.,, 2003). Other than programmerdefined functions, functions can also be leasd using machine

learning algorithms.

Linear Regression learns a linear equation relating input features to a continuousalued output.
Linear regression has been usetb model: physical energy expenditure from wearable sensorse(g,
[Albinali et al,, 2010]), step count prediction (e.g, [Sohnet al., 2006]), and in combination with
other classification methods for domestic utility inference €.g, HydroSense FFroehlich et al., 2009],
GasSense[Cohat al., 2010]).

Logistic Regression is similar to linear regression, but instead learns a sigmoid function for use in
classification instead of regressionLogistic regression has been used to model: availability from a
mobile phone (e.g, [Rosenthal Dey, andVelosg 2011]), physical activity monitoring (e.g [Sun,
Zhang, and Li, 2011], and dietary activity recognition with wearable sensorse(g, [Amft and
40 OOAOh c¢mmyyYQs

Support Vector Machine (SVM classifiers area popular machine learning classifiers that use a

maximum-margin hypothesis to learn a linear equation relating input features to classifg class

! Ambient Devices http://www.ambientdevices.com/products/wigambient Retrieved 3 April 2012.
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value. A popular method to train SMIs is Sequential Minimal Optimization (SMO) [Platt, 1998].
SVMs have been used to modetye movement tracking for activity recognition é.g, [Bulling et al.,
2009]), visual memory recall €.g, [Bulling and Roggen, 2011]) physical activity recognitioneg,

[Murao et al., 2009]), and gesture recognition using powelines (e.g, [Cohnet al., 2011]).

6.2.4 BAYESIANMMODELS

Several inference models use Bayesian inference to determine the output given some input values.
Generally, they use Bayesian probability tdetermine the posterior probability of an outcome value
due to a prior probability and likelihoods due to some variables. These variables provide evidence

for the inference.

Naive Bayesis a probabilistic classifier that applies Bayes theorem to model thgrobability of the
output of a system given the inputs. It applies a naive assumption that features are conditionally
independent of one another. Training and runtime performance are fast. Naive Bayes classifiers
have been used to recognize: physical acify (e.g, [Changet al., 2007), domestic activity (e.g,
[Tapiaet al., 2004), interruptibility ( e.g, [Tullio et al., 2007).

Hidden Markov models (HMM) [Rabiner, 1989] are Bayesian probabilistic classifiers that model
the probability of a sequencef hidden states given a sequence of observations (input features with
respect to time). Firstorder Markov models assume that only the previous state affects the next,
and only the current state influences the current observationHMMs have been used to mode
physical (e.g, [Changet al., 2007]) and domestic activity (e.g, [van Kasterenet al., 200§), gaze €.g,
[Bulling et al., 2009).

Bayesian Network s (also called Bayes Net, BN) are more general Bayesian probabilistic classifiers
that can model more @&pendencies between variables in the model. BNs have been used to model:
family transportation coordination [Davidoff et al, 2011], activity tracking of multiple home
occupants €.g, [Wilson and Atkeson, 2005]), medication prompting (e.g, [Vurgun, Philipose, and
Pave 2009]), and social sensing for epidemiological behavior changgMadan et al, 2010]
Explaining BNs have been extensively researched especially in the medical informatics literature
(e.g, see[Lacaveand Diez 2002]). As such, we do not auently support explaining BNs in the

Intelligibility Toolkit.
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6.2.5 SMILARITY

Another approach to inferring an output value is to determinénhow similar the current inputs are to
previously seen examplesThis is a common approach for recommender systems thaecommend
based on items in which the user had expressed interest, and casased reasoning systems, which

refer to specific casesWe describe two commorsimilarity -basedmodels.

k-Nearest Neighbors (kKNN) is aninstance-based learning method that classifie outcomes based
on the majority class value ofthe instances in the training set that arenearestto the test instance
kNN has been used to modelcontext-based mobile search [Laneet al., 2010], single-point
electronic device sensing [Gupta, Reynoldand Patel 2010], EEGbased attention recognition [Liet
al., 2011], and physical activity recognition [Bicocchi, Mameind Zambonellj 2010].

k-Means Clustering is an unsupervised learning method to group data instances intk clusters
based on how simila the instances are based on their input feature€On its own, clustering does
not classify a label or output valueHowever, k-means has been usedogether with supervised
learning classifiersto model, e.g, smart phone energy consumption [Oliver andKeshav, 2011]. We
focus on supervised instead of unsupervised methods, arttb not currently support explaining k-

means clusteringin the Intelligibility Toolkit.

6.2.6 BENSEMBLENFERENOHODELS

Ensemble meta-classifiers are commonly used to improve the accuracy oflassifiers. We describe

two popular ones.

Bootstrap Aggregation (also called Bagging) [Breiman, 1996tesamplesa training datasetwith
replacement totrain multiple versions of a base classifierwhich subsequently are used to vote on
an inference Baggng has been usedo model: cough detection using microphoneslarson et al,
2011], cooperative peoplecentric inference from data of multiple people [Laneet al., 2009],and

transportation mode [Zhenget al., 2010].

Adaptive Boosting (AdaBoost) [Freud ard Shapire, 1995] is a popular Boosting method that
iterates a base classifiemultiple times by updating the training dataset of each iterated classifier to
emphasize wrongly classified instances. Inference is performed through a weighted vote of the
clasgfier iterations. AdaBoost has been used to modephysical activity recognition with boosted

decision stumps €.9, [Lester, Choudhury, and Borriello, 2009]), hand gesture recognition with
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boosted KNN €.g, [Fukui et al., 2011]), mobility mode inferencewith boosted logistic regression
(e.g, [Sohnet al., 2006]).

Several applications also comlnie rules for higher level logic with classifiers for lower level

recognition (e.g, UbiFit [Consolvoet al., 2008], UbiGreen[Froelichet al., 2009h , AJ OA ¢ , EIi

2011a]).

6.3 EXPLANATIOKQUESTIONYPES

As we focus on these four decision models, we need to generate the various explanations that users
want to receive.Iln Chapter5 we enumerated ten explanation types thaare important to end-users
of context-aware applications, and in this work we provide mechanisms tautomatically extract

eight of them from the applications. We review the different explanation types and their definitions.

6.3.1 SYSTEMBASEIEXPLANATIONYPES

If we represent a contextaware application as sensing inputs, maintaining system state, and
producing an output, we can identify a set of explanations that are independent of the decision

model and how it makes its decisions.

1. What explanations inform users of the current (or previous) system state in terms of output
value; this makes the application state explicitlf the application performs multiple actions
per state, the user may askWhat Else to learn of other actions or services that the
application may have performed simultaneously.

2. When explanations inform users when the inference madei.e, the time at which the
context changed its value.

3. Inputs explanations inform users what input sensors €.g, thermostat, GPS coordinates)
and information sources (e.g, weather forecast, restaurant reviews website) that the
application employs so that users can understand its scoptput values are obtained by
recursively asking What on the Inputs. When a user asks a why question, she majvely be
asking forthe Inputs state Inputs should be described by their name and possibly also with
some description of what they mean or refer to.

4. Outputs explanations inform users what output options the application can produce. This
lets users know what it can do or whastates it can be in €.g, activity recognized as one of

three options: sitting, standing, walking). This helps users understand the extent of the

Al
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APDPlI EAAQEIT 1 ®aputd Axplandtiens Ead Blgb ®a used to help ask modesed
explanations Why Nt and How To (see below) by allowing the user to select an alternative
desired output.

5. What If explanations allow users to speculate what the applicatiowill do given a set of

user-set input values.

6.3.2 MODEEBASEIEXPLANATIONYPES

Explanations regarding tre inference mechanism of the decision making process in the application

are modetldependent, and would vary depending on the model used.

6. Certainty explanations inform users how (un)certain the application is of the output value
produced. They help the usedetermine how much to trust the output value.

7. Why explanations inform users why the application derived its output value from the
current (or previous) input values. For rulebased systems, this returns the conditions
(rules) that were true such that theoutput was selected.

In terms of model generated explanations, a Why question asks for the reasoning trace(s)
for the rule(s) that triggered the inferred value, or evidence for why the inferred value was
inferred over alternative values

8. Why Not explanations inform users why an alternative output value wasnot produced
given the current input values. They could provide users with enough information to
achieve the alternative output value, but not necessarily scee(g, the Weights of Evidence
style of explanation; see Sectior.4.2).

In terms of model generated explanations, a Why Not question asks for gairwise
comparisonbetween the inferred output value and an alternative output value.

9. How To explanations answer the question Ih general, how can the application produce
desired output value X?" This contrast with Why that asks in regards to a specific event.
Occasionally, providing a comprehensive How To explanation is infeasible, since there could
be infinite solutions. Thereare other variants of How To questions that can provide a finite
and tractable number of reasons, such as How To If, where the Input state is constrained

when asking How To.
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6.3.3 APPLICATIOBASEOEXPLANATIONYPES

The following explanation types depend on thapplication and sensed or inferred context and are

thus application-dependent.

10. Situation explanations seek to demonstrate or illustratewhat was happening to provide a
ground truth of what was being inferred, e.g, playing an audio clip of what was heardo
depend on the physical context being explained.

11. Description explanations provide textual descriptions for teaching terminology and
concepts of terms, features, ofeature values[Swartout and Smoliar 1987]. With longer
text, description explanations can alscsupport the design rationale explanation type of

Hayneset al. [2009] andjustification explanation type of Swartout[1983].

We omit explaining Control becaus this is already covered by Enactor ParametersDpy and
Newberger, 2009. Description explanations may also be used to explain how to Control the
application.

6.3.4 HISTOREXPLANATIR

History explanations inform users about the application state at a previoume. This is not truly a
distinct explanation type, but a means to retrieve historical explanations of the aforementioned
explanation types. Rather than explaining about the current inference, History explanations allow
the user to learn about a past higirical inference. Therefore, thismay simply provide a historical
What explanation, or provide a means to ask other questions and obtain explanations.d, Why,

Why Not, Inputs) about that time instance.

To support History explanations, we require the aplication to store and retrieve historical
information at the application level or deeper at the system levekurthermore, assuming that the
inference models are static,i.e, do not change over time, Historical explanations can then be
generated by applyng Explainers to the inference model with the specific historical state. If the
inference model changes over time, then historical versions of the model will also need to be stored

and retrieved to generate the corresponding explanation of the historicaiment.

Currently, the Intelligibility Toolkit does not specify any storage mechanisms, though the Context

Toolkit does support storage of context informationWe have developed an intelligible application
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prototype, Laf[sa (see later Section¥.2 and 9.3), which also supports storing and retrieving of

historical contexts, and so supports historical explanation types.

6.4 EXPLANATIOSTYLE®FMODEEBASEOEXPLANATIONS

The differences in inference models affect how an explanation may be generated. We support two
styles of explanations in the Intelligibility Toolkit that can be generated: rule traces and weights of

evidence.

6.4.1 RULETRACES

Rule traces pertain to the traceor line reasoning content type of explanation described in [Gregor
and Benbasat, 2001]. They trace the line of reasoning that was executed to explain why an inference
was made. Conveying traces that were not executed explain why an alternative inferencesweot
made. For a logic inference model, a trace is just a conjunction (AND) of logic conditions. The
Intelligibility Toolkit provides Rule Trace explanations for Rules and Decision Tree inference

models.

6.4.2 WEIGHTS OBEVIDENCE

Many models do not make inferenes using rules €.g, naive Bayes, SVM) and so rule traces are not
relevant for explaining them. Instead, weemploy the Weights of Evidenceconcept also used in
[Kuleszaet al., 2009; Poulinet al, 2006; Madigan, Mosurski, and Almond, 1998/ozinaet al., 2004].
This considers that the model computes #otal evidence for each possible outcome value that may
be inferred, and that this total evidence is due to a sum atomic weights of evidence due to various
factors. In the inference models we consider fothe Intelligibility Toolkit, we consider input
features (e.g, sound volume, frequency) as the main factors. Therefore, the weights of evidence
explanation attempts to inform the user how much evidence each factor contributes towards or

against the infeence.

6.5 REQUIREMENTS

We seek to provide an Intelligibility Toolkit that supports the automatic generation of the
aforementioned explanation types from various inference models. Contexdware applications built

with the toolkit freely receive the capability o providing these generated explanations to endisers.
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The toolkit is designed to satisfyrequirementsinspired from Olsen's writings about infrastructure

evaluation [Olsen, 2007]:

R1)LOWER BARRIER TO PRING EXPLANATIONS

With the toolkit, application developers do not need to know how to generate explanations from
the most popular models used in contexaware applications. Explanation generation algorithms

and heuristics are encapsulated into the toolkit.

R2)FALEXIBILITY OF USIEXPLANATIONS

Given thesimplicity of invoking various explanation types, all types can be generated with the same
level of ease. Developers can then concentrate on choosing the most suitable explanation for their
applications and users. This supports rapid prototyping of providig explanation solutions to see

which works best.

R3) FACILITATEPPROPRIAEEXPLANATIONS AUTONBALLY

Even with this rapid prototyping support, we encourage the use of appropriate explanations,
particularly following the recommendations from Section5.7 of how different explanation types are

more appropriate in various contexts.

R4) SUPPORT@VIBINNG OF EXPLANATIONS

Some explanation types depend on other types to give a complete explanation to the user. For
example, a Why Noexplanation needs to inform the user of the set of Output values so that she
would ask only about what is possible in the application. Other than nesting explanations,
explanations can also be combined to enhance user experience. For example, combiningtbe To
and What If explanations can expedite users in finding good examples to learn how an application

works (e.g, seeSection6.10.6.3.

R5)GENERALIZABILITY

Although the toolkit currently covers a range ofeight explanation types, four popular decision
models and methods for simplifying and presenting explanations, like any toolkit, it is not

comprehensive. The toolkitcan be extended to support
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a) New explanation types and new methods to explain the supporteshodels (e.g, competing
methods to explain naive Bayes are presented iMpzina et al., 2004; Poulin et al. 2006;
Robnik-£ EE T 1 KdnonAnkoA2008)),

b) New algorithms for explaining currently unsupported inference model types .9, SVM,
clustering),

¢) New heuristics for post-processing explanations,

d) New presentation stylesfor providing explanations, and

e) New heuristics for selecting explanations to provide

6.6 TOOLKITARCHITECTURE

The Intelligibility Toolkit consists of four types of functional components, andthree types of
structural components. The functional components implement processes for generating
explanations (Explainer), simplifying or reducing them (Reducer), and rendering or presenting
them (Presenter). The structural components support the encapsation and transport of
explanations (Explanation Expression), and questions or querying (Quenyrigure 6.2 shows how
these components relate to one another in a pipeline to produce explanations for emders to

consume.

Selector

S

Querier

Explainer
Full
Explanation

y

Reducer
Reduced
) Presenter
Explanation
Rendered
Explanation

Figure 6.2: Architecture of the Intelligibility Toolkit showing functional and structural

components.
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To provide systembased explanations ofcontext inference we implemented the Intelligibility
Toolkit, extending the Enactor framework [Dey and Newberger, 2009 of the Context Toolkit [Dey,
Abowd, and Salber, 200]L Enactors contain the application logic of the contexaware application

and contain References that monitor the state of input Widgets.

For the restof this section, we describe the components of the Intelligibility Toolkit, focusing on
how to use them adibrary programmers (i.e, programmers who will use the Intelligibility Toolkit
components to make their applications intelligible Hudson, 1997]). In later sections we will
describe how toolkit programmers can extend the Intelligibility Toolkit to develop their own

components.

6.6.1 QUERY

To have an explainer generate an explanation, the program can pasRQeery to the Explainer.
Queries encapsulate information about which contextthe user is interested to ask about, which

guestionthe user is asking, and about whickime the user is asking. The queries may be about

The baseQuery takes the current inputs and output values and is used for explanation typ&¥hat,
Why, and Certainty. AltQuer y extends Query to include an alternative target output value to
facilitate explanation types Why Not, and How Tolnputs Query extends Query to allow the
setting of input values, supporting What If explanationsQuery can ke extended to employ

different constraining mechanismssuch as querying based on time.

6.6.2 EXPLAINER

The Explainer is the main component of the Intelligibility Toolkit that contains the mechanisms and
algorithms to generate explanations based on thiference model. There is a generi€xplainer

that generates systembased explanations types, and subclasses of Explainer for each of the
inference modelsupported. Systembasedexplanations are generated using the architecture of the
Enactor framework to provide the corresponding information. Model-dependent explanations are
generated from different Explainers for each modelEach Explainer takes a Query and the
application state as input, and generates the explanation as an Explanation Expression data
structure. Aven the two styles of explanations supported in the Intelligibility Toolkit, we provide
Explainers for Rule Traces and for Weights of Evidenc8ee Section6.10 for some explanation

generation algorithms.
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6.6.3 EXPLANATIOSTYLES ADNDATASTRUCTURES

Explanations are generated in a standard format so that they can be reused in other components of

the Intelligibility Toolkit. However, they differ depending on the explanation style

6.6.3.1 RULETRACE®N NORMALFORM

We define arule trace explanation in terms of one or multiple reasons €.g, multiple reasons for
Why Not). Each reason can be a singular conditionaé.f, one certainty value for a Certainty
explanation) or a conjunction €.g, multiple conditionals for a Why explanation). The anditional is
the atomic unit of an explanation €.g,AA OO A BirQWA | b A O AQQ®D)OFIrthermore, there
can be negated conditioniiterals (.9, OAT PAOALDD DA

Formally, for standardization, we define explanations in Disjunctive Normal Form DNP), i.e. a
disjunction (OR“ ) of conjunctions(AND,, ) of condition literals (see example inFigure 6.6, Righi,
or Conjunctive Normal Form (CM), i.e. a conjunction of disjunctions of condition literals (see
example in Figure 6.6, Middle). The standardization of explanation informatim supports
Requirement R4 such that there is aconsistent way to pipe different explanation types to other

components in the toolkit.

6.6.3.2 WEIGHTS OEVIDENCRSA MULT+DIMENSIONAARRAY

For a simple inference model, we can attribute the total evidence for anference as a sum of each
atomic weight of evidence due to an input featureNote that the evidence is a continuous numeric
value, while the input feature value may be nominal or numericlhis set of evidencegust requires a

one-dimensional array to represent the sum of weights.

However, some more complex inference models may have more factors that may ascribe evidence
for the inference. For example, the HMMs also model time sequence, so weights of evidence will be
due to input features over a range of the steps. In this case, we have time as a second dimension.
Another example is using an ensemble metelassifier that has multiple base classifiers, each
performing an inference before the metdevel classification. In that case, we have classifier as the
second dimension. Explanations of these inference models will require a twimensional array to

represent the sum of weights of evidence.

In general, there may be any number of dimensions for the weights of evidena® we represent it

using a multidimensional array (also called multiarray). The sum of weights gives the total
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evidence for the explanation, and each element gives an atomic unit of evidence. This is beneficial to

using a onedimensional array as we do not lose information from each dimensn.

6.6.4 REDUCER

Explanations generated from Explainers may be unwieldy to an engser and lead to information
overload. Reducers simplify the explanation data structure so that the explanation is easier for
users to interpret. Reducers can also be used to gegrocess explanations before presenting them,
e.g, stripping privacy-sensitive information, when explaining contexts to a social contact. Given the
two styles of explanations the Intelligibility Toolkit has two kinds ofreducers, one for rule traces
(seeSection6.11.1) and another for weights of evidence (se&ection6.11.2).

6.6.5 PRESENTER

Explainers produce explanations in the form of Explanation Data Structures, arRfesenter s
render them in a form presentable to endusers,e.g, as text, visualization, or interactive graphical
interface. Developers can build different Presenters to suit their target user and device form factor.
Furthermore, even if the explanation is large, a developer may elegantlyesent it (e.g, seeFigure
6.12), instead of reducing it.

6.6.6 QUERIER

Queriers are to Queries what Presenters are to Explanations : they provide interfaces to
display questions that endusers may ask.This may involve using text inut, drop-down menus,
buttons, etc., and specific implementations also depend on the platform the application is deployed

on, desktop, mobilegtc.

Rather than let endusers manually ask for explanationson demand it may be useful to
automatically provide the explanations (se€Table5.7). Queriers that show explainers automatically

do not need to provide any user interface but just generate Queries to pass to Explainers.

6.6.7 SELECT®

While the application may provide a range of explarins using the Intelligibility Toolkit, it may
not be appropriate or helpful to provide all explanations all the time. As we will show in Chapté;,
DOl OEAET ¢ Agbl AT AOETT O xEAT OEA ADDprassloA &FHel EO

application. We have also seen how usengrefer to ask different question types under various
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circumstances (Chapteis). Therefore, it is important to allow the application toselectivelyprovide
explanations urder appropriate conditions. In fact, this contextual selectivity of intelligibility is a
specialized form of contextawareness.The Intelligibility Toolkit provides Selectors to support this

need forcontextdependent intelligibility.

Selectors take contetual factors as inputs, and selects appropriate explanation types that should be
provided. They may select none, one, or multiple explanation types.€, any number). When
selecting multiple explanation types, they may also rank the selections to prior#e them.To

facilitate automatic provision of explanations, Selectors may

Selectors may also be extended to select Reducers to apply after Explainers generate explanations.
This way the application can control the level of detail to provide in explanatia This can facilitate
showing more explanationdetail when useful (see ChapteB), and showing less explanation detalil

when too overwhelming to endusers(see Section.3.1and 7.10.1).

6.7 IMPLEMENTATION OF TIWHELLIGIBILITIOOLKIT

We implemented the Intelligibility Toolkit in Java (JDK7) with extensive use of genericsThe
Intelligibility Toolkit does not perform inferen ce on its own; its main purpose is to explain the
inference. Hence, it depends on thirgbarty libraries for inference models. The Explainer
component depends on the inference model being explained. Systdrased explanations depend on
the system infrastructure for the inference. We implemented base Explainers for the Enactor
framework and also for the WEKA machine learning toolkifHall et al., 2009] We implemented a
Rule explainer to explain rules in Enactors, and several explainers to explain classificais in
WEKA classifiers.

The Intelligibility Toolkit also does not enforce any particular user interface framework or
platform, and focuses on explanation generation. Therefore, specific implementations of the
Presenter component depend on the platform omvhich the contextaware application is deployed.
We have implemented Presenters for desktop graphical user interfaces (GUI) using the Java Swing

API, and for mobile applications using the Android 2.2 API.

The Intelligibility Toolkit library binary and source code is downloadable from

http://www.contexttoolkit.org . We have also provided documentation and tutorials for developers.
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In the next fewsections, we describe ohow the Intelligibility Toolkit is integrate d with the Context

Toolkit, implementation details of itscore components, and how to extend each type of component.

6.7.1 EXTENDING THENACTORSRAMEWORK OF TKIBNTEXTTOOLKIT

The Context Toolkit was originally developed by Dey and colleagues to support thewveétlopment of
context-aware applications by abstracting the connectivity issues of devices in a distributed
environment through the use of adiscoverymechanism (blackboard) and by developing avidget
paradigm for contextaware applications to abstract thebuilding of context-awareness functionality
and their use. We added support for machine learning and an XNiased method to define widgets

and enactors. See documentation dittp://www.contexttoolkit.org for more details. In this section,

we describe some of the components of the Context Toolkit necessary to know how we have

extended it for use in the Intelligibility Toolkit.

Context Context Output
Inputs Outputs Actions
; Enactor Output - .
: Application Values : P

Attribute S

Attribute

Attribute

Attribute FuncDesc

Attribute FuncDesc

il

Figure 6.3: Architecture of Enactor framework of the Context Toolkit updated to include

output values and In and Out Widgets .

6.7.1.1 WIDGETS

Context Widgets are responsible for separating the details of sensing context from actually using
it. They abstract away the details of how the context is ased from applications and other context
components that need the context. Widgets here can be thought of as similar to GUI widgets)(
text fields, spinners), but applied to sensors and actuators that would be common in ubiquitous
computing systemsEach context widget is responsible for some small set of contexts that is

captured from a (hardware or software) sensor.

Widgets haveAttributes to represent contextual information. An Attribute  represents a type of

context, containing the name of the contéxand the data type of the context (float, int, string, etc).
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Attributes are used to describe context components, and to specify what context a component is

interested in. Attribute  NameValue extend Attribute to also encapsulate the value of the attribute.

There are also Interpreters andAggregators, butwe leave it to the diligent reader to read the

original papers describing them(e.g, [Dey, 2000;Dey, Abowd, and Salber, 20Q1L

6.7.1.2 SERVICES

While widgets contain information about context state, they can alsencode behavior, through
Services . EachService object contains a service name and BunctionDescriptions object

that describes what the service does.

6.7.1.3 BNACTORS

Introduced into the Context Toolkit by Deyand Newberger [2009], Enactors encapsulate the
application logic of contextaware applications. They containEnactorReferences that specify
rules for matching the state of input Widgets. EaclEnactorReference contains a rule and is
triggered when its rule is satisfied. This is managed automatically by thestovery mechanism of
the Context Toolkit. Enactors provide basic support for Intelligibility (with EnactorListeners )

and Control (with EnactorParameters ).

We added an output property and a list of it©utput valuesfor the Enactor to represent its output
value, and output options. Each output value is associated with a Referen€earthermore, while not
necessary, we chose to delegate all inference mechanisms only in Enactors and leave Widgets as
components for maintaining context state. Hencdor an Enador, there is anin-Widget and anOut
Widget. Inference is performed over the attribute values of the kWidget, and the inferred output

value is assigned to the attributes of the OwtitVidget.

6.7.1.4 (GENERATORS

In some cases, there may not be an explicit-Widget, such as when a raw signal is retrieved from

an accelerometer. We introduce the Generator component as a esided Enactor that only has an
Out-Widget. A Generator an be used to maintain the states of widgets using applicatiespecific

code. Theycan b ET OCEO 1T £ AO OAI AAE Ai go AT AAOI 0O OEAOD

output widget gets its state updated.
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6.7.2 ADDING SUPPORT FNRACHINEHEARNINGOLASSIFICATION

Attribute FuncDesc

Context Context Output
Inputs Outputs Actions
A Enactor A A
. . r N\ r N\
- Application - P
In-Widget T EE WEelE Output OutWidget Service
Attribute Wl
Attribute Classifier | . Output Attribute
Attribute Reference Value

Figure 6.4: Architecture of Enactor framework updated to support classifiers. Only one

Reference is used for the classifier; in contrast, for rules one Reference is needed per rule.

The original Enactors supported only rules for inference. However, machine learning classifications
are becomng more popular for use in contextaware applications. Therefore, we extended the
Enactor framework to support classifiers. We used the Weka toolkit [Hakt al., 2009] for the
several classifiers €.g, J48 decision tree, naive Bayes, logistic regressi@VM, kNN, AdaBoost) and

Jahmm [Francois, 2010] for HMM classifiers.

6.7.3 DECOUPLING FROMIECONTEXTTOOLKIT

We have developed the Intelligibility Toolkit to be easily decoupled from the Context Toolkit.
Should developers choose to use other frameworks to Hditheir applications, they will just need to

write an Explainer to generate systerrbased explanations.

6.8 EXPLANATIOEKXPRESSION

We describe specific components that make up the data structure foExplanations . An
Explanation consists of theQuery passed tothe Explainer to generate it and a corresponding
Expression  containing the content of the explanation. Expressions come in two styles: logic

expressions for rule traces and multiarrays for weights of evidence.
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6.8.1 RULETRACHOGICEXPRESSIONS

Rule trace logicexpressions consist of singular and compound expressionghey are able to
represent arbitrary rule expressions, and expressions structured in disjunctive normal form (DNF)

or conjunctive normal form (CNF).

6.8.1.1 TERMINAIEXPRESSIONSONDITIONATERALB

We useterminal expressions to represent conditionliterals, which are atomic elements of Boolean

expressions. Presently, only nominal and numeric attributes are handled.

PARAMETER

Parameter represents a condition literal for a nominal or numeric attribute taking a specific value,

GOMPARISOMND DUALCOMPARISON

Comparison extends Parameter to be able to represent inequality (and equality) relationsge.g,
OAl DA OADD @&EO A N O Ad vAtiUComparison adds aelation  property. We also have
DualComparison  to represent a doublebounded relation,e.g,p it W A0 A N O Ad vAtU

NEGATED

Negated represents a negated condition literal with the originalParameter as its child. It is useful

for representing Normal Forms €.g, negated normal form, DNF, CNF).

6.8.1.2 COMPOUNCEXPRESSIONS

We have compound expressions to represent combinations of multiple conditions literals. These

are useful for parsing rules into the Expression format and subsequently converting to DNF or CNF.

GCONJUNCTIRANDREASON

We encode aConjunction  as alist of Expression s connected with the AND( ) operator.

Reason s areConjunctions where each element is a condition literal.

DISJUNCTIOANDQLAUSE

We encode abis junction as alist of Expression s connected with the OR ‘() operator.

Clause s are Disjunctions where each element is a condition literal
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NEGATION

Negation represents the negation of anyExpression . Unlike Negated , the child expression does

not need to be a terminal literal.

DNF

To support standardization for postprocessing, we require explanation expressions to be
converted into DNF (se Section6.10.3) as opposed to leaving them in arbitrary structures ADNFis

aDisjunction of Reasons.

CNF

Some explanations may be represented in CNE.§, Why Not, see Sectio.10.3.2. ACNFis a

Conjunction  of Clause s.

6.8.2 WEIGHT®FEVIDENCARRAYS

Weights of Evidence explanations consists of atomic weights that sum together to give a total

evidence for inference. We represent this summation of weights with arrays.

6.8.2.1 WEIGHTBVIDENCE

WeightsEviden ce represents a onedimensional weights of evidence. It extendReason, so it is
easily amenable to Reducers that also apply to Reasofsee Section6.11.2.1), or Presenters that

are originally designed for Reasons.

6.8.2.2 WEIGHTBVIDENCED

In general, weights of evidence may be multiple dimensionale(g, input features and time for
HMM). We useWeightsEvidenceND to represent a multidimensional array (multi-array) of
weights of evidence Using objectoriented designin WeightsEvidenc eND, we provide capabilities
for arithmetic operations for multi -array weights of evidence(e.g, add, subtract, normalize). These
operations are necessary for computing Why and Why Not explanations (see Sectiari.l).
Particularly important for explaining ensemble metaclassifiers, new dimensions can be added to

WeightsEvidenceND  using thecollate  function (e.g, see Sectior.10.9).

WeightsEvidenceND  can be reduced toNeightsEvidence  using Dimensi onReducer (see Section
6.11.2.



116 QO4APTERG| INTELLIGIBILITYTOOLKIT

6.9 QUERY

We describe three types of queries currently implemented in the Intelligibility Toolkit to support

various question types.

6.9.1 BASEQUERY

The baseQuery provides an encapsulation for posing ajuestion to an explainer by specifying a
guestion type, the context to ask, and about which time (to support asking about a historical event).
For example, to ask why availability was inferred as it was at 4pm, we create the query (in pseudo

code):

new Que ry(" availability ", Query. WHY_QUESTION, "4pm")

6.9.2 ALTQUERY

AltQuery extends Query and includes an alternative target output value to facilitate explanation

types Why Not, and How To.

6.9.3 INPUTQUERY

InputsQuery  extends Query and allows the setting of input values;this supports What If

explanations.

6.9.4 EXTENDIN®QUERY

Basic Query AltQuery InputsQuery
What Why Not What If
Certainty How To
When
Why
Inputs
Outputs
Description
Situation

Table 6.1. Summary of currently suppo rted question types grouped by the Query class that

supports them .
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While the Queries already supports a wide range of question types, developers may want to provide
explanations for questions that we had not explored, or more esoteric explanation types estant to
their specific applications. It is easy to support a questiotype by specifying a new name for the
question parameter in the Query. Unfortunately, none of the existing Explainers will recognize
and be able toanswer the new question. This will rguire new code and algorithms We discuss

how a toolkit programmer may allow Explainers to support new question types igection 6.10.

6.10 EXPLAINERALGORITHI®

We describe the algorithms to generate various explanation frotfive inference models, and defer a
more mathematically rigorous derivation in Appendix B. For systembased explanation types, we
focus on explanations from Enactors, and describe base explanations for the WEKA toolkit
Appendix B.3. For modelbased explanation types, we describe algorithms for explaining Rules,
Decision Trees, naive Bayesnd hidden Markov models, and Bagging We defer descriptions of

algorithms for explaining other machine learning classifiers in AppendiB.

6.10.1 ENACTOHBASEEXPLAINER

Context Context Output
Inputs Outputs Actions
A Enactor output - .
: Application Values _ P
Attribute

Attribute

FuncDesc
Y S o Ve
Attribute § FuncDesc
FuncDesc
Reference |------\---------- Output
Value

FuncDesc

Attribute

Attribute

Hi

v
v

Selector Querier Explainer Reducer Presenter

.

Figure 6.5: Architecture of components of the Intelligibility Toolkit integrated into the

Enactor framework for a typical context -aware application built with the Context Toolkit

We describe how systerrbased explanations are generated from Enactors in the updated Enactors
framework (Section6.7.1). Figure 6.5 illustrates the relation of the components of the Intelligibility

Toolkit with the Enactor framework.
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6.10.1.1 WHAT EXPLANATION

This simply returns the Output value of theEnactorReference  that is triggered.

6.10.1.2 WHEN EXPLANATION

This retrieves the timestanp of when the Widgetattribute  value waschanged.

6.10.1.3 INPUTS EXPLANATION

The Inputs explanation reports the name andvalue of each context (vidget attribute) used as

input in the Enactor model,i.e, from all References.

6.10.1.4 OUTPUTS EXPLANATION

The Outputs explamtion reports a List of output valuesthat the OutWidget of the Enactor may

take.

6.10.1.5 WHATIF EXPLANATION

A What If explanationsets input context values set by the user (throughputsQuery ), and tests it
on all Referenceslt reports the output value assocated with the Referencethat gets triggered.

Model-specific explanations are generated from different Explainers for each model.

6.10.1.6 DESCRIPTIORXPLANATION

We use theDescriptionExplanationDelegate (see Section6.10.9) to maintain a map of textual

information for contexts used in the inference model.

6.10.2 MODEEBASELCEXPLAINERS

The base Explainer leavesmodel-based explanationsunimplemented and defer to concrete
explainers to handle. In the next sections, we describe several Explaineand the algorithms to
generate explanations from various inference models. First, we cover Rule Trace explainers, then

Weights of Evidence explainers.
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6.10.3 DISJUNCTIVIBORMALFORM(DNF)TRACEEXPLAINER

Yi

1 1 1
R I 1 I

Why Trace Why Not Traces How To Traces
Figure 6.6: Diagram representation of extracting Why explanation(s) and extracting Why
Not explanations from a system of DNF trees. (Left) Explains why :th class was inferred,

selecting conjunction traces that are sat isfied by the current input values. (Middle ) Negating
the DNF tree for rules inferring the

class produces a tree in conjunctive normal form
i #.&Q0q AEOAO ADPDI UE.N@e thafcondilio®lifelals drénegatbdk Al
disjunction traces in the CNFnegated tree are satisfied, highlighting specific negated
condition literals that are satisfied by the current input values. (Right) Explains how to infer

the :th class by returning the full DNF tree that can infer that class.

We use the disjunctive mrmal form (DNF) as the core data structure from which to generate rule
trace explanations. We assume that for sufficiently simple contex@ware applications, rules can be
converted into DNF (albeit not necessarily efficiently) and so can decision treed/e store the rules

as a system of DNF trees, one for each outcome val@ace we have the DNF tree we can generate
Why, Why Not and How To explanations (sdeigure 6.6). Detailed proofs are in SectioB.5.
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6.10.3.1 WHYEXPLANATION

This explanation selects the rule(s) that was satisfied to produce the actual output (s&égure 6.6,
Left).

6.10.3.2 WHYNOTEXPLANATION

This explanation selects rules that would achieve the target output value andlyr each trace,
identifies unsatisfied conditionals and returns a disjunction of traces containing these conditionals
(Figure 6.6, Middle).

6.10.3.3 How To EXPLANATION

This explanation returns the full DNF tree of the rule that achievedé target output, where each

trace is a rule of how to achieve the target output valu@igure 6.6, Right).

6.10.4 RULBEXPLAINER

We implement an explainer for rules in the Enactor framework that provides a Rule Trace style of

explanations.

The Enactor framework supports one rule per Reference and we enforce one Reference per output
state. A decision model with multiple output states will have multiple rules, one per state. We make
rules explainable by converting theminto disjunctive normal form (DNF) by recursively applying

De Morgan's Law, double negative elimination, and the distributive la\isee Figure B.2 and Figure

B.3 for a simple algorithm for the conversion) Toillustrate how each explanation type is generated,

we shall use the set up described imable 6.2 and Figure 6.7.

6.10.4.1 WHY, WHYNOT, ANDHOW TO EXPLANATION

These explanations are generated fra the converted DNF trees from Sectiof.10.3

6.10.4.2 CERTAINTY EXPLANATION

Enactor rules currently do not compute uncertainty, though uncertainty in inputs can be

propagated descriptively.

6.10.4.3 DECISIONREERULETRACEEXPLAINER

We implement an explainer for decision trees that provides a Rule Trace style of explanations.
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This explainer generates explanations from the Weka [Markt al, 2009] J48 implementation of the
C4.5 decision tree Quinlan, 1993. There are some differences betweeneatision trees and Enactor
rules. Decisions for inferring the output are made from the top down, instead of from the bottom up
as for rules; and decision trees encode traces for multiple output values within a single tree, unlike
a rule-based structure. SADNF rules are created bytraversing all paths in the tree and grouping
paths by output values at their leavegsee Figure B.5 and Figure B.6 for the parsing algorithms). In
DNF, we can generate explanatis in the same way as for ruleslo illustrate how each explanation

type is generated, we shall use the set up describedTiable 6.2 and Figure 6.8.

6.10.4.4 WHY, WHYNOT, ANDHOW TO EXPLANATION

These explanations are generated from the converted DNF trees from Sect&a0.3

6.10.4.5 CERTAINTY EXPLANATION

Decision trees are built from statistical data, so they can model certainty from the probability

distribution of remaining data points at each leaf.
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Input Conditionals Output Values (Availability)
a Location=Home J = Available
b:  Sound=In a Conversation K = SomewhatUnavailable
C: Time = Evening L = Unavailable
d Schedule= Meeting
e: Contacter= Family/ Friend

Table 6.2. Pedagogical example of input conditionals and output values for rule and decision
tree. This describes an application to infer a user's availability based on his  Location, Sound

activity around h im, the Time of the day, his Schedule, and who is Contacting him .

@000C « @PIIPE

Input state (a, -b, —c, —d, e): the user is at Home, not in a Conversation , not in a Meeting, and

is being contacted by a Family member or Friend .

(1) To NNF (2) NNF To DNF
> |
ADouble negation ADepth-first
eliminatio"n o traversal of NNF
AsA -1 OCA AConstruct one trace

per disjunct branch

x(aCb)=(xa) Axb)

x(a D)= (xa)C (xb)

( i
E@ e L
1 /@\ > A O — A O
@ @ @ “Ge © “®©
g @ p, )

Why available (J )? Because thaiser isnot in a Conversation (=b), isnot in a Meeting (d),
and being contacted by d&amily/ Friend (e).

Why Not unavailable (L )? Because hés notin a Meeting (d) and is being contacted by a
Family/ Friend (e).

How To infer unavailable (L )? It needs © be before Evening time {c) and he needs to ben a Meeting
(d); or he is contacted by &oworker (not Family/Friend; —€).

Figure 6.7: Conversion of a set of rule tree expressions into separate trees in di  sjunctive

normal form (DNF) to generate explanations from Rules.
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' CNF To DNF
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Why available (J )? Because the user iat Home(a), it is not Evening time(-c), andheis not
in a Meeting (-d).

Why Not unavailable (L)? Because hés notin a Conversation(=b) and heis notin a Meeting(-d).

How To infer unavailable (L )? Heneeds to benotat Home(—a) andin a Conversation(b); or at Home
(a), not during the Evening(-c), and be in a Meeting (d).

Figure 6.8: Conversion of a decision tree into separate trees in disjunctive normal form

(DNF) to generate explanations from Decision Trees.
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6.10.5 WEIGHT OEVIDENCIEXPLAINER

This explainer forms the abstract basis of our subsequent weights of evidence explainerswiirks

on the basisthat an inference is due to a total evidence, where this evidence may support or oppose
the inference, and can be due tosumof underlying atomic weights of evidence. Thesaveights may

be due to the input feature values voting for or against an farence. Depending on the inference
model, there may also be morelimensionsof atomic weights of evidence For simplicity, we denote
an atomic weight as "Q, and the space of all atomieveights as Y. A total evidence can thus be

represented as thesum:
Q Q (6.1)

Equation (B.35) requires that the explainer is able to derive dinear additive expression of atomic
units. This is easy for ihear classifiers €.g, linear SVM), but in general, isotonic (monotonic
increasing) transformations may be required €.g, see explainer for naive Bayes in Sectid15).

We defer these steps to later sections describing thmncrete explainers.

We shall next show how with thee absoluteweights of evidence, we can derive weights of evidence

explanations for Why and Why Not questions.

6.10.5.1 ABSOLUTEVIDENCE

This explainsthe confidence of inferencer , as a total evidence due to the sum of atomeights
Q Q (6.2)

where "Q is thei th atomic weight of evidence.

6.10.5.2 WHYNOTEXPLANATION

This explains why the'@h class wasnot inferred over the “@h class. In other words, why theh class

was inferred instead of the'@h class,.e,”] N :
3’0 Q0 ¥ T (6.3)

where 3'Q  "Q "Q and we assume that the atomic weights of evidence are separable by each

atomic unit. Note that this is different from the Why Not explanation of aule trace that explains
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why the "@h class was not inferred.In this case, the'@h class may have been inferred, but just not

with the highest certainty among all class values.

6.10.5.3 WHYEXPLANATION

This explains why the @ class was inferred over allad other class valuesQie, i 1/ H™Q

Consequently, Equation (6.3) holds for | 'Q such that we can sum ovet Qto get the Why

explanation:

3'Q 3'Q 3FQ ™ (64)

6.10.5.4 CERTAINYEXPLANATION

Assuming that at the system level, the model will produce a distribution of certainty for inferring

each class value, the Certainty explanation returns this distribution:

n n (6.5)

where 1 is the total certainty (usually normalized as a probability to 1) and) is the certainty for

inferring the "@h class value.

6.10.5.5 How To EXPLANATION

This explanation depends on underlying model and we defer this to the latsections.

6.10.6 NAIVEBAYEEXPLAINER

We implement an explainer for naive Bayes that provides a Weights of Evidence style of
explanation. The naive Bayes classifier is a simple classifier that uses Bayes theorem to classify
values. It assumes that input featuss are conditionally independent of one another. Our
explanation for naive Bayes inference is an extension of [Pouliet al. 2006] for multi-class

problems.
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The posterior probability that the "@h class is inferred (0 ) from a set ofa class values given the

observed instance input featurevaluesa
0 W WW U OWMENm ed w 0 W (6.6)

where w is an input feature of ¢ possible values. The probability is calculated from the prior
probability that a class would be in,0 @ , and the conditional probabilities of each feature value

given the classp & o . For notation convenience, let us define

Then Equation(6.6) becomes
ne n (6.7)

Taking a log transform of Equation(6.7) gives the linear expression for the weights of evidence

explanation:

[ 17rg
(6.8)

where™Q 1 Tr¢ .
With Equation (6.8), naiveBayes can be explained as the sum of evidence

1. Prior probabilities of selected classvalye T fg A

2. Dueto eactfeaturevalugl Trg h T

and we can derive a Why and Why Not explanation by substituting Equatiq6.8) into Equation

and Equation , respectively.

6.10.6.1 How ToO EXPLANATION

This shows weights of all fatures due tonormalized values of the features, so the user can make

sense of the general impact of each feature. (i) For nominal features, they only take a value of 0 or 1,
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so their evidence will either be 0 or'Q. (ii) For numeric features they are commonly modeled by
the Normal distribution; we "normalize" numeric features to a value of one standard deviation), |,

from the feature mean given the class valué: i

In terms of what the user can do with input values to get desired target output, if all values are
nominal, we can permute all combinations and return those that achieve the target output. If
multiple inputs are numeric, this becomes intractable. Instead, we could use a How To If

explanation.

6.10.6.2 How To IF EXPLANATIND

This provides a tractable form of How To explanations (for nominal and numeric features) by
constraining all feature values except one. For a numeric feature that is not fixed, we can vary the
input value as it deviatesfrom the meanand determine the threshold at which the outcome is
achieved (or falils, if it is the opposite relation). A generalization of this with increased interactivity

is the How To + What If explanation.

6.10.6.3 How To + WHATIF EXPLANATION

One way to help users appreciate the influence ofeh weight is to allow users to speculate on the
outcome with selected feature values. The What If explanation supports this, but does not
necessarily start with sensible values to help users learn. The How To + What If explanation starts
with the target "th class valug and provides a set omeanfeature values that satisfies this output,

. The user can then tweak the feature values to see if the target output value would still be

inferred.

6.10.7 HMMEXPLAINER

We implement an explainer for HMMs that povides a Weights of Evidence style of explanation.

A hidden Markov model (HMM) isa Bayesian network that modes the probability of a sequencenf
hidden states given a sequence of observations (input features with respect to time). Fistder
Markov models assume that only the previous state affects the next, and only the current state
influences the current observation.For detailed information on HMMs, please refer to [Rabiner,
1989]. We can derive a weights of evidence explanation for HMMs in a similaanner as we did for

naive Bayes.
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We consider HMMs with observation vectors for each time step, specifically withinput features.

At time stepo, theobservationis® @ Fo B fo

The probability of inferring state sequencd with length "Y given the observation sequenceis:

Digw Ui vid 0L @9
(6.9)
“ 0oi g 6 @d
where 0 i “ { is the prior probability that a state isi ,0 i g oid the transition
probabilities from state i to i, and 0 @9 0 @d the emission probabilities of the

observations given the state sequence.

To allow features to individually provide evidence, we need to make raive assumptior(similar to

what is done for naive Bayes) that the features are independent of oaeother givenany statei.e.,

0 @9 0w M o e 0 ®d (6.10)

We define a new parameter for the HMMp @ g 0 @ 9 , which is a naive emissions

probability matrix representing the probability of observing input valuew given hidden statei .

Substituting Equation(B.97) into Equation (B.96) gives

Oig  “ i 51 86 (6.11)

For notation convenience, we rewriteEquation (B.98) as:

ne n (6.12)
where
“ FEIE o p
0 oid FEIE o p
6 wd FEVE n
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Taking a bg transform onEquation (B.96) gives the weights of evidence explanation:
"0 Q (6.13)

where

ORI FEVE o p
Q 10 1 Tagi g FEVE o p
1T &wd HEIE 1

So, with the naive assumption of independence among features, HMMs can be explained as the sum
of evidence of:

1. Prior probabilities of selectedstate, (i 1D p)
2. Weights ofEvidence due to eactstate transition, i 1O p

3. Weights ofEvidence due tofeature valueat time sequence step(i )

6.10.7.1 INPUTS ANNVHATIF EXPLANATION

Though not formally an input, these explanations should also includeate transitions. For the What
If explanation, the user may want to speculate if a previous state was different, even though hidden

states are actually inferred.

6.10.7.2 WHY, WHYNOT, HOw To, ANDCERTAINTY EXPLANATSON

Similar to the explainer fornaive Bayes, butvith added evidence for time.

6.10.7.3 REDUCIN®IMENSIONALITY

If an application has many input features and/or a long sequendee,. large € and/or large Y, there
may be too many weights of evidenceto show to endusers. To reducethis dimensionality and
make this more interpretable, we can sum evidenceby feature across time (seeFigure 6.12), or
present evidenceby time and sum evidence across features for each observatidrormally, this is

done using DimensionReducer (see Sectidhll.2).
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6.10.8 BOOTSTRAAGGREGATIOBAGGING EXPLAINER

Ensemble metaclassifiers are popular techniques to drther improve the accuracy of classifiers.
Two popular ensemble mehods are Bootstrap Aggregationand AdaBoost. We describe how to

generate explanations for Bagging in this section, and for AdaBoost in Appen&ix22.

Bootstrap aggregation (also called Bagging) [Breiman, 1996] takes a training datas&, and creates
0 new training sets bysampling examples fromO with replacement. This method is called boostrap
sampling. It then trains 0 versions of the base classifier, onelassifier for each new training set.

Overall inference is done byoting the inference of each of the base classifiers:
. Y .
N o N (6.14)

where 1} is the probability of the dih classifier inferring the “@h class and ¢ is a normalization

constant.

Using Equation(B.126), we canderive aweights of evidenceexplanation for inferring the “@h class

in terms of classifiers:

. . Q
© " BATGA (613)
where "Q is the linearly separable weights of evidence expression for théh base classifier and

OAT QA OCI0 sQsis the value of the total weights of evidenceThe term

, which has

value pl O p, allows us to normalize the magnitude ofQ such that we can retain the relative
weights of evidence due to each base classifi&® and scale each of them to the certainty of that

classifier,r .

Note that because this metalassifier explainer requires weights of evidence explanations from the
base classifier, it will only work if the classifier has an Explainer thatan generate weights of
evidence.To give an idea of what the atomic weights of evidence represent for sevefagged

classifiers, we work outthe expression for bagged naive Bayesthough they are automatically

generated using Equatior(6.10).
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6.10.8.1 RANDOM(BAGGEDNAIVEBAYES

Adapting the weights of evidence explanation for naive Bayes within an ensemble classification,

Equation (6.8) becomes:
Q 1 11rc (6.16)

Substituting Equation(6.11) into Equation (6.10), we get

Q " BATBA «Q (6.17)
where
n .
OA1 IOIAC &

Hence the weights of evidence for a bagged naiBayes metaclassifier consists of two dimensions:

input features and classifier.

6.10.9 DESCRIPTIEXPLAINERELEGATE

We use a delegate to manage textual descriptions to provide Description explanatiofisuses a
system of hash maps to store various types of dagations for each context (input or output). Using
insight gained from designing, A [ O A h-fiddlity itEllgiBle application prototype (see Sections
7.2 and 9.3), we developed theDescriptiveExplainerDelegate to include maps for textual

content such as:

Descriptive text explainingterminology or describing concepts

Pretty names to use in place of original technical terms for contexts or their nominal
(discrete) values

Units of the context,e.g, seconds for time, Hz for frequency, Watts for poav (energy/time)
Longer text to provide the design rationale or justification for the context or the

implication of the context taking various vdues.

In general, this can be extended to include other types tdxtual descriptions that developers may

be interested to include in their applications.
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6.10.10 OTHERMPLEMENTEBXPLAINERS

Rule Trace Weights of Evidence
Rules Linear Regression
Decision Trees Logistic Regression
Naive Bayes
HMM

Decision Trees *
Random Forest
Linear SVM
kNN
AdaBoost

Bagging
Table 6.3. Summary of inference models supported by the Intelligibility Toolkit grouped by
style of explanation each explainer generates .* The toolkit provides Rule Trace and Weights
of Evidence explainers for decision tr ees,e.g. J48 has J48RuleTraceExplainer and

J48EvidenceExplainer.

The Intelligibility Toolkit currently supports at least 11 types of explainers for popular inference
models in contextaware applications and machine learning applications (seeTable 6.3).

Algorithms for generating explanations from these models are in AppendB&.

6.10.11 EXTENDING&XPLAINERS

System-based Model -based Application -based
What Certainty Description
When Why Situation
Inputs Why Not

Outputs How To
What If

Table 6.4. Summary of explanation types grouped by dependency . Toolkit programmers only

need to implement Model and Application -dependent explanation types.

New explainers can be develped to () explain new inference models, or(ii) support new

explanation types whichare currently unsupported in the Intelligibility Toolkit. The latter goal also
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includes providing new styles of explanations for explanation types that are currently sygorted.

Here, we focus on how developers may write new explainers to explain new inference models.

Given the 12 explanation types we seek to support (see Secti6rB and summary inTable 6.4), it
can ke cumbersome for each new explainer to implement algorithms for all of them. Fortunately,
there are common dependencies that developers may take advantage of. Six syst&pendent
explanation types are automatically supported if developers build applicatios using the Enactors
framework [Dey and Newberger, 2009]. Otherwise, these explanation types can also be

implemented for different frameworks (e.g, for Android mobile programming).

Implementing the four modeldependent explanation types is also simplifid with the
Dnf TraceExplainer and WeightsOfEvidenceExplainer , which implement these explanation
types. To provide explanations for a rulédbased system similar to Enactor rules or for a decision
tree model, the inference model need only be parsed into DNFets, one DNF tree per outcome
value. Explanations can then be automatically generated for Why, Why Not and How To using
DnfTraceExplainer as a delegate. To provide gianations in terms of weights of evidencethe
explainer need only implement the sum of tomic weights of evidence,;Q (see Equation (6.2)), or
the sum of relative weights of evidencez'Q (see Equation (6.3)). Explanations can then be
automatically generated for Certainty, Why, Why Not and How To using
Weig htsOfEvidenceExplainer

Finally, to support application-dependent explanation types, such as Description and Situation,
explainers will need to be handcrafted to suit the application being built.Description explanations
require custom text content and Suation explanations may involve custom information and

representations.

Note that, though recommended, it is not necessary for explainers to implement all 12 explanation

types inTable 6.4.

6.11 REDUCER

Generated explanations may comiin too much information and be overwhelming to endusers. In
this section, we describe the Reducer component to simplify the explanation data structures before
passing them on to Presenters. The Intelligibility Toolkit currently supports two types of redcers:

Logic Reducers for rule traces, and the Dimension Reducer for weights of evidence.



134 Q4APTERG | INTELLIGIBILITYTOOLKIT

6.11.1 LOGICREDUCERS

Rule trace explanations can be overwhelming in two ways: (i) too many reasons.§, humerous
ways to achieve a target output value), and (ii) each rean being too long €.g, numerous inputs
with required values to cause the output value). The latter case can happen when many sensors and
feature values are used to build the models, as is the case for accurate learned systems. The
Intelligibility Toolkit provides Disjunction Reducers to reduce the number of reasons via various
schemes, Conjunction Reducers to reduce the length of each rule trace reason, along with Reducers
that can handle any logical expressione(g, QmcReducer that uses the QuirdcClusey algorithm

to minimize logic expressions).

6.11.1.1 DISJUNCTIOREDUCER

We describe severabis junctionReducer s to reduce the number oReason traces.

HRSDREDUCER

This reducer simply selects the first reason in the DNF structure of the explanation.

HORTESIREDUCER

This reducer selects the reason with the shortest length as the explanation.

6.11.1.2 CONJUNCTIOREDUCER

We describe severaConjunctionReducer s to shorten the length of eaclReason trace.

TRUNCATIOBREDUCER

This reducer simply truncates theReason trace to a specified length.

HLTER BEDUCER

This reducer retains only the condition literals (Parameter ) in the Reason that describe input
features specified in a list, dropping otherslnput features can be selected for their saliency, easy of

understanding, oreven for privacy sensitivity, depending on the application.

6.11.1.3 MINIMIZATIONREDUCER

In order to simplify the explanations, the previous Reducers unfortunatelfose information by

discarding them. An alternative method to simplify explanations is to minimizethe Boolean
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expression of the explanation. This discards only the redundant information and may both reduce
the number of reason traces and the length of each reason trace. Several methods dxristogic
minimization such asKarnaugh mapping the QuineMcCluskey algorithm, the Espressdeuristic
minimization program. We currently support the QuineMcCluskey algorithm with the

QmcReducer.

NUMERICIONJUNCTIOREDUCER

This reducer selects condition literals in a reason and merges inequalities that relate thet same

numeric feature. For example,

QUINEMOQLUSKEREDUCER

This reducer, QmcReducer, uses the QuineMcCluskey algorithn? to minimize a Boolean expression
by removing redundant ondition literals. It can be applied to the rule structure in any Boolean
expression.We ported the implementation of the Quine-McCluskey algorithmin the Truth Table

Solver [Ahmed, 2017 to work with the Expression data structure.

6.11.1.4 COMPOUNIREDUCER

We provide CompoundReducer to provide a convenient means to applymultiple reducers

sequentially onan Explanation.

6.11.1.5 EXTENDINGOGICREDUCER

New logic reducers can be implemented to support other heuristics to simplify explanations. Simple
reducers, which assume tht explanations are structured in DNF, can focus on reducing the number
of reasons by extendingDisjunctionReducer , or focus on reducing the length of each reason by
extending ConjunctionReducer . More sophisticated reducers can be developed for reducing
explanations by directly extending the bas&Reducer . In particular, more efficient algorithms can be

implemented for logic minimization.

Reducers may be used in alternative manners that do not necessarily reduce the length of

explanations. For example, Metaas [2010] suggested that users interpret explanations more

2 QuineMcCluskey algorithm. http:/en.wikipedia.org/wiki/QuinéMcCluskey_algorithmRetrieved 1st March,
2012.
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quickly when terms have higheraffinity (egh OAOEOEI ¢C6 AT A OOOT1TEICo
0001 TEICo AT A OOAI EET Cco6Qs8 AtiridyReoukeEl O At applids td AU
Conjunctio ns that re-arranges logical terms Parameter s) to group them by affinity, instead of

reducing their lengths.

6.11.2 DIMENSIONREDUCER

Simple weights of evidence explainers can generate weights in terms of just the input features.
However, there may be multiple dinensions for the weights of evidenced.g, the explainer for
hidden Markov Models (HMMs) has a dimension for input features and time), leading to an issue of
dimensionality explosion, where the number of weights of evidence equals the product the lengths
of each dimension. Once again this can overload enders with too much information. One way to
reduce this complexity is to aggregate the weights of evidence along some dimensions. For example,
for HMM explanations, we may aggregate along time to sum aleights that are regarding the same
time step, or we may aggregate along input features to sum all weights that are regarding the same
input feature. The Intelligibility Toolkit provides this functionality with DimensionReducer , which
reduces a multidimensional weights of evidence arrayWeightsEvidenceND , to fewer dimensions

chosen by the developer.

A typical use ofDimensionReducer may be to reducea multi-dimensional weights of evidence
WeightsEvidenceND , to just the one dimension, WeightsEvidence , speifically the input features
dimension. This then resembles a single rule trace and we can apfynjunctionReducer s to

further simplify the explanations if needed.

6.11.2.1 CONJUNCTIOREDUCERS FAREIGHTS OEVIDENCE

A typical use ofDimensionReducer may be to redluce a multidimensional weights of evidence,
WeightsEvidenceND , to just the one dimensionWeightsEvidence , specifically the input features
dimension. This then resembles a single rule trace and we can apply so@@njunctionReducer s

to further simplify th e explanations if needed.

REMAINDERREDUCER

This reducer truncates theReason, but also accumulates remaining weights of evidence that were

removed into a remainder term.

EA
El E
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NEGLECIRDUCER

This reducerremoves each term from the weights of evidenc# its absolute of its numeric value, "Q

is below a thresholdT ,i.e,S(s T .Itis useful to neglect weights that are approximately zero.

6.12 PRESENTER

Along with Querier (see Section6.13), the Presenter component provides a separation of the
presentation of explanations from their content information to follow the principle of ModelView-
Controller (MVC) separation. Presenters need to implemerthe method render(Explanation) to
receive the generated Explanation to presentWe describe several Presentersfor different

platforms.

6.12.1 STRING’RESENTER

StringPresenter is a basic presenter that just renders explanations as a String text. Together
with DescriptionExplainerDelegate , this presenter can print the explanation with pretty

names and units.

6.12.2 DESKTOBASEDPRESENTERS\VASWVING

We describe several Presenters implemented in Java Swing to build intelligible conteatvare

applications with desktop-based GUIs.

TABLIPANEIPRESENTER

TablePanel Presenter renders explanations in a table showing on&keason at a time.Each row
renders a Parameter (conditional literal) with the name in the first column and value in the

second column.SeeFigure 6.9 for an example of this presenter.

TYPEPANEIPRESENTER

TypePanel Presenter extends TablePanel Presenter to render the explanation differently
depending on the explanation type. For example, Why and Why Not explanations render with a bar
chart with multiple rows, Inputs explanations render with just the numeric values for each input
feature, and What and Certainty explanations render with one value. Sdggure 6.9 for an

implementation of this presenter.
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6.12.3 MOBILEBASEOPRESENTERANDROID

As part of the implementation for, A [ Qah dntelligible mobile application prototype (seeFigure
9.1), we have developed several Presenters on the Android phone to render explanations of various
context types and inference models: AvailabilityPresenter , PlacePre senter ,

SoundPresenter , MotionPresenter

6.12.4 BUILDINGYOUROWN PRESENTERS

To support Ul code of any framework, the baseresenter is a Javanterface. While Presenters

DOl OEAA AT 1 OAT EAT O A&O1 AOGEI T Al EOU O DOAGEindO Agbl A
their design, and platform €.g, only a few JavaSwing and Android Presenters are currently
implemented). Furthermore, each application will likely require customized presentation and Ul

code. For example, a mapased application may use a map Ub explain Place inference, while a

motion recognition application may draw physical diagrams to explain how accelerometer features

influenced the inference.

The main requirements for Presenters are to implement the interface method
render(Explanation) , and update the Ulcorrespondingly. It is the responsibility of the Presenter
to parse the Explanation and understand how to interpret it. The Presenter may also render
explanations differently depending on the type of Query it is in response t®resentersare also
tightly coupled to the source Explainer (pertaining to interpreting the generated Explanation
structure), and the individual input contextual factors (pertaining to domain information).
However, it is not necessary for toolkit programmers of Presdgers to know how to generate the

explanations (that is for programmers of Explainers).

6.13 QUERER

Querier s provide the control interface for the ModelView-Controller (MVC) architecture for
intelligibility. They facilitate end-users to ask questions types athgenerateQueries to be passed to

Explainer s. Similarly to Presenters, they depend on the application platform.

6.13.1 DESKTOMBASEDQUERIERGAVASNING)

We describea Querier implemented in Java Swing to build intelligible contexaware applications

with desktop-based GUIs.



6.14SLecTor 139

QUERPANEL

In our demo applications (see SectioB.15), we implementedQueryPanel as a GUI element for the
Querier to allow users to ask questions for intelligibility. It consists of a dropdown menu

(JComboBox) to select the question to ask. This facilitates creating a basgiery after the user

selects the question €.g, seeFigure 6.9). To facilitate creating anAltQuery for asking Why Not and
How To questions, it dispays a second dropdown menu showing the possible Output valuese(g,

see Figure 6.11, Right). To facilitate creating arinputQuery for a What If question type, it also

provides WhatlfPanel , which allows endusers to choose values of Inputs(e.g, seeFigure C,

Right).

6.13.2 TEXFBASEDQUERIERS

Queriers need not be GUbased to allow users to ask questions. Here, we describe a téesed

Querier.

QUERPARSER

As an alternative to GUbased interaction, QueryParser parses text input to interpret what
guestion the enduser is asking to create the correspondin@uery . See Sectior.15.2 and Figure

6.10 for an example of this presater.

6.13.3 BUILDING YOUR OWQUERIER

Writing Queriers follows similar principles to writing Presenters. To support Ul code of any
framework, the baseQuerier is a Javanterface. The application developer needs to implement

interaction code to determine what giestion the enduser is asking, and create the corresponding

Query .

6.14 SFLECTOR

The Selector component allows the Intelligibility Toolkit to formally support context-aware
intelligibility, where question and explanation types are suppressed, provided, or proned
depending on contextual factorsThese contextual factors are input as hist of Parameter s.Each

Selector encodes heuristics or design recommendations to appropriately provide explanations.



140 Q4APTERG | INTELLIGIBILITYTOOLKIT

6.14.1 QUERYSELECTORS

We provide QuerySelectors  to limit or promote questions for which to generate explanations
given the input contexts.QuerySelectorsoperate before theQuerier is rendered rather than after
the explanation is gnerated, so asd restrict the end-usersfrom asking questiontypes that may not
be suitable. After selection, a QuerySelector outputs a recommendeglery or a list of QueriesWe
describe someQuerySelectorsdrawn from design recommendations of our user studies in other
chapters. In this section, we refer to question types the way we refer to x@lanation types,

emphasizing on the question asking capability rather than the explanation content.

STUATIOQUEREELECTOR

The Situation  Query Selector implements the design recommendations of Sectioh.7 for which
explanation types to show under various circumstancege.g, application behavior appropriateness,
situation criticality, number of external dependencies) The selector starts with selecting no
guestion types and adds corresponding question types that are necessitatdry the contexts.
Context values for these circumstances should be provided at design time or run time and supplied

as inputs to the selector.

STREAMLINBUER®@ELECTOR

The Streamline Query Selector  implements the streamline questioning recommendations of
Sectbn 7.10.3 It takes inthe question type ofthe previously generated explanation at its input to
determine what limited set of explanations may be shown, perhaps in a dregown menu or button

options.

C=ERTAINTQUER®ELECTOR

The Certainty Query Selector  implements the design recommendations in SectioB.12 for when

Ol OEiI x ETOAITECEAEI EOU CEOAT OEA AAOOAET OU 1 £ O
Certainty as input and gives a Boobn response of whether to show intelligibility. If the Certainty is

below a threshold, say, 80%, then it will show a smaller subset of question type&3n its own, this

Selectordoes not specify any particulaquestion type to suppress or provide

6.14.2 REDUCERELECTORS

Selectorsmay also be used to selectwhich Reducer s to apply to Explanation s after they are

generated by theExplainer . This allows for contextsensitive reduction or postprocessing of
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explanations. ReducerSelectors output a recommende&educer or list of Reducer s. For example,
explanations may be selectively reduced when shared with various contacts due to privacy

concerns.

DETAIREDUCESELECTOR

The  Detail Reducer Selector specifies  the capabilty to choosing different
ConjunctionReducer s that reduce explanations to different lengths. It can be extended to follow
different criteria, such as the contextual dependency of how much time a user may have to view the
explanation. For example, in SectioA.7.2, we describe timirg constraints for viewing intelligibility,

and this directly impacts how much information endusers can view in the constrained times. Users
are likely to have less time when they are unavailable than available. Hence, we can use inferred

Availability as acontext for whether to reduce more or less.

6.14.3 CHAINING OELECTORS

As can be seen, each Selector provides a different recommendatamd each basis of selection are
not mutually exclusive. Therefore, they can be chaingdgether to apply multiple selectioncriteria.
QuerySelector s chain their selections to the smallest subset of Queries they all selece( AND
selection). ReducerSelector s chain their selections into aCompoundReducer that will apply

multiple Reducers sequentially.

6.14.4 BUILDING YOUR OWSELETOR

We have presented a few Selectors that apply several criteria for selecting Queries or Reducers. All
Selectors take in contextual inputs as kist of Parameter s.QuerySelector s use criteria to select

one or multiple Queries. QuerySelectors with new settion criteria need to satisfy the interface:
List<Query> select(List< Parameter > contexts);

Similarly, ReducerSelector s use criteria to select one or multiple Queries. ReducerSelectors with

new selection criteria need to satisfy the interface:
List<Reduce r> select(List< Parameter > contexts);

We can also have Selectors for other components in the Intelligibility Toolkit, namelgxplainer s

Querier s, andPresenter s. These will implement the generic interface afelector

List<C> select(List< Parameter > context s);
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where Cis the component type to be selected. As an example, we describ@uerierSelector

PrROVISIOSELECTOR

As a QuerierSelector , the ProvisionS elector selects the Querier interface component for
presenting how a user may ask questions. Specificallyspecifies the capability to select whether to
provide explanations On Demand (when the user explicitly asks), Automatic (contegependent),

or Always On (shown all the time). These explanation provision types are distinguished in [Gregor
and Benbasat,1999]. ProvisionS elector can be extended (or customized) to employ the
appropriate provision type depending on the application needs. For example, the selector could
switch from Always On to On Demand after the user has viewed the explanation more than a

threshold number of times.

6.15 VALIDATIONDEMONSTRATIONPPLICATIONS

To demonstrate that we can easily generate a range of explanations from contextare
applications using the Intelligibility Toolkit, we built three example intelligible applications. These
examples demonstrate the use of the Intelligibility Toolkit for a span aéxplanation typesand model
types and also cover a range of application domains for which the models are popular. While the
toolkit significantly contributes to lowering the bar to providing explanations in contextaware
applications, the explanations still need to be well designede(g, for various Ul, interaction, and
device modality), and crafted specifically for each application problem domain. Therefore, rather
than examining dfferent explanation methods for the same model or applicationd.g, [Stumpf et
al., 2009), we built different applications for each model typeto demonstrate the generalityof the

Intelligibility Toolkit to provide explanations across application domairs.

More examples and tutorials can be viewed and downloaded at the website we deployed for the

toolkit at http://www.contexttoolkit.org .
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6.15.1 ROOMAUTGLGHTING RULES

P
Room Enactor

Light Off
Room _
. Presence =0
Widget Brightness < 10
Presence .
Brightness Light On
Else
Query
Rules Filtered String
AUy Explaine CReduc;F’[Presente
WhatlfQuery ‘
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Figure 6.9: Automatic Room Lighting application demonstrating explanations of a rule -based

application.

This demo applicationtakes two factors (Presence and Brightness) to determine whether to turn

the light on in a living room. The light would be ofif Presence = 0 (i.e. no one in the room) or the

detected brightness measure is less than 100 (out of 255)he applicationuses

1
)l
T
T

QueryPanel as aQuerier to receive user interactionqueriesthrough a drop-down menu
RulesExplainer to generate explanationsiom rules
FilteredCReducer to filter out constant attribute terms in the rules

StringPresenter to generate text output, which we simply display to dLabel

We present a full tutorial on how to add intelligibility to a simplified version of this applicatio in

Appendix C.
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6.15.2 IM AUTOSTATUS DECISIONREE

Response Enactor

Desktop
Wiidget Classifier = o .
W» Reference = Within 1 min
ot Trained | —
KeyboardPressg Decision Tree A After 1 min
X

Filtered
CReduce

AltQuery Presente

WhatlfQuery

IM AutostatusViewer

Choose scenario: |1 |V|| Instructions |

imautostatus [2010-08-28 02:26:26 PM]= 1 am likely to respond to you within 1 min
Alice [2010-08-28 02:26:33 PM]= im-certainty

imautostatus [2010-08-28 02:26:33 PM]> 80.3%

Alice [2010-08-28 02:26:35 PMJ= im-why

imautostatus [2010-08-28 02:26:35 PM]=

1) Time since lastincoming message > 59.0sec
2)Whether your message window is in focus = out of focus
3) Mumber of inputs in the past 2 min ==69.0

Alice [2010-08-28 02:26:39 PM]= im-whynot after
imautostatus [2010-08-28 02:26:39 PM]=

1) Time since lastincoming message = 59.0sec

im-inputs

Send

Figure 6.10: IM Autostatus d emonstratin g explanations from an instant messaging plug-in

that uses a decision tree to predict whe n a buddy may respond.

We built an Instant Messaging plugin that predicts when a buddy will respond to a messadédgure
6.10). It is trained on an existing dataset from Avrahami and Hudson, 200§ to build a decison
tree. It takes desktopbased sensor inputs and makes response predictions (withjror after 1 min).

The application uses

QueryParser as aQuerier to receive userinteraction queriesthrough text commands
JA8RuleTraceExplainer to generaterule trace explanations from the decision tree

FilteredCReducer to retain only terms that are easily interpretably by endusers

=A =4 =4 =

ShortestD Reducer to select only the shortest reason if there are multiple reasons in the
explanation

1 ConsolePresenter which extendsStringPr esenter to generate text output and display it
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We describe how we built this application in detail (the following two applications were built in a

similar fashion) with the following procedure:

1. CreateanEnactor for the overall application.

2. Create awidget that tracks and updates all input features (extracted from the Subtle toolkit
[Fogarty and Hudson, 2007).

Set a pretrained J48 decision tree classifier model to be the Enactordassifier.
Set the Enactor'slist of output values to two values: WITHIN1 MIN and AFTER_MIN.
Create two Enactor References
a. Associate them with the classifier and
b. Associate one output value with one Reference.
The developer implements what the application does when each Reference is triggered.

6. Create aRulesExplainer  and associate with both References.

7. Set the DisjunctionReducer and ConjunctionReducer of the Explainer to
FirstDReducer  and TruncationCReducer , respectively.

8. Create anIMAutostatusPresenter , & custom extension ofRulesTextPresenter that
understands what each feture means to provide domainspecific textual explanations. It
also handles printing an AIM message.

9. Code Ul elements to invoke, on user prompt, variougetExplanation() functions from
the Explainer. The correspondingQuery needs to be supplied when invokig each

explanation type.
When the user asks for, say, a Why Not explanation about why MATHIN 1 MIN:

1. The Ul parses his request, populates aaltQuerier  with WITHIN_1_MIN, and invokes
getExplanation(WhyNot, AltQuerier)
2. The Enactor takes the returned eplanation Expression and passes it to

RulesTextPresenter that renders it for the user as an IM response.
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6.15.3 MOBILEMOTIONRECOGNIZERNAIVEBAYES

Accelerometer
Widget
X_mean

x_std_dev

X_energy

X

Classifier
Reference .-
Trained )

Motion Enactor

[ QueryPaneﬁ

Motion Viewer }

Choose scenario: Iﬂa
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Because:

Context Value
Average 23.66
Likelihood 2.66
X_energy 20.05
X_mean 3.47
¥_sd 012
Xy_corr 59.01
¥Z_corr 61.60
y_energy 1.97
y_mean 7.25
y_sd -10.88
yZ_corr 50.21
Z_energy 61.99
Z_mean -1.31
z_sd 66.31

Figure 6.11: Motion Recognizer demonstrating a weights of ev idence explanation for a

mobile phone application inferring the physical activity of the user.

The naive Bayes application we built is a physical activity recognizer that uses the accelerometer on

a Google Android mobile phone to infer whether the user isitting, standing, or walking (seeFigure

6.11). It uses

1 QueryPanel as aQuerier to receive user interactionqueriesthrough a drop-down menu

1 NaiveBayesExplainer to generateweights of evidenceexplanations from the naive Bayes

classifier
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1 No Reducer so that we can demonstrate how unreduced explanations may look overly
technical to endusers. We recommend usingrilteredCReducer to retain only terms that
are easily interpretably by endusers

1 MotionPresenter which extends TypePanel Presenter to render weights of evidence as a

bar chart in aJTable
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6.15.4 HOMEACTIVITYRECOGNIZERHMM
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Groceries Cupboard min ago

Plates Cupboard

min ago

Explanation @ 27 Feb 2008, 8:01:22 am

Inferred with 28.8% certainty at 8:01 am, 27 Feb 2008

(Left) The bar chart visualization explains why the application inferred Breakfast in the last minte. Each
row shows the weights of &idence for a sensor at a particular time step.

(Right) The floorplan visualizationexplains why the application inferred a sequence of

31 AAPET C © 47T EIAO © 417 Erthe@stSmitutesA AE £ZAOOD
Evidence due to features (summed across thast 5 min) are indicated by the area of bubbles around the
corresponding sensors in the floorplan. Evidence for each sensor across time is revealed in a toolife
can see that the Hall Bedroom Door being open is a strong indicator of inferring the seauce. The door

being open is a stronger indicator than it being closed 4 min ago. The microwave is another stro
indicator (biggest bubble in top right corner).

Figure 6.12: Two Why visualizations for expla ining a HMM to infer domestic activity.



6.16 LIMITATIONSAND DIscussions149

We demonstrate explanations from an HMM model using the dataset fronvgh Kasterenet al.,
2007] about domestic activity, and train a HMM with a sequence length of 5 min, and 1 min per
sequence step. The applicatiotakes 14 binary input sensors and infers which activity (out of

sever) the user is performing. It uses

QueryPanel as aQuerier to receive userinteraction queriesthrough text commands
HmmExplainer to generate two-dimensional (inputs and time) weights of evidence
explanations fromthe HMM

I TimeReducer which extends DimensionReducer to aggregate the weights of evidence
along the dimension of time, showing weights of evidence due to input features

1 SensorReducer which extends DimensionReducer to aggregate theweights of evidence
along the dimension of input features, showing weights of evidence due to time

9 FilteredCReducer to select weights of evidence relevant to the input feature over timedr
a tooltip display)

9 Floorplan Presenter to display the floorplan overlaid with bubbles, where their size
represents the weightof evidence due to the input feature over time

1 TimeBarsPresenter to display a bar chart visualization, where each bar represents the

weight of evidence due at a specific time

6.15.5 L' 1 {T' AVAILABILITWFERENCHOBILEAPPLICATION

We have developed, A [, @Ahighfidelity prototype of an intelligible context-aware mobile

application that further validates the Intelligibility Toolkit. It uses a version of the toolkit ported to

Android to generate explangions from rules, a decision tree, and naive Bayes to explain inferences

of availability, motion activity, and sound activity, respectively.Section 7.2 describes the first

versionof, Af OA xEOE EOO EIT OelinbaaCSwiAgidr & @ability studyepiotbtypd, i AT O
and Section9.3 describes the second versionof A{f OA xEOE EOO ET OAOAEAAA AO1
2.2.

6.16 LIMITATIONS ANDISCUSSIONS

While the Intelligibility Toolkit is extensible, the current implementation does notcover some

outstanding aspects.
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i.  There remain some types of explanations that users ask for that are not yet supportezlg,
how to Control an application to change its behavior (though this is supported with
Parameers in the Enactor framework [Dey and Newberger, 2009, and Provenance
(source, credibility, and accuracy of the application inputs).

ii.  Often, sensed raw inputs of contexaware applications are preprocessed,e.g, using signal
processing or computer vision techniques. Although important, the toolkit does not
currently capture and explain these preprocessing mechanismgPatel et al., 2008].

iii.  Similarly, the Intelligibility Toolkit focuses on explaining the inference of the application
model when it encountes situations, but not how the model was originally trained, or how
it continues to adapt itself (if using active learning). This may help endsers understand
El x OEA OOAETEIC AAOA 1T AU ET £ OAT AA OEA
cognitive burden on endusers to understand datadriven models.

iv.  Applications may encounter behaviors due to the infrastructure rather than thelecision
model or inputs. For example, unexpected behavior may result from resources suddenly
being unavailable due to connetvity issues. The toolkit does not currently support
explanations about the infrastructure.

v.  The Intelligibility Toolkit provides components to facilitate the development of intelligible
applications, the automatic generation of explanations, and mechanisnfor presenting the
explanations. However, it does not provide guidelines on how faresent the explanations.

vi.  On a related note, this work did not seek towaluation of the impactor effectiveness of
explanations that may be generated from the Intelligiltity Toolkit, but provides tools for

such investigations in the future.

6.17 RELATEMWORK INEXPLAININGONTEXT

The Intelligibility Toolkit supports a wide range of explanations for multiple decision models.
Previous systems only covered a subset of the explation types, and only for oneor one type of

decisionmodel.

The most similar framework to our toolkit is the Enactor framework Dey and Newberger, 2009
on which we base our Intelligibility Toolkit. It can provide What explanations by exposing the state
of input Widgets, and Why explanations by reporting a relevant rule. However, it does not support
the other explanation types or any models beyond rules. The Crystal frameworkijers et al., 2004

supports only Why / Why Not explanations for desktopbasedapplications to explain themselves

ADPDPI
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through Command Objects. The Whylineo and Myers, 2009 similarly explains Why / Why Not to
end-user programmers,by examining the program execution tree. PersonisADAEsadet al., 2007
defines a distributed framework to support What explanations by resolving identities and
associations of devices, locations, peoplefc. The Intelligent Office SystemCheverstet al., 2005
provides What explanations by showing the system state, History explanations by listing the &ta
across time, and Why explanations about the learned cgbints for its rules. Panoramic
[Welbourne et al., 2009 provides Why, What, and History explanations to explain location events

through a visualization of parallel timelines of sensed and ruleletermined events.

While the aforementioned systems provide explanations for rules, Tulli@t al. [2007] explained
interruptibility inferred from decision trees and naive Bayes with What explanations. The
Intelligibility Toolkit can provide deeper (e.g, Why, Why Not, How To) explanations from these
models. Kulega et al. [2009] built an intelligible email sorter that uses naive Bayes for
classification. It provides Why, Why Not, and What If explanations based on the weights of evidence
approach [Poulin et a., 2006. The Intelligibility Toolkit also uses this approach, and adds more
explanation types, supports numeric input features, extends it for HMMs, and has been developed
to be extensible.

6.18 CONCLUSION ANBJTURBNORK

We have presented the Intelligibiliy Toolkit that currently provides automatic generation of12
explanation types for at least 10 popular inference models in context-aware applications. It

supports

i.  Generatingexplanation structures with Explainers ,
ii.  Querying mechanisms to specify questinsand constrain explanations withQueries,
iii. Representing explanations withExplanation Expressions ,
iv.  Smplifying complex explanations withReducers,
v.  Presenting the explanations to eneusers and other subsystemsvith Presenters,
vi.  Presenting interfaces to aslquestions with Queriers, and

vii.  Providing context-sensitive intelligibility with Selectors.
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Explanations can be provided as eitherule traces or weights of evidenceThe toolkit is also
extensible to support new explanation types, model types, reduction heistics, and presentation

formats.

The Intelligibility Toolkit aimsto make it easier for developers to provide many explanation types
in their context-aware applications. This ease also allows developers to perform rapid prototyping
of different explanation types to discern the best explanations to use and the best ways to use them.
By standardizing the styles of explanations, developersave many more choices when choosing
classifiers to increase application accuracy and performance, while retaining thiatelligibility
features of their application, and not even needing to change explanation interfacésspecially so

for weights of evidence explanations)

In addition to addressing the limitations outlined earlier, wecan use the Intelligibility Toolkit, to
pursue further research questions regarding the intelligibility of contextaware applications. In
particular, we can investigate and compare the efficacy of various explanation types, by measuring
how well each type helps users to understand the applitian, and improve their trust in the
application. Using the Intelligibility Toolkit, we developed an intelligible contextaware mobile
application (described in Chapters7 and 9) with multiple explanation types, and multiple context
types (e.g, location, physical activity sound activity), and conduct ausability and usageevaluations
of the impact of intelligibility and how well intelligibility improves understanding or corrects

misunderstanding.
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7 DESIGNING FARTELLIGIBILITY

This chapter is an extension of the work presented in:

Lim, B. Y. andey, A. K(2011). Design of an Intelligible Mobile Contexfware Application.
In Proceedings of the 13th International Conference on Human Computer Imtiiva with
Mobile Devices and Services (MobileHCI !HOM, New York, NY, USA, 1956.

ABSTRACT.  Contextaware applications areincreasingly complex and autonomous, and research
has indicated that explanations can help users better understand and ultimaly trust their
autonomous behavior. However, it is still unclear how to effectivelypresent and provide these
explanations.This work builds on previous work to make contextaware applications intelligible by
supporting a suite of explanations using eightjuestion types .9, Why, Why Not, What If). We
present a formative study on design and usability issues for making aintelligible real-world,
mobile contextaware application, focusing on the use of intelligibility for the mobile contexts of
availability, place, motion, and sound activity. We discuss design strategies that we considered,

findings of explanation use, and design recommendations to make intelligibility more usable.

7.1 INTRODUCTION

In Chapter6, we had addressed tb support of intelligibility at the underlying level by automatically
generating explanation types. In this chapter, we shift our focus to the user interface level of
providing intelligibility in context -aware applications. Indeed, there have already beerseveral
context-aware applications that support some level of intelligibility. Cheverskt al.'s Intelligent
Office System 2005] exposes sensor values, and explains its fuzzy decision tree model that controls
office appliances. Tullioet al's interruptibility displays [2007] explain how they determine a
manager's interruptibility by exposing the values of sensors in the manager's room. Kgiza et al.

built an email sorting application [2009] that supports Why (.e, why the application took a
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particular action) and Why Not (.e, why the application did not take a different action)
explanations for its naive Bayes classifier. Vermeulest al.'s PervasiveCrystal2010] also supports
Why and Why Not explanations but for ambient environments. These systemspport a limited set
of explanations users can ask for: What, Input valuegyhy, and Why Not. Howeverwe found that
users ask a wider range of questions of contexdware applications(Chapter5), and that different

explanationshave differentimpacts on user understanding (Chapte#).

We had developedthe Intelligibility Toolkit to automatically support this wider range of
explanations. While this significantly helps facilitate the development of itelligible context-aware
applications, it remained unclear how to effectivelypresentthese explanations.In this chapter, we
advance the knowledge of how to design for intelligibility by investigating explanation design for a
real-world, mobile context-aware prototype. We focused on intelligibility for the mobile contexts of

availability, place, motion, and sound activity.
Our contributions in this chapter are the:

1. Exploration of designand usability issues in making a contexaware application intelligible,
and

2. Provision of design recommendations to address them.

The rest of thechapter is organized as follows: we describe the prototype that we developed to be
intelligible. We then describe our rationale for designing the explanations to make them more
interpretable. To discover how users use intelligibility and the usability issues that they face, we
ran anin-situ, scenariodriven, think-aloud study. We describe our experimental set up, method and
data analysis. We then describe how our participants use@xplanations, and discuss our
interpretations of some factors influencing their behavior. We observed how participants used
explanations differently depending on their goals, and how some participants encountered
difficulties due to their lack of prior knowledge or their chosen problem solving strategies. Finally,
we provide design recommendations arising from these observations, and describe our plans for

future work.

7.2 LArSAQ SOCIALAWARENESAPPLICATION

Staying aware of others is an established need that people hav@ylasvirta, 2005]. Between close

friends and family members, this can help people feel a greater sense of connectedness as each
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person goes about their day activities. Between coworkers, this can inform people of the most

suitable times to contact them. We have developed [aQ AmobileADDI EAAOEI T OEAO OEA
availability status. Lafl O & an acronym for Location, Activity, Connectivity {), and Saial

Awareness that describe its function. Availabilityis determined from six lower-level contexts: Place

Motion, Sound activity, phone Ringer, $hedule, and who is enquiring (Contactor) While similar to

CenseMe Miluzzo et al., 2009, it uses a slighty different set of contexts, aggregates them into an

availability context through rules (rather than just showing all contexts agpresenceinformation),

and is intelligible, such that it can explain its complex behavior.

Our focus in thischapter is the use of Ll Oa& a vehicle to explore the design, implementation, and
use of intelligibility in a sophisticated, multi-factor contextaware application. In the rest of this
section, we shall describe the various contexts thataf O Amploys, briefly describing their
implementation. La[ Oié designed to support the complexities of availability in social relations by
considering availability as multi-faceted and multi-factored. One's availability depends on who is
asking (different facet for different viewer), and on contextualfactors (e.g, Place, Motion, Sound).
Figure 7.1 describes Laf GsAcontext hierarchy. We designed_a{ Ot& be sophisticated in using
many contexts, and complex sensing and inference mechanisms, to exemplify homteat-aware
applications can manage many factors that users would find cognitively difficult. We anticipate
users will ask for explanations to determine or remembetLal OA2 O AT | Dl A®exiwvB AEAT EO
describe the contextsLaf Ordodels.

Top-tier Context Availability

. Place, Motion, Sound, -

Lower-tier Contexts i Intelligibility

Ringer, Schedule, Contacter .
Explanations

Latitude, Longitude; Energy, Mean,

Lower-tier Input Features Standard Deviation; MFCCstc.

GPS, WFi; Accelerometer; Mcrophone;

Sensors and Sources Phone State, Calendaetc.

Figure 718 , Af OA A1 1 OA@O0 AOAEEOAAOOOA xEOE AEAZ£ZAOAT O
level tiers. The user sees the Availability status, and the intelligibility explanations.
Availability : Available, SemAvailable, Unavailable> is determined based on rulesegarding the

following six factors. The contactor interprets the availability and decides whether to contact and

how (call, text, email etc.).
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Contactor (Who is Enquiring) : Family, Friend, Coworkerand Default (to check user's default

status)? categorizes person contacting or enquiring about the user.

Place: Home, Office, Café, Librargtc. 2 represents the semantic location of the user. It is
computed by sensing latitude and longitude from the Skyhook \ARi API (uses a hybrid GPS, VFi,

and cell tower positioning algorithm), and matching to a predetermined named location that the
user specifies. To convey accuracy, it also reports the sensed distance error and detected number of

access points.

Motion : Sitting, Walking, ®cling, Placing the phone Ftaetc.? OADOAOAT 0O OEA OOAOQE
activity inferred with the phone placed in a front pants pocket. Inferences are made with a decision

tree trained using activities from several users. Features extracted from the accelerometer are

similar to [Baoand Intille, 2004; Lester, Choudhury, and Borriello, 2006 e.g, mean and standard

deviation for three axes, phone orientation angles, and signal powers.

Sound: Talking, Music, and Ambient Naés» representsOEA O1 61 A AAOEOEOU OEAOD
from what it can hear from the phone's microphonelnferences come from a naive Bayes classifier

trained on sound samples.Features extracted are similar to [[u et al., 2009: e.g, mean and

standard deviation of power, lowenergy frame rate, spectral flux, specal entropy, spectral

centroid, bandwidth, MelFrequency Cepstral Coefficients (MFCCSs).

Phone Ringer: Silent, Vibration, or Normal> represents the volume state to which the phone

ringer has been set.

Calendar Schedule: Personal, Work, or Unscheduled repOA OAT 66 OEA OOAO3O 11 Ci

in particular, which calendar the current event is in.

While one could compare the use of explanations for different contexte.g, Place, Motion, Sound)
and different decision models (rules, decision trees, naivi@ayes), for this formative work, we focus

on exploring the design and use of explanations across this breadth of factors.
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7.3 DESIGN ORMNTELLIGIBITY

Having defined the context types, we seek to make [&idelligible so that users can understand

what it knows and how it makes decisions about user availability. We employ explanations

supported by the Intelligibility Toolkit (Chapter 6):

N o o s~ wDdhRE

o

What is the value of the context?

Why is this contextinferred asthe current value?

Why Not: x EU  E OT & O inf@ied &5 Y Anistta@?A @ O

How To: when would this context take value Y?

Inputs : what details affect this context? (Factors, input features, related detailsic.)

Outputs : what other valuescan this contexttake?

What if the conditions are different, what would this context be? (Requires user
manipulation)

Certaintyd ET x AT T £ZEAATvaue®E O , AJOA 1T £ OEEO

Description : meaning of the context terms and values.

Explanations generated from the Intelligibility Toolkit contain the information content to answer

these nine questions and can be rendered using simple text tenapés. However, these may not be

easy for lay users to interpret or quickly assimilate. Therefore, we employed several design

strategies to help make the explanations more usabldzigure 7.2 and Figure 7.3 show some

explanation user interfaces resulting from the strategies described next.
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zlh
,& Unavailable

Since 3:56:15 PM

4

Status

|Because:

a) This is the core information to show the Availability status that Lgsa has inferred. It shows the user

TAi Ah AT A ' OAEI AAE]I EOU

b) To ask for an explanation, first select which context you would like to ask about by selecting one of
these seven ContexfTabs. Each tab shows the current value of the context (What explanatiom)g,

Ll

Place

&

Motion

S

Sound

@

Ringer

£ :

Schedule | Who's Inquiring

is Status Unavailable ?

Sound = Talking.

c) Next, you ask a specific question from the dredown menu. The Question Panel adapts to the
question selected €.g, Why, Why Not, What If).

d) The resulting explanation is rendered in the Explanation PanelList visualization: the left screenshot
shows a reason with a list of multiple factors. Some explanations have multiple alternative reasons,

shown in different sub-tabs.
Figure 728 3 AOAAT OET O
intelligibility user interface.

| Reason 1 [ Reason2 | Reason3

I £ OEA

|~ | Placeis Office and Q Sound is Talking / Conversation
el

7.3.1 REDUCING ANBGGREGATINEXPLANATIONS

We expect that users of contexaware applications would rather be focused on their dayo-day
tasks than dedicate too much attention to technical details. Hence, it is important to simplify and
reduce the provided explanations to be concise and salient. We have done this for [L® By
aggregating explanation types €.g, What value and Certaity rating shown together), reducing the
number of reasons, length of reasons, and number of input featureg.g¢, omitting MFCCs for
sound); and combining explanations for simultaneous consumption e(g, presenting xy-z

accelerometer values in 2D diagramjs While this may compromise comprehensiveness, it is

intended to make the explanations more interpretable.
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(&) Map visualization explaining with 'bubble’
components. Blue bubble indicates estimate ¢
current location; green dotted bubble indicates
spedfied region of named location.

Why is my Place inferred as "Office"? Because
your estimated location bubble overlaps with the
bubble specifying where Office is.

(b) Physical Diagram visualization illustrating
the interpreted mechanical motion of the fone
leading to its inference of cycling (two shown
here). Dotted lines and arrows or shading show
boundary conditions of rules of the decision tree
model. Users can mouse over the diagram to se¢
textual explanations with numerical values.

Why isn't Motion inferred as "Cycling"?
Because the phone is oriented more than th
drawn angle, the vigorousness detected is belov
the illustrated value, etc.

(c) Metaphorical visualization of sound feature
values that was sensed and computed at

specified moment (wo shown here). This can
show current values sensed, oaveragevalues for
each possible outcome.

What details (Inputs) affected the Sound
inference? 48% of the sound heard was
relatively silent (Periods of Silence); the range o
pitches heard was from 114 to 2623Hz (this can
be played aurally for the user to listen to)etc.

(d) Weights of Evidence visualization. Bar chart
visualization showing weights of evidence voting
for or against the inference of Talking. Weights
are represented by the length ofeach bar; color
and positioning indicate evidence for or against
Not all factors shown.

Why isnt Sound inferred as "Talking"?
Because most of the factors vote for the inferenc
of Music (especially hidden features, the souni
Volume, Periods of Silence,etc); only Pitch
Fluctuation votes for Talking.

Figure 7.3. Explanation Visualizations rendered in the explanation panel. Some examples

and their interpretations. The Ul uses icons derived from

[Fatcow].

7.3.2 VISUALIZINGEXPLANATIONS

Users should more quickly assimilate visual explanations because of the higher bandwidth of
diagrams [Ware, 2000]. Hence, we provide several visual representations: icons for context and

feature values, dynamic diagrams that change vem values change, and even animation and sound
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(to hear pitches and pitch ranges). Visualizations are customized for the context domairesq, map
for Place, physical 2D phone diagram for Motion). Since Sound is not visual, we chose to explain

sound by mdaphor (e.g, showing a pan flute to represent pitches and ranges; se@ure 7.3c).

7.3.3 EXPLAINING IISMPLE ANORELATABLEERMS

As we deploy intelligibility in real-world prototypes, users need to understand how the contexts
and recognition features relate to the real world, using lay concepts. Therefore, we simplify names
(e.qg, "spectral entropy" renamed to "pitch pureness"”, "lowenergy frame rate" renamed to "periods
of silence"), normalize numerical values to lay scalese(g, 0 to 100), and include Description
explanations that describe what each context factor and feature mean. Descriptions are presented
in physical rather than system terms €.g, there are moreperiods of silencéor talking than ambient
noise, because there & significant pauses in speech that are relatively quiet). Furthermore,
features for Motion and Sound were scaled to physically meaningful names and valuesg(
vigorousnessto represent accelerometer signal power inWatts). We also chose to visualize
explanations for motion using first principles. For example, orientation information is shown as the
orientation of the phone relative to the ground (sed-igure 7.3b). Note that ensuring that terms are
domain relatable may require sgnificant domain knowledge, rather than just naively applying
effective features identified in the literature about activity recognition €.g, [Lester, Choudhury,and

Borriello, 2009;Lu et al., 2009).

7.3.4 PROVIDINGEXPLANATIONS FARNTROL

We chose to proide explanation types for each context only if users could leverage the information
to improve La[sa, or change their behavior. What If explanations are only provided for the teter
Availability context. For other contexts, users would not be able to meaningfully change the input
features (e.g, changing the entropy or frequency to influence soundjfurthermore, we omit trivial
explanations, e.g, asking What If one is at a specific coordinate location to learn which semantic
place Lg sa would infer the user being at; asking Why Not questions about manually set contexts

(e.g, schedule or ringer modé.

We iterated on the design ofLaf Owith these strategies and feedback from colleagues who are

active HCI researchers.
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7.4 LA { PROTOTYPBIPLEMENTATION

We built Laf Ousing a clientserver architecture. Sensing of lowevel contexts €.g, latitude,
longitude coordinates, accelerometer, microphone) was performed on an Android mobile phone,
and some intermediate features €.g, discrete Fourier transform, entropy, energy) were computed
on the phone. The extracted features are then sent via XMPP to a sengrflirther processing. On
the server, we modeled the contexts for users with the Enactor frameworlDey and Newbergey,
and used the Intelligibility Toolkit [Lim and Dey, 201Q to support the querying for various
guestions, generation and reduction of explanations about the contexts, andoresentation of the

explanations in various graphical and textual formats.

To measure how participants use the Lfsa interface, and to support rapid prototyping, we
developed the interface on a touch screen tablet, rathghan on the mobile phone. Users interact
with the Ul with a mouse, pen stylus, or finger. The latter interaction closely resembles cell phone

interaction.

7.5 L 1 {PROTOTYPHSAGE

Users ask for explanations by selecting a question from the drop down menu ¢€s€igure 7.2a). Each
guestion only pertains to the particular context of focus €.g, Availability). To ask about another
context, the user selects the context by its talbF{gure 7.2b), and asks the quesbns in the panel
(Figure 7.2c). The resulting explanationappearsin the Explanation Panel Figure 7.2d; Figure 7.3;

Table7.1).



Description / Function Availability Place Motion Sound
What | Shows current value / state of context. Value Map Value Value
(location bubble)
Why | Shows a modebased explanation of List Map Physical Diagram
how Lg[sa inferred the current output . N (user & actual place (with boundary Weights of Evidence
value (outcome). (multiple conditions) |\ ples overlapping) conditions)

Why Not | Shows a modelbased explanation . . Map Physical Diagram

A . . Multiple Lists . .
distinguishing how La[sa did not infer _ - (user & desired place (with boundary Weights of Evidence
the alternative output value. (multiple conditions) | "y 1o separated conditions)

How To | Shows a modelbased explanation of Physical Diagram Metaphorical Viz
how La[sa typically or generally infers List Map (of averageinput (of averageinput
the target output value. (required conditions) | (actual place bubble) [ values for desired values for desired

outcome) outcome)
Inputs | Shows the current values of input List List Physical Diagram Metaphorical Viz
context / features. (current input : . (of current input (of current input
(latitude, longitude)
values) values) values)

Outputs | Shows possible output values the List (possibleoutput values)
context may take.

What If | Shows a Ul to allow the user to specify Editable List
different input values and see what the ,
output value would be. (of current input values)

Certainty | Shows thence'rtain’tyA or confidence of List % Certaint % Certaint
LafJOA OO ET £ZAOAT AA (distance error, o Y . /
context value. # access points) (of inference) (of inference)

Description | Shows terminology or description of

context / feature.

Text (sentences)

Table 7.1. Explanation Visualization Type sfor each context, and question type. Only th e What value is shown for Ringer,

Schedule, and Contactor. Note that Certainty is shown together with both What

ALITIGIDITTALNYO4 ONINDIS3AJ |L&ELLdVI—O 29'[
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7.6 SCENARIEDRIVENTHINKALOUDUSERSTUDY

To explore the use of the intelligibility features in Lsa, we conducted &cenariodriven user study
where participants think aloud as they used it. This was an exploratory study where we
investigated how and why participants used intelligibility, and how this use impacts their
understanding of Lg[sa. We condcted anin-situ controlled study rather than a field deployment
for two main reasons: (i) to present participants with a lowerfidelity interface to elicit more
feedback from the think aloud study, and (ii) to avoid having serious usability issues that wid
confound results in a field study, where it would also be harder to monitor participants' usage and

rationale.

7.6.1 PROCEDURE

The experiment began with the first scenario (see later) as a training session, where the
experimenter explained the function of he Lg[sa prototype as an availability awareness
application, its sensing capabilities, and its intelligibility features. Participants verified that they
understood the interface and explanations by stepping through the interface themselves and
thinking aloud what they understood Each subsequent scenario involved participants moving
around the university campus to a respective locationd.g, library, café, office) and engaging in a
specific activity (e.g, walking, cycling).An experimenter shadowed the paticipants all the while.
The participants were then told of anincident (e.g, havingi 1 Apfiode ring loudly while searching
for a book inthe library) and the phone's subsequent behavior. They were asked for their opinion
of the situation, and of the behvior of the application. They were then asked to explore |[[ga to
find out what is really happening or to clarify the situation. The participants were prompted to
think aloud as they did this, and the experimenter probed for clarification. For each scenay we
recorded what participants did and said during the think aloud. Finally, we interviewed them about

their opinion and understanding of how Lg sasensed and inferred contexts.

7.6.2 CONTROLLEM-STUSCENARIOS

The user study was scenarig@riven to exposeparticipants to a wide range of situations they may
encounter with Lafsa. To increase the visceral quality of the scenarios, we engaged the participants
in actually physically performing the tasksin-situ, rather than just imagining themselves in the
respective environments and situations. For example, we had participants go into a library to look

for a book (S4 below), and ride a stationary bicycle (S5). To better control conditions, wignulated
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the sensor data that L§isa used for each scenario. The data based on previously recorded real
data of several users performing the respective scenarios. We asked participants to wear pants with
front pockets to facilitate placing the mobile there and to allow comfortable cycling. To further
control for experience, we provided participants with a fixed set opersonal availability rules (see
Table7.2).

Availability Location Motion Sound Ringer Schedule ! E I 0
Enquiring
d‘i" G K Anyone
Unavailable Office Silent
% i‘ﬂrl‘l S@ Anyone
Unavailable Office Talking
Unavailable Work Friends
3’" [i[-. Anyone
SemiAvailable Library
3 ) T
SemtAvailable Home Coworkers
3’" o Anyone
SemiAvailable Cycling
* All other cases

Available

Table 7.2. Personal availability rules participants  were told were pre -programmed into
, AfOA &£ O OEA OOGAO OOOAU OAAT AOET O

We employed seven scenarios to span three situational dimensions: (i) Exploration / Verification
(S1, S2, S5) where Ilf@a behaved appropriately and participants are asked to explore anerify the
interface; (i) Fault Finding (S3, S4, S7) where |[ga apparently or actually behaved
inappropriately, and participants had to debug what really happened; (iii) Social Awareness (S6,
S7) where participants investigated information and explanatns about hypothetical buddies that
they naturally had less awareness of. We measured their desire to contact their buddy in the latter

scenarios to gauge their trust of Lsa.

S1: Sitting in office talking . Training session where the participant learned 4fOA8 O AT OA EAAO
and explanations.
S2: Walking outdoors . Verification/exploration task where participants investigated explanations

of Place and Motion.
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S3: Missed contact. The participant was asked to find out why she was considered not available to
a friend, even though she was. This is a falp®sitive error condition where La[sa actually behaved
correctly, but given that availability is multi-faceted(i.e. different statuses to different viewers), the
participant may not realize this.

S4: Library interruption . The participant walked to a nearby library to search for a specific book.
She needed to squat to retrieve the book on the lowest shelf. As she was looking for the book, the
phone rang (the experimenter invoked a ringtone in the library), ind¢ating a call from a coworker.
The participant was askedto determine why she was not seen as unavailabl&his is a truepositive
error condition where we simulated Lg[sa making a mistake.

S5: Cycling in gym. Exploration task for participants to explore how Lgsa tracks their cycling in a
gym location.

S6: Friend available . The participant was asked to check I{@a to help decide whether to contact a
friend.

S7:Friend talking inferred as music . The participant was asked to find out why, when the friend
was actually in a meeting, Lfsa made the error of telling her that the friend was Available, at the

office listening to music, and had nothing scheduled.

7.6.3 PARTICIPANTS

Using a local recruiting website, we recruited 13 participants (8 females) with a mean age of 26.4
years (range: 18 to 37). P2 was dropped because he did not continue beyond the training scenario.
Four participants were students (one undergraduate). Only Ptvas trained in a computerrelated

field (information systems), while the others spanned a wide range of area®.Q, rehabilitation,

mathematics, materials scienceind engineering, human resources). We engaged each participant
for 2.5 hours on average (rage: 2 to 3.5). Due to the length of each scenario, each participant
experienced between 3 and 6 scenarios (median=4), selected to try to balance coverage.

Participants were compensated $10/hr.

7.7 DATAANALYSIS

We transcribed the think aloud and interview dat, segmented by speaker (interviewer /
interviewee). The transcript was coded by question type €.9, Why, Why Not, What If), goal /
intention / rationale (verified during interviews), feature requests, breakdowns / struggles .g,

too many questions to boose from), and extent of (mis)understanding. We formed sequence
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models of the usage of question types, and consolidated them.q, seeFigure 7.4). We interpreted
the findings and models to identified causal faors. This was assembled into highetevel themes

using an affinity diagram (selection based on theme convergence, importance, and novelty).

Next, we describe our observations of how participants used |[[aa, focusing on how they asked for
various explanation types.Table 7.3 summarizes how much participants understoodLafsas

inferencein each scenario.

B Gaveup / Failed
] Misunderstood

- P1 [RISEN
|| struggled to understand P3 Pl
P3 P3 || Effectively understood P4 P4
P1 P1 P6 P7
P9 P5 P4 P7 P8
P5 P6 P3 P8 P12
P6 P7 P6 P10 P5 P5
P11 P9 P8 P5 P11 P6
P13 P12 P12 P7 P13 P10
S2 S5 S7 S6 S3 S4
Walking Cyclingin Talking as Friend Missed Library
Outdoors Gym Music Available Contact Interruption
Exploration/ Social Awareness
Verification Fault Finding

Table 7.3. Participant resul ts in scenarios showing how each participant performed for each
OAAT AOET AO EA 10 OEA OOAA RAdeRHatkdluindstaile brang&dOl OEA A A

in categories, not by sequence of presentation.

7.8 HNDINGSp PATTERNS ANTELLIGIBILITYSE

We found different usage of explanations for the three different situational dimensions presented in

the scenarios: exploratior/ verification, social awareness, and fault finding.

7.8.1 EXPLORATIONVERIFICATION

We observed that participants explored all explanation type as they tried tolearn how La[sa
functioned, and more about the scenarios. Naturally, participants used the Description explanations
to remind them what the terms and concepts meant, and used the Inputs explanation égamine

deeper states that affect inferencese.g, for S3, P11 usead the Inputs explanation of Availability to
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seeA OOOI i AOU 1 X H&ATO expabdkichd Webeuded in two ways: P11 appreciated
learning new concepts about inferring Sound (through periods of silence, pitch range=ic); for S3,
P6 checked to seavhen she would be Unavailable.Finally, some participantsasked What If to
preemptivelytest troublesome or critical situations to see how Lfisa would respond under those
circumstances e.g., for S3 during a lull periodP3and P5 confirmed that they remained available to

family members in an emergency.

7.8.2 SOCIAIAWARENESS

For S6 and S7, participants had ledgst-hand knowledge of theactual situation about their buddy
than about themselves. We observed that they mainly focused on thHeput explanation of
Availability (or equivalently, What explanations of the lowerlevel contexts).For example, P6 first
checked the Input values of Availability @ determine the state of her friend (in S7). Participants

would then form stories about what they believed their buddy could be doing at the timee.g,

EAOET ¢ OAAT OEA -1 O0EI T EIT mASHOPA fresdr@d hid friénd Avasd  j D1 A,
(robably sleeping or taking a nap or eating or something that would probably involve nowvanting
aphonecald 7EAT EA OOAOANOAT O1T U 111 EAdundAs@su)ehkeis |’ O1 A E

listening to music, so | guess | could intrude if I want tpbut then | get he might be with someone
else too0 At this point, most participants did not continue by asking other questionsHowever, for
S6, P7 asked When would her friend be SerAvailable (How To) to learn the rules her friend had

set.

We found that once paricipants perceived that the availability status was inferred inaccurately or
erroneously, they explored other questions and investigated more deeply. This is similar to how

participants investigated anomalies with explanations about themselves (discussecaxt).

7.8.3 FAULTHNDING

Participants used explanations most wherperceiving that La[sa behavedunexpectedlyFigure 7.4
summarizes the sequences of how participants asked for various explanations (labels refer to
observations described in the following text).The choices of questions were slighyl different when

investigating the top-tier Availability than the lower -tier contexts (Place, Motionand Sound).
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Top-tier Lower -tier
Rule-based Context Sensed / Inferred Contexts
(Availability) (Place, Motion, andsound)

Outputs | Certainties

8a
Figure 7.4. Consolidated sequence models of explanation use for Fault F inding. Steps were

abstracted from individual actions that participants took across scenarios S3, S4, and S6.

7.8.3.1 TOPTIER RULEBASEDAVAILABILITY

When participants realzed that the Availability was wrong,someinstinctivelyfirst selected the Why
guestion (Figure 7.4: 1). P6 first asked why about her Availability in S3 and S4, and why her Place
was inferred as Office in S4When explaining her rationale to first select why (S4), P12 said

"because | want to knowwhy8 why I'm available.” This suggests Anguistic cuefor asking Why first.

Alternatively, sometimes participants firstinspectedthe state of the application by askingdr Input
values (2). For S3, by examining the Input valueB11 discoveredO E A O atkifyfaid pdssibly the
Work [category] in the schedulejwere] OEA Ox1 OEAO 1T AA T U OOAOOO O AA
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P12 quickly discovered that the Place infereze (as Office) was erroneous (should be Library

instead).

If participants had an expectationof what the availability should be, they would ask about the

expected outcome using Why Not or How To questions &3 3b. These represent different

strategies to address this goaloriented query. Interestingly, some participants asked How To

instead of Why Not, even though the lattewas more concise e.g, for S4, P7 asked When would

status be SemiAvailable (How To) tomanually identify erroneous conditions out o three. Had she

asked hy EOT 6 O SemtnO@ & O, seiwhdd have seenthe single condition that was

specifically identified to be relevant to the scenario. Unfortunately, some participants
misunderstoodthe How To explanation,e.g, for &, when PAAOEAA O7EAT x1 O1 A 31
Unavailableh 6 interBreted the requirement that his friend has to be Talking to represent that his

friend was currently sensed as talking; for S4, P7 examined the rules for when she would be Semi

Available (as she had expectedstatus to be), found the ondition Place = Library, and

i EOOT AAOOGOI T A OEAO O1 1 AAT OEAO , A[OA EAA AT OOAAC
lack of use of Why Not could be thahe explanations with contrapositivesput off users from using

Why Not more: P6 complainedabout the @xcessive use of negatives.

Some participantssimulatedconditions they expected to be truewith the What If explanation (4), to

see if Ld sa wouldinfer an expected Availability For $4, B asked What If setting Place to Library
(which she telieved to be ground truth), and Ringer to Silentwhich she believed she should have
set). This resulted in the status of Sershvailable, which was correct unlike the actual inference of
Available, and indicated that while the rule was executed correcthypossibly something was sensed
wrongly. Unfortunately, participants were prone tocarelessnesswhile setting up the expected state

for S2, P6 changed three contexts (Place = Café, Motion = Sitting, Contacter = Friends), but failed to
notice her schedule vas set to Work (a pivotal factor to determine her status to friends). She
expected her status to appear as Available, but it appeared as Unavailable instead; for S4, P13
forgot to set Place to Library (left as inferred value Office) when trying to verifyhie inferred

availability.

Using the aforementioned strategies, some participants may decide to add a new rule or modify one
to fix the anomaly, and this may be a satisfactory solution. However, most of the problems in the
scenarios are due to faults at théower-tier context inference. To investigate further, they would

select the suspect context by clicking on the respective tab.
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7.8.3.2 LOWERTIER SENSED INFERREGONTEXTS

Once again, participantdnstinctively asked Why (5) e.g, for S2,Po  AOEAA 7 maxtmépl OAA ¢
OEET Ccho OEA - ADb OEOOAI EUAOETT OEI xET ¢ xEEAE Dl AA/
Why Motion was inferred as Walking, only paying attention to which features were listed, and not
paying attention to the boundary conditions; for S3P6 first asked Why Sound was inferred as

Talking, but found that unhelpful

Participants also paid attention to the inference Certainty (6). For 6, after noting a Soundertainty

of 73%, P10 mentioned that as long as it was abové0Obh OEA O x A @hoGag B7, B12 AT 1T O
accepted the inference for Sound as Music (93% certainty), because it was above 90%.
Subsequently, he was confused when this inference turned out to be wrong. When in doubt of the

current inference, some participantsalso made it a point b find out which other Output values

were plausiblethrough their Certainties (7); e.g, for S6, P&hecked the certaintyof inferring Sound

as Talking(8%), grew wary that the actual inference (Music at 73%) may be wrongand became

hesitant to contact hs buddy. For S4, P12 wanted to see whethég[sarecognized squatting, and

OARETI ¢ #AOOAET OERO 1 &£ oxb A O 30ATAETIC AT A ocob A&

ONOAOOET ¢co6 AT A OPAOOGEAI T U OOAT AET C86

When asking aboutan expectedoutcome or exploring analternative outcome with a noticeably high
certainty, participants similarly demonstrated two dominant exploration strategies asking Why
Not (8a), or How To together with Inputs (8b) Asking Why Not provides a concise explanation that
directly compares the actual inference with the desid outcome For S4, immediately after noticing

a wrong Place inference, P5, P6, P12 asked Why Not to see why their location bubble did not
overlap with the bubble for Library. For S5, P5 used the Why Not Physical Diagram to explore how
Running was not infered (Cycling was). For S7, P6 became uncertain after noticing, from the
Weights of Evidence visualization, that Pitch Fluctuation strongly voted for inferring that her friend
was Talking, while every other factor voted for Listening to Music (seEigure 7.3d). However, we
found that many participants disliked the explanations as beingoo technical particularly, the
Physical Diagrams for Motion. In fact, for S5, focused on Cycling, P7 avoided the Motion diagrams of
the Input, Why, and Why Not explanationsFor S6 P9 found the Weights of Evidence visualization
Agbpl AETETI C O7EU EOI 680 j7EU .106q 31 01T A 'i AEATO .TE
meant), and preferred to just look at the Output Certainty of Ambient Noiséther participants
alternatively used the How To explanation in conjunction with Inputs by manually comparing the

two explanations;e.g, for S6, P9 repeatedlyoggled between the How To and Inputs metaphorical
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AAT OO OE CE Oadhe dvérag® valodkfdr M@ig=34), and accepted the Sound inference of
Music. After several exposures to both techniques, P12 realized (in S5) that the Why Not
explanation for Motion provided similar information as How To + Inputs, and required less effort to

inspect.

7.9 Discussio THEMESOFINTELLIGIBILITYSE

We created an affinity diagram of our coded findings to map out core issues and patterns of use.
Here, we present the top three higHevel themes of how, and why participants used or failed to use

the intelligibil ity features.

7.9.1 INFORMATIOXDVERLOAD ANBXPLANATIORETAIL

While we intend explanations to express a comprehensive view of what [sa knows and how it

infers, we run into the problem ofinformation overload Comprehensive explanations are too long

and comgicated for endusers. Even though we took several steps to reduce the explanation
complexity, participants still complained about the remaining complexity. P1 pointed out (as

expected) that there were too many questions to choose from, and she did not mesarily know

which was best for her goals. P3, PP8, and P9also complained about the large number of reasons

provided for Availability explanations (up to 9), and the large number of Input features described

for Motion and Sound. In fact, P3 suggesteghowing up to 34 reasons, most participants only paid

attention to 1-3 features of Motion (especially just vigorousness and movement), and Sound

i PAOET AOG 1T £ OEI AT AAh DPEOAE OAT CAh DPEOAE DPOOAT AOOQ
forS6,0pT COAx OEOAA | &£ AOEETC & O Agbi Al AGET T 68 3E
OEAO OEA OOOAOOAA CAOOEIT C 1 AOO ET &£ Oi AGET T AAT 00O
her friend was actually listening to music or sleeping instead. €rly, our lay users did not want a

lot of explanation detail.

Furthermore, participants preferred Certainty explanations because of its single valuee.g, P9).
Similarly, P12 eventually showed a preference for the more concise Why Not instead of How To
explanation for explaining Sound. While participants found the Motion and Sound Input feature

details interesting, they also found them too technical for such a layser application (e.g, P3, P7).
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7.9.2 PRIORKNOWLEDGE ANRELATABILITY

It is well-known that prior knowledgeplays a role in learning and understanding, and we observed
how that influenced how participants used and interpreted explanations. For example, since lsa
uses access points to sense location, the geographical distribution of these pointdeets the
inferred location, and the distance error. However, P4 did not know this, and had no idea in S4 that

Place was wrongly inferred as not being the Library.

This problem was more widely manifest in a usability issue: some participants wanted to se
explanationsframed in terms relatable to their activity; e.g, for S5, P1 wanted Motiowigorousness

01 AA OOAOA Avalldng or urnih@E A1 grAdderins of exercise "high or low intensity"

She found forces and orientation unhelpfulto understand her exercise.While this can clearly help
users in making sense of input values, this is less feasible if an input has multiple ranges of values
for certain outcomes €.g, multiple ranges of orientation angles for sitting due to different resting

angles of the phone in a pocket).

The participants' use of Inputs and How To explanations for a comparative method to derive a Why
Not explanation also suggests this need to frame sensor features in terms of weatiderstood
activities. For S7, to convincéghemselves that a sound heard was really talking, participants looked
at the feature values in Inputs (representing the current state), and values typical of Talking (found

by asking How To).

7.9.3 DIFFERENSTRATEGIES RROBLEMSOLVING

We observed that someparticipants employed suboptimal problem solving strategies to try to
determine how Lg[sa made inferences. We observed a lack of strategy and logical fallacies such as
causal oversimplification. Even when provided with various explanation tools, some participants
did not know how to effectively use them. For S2, P1dequentiallyexplored guestions in the drop
down list of questions, while others €.g, P6, P12) chose the Why explanatiomstinctively. Many
participants also asked How To to get a Why Not explanation. This required them to dwanual

work to identify which reason was relevantwhen Why Not would have automatically selected it.

Participants also exhibited common logical fallacies. Many participants exhibiteccausal
oversimplification[Damer, 2009, because as they looked at reasons.f, from Why, Why Not), they

mistakenly fixated on a single factor and ignored others. P6 and P11 felt that Schedule was the
OAobl EAEO xAU6 1T £ OAUEIT ¢ xEAOEAO OEAU xAOA AOAEI /
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the office (S7), then he must be Unavailable, even though he also would haeeded to be talking.
Having formed this wrong belief that his friend must be busy, P4 persisted in looking for clues to
verify his hypothesis, rather than revise it. He was thus unable to identify the problem without help

from the experimenter.

7.9.4 BLAMEXHIFTING

Figure 7.5: Blame shifting during S4 about mistakenly receiving a phone call in the library.

We observed participantsshifting blameattribution in several scenarios, particularly, S4 where the
participant received a loud call while at the library (seerigure 7.5). Participants changed who or
what they attributed blame to after carefully considering what they knew, and viewing LEO A 8 O
explanations. Immediately after receiving the interruption, P1, P7, P8, P12 reacted instinctively and
were annoyed with Lg[sa (1a), while P6, P13 were sefjudgmental and felt they forgot to silence
the ringer appropriately (1b). On reflection, P7, ad P12 realized their coworker should have seen
their Place and known not to call them. They would then blame their coworker for violating social
norms (2). After looking at the availability status displayed, participants realized Lfga was indeed
wrong, and all participants shifted blame to Lgsa (3a, 3b). However, after viewing explanations
and finding out that the status error was due to a poor location sensing (and both Library and Office
in tight proximity), participants had different reactions. P8 andP12 continued to blame Lgsa for

its imprecise sensing, and even became harsher in their judgment, because they (incorrectly)
expected indoor location sensing to be as precise as contemporary GPS devices (4a). On the other
hand, P6, P7, and P13 forgaveliecause they understood how challenging it was to sense location
in the given circumstance, and understood that they would have to change a setting to improve
sensitivity (4b). This supports findings about reduced blame attribution when autonomous robots

explain their actions [Kim and Hinds, 2006. While one might assume explanations improve
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perception and trust of Lgsa, this observation reveals explanations to be a doubktiged sword:

revealing thechallengesof inference insome situations, or exposinO EA A D D iweaknasddsi 1 6 O

/.10 DESIGNRECOMMENDATION®RINTELLIGIBILITY

Drawing from our design exploration and usr study, we present some recommendations on how to
improve the usability of intelligibility that can be applied more generally to contextaware

applications.

7.10.1 REDUCING ANBGGREGATINBEXPLANATIONS

We had originally employed this strategy before the user gtly when designing Lgsa, and found
this to be even more crucial based on our study results. In fact, participants demanded an even
lower level of detail, wanting to see more details only as needed. Hence we continue to recommend
this requirement. One compromise would be to &w incremental access to more detaibn demand
and offer significantly reduced explanations initially. Alternatively, it could be even better to
present them in a form that is concise but does not compromise by omitting any reasons. Finding
How To explandions cumbersome due to the large number of tabs to see multiple reasons, P1
suggested just presenting the rules in a table instead. This would providebérd's eye viewof the
rules and yet be much easier to access. Furthermore, because some participaftlsnd some
features for Motion and Sound to be overly technical, it may be sufficient to filter them out of
explanations rather than make them physically meaningful, or provide metaphors to explain them.
However, it is unclear whether users want to see thm when encountering more serious and

esoteric debugging problems.

7.10.2 RETOOLINEXPLANATIONS WITHVPLERCOMPONENTS

Several participants €.g, P6, P9, P13) referred to explanations of Place as "the bubble thing" or
"map thing" instead of noting which queston they wanted to ask. They used the simple bubble
components of Placed.g, seeFigure 7.3a) to investigate various questions Figure 7.6). Therefore,

it may be better to design simple explanation compuents that can be used to answer multiple
guestions than to individually answer those questions through different automatically generated
representations: i.e, use explanation components with a smallevocabularyset expressive enough

to convey most of tle explanation types we have employed. Unfortunately, it is difficult to design
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reusable, simple explanation components for contexts like motion and sound, because they depend

on a wider and more diverse range of features that may not be represented equieatly.

DistanceError
+ Number of access points

What Place inferred as at place A.
Certainty  Distance error and number of access points.
Inputs  Latitude andLongitude coordinates of sensed current user location.
Outputs Place A, Betc.
Why at A Because sensed location bubble overlapsith bubble of A.
Why Not at B Because sensed location bubble does not overlap with B.
How To be inferred at B Need location and B bubbles to overlap. Certainty of inference:
Figure 7.6. Simple "bubble" co mponents simultaneously for explaining seven questions

about Place.

7.10.3 STREAMLININQUESTIONING

Aware of her lack of understanding to effectively use the explanation questions, P7 suggestdtba
chart to help guide users to ask optimal questions. We propeghe streamlinedflow of questions as
shown in Figure 7.7, where only 13 question types are accessible at any given time. This helps
reduce information overload when choosing explanations. Users first start with seeing What the
application has inferred, along with its Certainty (1). If they want to ask questions, they can seek the
mechanistic rationale by asking Why (2a), explore the system Inputs state (2b), or explore the
Certainties of alternative Output values (2c). If usergvant to know why an expected or alternative
output was not inferred, they may ask Why Not (3a), compare Inputs with How To (3b). These
support the two observed whynot strategies. Having observed how participants wanted to ask
guestions from the Lgsa Ul,we recommend convenient shortcuts: users can ask Why Not on
seeing alternative Output values (4), and simulate different Input values to ask What If (5). Finally,
users can also explore the values (6a) and Outputs (6b) of low&er contexts through Inputs and

What If, respectively.
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1 \
What | Certainty
/

2a

2b

Why |38 2c / 30| How
C\Iot <+» Why Inputs [« To

“ | i

Y
4 g N\ What

Outputs | Certainties If
T

Figure 7.7. Streamlined sequence diagram for explanation use.

7.10.4 NON-MECHANISTIEXPLANATIONS

We found that users neednore types of explanations to properly ground them in the apjptation
domain, and to educate themabout good problem solving and debuggingstrategies to fully

understand the program functionality.

Given the deep knowledge that complex contexaware applications rely on to make decisions, and
the evidence that some paicipants lacked sufficient prior knowledge to relate technical behavior
to real-world and domain phenomena, we can see that simple textual descriptions are not sufficient
to scaffold the automatically generated explanations. This suggests conteware goplications
need to have access to information about complex reaorld concepts that are not necessarily core

to the application.

Moreover, we found that since some users did not effectively leverage the explanation facilities
provided, intelligible applications may need to teach them problem solving strategies. One solution

may be to provide examples of endiser debugging with the explanation tools.

7.11 LUMITATIONS ANBURTHERVORK

We used an iterative design process where design decisions were based on @alreonsideration,
consultation with HCI experts, and user feedback. While we believe our designs are reasonably

interpretable, an alternative approach is to make comparisons between competing designs.
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We have limited our study to a manageable set of scai@s, chosen to aid exploration of
explanation use, rather than to comprehensively cover situations. Hence, our results are suggestive

rather than definitive, and we seek to validate them with further design iterations and user studies.

Our design recommadations are based on studying how and why users seek explanations given

several goal situations. While we expedhat following them would improve the usability and thus

usage of explanations, they may not be the best ppomote understanding Future work will explore

how to design and provide explanations that are not only easier to interpret, but also effective in

improving the understanding of how contextaware applications work. In Chapter9, we describe

follow-up work on OEA ET OAT 1 ECEAT A |, AfOA DOl Ol OupA O1 Aw@bi
that affects endOOA O OT AAOOOAT AET C T &£ , A[OA6O AT 1 OA@O EIT £A

/.12 CONCLUSION

We have described our first steps to building a reablorld, intelligible mobile context-aware
application. We followed several design principles to improve the usability of explanations, and
conducted a user study to discover how users make use of explanations, and issues they
experienced. Particularly, we investigated the use of intelligibility for te mobile contexts of
Availability, Place, Motion, and Sound activity. Our findings emphasize the importance of making
explanations usable and quickly consumable (by reducing information overload), relating the
application behavior to the real world activity (to raise the relevance of the information), and
supporting effective problem solving and debugging strategies (so that users can quickly
understand the application issues before giving up). We suggest a need for streamlining
explanations while maintaining access to the rich explanation capabilities, and for integrating
domain knowledge in explanations. With a better understanding of how users use the question type
explanations, we can better design explanations to help understand sophisticated contexware

applications.
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8 EVALUATINGNTELLIGIBILITY
UNDERUNCERTAINTY

This chapter is an extension of the work presented in:

Lim, B. Y.and Dey, A. K(2011). Investigating Intelligibility for Uncertain ContextAware
Applications. In Proceedings of the 13th ietnational conference on Ubiquitous computing
(UbiComp '11) ACM, New York, NY, USA, 4434.

ABSTRACT  Contextaware applications use sensing and inference to attempt to determine users'
contexts, and take appropriate action. However, they are prone to agertainty, and this may
compromise the trust users have in them. Providing intelligibility has been proposed to help
explain to users how contextaware applications work in order to improve user impressions of
them. However, we hypothesize that intelligibity may actually be harmful for applications that are
very uncertain of their actions. We conducted a large controlled study of a locati@aware and a
sound-aware application, investigating the impact of intelligibility on understanding, and user
impression of applications with varying certainty. We found that intelligibility impacts user
impressions, depending on the application's certainty and behavior appropriateness. Intelligibility
is helpful for applications with high certainty, but it is harmful ifapplications behave appropriately,

yet display low certainty.

8.1 INTRODUCTION

In previous chapters, we havdound that some explanation types were more effective than others in
improving understanding and trust (Chapter4), and laer investigated more explanation types that
end-users of contextaware applications are interested in (Chapteb). However, een though these

studies show great promise for the efficacy of intelligibility in contextaware appications, they have
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assumed the use of systems that have reasonably high certainty in their actions, and that, while
fallible, generally take appropriate actions. Intelligibility would enhance the positive impression a
user may have of an application, anceveal how it intelligently tries to figure out what is happening
even for difficult sensing and inference situations. Unfortunately, because of these difficulties in
sensing and inference, applications can be uncertain of their actions, often resultingtuisers having

a negative impression of these applications. It is hoped that intelligibility would help bring up this
shortfall, and raise a user's impression of a contexdware application. However, is there a certainty
below which intelligibility would not help, but may actually harm a user's impression of the
application? If this were the case, the user could lose even more trust in the application's capability
and precision. So an application with sufficiently low certainty would not benefit from adding

intelligibility, and instead, the developer should focus on improving its certainty instead.

In this chapter, we present two scenariedriven lab studies where we investigate the interaction
between intelligibility and application uncertainty. For the first study, we manipulated the
provision of Intelligibility in three levels (None, Certainty-only, Full), and Certainty in six levels (50,
60, 70, 80, 90, 100%), in d&etweensubjectdesign for an online survey. We designed two context
aware applications (lo@ation-aware, and soundaware) to explore the impact of certainty on
intelligibility for applications with differing complexity. In a follow -up study, we ran a thinkaloud

study using a reduced form of the online survey, seeking to add greater context torauantitative

findings. Our contributions are:

1. Understanding how users respond to intelligibility in context-aware applications under
different levels of certainty; and
2. ldentifying when, how, and why intelligibility is helpful or harmful as a result of aplication

certainty.

8.2 INTELLIGIBILITND UNCERTAINTY

In this section, we provide background and related work on intelligibility, uncertainty in context

aware applications, and the impact of showing uncertainty to endsers.

8.2.1 DISPLAYINGNCERTAINTY DNTEX-AWAREAPPLICATIONS

Contextaware applications are prone to uncertainty, and one common strategy for dealing with

this involves user mediation where the user resolves uncertaintyey et al.,, 2003. Furthermore,
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these applications shouldrepresent to their users what they know|[Bellotti and Edwards, 2001,
not hide this ambiguity or uncertainty [Greenberg 2001], and reveal the "seams" of their
underlying systems [Chalmersand MacColl 2003]. Currently, some contextaware applications are
able to model unertainty due to their underlying probabilistic models (e.g, [Kuleszaet al., 2009;

Tullio et al., 2007), but few display the system certainty €.g, [Cheverstet al., 2005).

Conversely, many studies have also explored various ways to display uncertaingnd the benefits

of doing so. Antifakos and colleagues showed that uncertainty improved task performance speed of
participants when certainty is high[2004], and that participants verified automatic settings made
by a @mntext-aware system less often whenits certainty was high or medium R005]. Similarly,
Rukzio et al. [2006] found that displaying uncertainty slowed down user performance, because
users would doublecheck fields with lower certainty. In studies of presenting location information,
visualizations of location certainty were found to improve user performance with locatiorbased
services Pearmanet al., 2007;Lemelsonet al., 200§. Though not explicitly investigating about
uncertainty, Yanet al. [2010] found that displaying higher trust and reputation values of mobile

applications increased users' willingness to continue using them.

Our work adds to the research on displaying uncertainty by carefully varying uncertainty to identify
a certainty threshold below which displaying uncertainty becomes harmful instead of helpful, in
two different contexts 2 location and sound. Furthermore, we extend the displaying of uncertainty

to include other explanations that provide users with a fuller form of intelligibility.

8.2.2 INTELLIGIBILITM CONTEXFAWAREAPHAICATIONS

For this work, we use the definition of intelligibility defined Chapter5, which classifies explanations
in terms of questions that users may ask of contesdware applications. Specifically, we developed

interfaces fa explanations of the following questions:

What is the current value of thecontext?

Certainty : how certain is the applicationof this value?
Why is this context the current value?

Why Not: wE U Eh@lcahtéxtvalue Y, instead®

Inputs : what factors affect this context?

a pr wDh ke

We describe how to provide explanations for these questions latein Section 8.5 (Application

Platforms).
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8.3 HYPOTHESES

While we do not assert it here, we believe the user's impressiorf an application impacts her trust
of it. We define that a user has a godthpressionof a contextaware application when she perceives
it to be highly certain of its inference, feels that it generally behaveappropriately , and she

agrees with what it is doing. As illustrated in Figure 8.1, we hypothesize that:

Hla: Above a certainty threshold, intelligibility improves a user's impression of a contexaware

application.

H1b: Below the threshold, intelligibility harms the user'simpression of the application. This could

be due to the user realizing how poorly the application is performing.

NorIntelligible
— |ntelligible

Impression

Low Certainty High
Figure 8.1. Hypothesis 1: Intelligibility will improve user impressions when an application is
certain of its actions, but it will harm impressions when it is uncertain. Only interaction

effect suggested, not linearity of trends.

We hypothesize that this effect on impression is due to the increased understanding provided by
intelligibility:

H2: Providing intelligibility helps increase a user's understanding of the application.

While H2 has been shown to be true ifChapter4 [Lim and Dey 2009, we seek to verify those
results, as H1 depends on this. Thus, H2 in combimat with H1b hypothesizes that again of
understanding about a low certainty application leads to dossin impression. Next, we describe a

large-scale, betweenrsubjects lab study to test these hypotheses.



8.4MetHop 183

8.4 METHOD

We are primarily interested in the interacton between the provision of intelligibility, the certainty

of the application, and the impact on understanding and impression. We chose to investigate this
effect using a largescale, controlled lab study. The study was deployed online through Amazon
Mechanical Turk (MTurk) to allow us to collect input from a large number of participants and span
many levels of certainty and intelligibility. For generality, we designed two contexaware
applications and varied their certainty, and intelligibility levels. We exposed participants to several

canonical situations of these applications through 10 different scenarios.

8.4.1 EXPERIMENTALONDITIONS

We varied Intelligibility and application Certainty as independent variables in @etweensubject

experiment, across two aplications, for a total of 3x6x2=36 conditions.

8.4.1.1 INTELLIGIBILIT8 CONDITIONSINONE CERTAINTYONLY FULL

We varied whether participants were provided with explanations where they only saw the
application inference (None), or additionally saw a rich explaation visualization (Full). We
included an intermediate intelligibility level, where we provided just Certainty percentage only, to

investigate how much value the explanation visualizations add over just showing certainty.

8.4.1.2 (CERTAINT{6 CONDITIOND0%,60%),70%,80%,90%,100%)

We vaiied certainty as six intervals(rather than a dichotomy) to be able to observe any trends that

may arise.

8.4.2 MEASURES

We are interested in measuring how much participants understand the application for each
intelligibility con dition, and whether this affects their perception of certainty, feeling of whether the

application behaved appropriately, and how much they agree with the application's inference.

Understanding. For each scenariowe asked participantswhy the application inferred what it did,
and why not something else (freetext). We asled these questions forall scenarios to prime
participants to think about the underlying inference of the application. We analyzkthe responses

from the sixth of 10 scenarios presented,sawe expected participants to be sufficiently familiarized
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with the application through previous scenarios, but not overly tired of providing feedbackWe

validated that this was true through a sampling of the responses.

Perceived Certainty . For each scendo, we asked participants how certain they believed the
application was in its inference (as numerical input 0 to 100%). After the scenarios, we asked for

their overall sense of the certainty.

Perceived Appropriateness. For each scenario, we measured whahe participant felt about the
appropriateness of the application behavior, on a-point Likert scale from Very Inappropriate to
Very Appropriate.

Agreement. For each scenario, we measured how much the participant agreed with the

APDP1 EAAQET pidedtherehsddr AiffcLik 8f making the inference; on a-oint Likert scale
from Strongly Disagree to Strongly Agree.

8.5 APPLICATIORLATFORMS

To investigate the interaction between intelligibility and uncertainty, we designed two applications

? LocateMeand HearMe? and varied their certainty and intelligibility levels. Derived from design
explorations of intelligibility in Chapter7 [Lim and Dey, 2011 both applications are mobile phone
applications, but deal with differert contexts (location, and sound activity, respectively), different
inference mechanisms, and different explanation interfaces. While real, physical prototypes were
not used in this study, these applications have been prototyped, and their described furaiality
are feasible and indicative of real applications and their associated uncertainty. We describe these
applications, how they sense and make inferences, their basis for uncertainty, and how they

visualize their inferences.

Each application has thredlifferent levels of intelligibility. The None version would just show the
output of the application (e.g, "You are at the Washroom", "You were in a Conversation"). The
Certainty version adds a certainty percentage e.g, 89%, 62%). The Full version adds ra

explanation visualization (seeTable 8.1 and Figure 8.4).

8.5.1 LOCATME

LocateMe is a locatioraware mobile phone application that uses GPS, Wi and cellular networks

to triangulate where the user is, andnatch that to a predetermined set of locations to infer which
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place the user is at. It then uses this inference to take actions such as sending a reminder, or

identifying the nearest printer. In the scenarios, LocateMe is used for indoor and outdoor situans.

Basis for uncertainty . Due to the probabilistic model of the user's location (as a Gaussian area),
LocateMe infers the user being at places with varying levels of certainty. Its certainty depends on
how much the user's estimated area "overlaps" witlthe area of the named place, and is computed
into a probability. The larger the area of the named place, and/or the closer the user's area is to that
place, the higher the certainty. Uncertainty is also affected by sensing errors due to GPS signal

occlusion (e.g, being indoors), WiFi or Cell network signal strengthgtc.

8.5.2 HEAME

HearMe is a souneaware mobile phone application that uses the phone's microphone to sense and
infer one of three activities: whether the user is (i) in a conversation, (ii) listeimg to music, or there
is mostly (iii) ambient noise. It uses several features extracted from processing the microphone
signal, such as: frequency bandwidth, spectral entropy, loenergy frame rate, MelFrequency
Ceptral Coefficients (seeSection7.2 for more details about features used). HearMe uses a trained

naive Bayes model to infer whether the sound heard was one of the three activities.

Basis for uncertainty . HearMe models uncertainty of its inference from the probabiligt
uncertainty of the naive Bayes model. This depends on the sound samples used to train the original

model. HearMe does not model the error due to the microphone signal for uncertainty.

Due to the ubiquity of GPS devices and location sensing in smart ples, LocateMe is likely more
familiar to users than HearMe which uses machine learning inferences that are less comraaace

in devices available to consumers.

8.6 SCENARIOS

Similar to [Antifakos et al., 2004;Lim and Dey, 2009, we use scenarios to let partipants learn
about and experience our applications. However, rather than present&econd video clips to help
participants experience a scenario, we provided users with a precise representation to understand
the ground truth of each scenario. For LocateMave showed a map or floorplan indicating where
the participant would actually be in the scenario. For HearMe, we played an audio clip of what the

participant and her phone would supposedly have heard.
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LocateMe HearMe
Situation (a) You are in the washroom taking care of| (d) At the coffee shop, you find Micelle, a
description some business, just before your meeting coworker, there, and have a chat with her.
and with your neighboring coworker, Damien.
Ground U P? = T - 1 Participant listens to an autestarted audio
truth - J[ = % clip of ambient noise in a coffee shop, with &
J L# ' J female voice occasionally talking.
. H6- groundtruth.mp3
Star denotes where you actually are at;
DbOOPI A OOEAT CI A AAI >
(RM102).
Application (b) You receive aext message from Damien] (e) You are not interrupted for 12min, and
behavior who tells you he is waitingfor you at his when the conversation ends, you receive a
Certainty office. You checK.ocateMe notification message from HearMe:
90% You are atthe You werdn a Conversation| You werdn a Conversation|
Washroom Cameron tried to call you 7 min ag| Cameron tried to call you 7 min ag
Certainty Certamty Certainty
89% 89%
Evidence for
why Talking Sensed Factors
_ _ @ Periods of Silence @ Periods of SiIenc@
-‘ L ' 11%
. l j'” J & Pitch Range & Pitch Range @
=~ ] W) 1240Hz
J:‘ —_— Y. Pitch Fluctuatlon 'lfu Pitch Fluctuation @
1.4W/Hz
ﬂ ¥ Pitch Punty ¥ Pitch Purity @
L \ 53bits
Olher Fac[ors
e
You seehat Cameron had tried tocall you,
but HearMe suppressed his call since it
interpreted you as uninterruptible.
Certainty (c) Damiencalls to askwhere you are since () You are not interrupted for 12min, and
60% LocateMesaid you arein his office, which is when the conversation ends, you receive a
Wrong obviously false You check.ocateMe notification message from HearMe:
inference, in Youareab | YA Sy
thiS case Office (RM102)

Certainty

HearingAmbient Noise HearingAmbient Noise
Allowing call from Cameron Allowing call from Cameron
Certainty Certainty
62% 62%

Evidence for .
Talking vs.Ambience Sensed Factors
@ Periods of Silence @ Periods of Silence@)
Y | 2%
& i Ll ;
s Pitch Range L o Pitch Range N
M s 1230Hz
Y« Pitch Fluctuation 'lyu Pitch Fluctuation @
=7 - 1.1W/Hz a
% Pitch Purity ¥ Pitch Purity [ | )
&/
. a2bis
Other Factors

-3
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LocateMe

HearMe

Explanation
ul
Description

LocateMe uses'bubbles"”, to determine and
show where the user is, rather than showing
pin-point positions. The user's sensed
location is represented by two blue
concentric circles, and a Gaussian blue are
He is most likely to be in the center of the
area, but less likely the further away from it.
The bounds indicate thresholds of certainty|
(50, 90%) that the user iswithin the bounds

Places are represented with uniform

circular areas of varying size E.g,

Washroom is defined with a circlewith the

center where the room is, and the size ig
how large the room is.

The user is inferred to be at a place ihis
blue bubble "overlaps" with the place's
bubble. A green bubble indicatesthe place
where the user is inferred to be a red
bubble indicates wherehe is not inferred to
be. (b) shows a green bubble over thg
washroom overlapping with the user's blue
bubble to explain why he is inferred to be
there. The large overlap suggests a hig
certainty (in this case, 89%).(c) explains
why the user is not inferred to be at the
washroom but at Damien's office instead, by
showing: a red bubble for the washroom, &
green bubble for Damien's Office The blue
bubble overlaps with the greenbubble more
than with the red bubble, indicating 62%
certainty.

HearMe uses two types of visualizations tq
explain what it senses, and how it infers arn
activity, with a Sensed State anctvidence
visualization, respectively. We substitute the
technical names of theinput factors with
metaphorical terms (e.g, Periods of Silence
for low-energy frame rate, Pitch Purityfor
spectral entropy), and aggregate thg
remaining factors as Other Fadrs. We
explain the meanings of each factor an
implications of their values, e.g: Periods of
Silence indicates what percentage of the
sound sample was relatively silent compared
to the rest of it; talking would have higher
percentage The Sensed Factorsviz (right
diagram) shows the values of the factors, an
a gauge icon indicating whether each value i
at, below, or above the average values for thg
factor.

The Evidence visualization (left diagram)

shows a bar chart indicatingif each factor
votes for (blue towards right) or against (red
towards left) the inference, and by how much
This viz can be used to compare one outpu
against all others (e), or specifically contrast
between two outcomes (f). The balance of th{
bars indicate how certain the applicéion is

about its inference. If it is more certain, the|
bars are weighted more towards the right,
and if less certain, the bars are equally
weighted to the right and left.

Table 8.1. Scenario scripts, applica tion interfaces showing Full intelligibility, and their

We presened 10 scenarios as a chronological sequence of events happening through a single day.

interpretation of Scenario 6.

As in Section7.6.2[Lim and Dey, 20114 the scenarios were written to span fivehemestypical of

what context-aware applications are used for: interruption management, social awareness,

reminders, recommender, exploration / learning. Each theme isepeatedtwice (not consecutively)

to provide repeated exposure. Collectively, the scenarios anepresentative of the application

certainty (e.g, for 60%, the application behaved appropriately for 6 out of 10 scenarios). Hence,

participants in the None intelligibility condition could perceive the certanty of the application. The

certainties presented (for Certainty and Full intelligibility) also reflected the certainty condition,
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but with small randomized differences (e.g, 60, 63, 59, 60, 58, 62, 61, 57, 60, 60%), to prevent

participants from ignoring the values had they been constantly shown 60% repeatedly.

Table 8.1 shows the scripts and diagrams shown to participants in the LocateMe (left), and HearMe
(right) surveys for a scenario,Table 8.2 describeshow different explanation types are providedin

both applications. S6. Next, we describe what participants were asked to do for each application

survey.

Description / Function LocateMe HearMe
What | Show the current inference of | Reports inferred place, and Reports inferred sound

the context and consequent shows blue bubble of the user| activity.

action. in map visualization.

Certainty | Show the certainty of the Shows a certainty perentage, | Shows a certainty percentage,
application's inference of the and and sense of balance of bars
current context value. size of bubbles in map in evidencevisualization.

visualization (larger sizes (more balance show lower
show lower certainty). certainty).

Why | Show a modelbased Shows the overlap between Showsweights of evidencefor
explanation of how he the inferred place (as a green | the inference due to each
application inferred the bubble) and the user's blue input factor in a bar chart
current context value. bubble. visualization.

Why Not | Showa modelbased In addition to the Why Shows the evidence
explanation distinguishing visualization, shows the lack | visualization, cantrasting the
how the application did not of overlap between the place | current inference against the
infer the alternative inference. | (as a red bubble) and blue alternative inference.

bubble.
Inputs | Show the current values of Visually shows the user's Lists current input factor
input context / features. position by positioning the values, and provides a guge
blue bubble in a map. of its relative value.

Table 8.2. Explanation types. LocateMe uses a map and bubbles visualization for its
explanations about its location inference. HearMe uses lists the current values of its sensed

factors, and their corresponding evidence to explain its sound activity inference.

8.7 PROCEDURE

After consenting to participate in the survey (either LocateMe or HearMe), the participant was
randomly assigned to a Certainty condition and an Intelligibility condion. He read instructions on
how the application works, and how to interpret its display. As recommended byKjttur et al.,
2008], we then asked two verification questions (multiplechoice) to ensure comprehension. The

participant next went through 10 senarios to experience the application under various situations.
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For each scenario, he read (i) a scenario description, and (ii) the subsequent response of the
application which may or may not be appropriate for the situation. He was then (iii) asked
verifi cation questions to ensure he had carefully read and understood the scenario. Next we asked
guestions for our measures of (iv) perception of certainty, (v) application behavior
appropriateness, and (vi) agreement. Finally, he was asked about his (vii) urrdeanding of the
application inference. After the scenariosthe userwas tested on his (viii) overall understanding of
the application and (ix) overall perceived certainty. Finally, he wassked about his background

with using smart phones, and for demogaphic information.

8.8 PARTICIPANTS ANDATAQ_EANSING

We recruited participants from Amazon Mechanical Turk. There wer84 completedHITs (human
intelligence tasks), and397 incomplete HITs. We rejected 76 HITs because each participant had low
verification score, rushed through the survey too quickly, and/or was unconscientious (gave
reasons that were gibberish, repetitive, or irrelevant). Of the remaining 508 participants, their
survey completion time was Median=33 minutes (8.9 to 109), and their verificatio score was
Median=20 (7 to 22) out of 22. Some participants had low verification scores, which indicates poor
understanding of the scenarios and application, but their fre¢ext reasons indicated conscientious
effort in the survey. So they were includedn our population sample to represent users who have
greater comprehension difficulty. We had participants across 36 conditions (3 Intelligibilityx 6
Certainty x 2 Application) in our experiment (M=14.1, 11 to 17 in each condition). We paid each
participant $2.

8.9 DATAANALYSIS ANBESULTS

In this section, we present the analysis we performed on the survey results, related to our
hypotheses. Before we investigate whether intelligibility influences users' impressions of a context
aware application, first we andyze whether intelligibility improves understanding of how the

application works (H2). We assume that understanding is not influenced by the certainty of the

application.
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8.9.1 UNDERSTANDING @GPPLICATIONFERENCE
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Figure 8.2. Mean of number of correct and wrong reasons counted from participant free  -text

responses of how the application made its inference in S6. Participants with Full

intelligibility gave more correct reasons when explaining about HearMe than

those with

None (p<.01); this was only marginal for participants explaining LocateMe (p=.08).

Furthermore, participants explaining LocateMe offered more wrong reasons than those

explaining HearMe (p<.01), particularly when provided with some form of intell igibility
(p<.01).
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Figure 8.3. Mean number of correct Input factors in the top three choices of the Inputs

ranking task (Left), and number of fallacious factors given in all 10 choices (Right).

Participa nts with Full intelligibility chose more correct factors of HearMe as top three than

those with None (p=.014); this was not noticeable for LocateMe (p=n.s.). Moreover,

participants explaining HearMe chose fewer fallacious factors than those explaining

LocateMe, particularly when provided with Full intelligibility (p<.01).

As a measure of understanding, we coded the fréext responses about how they thought the

application made its inferences for S6. We counted how many of the reasasout the application
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that they provided were correct. A reason is considered correct if it relates to an actual factor that
the application uses €.g, GPS, latitude, distance threshold, bubbles; Periods of Silence, Pitch Purity,
noisiness). We eliminated repeated and redundanreasons {.e, paraphrasing of the same idea),

and accepted language that demonstrated an approximate idea of valid concepts.

We fit a mixed model with: correct reason count as the dependent variablentelligibility and
application as independent varidles, interaction x application as an interaction effectertainty as
a control variable, and participant as a random variable (nested in intelligibility, application, and
certainty). We found that participants with Full intelligibility gave more correctreasons than those

with None, especially regarding HearMe (seEigure 8.2 and Figure 8.3).

Next, we analyze whether and how this increase in understanding influences how participants
perceived the certainty of the application. We annotate some figures to indicate notable findings in
our results (e.g, G, Cay, Ad).

8.9.2 PERCEIVEOVERALICERTAINTY

We asked each participant about their perception of the overall (average) certainty of the
application, after canpleting all 10 scenarios. To examine differences in this perception for each
application separately, we fit a mixed model with:perceived overall certainty as dependent
variable, intelligibility and certainty as independent variables, intelligibility x certainty as an
interaction effect, and participant as a random variable (nested in intelligibility anctertainty). We
also combined data from both applications, and fit a similar mixed model but also with application

as a control variable These results arepresented inFigure 8.4 and Table 8.3.

Our results show that, for high actual certainty, participants with intelligibility perceived a higher
certainty than those without (G)); for low actual certainty, participants with intelligibility perceived

a lower certainty than those without (G). Alternatively, an interpretation may be participants with
intelligibility just copied the certainty displayed. Means testing suggests that this could o (see

Table 8.4), but we further investigate this in a followup study (see later).
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Both Applications (Combined)

LocateMe

HearMe
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Actual Certainty (%)

None
—a— Certainty
——Full

Perceived Certainty (%)

50
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F(10,489)=4.02,p<.001 F(10,489)=3.77, p<.001 F(10,489)=1.97, p<.05

Figure 8.4. Perception of Overall Certainty: combined analysis (Left), and for individual
applications (Middle and Right). Participants with Full intelligibility perceived a higher
certainty when the application ha d high actual certainty, but perceived a lower certainty

when it had low actual certainty.

Application Combined LocateMe HearMe
. Low High Low High Low High
Actual Certainty
50-70% | 90-100% | 50-60% 100% 50-70% | 80-100%
None vs. Full p<.001 p<.05 p<.001 p<.05 p<.01 p=n.s.
None vs. Certainty p<.001 p=n.s. p<.001 p<.05 p<.01 p=n.s.

Table 8.3. Pre-hoc contrast between Intelligibility types for low and high actual certainty.

These groups were chosen after visually in specting the interaction graphs.

Certainty (%) 50 60 70 80 90 100
Certainty <.01 n.s. n.s. n.s. .05 .01
Full .02 n.s. <.01 n.s. n.s. <.01

Table 8.4. Means testing of whether perceptions of overall certainty

are different from actual

certainties. t -test p-values suggest copying if p=n.s.
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While our results show that participants' perceived overall certaintyacrossdifferent certainty
levels is influenced by intelligibility, we next show that their perception &0 varies based on how

the application behaved per scenario.

8.9.3 PERCEIVEGERTAINTY BAPPLICATIORPPROPRIATENESS

To investigate perception of certainty across scenarios, we analyzed the repeated measure of how
certain participants felt the application was for each scenario.Figure 8.5 (Right) shows the
fluctuation of perceived certainty as participants with no intelligibility (None) go through the
scenarios, depending on whether the application behaved appropriately in the scenari®When
participants received Full intelligibility (Figure 85, Left), their perceived certainty was more

stratified, and less fluctuating.

We group our results by application appropriateness, and fit two mixed models with: percedd
certainty as dependent variablejntelligibility and certainty as independent variables, intelligibility
x certainty as an interaction effect, and participant as a random variable (nested in intelligibility
and certainty). Our results (seeFigure 8.6 and Figure 8.7) show that, for appropriate application
behaviors, participants with intelligibility perceived lower certainty than those with None when
encountering actual low certainty ), and conversdy perceived higher certainty when
encountering actual high certainty Gy). For inappropriate application behaviors, there was no
difference in perception for actual low certainty C.,), but participants with intelligibility perceived
higher certainty for actual high certainty, than participants without C.ap).
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Full Intelligibility None
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Figure 8.5. Perceived certainty influenced by application appropriateness across  scenarios.

The application behav ed appropriately for at least one Certainty condition in S1, S4, S6, S8,

and S10, more so for lower certainty conditions.

Application Appropriate Application Inappropriate
100 -

Perceived Certainty (%)

30 - None
20 + —s— Certainty
10 - —e—Full

0 . . . .

50 60 70 80 90 100 50 60 70 80 90
Actual Certainty (%)

F(10,483)=10.6, p<.001 F(10,431)=2.68, p<.01
Figure 8.6. Perceived certainty across actual certainty by application appropriateness. Note:

no inappropriate scenarios for 100% certainty condition.
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App Behavior Appropriate Inappropriate
Actual Certainty| 50-70% 80-90% 50-70% | 80-90%

None vs. Full] p<.001 p<.05 p=n.s. p<.001

None vs. Certainty | p<.001 p=n.s. p=n.s. p<.001

Table 8.5. Contrast between Intelligibility types for low and high actual certainty grouped by

application behavior.

8.9.4 AGREEMENT BY¥ERCEIVEAPPROPRIATENESS

Given the difference in perception due to application appropriateness, we are interested to see if
participants' opinion of how appropriately the application behaved, and how much they agree with
its inference were affeeted by intelligibility. These selfreported, repeated measures for every

scenario were obtained with the following questions:

Perceived Appropriateness with "How appropriately or inappropriately did the application
behave in this situation?"(7-point Likert scale)
Agreement with "How much do you agree or disagree with the application's inference, given how

easy or dificult it is to infer this?" (7-point Likert scale)

We did not compare perceived certainty, because, as expected, it varied independently of

appropriateness.

We fit a mixed model with: agreement as dependent variable, appropriatenessid agreementas
independent variables,appropriateness x agreementas an interaction effect, and participant as a
random variable (nested inappropriatenessand agreement). Our results (seeFigure 8.7 and Table
8.6) show that participants tended to agree with the application when they perceived it behaved
appropriately, and vice versa When participants felt the g@plication behaved inappropriately (<0),
those with intelligibility agreed with the application more than those with None A-..). However,
when participants perceived the application behaved very appropriately (), participants using
an application with low certainty and intelligibility agreed less with it than those with None Figure
8.7, Right; Ay).
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F(12,4984)=2.92, p<.001 F(12, 1645)=3.31, p<.001

Figure 8.7. Agreement across Perceived Appropriateness, grouped by actual certainty. The

effect of finding 4h is only significant for low actual certainty.

Actual Certainty All (50 -100%) Low (50-70%)
Appropriateness| Not (<0) High (2-3) Not (<0) High (2-3)
None vs. Full p<.01 p<.05 p<.01 p<.01
None vs. Certainty p=.052 p=n.s. p=n.s. p<.05

Table 8.6. Contrast between Intelligibility types for low and high appropriateness

by actual certainty.

8.9.5 SUMMARY OFHNDINGS

grouped

We summarize our findings in terms of our hypotheses. Participants with Full intelligibility gave

more correct reasons of how the application works, than those without (satisfiesl2). Finding G,

satisfies Hla that intelligibility improves user impression of a contextaware application if its

certainty is high. This is more pronounced when the application behaved inappropriatelyCin)

than appropriately (Gy). Conversely, finding G satisfies H1lb that intelligibility harms user

impression if its certainty is low; particularly, when the application behaved appropriately G, As).

However, participants with intelligibility disagreed less with the application inference when they
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felt that it behaved inappropriately (A-z). To gain better insights into our results, we ran a followp

study where we engaged participants facéo-face.

8.10 FoLLowUP: THINKALOUDSTUDY

At this point, our results positively support our hypotheses that intelligibility exaggerates the
perception of certainty compared to not receiving any explanation. However, this could be because
our participants with intelligibility could just be copying the certainty value they were shown(see
Table 8.4). Do participants mindlesly copy these values, or do they weigh their opinion with
previous experiences with the application (from previous scenarios)? Furthermorefinding A
suggests that Full intelligibility provides some additional benefit of improving the perception of
certainty than showing Certainty-only. How does Full intelligibility help to reinforce the Certainty

information provided?

8.10.1 METHOD ANIPROCEDURE

Answering these questionswill help us examine the link between the information provided through
Certainty-only and Full intelligibility, the user's understanding, andtheir subsequentimpression of
the application. It will also help us explore whether and how Full intelligibility influences the user
compared to Certaintyonly. To explore this, we an a follow-up think-aloud study where we
presented all three intelligibility conditions within-subject focusing on a subset ofCertainty
conditions (low: 50%; high 90%). We continuel to use both applications(betweensubjec) due to
their differences in complexity, and partiépant reliance on their explanations.Hence, we have four
conditions. Due to the timeconsuming nature of the thinkaloud study (onehour long), we
presented only two scenarios (S6 S9 to our participants, counter-balanced for application
correctness S6 has been described inTable 8.1. For S9, LocateMe correctly infers the user in
Meeting Room B and automatically loads the meeting agenda; HearMe correctly infers conversation
during a group meeting, and allows the user to retrievéhe audio and save it. In the followup study,

the application always behaves incorrectly for S6, but correctly for S9, regardless of certainty.

We recruited two participants per condition (total 8), 4 females, mean age 28.1 years old (21 to 58).
We presented three iterations of the survey starting with None, Certainty, then Full, so as to avoid a
training effect. Each scenario has the same format and questions as the original survey.

Additionally, we asked them to thinkaloud and provide reasons for theiranswers. This way, we
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learned about how they thought the application made its inferences, and how they constructed
opinions of the application's behavior. We used paper surveys, so participants could refer to
previous surveys, compare previous phone displys, their previous answers, and discuss why they
changed or did not change their opinionsTable 8.7 shows which conditions participants P1 to P8

were in. We discuss our findings in the next section in the context of our originguantitative

results.
Low High
Certainty (S56:52%, S9:49%) (56:89%, S9:92%)
Application LocateMe HearMe LocateMe HearMe
Participant 1 5 2 8 3 5 4 7

Table 8.7. Distribution of participants in think  -aloud stu dy. Each participant saw S6
(appropriate behavior) and S9 (inappropriate), iterated within -subjects with intelligibility

types in the order: None, Certainty, Full.

8.11 DISCUSION

We discuss the results from both experiments in terms dfiow intelligibility affe cts understanding

(H2), and how it affects users' impression of contexaware applications (H1).

8.11.1 H2:INTELLIGIBILITMCREASHINDERSTANDING @ONTEXJAWARE

APPLICATIONS

As expected, Full intelligibility allowed participants to better express an understaging of the

applications. This was particularly significant for HearMe, because the explanations listed relevant

AAAOT OOh ET AOAAOET ¢ OEA DPAOOEAEDPAT 006 OiF AAAOI AOU
aloud study, participants could analyze ah interpret the values of HearMe'ssensed factors, and

their corresponding weights of evidencdh AT A |, T AAOA- A6 O AOAAI A OEOOAI E
the input factors were not explicitly stated in LocateMe as they were for HearMe, participants gave

reasors for how LocateMe works by describing names of technologiesgh ' 0 3 h -gpaificOE OET 1
OAT OET ¢C6 j0ocqh A OGOEA ET OEA A Edn#l Bdckedby pearydqh 1 O
stairs (P5), or improved signal because of proximity to wmdows (P5). Full intelligibility only

marginally increased the correct ideas that participants had about how LocateMe works. For

s N oA L o~ 2 s oA

(AAO- Ah xEOEIT 60 &0O01I1 ETOAI 1 ECEAEI EOUh DAOOEAEDPAT O
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speaker identification (especially that of the user) as the most important factors for inference, but
with Full intelligibility, they tended to discard their original understanding and described the
inference in terms of the factors shown. We can interpret the differences betwedhe applications
as due to theircomplexityAT A O E Aamiafith @ith Ghem. Thesefindings reinforce those in
Section4.7.1[Lim, Dey, and Avrahami, 200PBthat prior knowledge about an application domain (in

this case LBS) reduces the impact of intelligibility on understanding.

By providing more information, intelligibility also helps provide participants with an increased
awareness of what the application was inferring, and what it understood. This consequently

impacted their impression of it.

8.11.2 H1IMPACT OMNTELLIGIBILITY QMSERMPRESSIONS

Without Intelligibility, MTurk participants are influenced by whether the application behaved
appropriately to perceive its certainty (seeFigure 8.5, Righ). They perceived a modestly high
certainty (~85%) when it is behaved appropriately, and how often it behaved appropriatelyKigure
8.4), but perceived a low certainty otherwise (~60%). Their overall perceived certainty is also
impacted by the cumulative application behavior, gently increasing from ~70 to ~90% as actual
certainty increases from 50 to 100% Figure 8.5). With intelligibility, participants' perceived

certainty aligned more closely with the &tual certainty.

However, do participants just copy the application certainty (as suggested ifable 8.4)? In the
think -aloud study, though influenced by the displayed valu@|l participants did not outright adhere

to it. They catinued to be influenced by their perception of how difficult it was to make the
inference, and whether the application behaved appropriately, but adjusted their certainty rating
depending on the presented value. Hence, if a low certainty was presentedrapants lowered
their certainty estimate, and while if a high certainty was displayed, participants raised their
certainty estimate, but not all the way to the presented value for both cases. Furthermore,
participants reevaluated their certainty rating when given Full intelligibility. Next, we discuss and
interpret our results (shown in Figure 8.6 and Figure 8.7) in terms of hypotheses Hla and H1lb. We
found a caveat to H1b which we denote as H1able 8.8 summarizes these positive and negative

impacts that intelligibility has on user impressions.
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Certainty

Low

High

Harmful (H1b)

Decreases perceived overall
accuracy inding G).

Helpful (H1a)

Increases perceivedverall
accuracy finding G,).

Harmful (H1b)

Decreases perceived accuracy
(finding G,)), and

Decreases agreement with
inference (finding Ay).

Helpful (H1a)

Increases perceivedaccuracy
(finding Gy).
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Helpful ( H1b")

Increases agreement with
inference (finding A).

Helpful (H1a)

Increases perceivedaccuracy
(finding C.ap)-

Table 8.8. Impact of Intelligibility on user impressions of a context

depends on application certainty and whether it behaved appropriately.

8.11.2.1 HIA!INTELLIGIBILITMCREASHISERMPRESSIONS @PONTEXJAWARE

APPLICATIONS WITHGHCERTAINTY

For contextaware applications with high certainty , our results verify previous findings of
Chapters 4 [Lim, Dey, Avrahami, 2009] and5 [Lim and Dey, 2009 that intelligibility improves

users' impression of the applications finding G). With intelligibility, participants perceived a
higher certainty from the application, particularly when it behaved appropriately (finding G.).

After seeing the Certaintyonly intelligibility, P4 raised her original rating (85% with None) to "just

-aware application

below" what was shown (92%), despite feeling that HearMe #O O1T OAOAT T £ZEAAT Oho A,

Ol OAOAI I

of the application (P6).

Intelligibility had a more significant impact on perceived certainty if the applicationbehaved
inappropriately , since MTurk participants had a lower baseline certainty rating (about 60%
instead of ~85%). Though not to as high a level for apppriate application behavior, intelligibility
raised their confidence rating by a larger margin (by 15% to ~75%finding Cap). With Certainty-
only intelligibility, P3 liked that LocateMe was "honest," and trusted it more. P4 felt that HearMe

"would know its own certainty better than [she] would" and raised her certainty to 7585%, which

OT AAOOOAT AET ¢o

i £ OEA AT 1 OAOOAOQEI I
participants felt the explanationsO OA ET /Il O A Aeltdinty QFB)Aor dvéh QiSed their certainty

OEAO

was between what she had imagined and what was presented. P6 insisted that LocateMe's certainty
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should not have been so high, but raised her rating by 5%. With Full intigibility, participants
OAAOAI OAOGAA OEAEO T PETEIT8 01 AT A 0x xAOA 11T OA A

ratings.

8.11.2.2 HI1B: INTELLIGIBILITYECREASHBIPRESSIONS G¥PLICATIONS WItBW

CERTAINTY WHEN THEEHBVEAPPROPRIATELY

For contextaware applications with low certainty , intelligibility revealed how uncertain they
were, and compromised the impressions participants had of thenfifiding G). This was particularly
notable when the application behaved appropriately (finding G,). In the think-aloud study,
participants were surprised to discover the low certainty. For LocateMe, P5 thought that the
location in S9 was easier to infer than in S6, and felt that the certainty should have been higher
(60%) than the presented 49%. For HearMe, P2 fefbEAO OEA AT 1 OAOOAOQEIT ET 3
the certainty should be higher at 6665%. Furthermore, the unexpectedly low presented certainty
caused participants to disagree more with the application inferencefioding A,). P1 and P5 lowered
their agreement rating from 7 (None) to 2 (Certainty), and P8 from 6 to 4. With Full intelligibility,
P8 became convinced by HearMe's displayed 50% certainty laxamining the bar chart ofweights

of evidenceand noting they were very balancegdshe consequently loweredher certainty rating.

8.11.2.3 H1B": INTELLIGIBILITMCREASHSIPRESSIONS @¥PLICATIONS WItBW

CERTAINTY WHEN THEBHBVHNAPPROPRIATELY

Contrary to H1lb, intelligibility was helpful for an application with low certainty when it behaved
inappropriately  (finding A), even though it did not influence perceived certainty f{nding Ca)).

Participants appreciated the difficulty of inference, forgave the application, and disagreed less with

it(AQ8 O0uv AiITAAAAA OEAO EO xAO OOiBelbrtaidyE ardBBog 06 &£l (
OEO ¢iI O EO Aii T OO OEGCEOO6N OEA ACOAAA i1 OA xEOE OE
(Certainty). With Full intelligibility, participants more clearly saw how uncertain the applications

were: large margins of eror (LocateMe), or a high amount oimbiguity (HearMe). This allowed P8

to understand how HearMe "misjudged the environment,” and "agree with its logic based on the

parameters."
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8.12 DESIGNRECOMMENDATIONS

Certainty
Low High

_ None Intelligible

g Prioritize impro ving accuracy Provide Intelligibility .

5 instead of providing

intelligibility.

a2 e Automatically Hide Automatically Show
) .o . . S A
S s User is unlikely to ask Provide intelligibility
T g_ questions if behavior is as automatically if certainty is
8. 2 expected. high.
o
o
< On Demand + On Demand
-§ B User will likely ask questions Users may ask more
s < and receive helpful guestions to receive more
& explanations. helpful explanations.

Table 8.9. Summary design recommendations of when and how to provide intelligibility

given the uncertainty in a context -aware application .

There are two ways to apply our findings in terms of application certainty: regardingoverall
certainty, or per situation certainty. Considering overall certainty, our findings recommend
providing intelligibility as long as the application usually has high certainty. However, our findings
caution that intelligibility is harmful if certainty is too low, so intelligibility should not be provided
for such applications; their certainty should be improved firstWhile the precise threshold for what
is a sufficiently high overall certainty depends on the application and domain, our results (see
Figure 8.4) suggest it falls within the range of about 8090% for a noncritical, "everyday"

application. Table 8.9 summarizes our design recommendations from this study.

Considering certainty per situation, we note that an application that usually hasigh certainty may
still occasionally have situations with low certainty. Fortunately, in the majority of times with high
certainty, we still recommend providing intelligibility evenif it is ultimately wrong and behaves
inappropriately. On the other hand, our recommendation is not immediately clear with low
certainty. The impact of intelligibility on impression also depends on whether the application

behaves appropriately.
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If the application behaves appropriately, showing intelligibility compromises the dginal good
impression the user may have had, causing her to lower her impression. If it behaves
inappropriately, intelligibility can help her realize how difficult the inference task is, and improve
her impression. Unfortunately, an application will notbe able to know if it will act appropriately
beforehand. It will be safer to not show intelligibility before it acts, when certainty is low. After it
acts, if the user asks questions, especially ifvehy not question, it is likely the application behaved
inappropriately, where it is beneficial to show intelligibility. Therefore, just show intelligibility on
demand when situation certainty is low. Our results (seeFigure 8.6, Left) indicate that our
participants have a baseline bééf that the application is about 8685% certainty when it behaved
appropriately. This suggests that, for each situation, a contegwvare application may safely provide
intelligibility automatically when it is at least 80% certain, but should provide inteligibility on

demand when it is less certain.

Carefully designing explanations can provide an alternative solution to deal with intelligibility as a
double-edged sword for low certainty. Intelligibility should focus on convincing the user how
difficult the inference task is, and how the application is intelligently tackling it, rather than
implying that the application is incompetent. This could mean not revealing the low certainty in
explanations. For example, HearMe's Sensed Factors visualization explaimBat input valuesit

knows, but does not betray HearMe's uncertainty.

8.13 CONCLUSION ANBJTURBNORK

We have described a large controlled study investigating the impact of intelligibility on
understanding and user impressions of contexaware applications with varying certainty from low
to high. This was conducted using ladbbased, scenariedriven surveys of two contextaware
applications (location-aware, and soundaware). Our results show that intelligibility can positive or
negatively impact user impressions,depending on the application's certainty and behavior
appropriateness. Intelligibility is helpful for applications with high certainty, but it is harmful for
applications with low certainty, because the user loses even more trust in its capability. Still,
intelligibility can help users appreciate and forgive applications if they behave inappropriately and
have low certainty. This work explicitly cautions the necessity for a contexaware application to be

sufficiently certain before it leverages intelligiblity.
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In this study, we have focused on passivedisplay for intelligibility, and did not have users act on
the information; they could only use intelligibility to judge their impression of the application.
However, users could alsdnteractively use intelligibility for debugging and finding out why the
application faltered (e.g.[Kuleszaet al., 2009). Perhaps, this could make intelligibility useful

instead of harmful to user impression.

This work provides a stepping stone to understanding how intellitpility affects a user's impression

of a contextaware application. For future work, we plan to gain more lucid and nuanced insights

into the use of intelligibility and how that affects users in realworld situations through deploying

an intelligible prototype in a longitudinal field trial. In preparation for a field deployment, we

AOAT OAGAA A OAATT A OAOOEIT l-awdrefmobild dpdidation, foi its Eshg®d Al 1 ECE

and usefulness for improving user understanding. We describe this study in Chapt&r
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9 EVALUATINGHEUSAGE AND
USEFULNESS DHELLIGIBILITY

ABSTRACT.  Intelligibility has been proposed to help endusers understand contextaware
applications with their complex inference and implicit sensing. Usable explanations can be
generated and degined to improve user understanding. However, will users be willing to use these
intelligibility features? How much intelligibility will they use, and will this be sufficient to effectively
improve their understanding? We present a quasiield experiment of how participants used the
intelligibility features of a fully-functional intelligible context-aware application. We investigated
how many explanations they willingly viewed, how that affected their understanding of the
application's behavior, and suggestins they had for improving its behavior. We discuss what
constitutes successful intelligibility usage, and provide recommendations for designing

intelligibility to promote its effective use.

9.1 INTRODUCTION

Much of our work on investigating the impact of intdigibility had focused on questionnaire studies

AT A ObPADA Oéf redifit abéit@diitbus Context-aware applications(Chapters4, 5, and8).

With the , A [ @dofotype (Chapter 7), we sought to increase realism in investigating intelligibility

with an interactive prototype. While that work provides a crucial step for designingntelligibility to

be more usable and interpretable, it stopped short of evaluating the impact of intelligibility on

users. In Chapter 8 [Lim and Dey, 2011b], we investigated the impact of intelligibility on
understanding and impression, but this was studied with questionnaires andDADA OS6 DB OT OT O
OAOEAO OEAT AT ET OAOAAOEOA bOl 01 OUPA8 &OOOEAOQI T ¢
participants, so they were biased to look at the explanations. This leaves open the research

guestions: even if intelligibility can improve userunderstanding and trust, will users want to use it,



206 CHAPTERO | EVALUATING THEJSAGE ANMJSEFULNESS ARTELLIGIBILITY

and, if so, how much? Moreover, given how much they do use, how much will that improve their

understanding of contextaware applications?

Related work has explored the impact of explanations on engsers as they used contexaware
systems. Rukzioet al. [2006] evaluated amobile phone automatic form filler in a lab study, and
foundthat OOE OOAT EUET ¢ OEA O1 AROOGAET OU 1T £ OEAulioai O0AI
al. [2007] evaluated an inglligible interruption door display over six weeks, and found that users

were able toGA OOOEAOOA AT 1T AADOO 1 £ 1 Atk diffculty rABrde@dbeing ¢ O
relevant features. Cheverstet al. [2005] deployed the Intelligent Office Systemthat provided
explanation visualizations of rules and confidence. However, regarding explanations, their
evaluation focused on eliciting user preference about visualization format, not on their impact.
Welbourne et al. [2010] investigated the use of Panonaic that is able to explain location with
timeline visualizations. However, their evaluation involved participants investigating realistic, but
fictitious, data. Vermeulenet al. [2010] conducted a pilot user study of PervasiveCrystal in a
simulated museumwith five participants, who O x A O Ato éds@ thédquestions intéace to find the
AAOGOA 1 mof thédAtdsks XKalesza et al. [2009] evaluated the usage, debugging, and

understanding ofthe Why and Why Notexplanations of email filtering application.

This chapter adds to this body of work evaluating intelligible contextaware systems by explicitly
measuring the usage of intelligibility in a high-fidelity prototype that provides over nine
explanation types €.g, Certainty, Why, Why Not, What If) for tree context types (Availability,

Place, Sound). We iterate on |[aO(&ee Section7.2) to investigate usage under realistic situations

with real-time application behavior andautomatically generated explanationsWe also investgate

OEA EIi PAAO T £ OEEO OOACA 11 OOGAO O1 AAOOOAT AET ¢

provide insight into the usefulness ofntelligibility by investigating:

1. How much participantsuseintelligibility in a real context-aware application,
2. Their opinion of the usefulnes®f the explanations to understand application behavior and
situations, and

3. How usefultheir use of intelligibility is on understanding and handling of these situations.

The rest of thechapter is organized as follows: we aiitulate our objective to explore the usage of
intelligibility, and our hypothesis that increased intelligibility usage will improve user
understanding. We developed a functional intelligible contexaware prototype for this study,

which we describe next. Bllowing that, we elaborate on the quasfield experiment we conducted,

X

0

y
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xEAOA DPAOOGEAEDPAT 00 AT CAngsiudising the piofoiink. Ve folow this vathA AT AOE |
the results showing how participants used intelligibility in our prototype and how that improved

their understanding of application inference for each scenario Finally, we discuss design
implications due usage patterns and constraints, and how to encourage users to use more

intelligibility to further improve their understanding.

9.2 OBJECTIES ANDAPPROACH

We have two objectives for this study: one explorative and another hypothesdriven.

1) Exploring the usage of Intelligibility. = We aimed toinvestigate how users use intelligibility

when facing different scenarioshow muchthey use, and ér how long

2) Hypothesis: Increased usage of Intelligibility will  improve user understand ing. We
hypothesize that using intelligibility more will help users better understandapplication inferences

and the current situation.

To accomplish these obijectigs, we conducted a quasifield study where participants used a fully

interactive, intelligible context-aware application under reatx i O1 Ah OAOAOUdhlaio OE OO/
to [Rotoet al., 2004). To improve ecdogical validity of our results, weminimized interference from

the experimenter by logging and analyzing Ul eventsHilbert and Redmiles 2000] of intelligibility

usage (without thinking aloud), and postincident interviews. This experimental setup strikes a

balance between controlling for critical ncidences, and allowing participants to use intelligibility
naturalistically. Note that in this work, we do not claim to cover a comprehensive set of situations

or motivations under which intelligibility may or may not be used significantly. However, we sk

to gain an initial insight into how intelligibility may be used in a contextaware application reacting

to a real physical environment.

We next describe the intelligible contextaware prototype we developed and employed to study

intelligibility usage.

9.3 L 1 2IPROTOTYPE

Mobile phones allow people to keep in touch with others and be easily reachable. However, there

are times when receiving calls are inappropriate, as they are socially disruptivee.g, in meetings
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and movie theatres), or they interrupt productive work. Users can manually silence their phones,

but they may forget to reset their phones to ring again afterwardsMilewski and Smith, 200Q.

Hence, it will be useful if the phone can automatically set the ringer mode., [Kern and Schiele

2006; Rosenthal Dey, andVelosg 2011]). Also targeting this compelling application problem

domain, we have developed L @Aa mobile application that senses various contexts (Place,

31 01T Ah AT A 3AEAAOI Aq AAT OO OEA OOAO Oi AOOT i AOCEA
ringer mode. Our focus is the use of La @/s a platform to explore the use of intelligibilityin a

context-aware application.Next we describe Lf 8 ntexts.

Availability : Available, SemAvailable, Unavailable is inferred from rules regarding the following

three factors.

Place: Office, Café, Libranetc. 2 represents the semantic locationof the user. It is inferred by

sensing latitude and longitude from the Android Location API (uses GPS,-Wj and cell tower

positioning), and matchingto preOPAAE AZEAA 1T Ai AA Pl AAAOG8 4EA OOAO0GE0O
a radial Gaussian, with decreasg likelihood further away from the latitude and longitude

coordinates (similar to LocateMe in Section8.5.1). La[ @Astores a list of named places with
coordinates and size (circle radius) to compare against to infer whether the user could be at each

place. Each Place is inferred with different certainty based on how much the user's estimated

location area "overlaps$ with the area of the named place: more overlap leads to higher certainty.

Sound: Talking, Music, and Ambient Na&® representsOEA O1 01 A AA QEebdfgrixes OEAO
from what the phone's microphonehears. Inferences come from a naive Bayes classifizained on
sound samplesFeatures extracted are similar taSoundSensgLu et al., 2009: e.g, mean of power,
low-energy frame rate, spectral flux, and bandwidth. These are renamed to lay terms that eusers

can understand.

Schedule: Personal, Work, Uscheduledor Other Evente OAD OAOAT 6O OEA OOAOEO

and, in particular, which calendar the current event is in.

9.3.1 INTELLIGIBILITFEATURES

Having defined the context types, we make [[a@Antelligible so that users can understand what it
knows and how it makes inferences. Lfa @/provides explanationsfrom the Intelligibility Toolkit
(Chapter6) ported to Android:
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1. What is the inference for the context? Withhow much Certainty ? When was this value
inferred?

2. History : what was the inference at timeH?

3. Inputs : what details affect this context? (Factors, input features, related detailstc.)

4. Outputs: what values can this contextbe inferred as? With how much Certainties are these
values inferred?

5. Why was thisvalue inferred?

6. Why Not (Why Alt): why waO1 8 QinférEdEpOmarily as'Y, instead?(Note that alternative
values may have been inferred, but not necessarily as the first choice.)

7. What if the factors are different, what would this inference be? (Requires user manipulation)

8. Description : meaning of the context terms and values.

9. Situation of what was happening to affect the inferencéo provide a ground tuth of what was

being inferred (e.g, playing an audio dp of what was heard.

Some explanation types have been aggregated to reduce the number of questions users need to ask
(e.g, What + Certainty + When, Outputs + Certainties). For simplicity, What If was only provided for
Availability. Also, Schedule doesat have particularly expressive explanations, because it is easy to

understand calendars and events.

9.3.2 DESIGNTERATIONS ANOPDATES

While this iteration bears many similarities to the original Lg Opkototype (Section7.2), its design
and functionality has been significantly refined and it uses streamlined questioning to be simpler
for users. Further feedback from colleagues, who are HCI researchers, helped make the user
interaction more consistent throughout the application, ad reduced the application functionality

so that users an grasp its concepts within a twehour study. Therefore, we removed the Motion
context of Laf O\VA. La[ (Aalso supports more explanation types that are relevant to realistic use,
such as History and Situation.Finally, Lg[sa2 is not a sociabwareness application like its

predecessor and it wasfully deployed on a mobile phone instead of a Taddi PC.

For the rest of this chapter, we will refer toLa[sa2 as Lgsa, unless otherwise stated.
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inference as aWhat explanation.

1. Shecaninvestigate about a specificpast event with History .

2. After selecting the desired event, in this case,one at 5:50:36 PM,
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ALITIGIDITIELND SSANTNAISANY IDVS(HHL ONILVNIVAT | 6d3LdVHD O'[Z



Sound

contexts Sound and Place. Arrows show how a user can transition from one explanation to another. The bold trace indicates how

a participant may explore the intelligibility features in nine steps to troubleshoot Scenario 3 about the phone ri

EYA0Y BUH@ s

sound a »

Silence / Ambient N... Silence / Ambient N...
83.0% certain 83.0% certain
At5:50 PM (in the past) At 5:50 PM (in the past)

EGQHEOY B W@ em
(I sound D>

Sensed Audio (©)]

Sensed Audio @

Possible Sounds &

Possible Sounds &

What

»
@ Silence / Ambient ...

83.0% certain @
At 5:50:36 PM

ﬁ Listening to Music
17.0% certain @
At 5:50:36 PM

S

Outputs

EGE0Y Bubll@rsm
Sound Factors. |

Silence / Ambient N...
. 83.0% certain
At 5:50 PM (in the past)

> i

EQE0Y B 4@ mem
(K sound Factors »

Silence / Ambient N...
. 83.0% certain
At 5:50 PM (in the past)

Total Evidence: 19.7 pts

il Volume

EGHE0Y B L@ 17w
W Sound Factors >

Listening to Music
£ 17.0% certain
At 5:50 PM (in the past)

Total Evidence: 17.8 pts

] Volume

o Volume ©
48
@  reriodsof Silence (1)
24.0%
¥ Average Pitch (1)
2120 Hz

Inputs

@  Periods of Silence

¥ Average Pitch

Why

@  reriods of Silence

¥ Average Pitch

Why 2d

Office
14.4% certain

0.03mi accurate (network)
At 5:50 PM (in the past)

Sensed Location () 6

Possible Places [+)

L

14.4% certain
0.03mi accurate (network)
At 5:50 PM (in the past)

Sensed Location ()

Possible Places [v]

EGE0Y BuM@tsm

Place Factors @®
~ Office
14.4% certain
0.03mi accurate (network)

AtS5:50 PM (in the past)

Sensed Factors

B Gl @ 1:14m

I Piace Factors @®

14.4% certain
0.03mi accurate (network)

At 5:50 PM (in the past)

| Office

@ 9.79% certain
0.02mi accurate (network)
At5:50:23 PM

Library

7.7% certain

Outputs

@

8

A—
EQH0Y Heilasm
Place Factors @®

: Library
] 7.7% certain
0.03mi accurate (network)
At 5:50 PM (in the past)

o

Why 2d

Library. See Section 7.3 for a description of some of the Ul design.

Figure 9.1. Screenshots of, A [ €hdwing several explanation types of the upper -tier context Availability,

and lower -tier

nging in the

'['I:Z IdALOLOYdiIZE X IT1E€'6



212 CHAPTERO | EVALUATING THEJSAGE ANMJSEFULNESS ARTELLIGIBILITY

9.3.3 IMPLEMENTATION ANBSERINTERFACE

We developed L§ GAor Android 2.2 Froyo (API level 8), and deployed it on the Motorola Droid for
the user study.Sensing for location, calendar events, and microphone audio were performed using
background services on the phone every 30 seconds. HigHewel inferencesfor Place, Schedule,
Sound, and Availability are computed in the background, in response to each sensed instance. To
recognize sounds, we used a port of Weka for AndridWe also partially ported the Intelligibility
Toolkit [Lim and Dey, 2010] to Android,to support the querying for various questions,generation
and reduction of explanations about the contexts, angresentationof the explanations in various
graphical and textual formats. Unlike Lfsa vl (see Section7.4), the Lg[sa2 prototype is fully
implemented on the mobile phone for sensing, inferring, reacting, and displaying explanations.
Figure 9.1 shows several screenshots of the Ifal/Arototype with a walkthrough example of how
to use it. AppendixH shows more screenshots of the application and several explanation types.
Each explanation is viewed as page view Users can transition from one to another bylicking on
buttons, menu items (from the options menu), and flinging (swiping). Some explanations allow

scrolling to see more details.

9.4 SCENARIEDRIVENQUAS-HELDSTUDY

To explore the use of the intelligibility features in Lfisa, we conducted a controlledcenario-driven
user study, where participants encountered situations that may arise with the use of [sa. We
were interested in whether and how participants used the intelligibility features to understand the
application behavior. We conducted a quasiield study rather than a field deployment to (i) present
participants with controlled critical incidences, and (ii) observe and measure their subsequent
behaviors due to these incidences. It otherwise would have been difficuid know when critical

incidences occurred in the field, or why.

9.4.1 PROCEDURE

An experimenter first briefed the participant about the study, and presented her with printed
instructions. These describe how to use the Android phone, Skype (for receiving or cég calls),
and LgfOAGO A£O0T1 AGETTAIEOU AT A ET OAOZEAAAS 44 A@DPAC

3 Weka for Android. https://github.com/rjmarsan/Weka -for-Android. Retrieved 26th August 2011.
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demonstrating its features and how to interpret them. We provided participants withavailability
rules that La[sa was preprogrammed with: four rules setting availability to Unavailable and Semi,
and any other case as Availablee(g,E £ OEA OOAO EO ET EAOhérsmERA AT A

setto Unavailablg). Participants did not touch the phone until the first scenario (S1).

The participant wasinstructed that she works with equally ranked coworkers in several offices, and

that they work together on a team project. She was provided with the following motivation: she

needs to evaluate Lfisa as a newly acquired application, which can improve heAtAi 6 O D OT AOAOE(
by moderating interruptions. She is tasked with the overall goal of determining when Ifaa

behaved appropriately or not, and figuring out how to improve its future behavior by (i) editing

availability rules, (ii) changing lower-level setings (e.g, size of Place bubbles), or (iii) changing

behavior (e.g, lower the music volume). She would also be responsible for subsequently teaching

her coworkers how to best configure Lfisa. After reading the instructions, the participant begins

the senarios.

9.4.2 (CONTROLLEIN-STUSCENARIOS

The user study was scenarialriven to expose participants to situations they may encounter with
Lafsa. To increase the visceral quality of the scenarios, each scenario is set up by bringing the
participant to the necesary places (Office, Library, or Café) and asking her to carry out an initial
task, e.g, looking for a library book (S3). The experimenter shadowed the participant for every
scenario. The participant engaged in the activity for a few minutes to become albbed in the
OEOOAOQEI T8 #OEOEAAI ETAEAAT AAOG xAOA OOECCAOAA AU
necessary), and presenting her with a printed flash card describing what was happening, and any
associated dialog with coworkers during the pone call. The participant was free to interact with

La[sa as much or as little as she wished, and prompted twt think aloud. For each scenario, after

she was done looking at Lfsa, she turned off the screen, and the experimenter conducted a
structured interview with audio recording. She was asked about her opinion of the situation and

the application, her understanding of how Lfisa was making inferences, and any suggestion she

may have for improving its behavior.

We employed four scenarios to span thresituational dimensions: (i) Exploration / Verification
(S1) of LHOAB O A£OT AOET 1 Al EOU AT A AgDPi Al AOEBdbéaved EEQ &
inappropriately, and participants had to troubleshoot it; and (iii) Preemptive Exploration (S4)

where participants investigated a potential future situation.
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S1:Talking i n the office. Training session where the participant learned LEOAS8 O AT OA AEA A

>
(@}
(@}
- O

Agpl AT AOGET 108 3EA AT OIA AgpiTOA ,AJOA AO 10

application Ul and explanations.

p>2
m/

S2: Missed call while reading news and listening to music . The

participant is asked to read any news articles they fancy from
www.cnn.com while they listen to a sonfjthrough the computer
speakers.Meanwhile, she received multiple ca from a coworker,

but she misses the first few calls. The experimenter actually called

\d song, the phone would ring aga and the participant would notice

the call. Through a flash card, the participant learned that her coworker, Damien, was frustrated
from trying to call her repeatedly over the past three minutes; he would like her to check her email,
and fix her phone. he email pertained to finding a library book to review for their shared project.

Lafsa had misinferred Sound as Talking instead of Music, and behaved inappropriately by

silencing the phone.

S3 Phone interruption in the | ibrary . As a followup to

$AT EAT 860 Ai AElh OEA DAOOEAEDAT O xA
search for the book, and red it. Meanwhile, the experimenter

called her phone again, causing it to ring audibly in the quiet

library. This simulated a coworker calling. Lfsa had misinferred

OEA DPAOOEAEDPAT 080 o1l AAA AO OOGEIT EI
behaved inappropriately by allowing the phone to ring.

* Sound of Silence bgimon and Garfunkehttp://youtu.be/eZGWQauQOARetrieved 17 September 2011.
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S4:  Preemptively  checking

availabilty in café . The
participant received a flash card
describing that she frequents a
café (in a nearby building), and
should check whether she will be

able to receive calls there.

Participants could sit where they
were and check for explanations in such a hypothetical situation or visit the care, but theyere not

prompted what to do to achieve this objective.

9.5 MEASURESNDDATAPREPARATION

We are interested in measuring how useful intdigibility was for the participants in terms of how
i OAE OEAU OOAAR AT A EI x OEAO Ei PAAOAA OEAEO O1 AAO

to control it to resolve any issues.

9.5.1 SVARTPHONBEWNERSHIP

To control for technical experience among partigiants, we asked patrticipants whether they owned
smart phones Smartphone Ownership ) and for how long. This measure may distinguish users
who are more technology savvy and more interested to explore new technologies, from those who

are not.

9.5.2 USAGE OINTELIGIBILITY

To measure intelligibility usage, we logged when participants viewed each explanation page in the
Ul. This allowed us to measure, for each scenario, which explanation types each participant viewed,
how many # Explanation Types ), when they were vewed, for how long Duration ), how often
(View Count), and their sequence order $tep number). We built a network graph for each
participant scenario to illustrate the sequence diagranof how he used intelligibility (e.g, Figure
9.1). With these we can observe general patterns of use, and identify errors in the logging. Since
participants may view certain pages only to get to another pagee(g, transitioning through
Availability Inputs to get to explanations about Place), they maonly view them for a very brief

duration. Hence, we filtered out views with durations < 1 second. Additionally, intelligibility usage
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patterns may also affect what a user learns of the application. One such metric is entext Ratio
of how many explandion types of deeper contexts (Place and Sound) are viewed compared to that
of the shallower context (Availability). Having generated these metrics, we wanted to investigate if

they influence user understanding.

9.5.3 USERJUNDERSTANDING ANDDGGESTIONS FQRNTROL

We measure how well participants understood the application behavior and scenario circumstance

by transcribing audio from interviews along with notes. To measure their understanding, we asked

OEAI xEAO OEAU O1 AROOOI T A AAT éasoritg ATOe transcfidvkas ET A x A
coded into units ofbeliefsto characterize their mental models, using the coding scheme irable9.1.

Their statements are a lower bound of their understanding, since they may not have said

everything they believed. To derive a single metric of understanding, donderstanding Score is

calculated for each participant scenario by adding all 7 codes for both Place and Sound (Max=14).

This score represents the breadth and depth of understanding a usea$ for the scenario.

'TTOEAO 1T AAOGOGOA T &£ EIT x xAlI DAOOEAEDATCDNOl OT AAOOC
Suggestions they provided to overcome any issues or problems in the scenarios. A weighted

Control Score is calculated from summing scores for eachode in the scheme inTable 9.2. This

score represents the number and effectiveness of suggestions provided for the scenario. Partially

effective suggestions are given only half a score. These suggestions may have-sitiets that

compromise application performance in other situations €.g, adjusting the weights of a sound

factor to influence recognition).

Note that soasi T O O BDOEI A TO0 1 EOI AAA DPAOOEAEDPAT OO xEOE
inferences, we do not ask multiple choice comprehension questions. Instead, we record opsnded

descriptions from participants, which we code to determine their level of understandig.



Code Description / Example Transcripts
Place | Sound
U | Value .83 .89 Indicated knowledge of the inferred value of the factor.
U, Alternative .78 .85 Indicated knowledge of other inferred (24, 34, etc.) or uninferred values.
Values Compared dfferent values that were inferred differently,
e.g., P01S2Talking (evidence=85.4) very close to music (84.?). Could have gone any way."
Us Certainty .94 .87 Described certainty of inferred value,
e.g, P02S3!It was 9.3% certain | was at the OfficeP03S3:"blue bubbles were too big."
Us | Inputs .85 .94 Mentioned at least one input feature / factor of the context,
e.g., Pitch, Periods of Silenc&he blue bubble was directly over the Library building."
Us Model .86 1 Described the mechanism for iferring the factor,
e.g, P17S3:"It looked like it was actually probably closer to the library, but since the library bubble was Vv
small then it calculated the probability was very low."
Us | Technical .90 0* Provided a deep technical mechanism for thimference not explicitly described in the explanations,
e.g, P18S3:"It seems to be based on its WiE AT 1T AAOEITh AT A 8 AAAAOOA
1 TAAGEIT AAAIT U AT A xABOA AAAD ET OEAA /e wdring Aght ndwE
Ur Situation .80 .94 Provided a situational justification for the phone's inference that was not from the intelligibility Ul,
Justification e.g, P02S2:"The music was much melloav, and they were really singing"P07S3:"We were vey close to
previous location [Office], not easy to pinpoint current place [Library]."

Table 9.1: Coding scheme for user understanding. Participants' mental models were decomposed into beliefs based on whatth ey

explicitly said and tacitly implied. Each scenario may have multiple codes, each either 0 or 1 indicating whether the correct
AT OOAOPITAET ¢ AATEAZEO xAOA APGPOAOOGAA8 7A 111U AT AAA A O o0l
Availabil ity can be derived from their understanding of these. Inter -AT AAO OAI EAAEI EOEAO j [q A& O

35% random sample of the scenarios by a second coder. * denotes apparent low reliability due to low count.

A
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Code { Description / Exampl e Transcripts
G Availability .89 | Proposed a new rule, editing an existing rule, or deleting one,
Rules e.g, delete rule "Someone's Talking"; add rule "Office + MusE Vibrate"
G Place Settings .90 | Suggested to adjust the bubbles of Places by enlargi shrinking, or moving them.
Suggested to threshold blue bubbles to calculate overlap between sensed location and Places.
G Sound Settings | .89 | Suggested to adjust a feature weight to tweak inference;
Suggested to expand training data.g, P10S2: "Teeh it more about music by inserting iTunes catalog.”
G Change .92 | Proposed to change behavior to ameliorate problems in the scenario,
Behavior e.g, "Reduce the volume of music"; "Have phone screen facing up (when on table) so that it will be visibleew it lights
up during a call"
Table 9.2:#1 AET ¢ OAEAT A & O AT 106011 OOCCAOOEIT 0O8 0AOOEAEDPATI 00 0O

values: O=Ineffective, 0.5=Partially effective, 1=Effective. Each code may be counted multiple times depending on how many

suggestions were made. Inter-AT AAO OA1T EAAEI EQEAO j [q xAOA AAlI AOI AGAA

xEOE
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9.5.4 PERCEPTION G¥PLICATION ANEXPLANATIONS

7A xAOA ET OAOAOOAA EI Eix PAOOEAEDPAT 0O PAOAAEOGAA
manipulaton cEAAE 1T £ OEA OAAT AOET AAOGECI Oh xA AOEAA PA
Behavior Appropriateness (7-point Likert scale: -3=Strongly Inappropriate, 3=Strongly
Appropriate). We also asked if they agreed or disagreed that the explanations weuseful in the

scenario(Explanation Usefulness; 7-point: -3=Strongly Disagree, 3=Strongly Agree).

Next, we describe how participants used intelligibility, and how that impacted their understanding.

We treated S1 as a warm up for participants and excluded its ressifrom our analyses.

9.6 RESULTS

Using a local recruiting website, we recruited 19 participants (11 females) with ages 19 to 65
(Median=26) years. We dropped P13 because he did not continue beyond S2, and did not
understand the scenarios well. Nine participants were graduate students, and three were
undergraduates. P01, P16, and P17 were students in a computetated field (Electrical and
Computer Engineering, Software Engineering, and Learning Technology). P18 was a web
programmer, while the others spanned avide range of areas €.g, actor, pianist, field interviewer,
hospital administrator, chemical engineering, retiree).11 participants owned smart phones and
one participant did not even own a cell phoneWe engaged each participant for 1h 44min on

average(range: 1h 29m to 1h 58m). Each participant was compensated $20.

While we strove to make all user experiences consistent for the experiment, we also strove to have

, AfOA AAREAOA EAEOEAEOI T U OI OEA OAAT AOEI OdOEA DA«
#1171 OANOGAT 601 uh OEAOA xAO O1T i A OAOEAAEI EOU ET xEAO
example, location sensing accuracy depended on where the participant decided to walk to, weather

conditions and other environmental factors affecting sigal strength; when the participant walked

to the café in S4, she may hedibackground music, orffound a seat nearby people who are talking.

For S4, participants exhibited two distinct behaviors to explore the hypothetical situation: they just
sat where theywere and tried to use the What If explanation facility (S4f, 10 cases), walked to the
AAEI O iDdkdS4situAll adey, or performed both activities Hence, we treat these as

distinct scenarios.
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In this section, we report results of patA ED AT 008 DAOAADPOETT 1T &£ , A[OA20O
El x OEAU OOAA ET OAIT1ECEAEI EOUh OEAEO O1 AAOOOAT AET
their understanding. We supplement the quantitative data with descriptions of what participants

did and said, and provide interpretations.

9.6.1 PERCEPTION @¥PLICATIOBEHAVIOR ANEXPLANATIOSI

A oneway ANOVA with Scenario as the factor found a difference in Behavior Appropriateness
(FssEc8wnh Bramvqh OBPAAEAEAAI I Uhas @ddditapprogifitedidr D AARE/
and S3 than for S4 (contrast test: p<.01). This verifies the manipulation check that participants felt

OEAO , A[OA AAEAOGAA EIT AbbiguieDDEKOAT U £ O 3¢ AT A 30

Overall, participants peceived explanations as useful (M=1.52, Std.Err.=0.23), even though
perceived application behavior appropriateness varied (sed-igure 9.2). A oneway ANOVA with
Scenario as the factor found a difference in Explanation Helpfulnefgs 2s=3.90, p<.05),specifically,
that explanations were less helpful in S2 than Sénd S3 indistinguishable with S2 or S4 (Tukey
HSD test: p<.05; seEigure 9.2, Right).
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Figure 9.2. Perceived Application Behavior Appropriateness (Left) and perceived
Explanation Usefulness (Right) across scenarios . We include S1 in the graph for comparison,

but not in our analysis. Error bars indicate standard errors.

Next, we characterize howparticipants used intelligibility: how often they looked at explanations,

and for how long.
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9.6.2 INTELLIGIBILITYSAGE

&O0T i1 OOACA 11c¢cO AiTiT AETAA AAOT OO 3¢ O 3th xA 2
intelligibility (see in Table 9.3), and their usage for each explanation type (se€able 9.4). Most

participants actively looked at many Explanation Types (Median=8), many times (View Count
Median=21), for about 3 minutes per scenario. This suggests they uel intelligibility enough to

use it. They also tended to look more at deeper contexts (Place or Sound) than just Availability

(Context Ratio Median=1.4). Some participants were very engaged in using intelligibility (View

Count Max=65, Scenario Duration M&12.5min), while some were conservative: min 2 views

(P08S4if), 1 explanation type (P14S4situ), scenario duration <1 min (P08S4f), or not looking at

deeper contexts (Context Ratio=0, P02S2, 7 participants for - $4P05S4situ, P14S4situ).

From Table 9.4 Left, we identify which explanation types were more populari.e, higher view count.

The Availability What explanation was the first page that participants saw when they turned the

screen on, so it has the highest count. Alability Inputs is also high because most participants used

it as a gateway to see explanations of deeper contexts. Availability History was popular because
participants had to ask about specific events in the past. Participants viewed Outputs to see the

expected inferences that were not made (particularly for Availability, and Sound). Although

participants seldom viewed Definitions, they did so more for Sound because they were less familiar

with its concepts. Due to the temporal nature of Sound, 9 partjgants played audio clips of what

, AfTOA EAAOA j3EOOAOETIT Qg8 w DODAOOEAEDPAT OO Al Oi OOA
immediate feedback about the inference. They used it mostly during S3 and -§itl, about

Availability and Place, and for Whatinputs explanation types.

. d. Std. . ;
Per Scenario| Mean Min Median Max
Devy. Error
Steps (unfiltered) | 27 16 2 2 23 71
View Count| 24 15 2 2 21 65
# Explanation Types| 7.9 3.4 0.4 1 8 19
Context Ratio| 1.8 1.8 0.2 0 14 8
Total Duration (s) | 205 136 18 52 196 749

Table 9.3. Summary statistics of intelligibility usage by participant scenario.
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Total View Count Median Duration (9
2 2
3 o @ 3 & A
What + Certainty ey 114 69 5.7 3.1 3.2
History | 130 5 3 7.5 - -
Outputs + Certainty | 84 102 33 6.4 5.6 4.9
Inputs [ 45 60 7.1 6.4 6.0
Why 26 16 44 3.5 6.1
Why Not (Why Alt) | 21 35 41 47 4.9
What If 31 - - - -
Definition 5 7 28 - - 6.1
Situation - - 15

Table 9.4. Usage of explanation types: total view count of explanation types for all
participant scenarios, and median durations for respective views (for Total View Count >
15). Mean View Count per scenario can be calculated by dividing by number of participant

scenarios, N=57. Colors show a heat map of values and relate to the numerical value.

We can also see how much time participants spent looking at each explanation typeable 9.4,
Right). While What If was not used often, when it was, participants spent significant time with it.
This is because it is an interactive facility rather than a static display. For the other explanation
types, participants on average spent less than 1€conds viewing them, and may even view them
as quickly as about 3 seconds. Furthermore, participants spent more time on explanation types that
were more complex or contained more information €.g, Availability Inputs > Why, Place Why >

Inputs, Sound Inpus > What).

9.6.3 CGORRELATIONS BETWHERELLIGIBILITYSAGE AND ITISIPACT

Given the variation in intelligibility usage, we next explored how that affected participant
understanding, control suggestions, and perception. We calculated correlations between our
metrics of intelligibility usage, user understanding, control suggestions, and perception (sé&&able
95). These suggest some relationships, which we interpret. When participants perceived the
application as behavingessappropriately, they viewed more explanations (a) and more types (b),
spent more time exploring explanations (c), provided more suggestions for controlling and fixing

the behavior (d), but perceived explanations as lesaseful (e). They had higher Undrstanding
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scores when they viewed more explanations (f, h), viewed more about deeper contexts than
shallower ones (i), or spent more time looking at explanations (j). The same was true for their
Control score, perhaps due to their improved understandingk)). Strangely, explanationusefulness
was not correlated with intelligibility usage (g), and participants who perceived explanations as

more useful had fewer suggestions for effective control (1).

Usage Impact
2 o S| 2
< S kS b= = )
S < o s S 2
o c > = ©c O
§) ° = ) 12 S c c
. 2 &5 E T |8 2 |5%
= @] s [@]
Peasl IRl & 4 & QB |5 &8 |43
App BehaviorAppropriateness | -.372 -32b -02 -41c -11 -349 .40¢
View Count .81 .20 .63 .43f .29 -.179
# Explanation Types .26 45 36 .30 -.15
Context Ratio 06 427 30 -.05
ScenarioDuration 200 13  -.08
Understanding 41k .05
Control -.23!

Table 9.5. Correlations between usage of, and impact due to intelligibility. Significant
correlations underl ined (single: p<.05, double: p<.01) . Superscript letters refer to

interpretations in text passage.

Now that we see some potential relationships between intelligibility usage and its impact, let us

Agbl 1 OA EiT x xAl1l DAOOEAEDAT <ulsticll tedthodDwinéiihel ahd hovh [ OAh A

usage affects understanding.

9.6.4 USERJNDERSTANDING ANDDNTROISUGGESTIONS

We first report the average understanding participants had. For each scenario, participants
AOOEAOI AGAA n O ¢ AT OOArANMedighdd). EguEds (Le)istows the A[ OA2 O
distribution of their correct beliefs. 41% of the beliefs were about the awareness of the inferred

Value for Place and Sound, 28% about a broader understanding of the inference (AlteimatValues

and Certainty), 15% about the Inputs state and Model mechanism, and 2.5% about deeper
4AAET EAAT AAROAEI 08 ptb 1T &£ OEA AAIEAZEO xAOA AOAxI

While not coded, some patrticipants expressed incorrect mentahodels, such as believing that the
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Place inference influences Sound inference, and vice versag, P14S2:"[, A [] dférs location first

[Office], then uses that to infer sound is likely talking [, instead of mugic]"

Participants provided 0 to 6 correct Control Suggestions (Median=2) for each scenario, and had an

average Control Score of 2.10 (Std Err=0.29). This is significantly greater thanile( H: Score>1,

p<.01). Figure 9.6 (Left) shows the distribution of effective and partial Control Suggestions to

Ei BOI OA , AfOA2O AARAEAOET Od ! OAEI AAET EOU 201 A0 jcw
Change (36%).

Regardless of how participants used intelligibility,on average,they had nonzero Understanding
and Control scores (Figure 9.5, Left; Figure 9.6, Left). However, the extent and pattern of

ET OA1 1 ECEAEI EOU OOACA AEA AEAAAO EIT x xAl1l DAOOEAE

9.6.4.1 IMPACT OMNTELLIGIBILITYSAGE ONUNDERSTANDINGND CONTROISCORES

From the correlations between usage and impactT@ble 9.5), we chose View Count and Context
Ratio as factors of intelligibility usage. We split View Count into discrete intervalsfd0 counts
(sample size: 916); we split Context Ratio into two groups Shallower (N=34) and Deeper (N=20),
where participants saw twice as many explanations about Bte or Sound than AvailabilityWe also

consider Smartphone Ownership as a factor which nyainfluence understanding and control.

IMPACT ONUNDERSTANDINGCORE

We performed a mixedmodel analysis of variance with Participant as the random effect, nested in

Scenario; View ©unt, Context Ratio, and Smartmne ownership as main effects; and
Understanding Score as the dependent variable gR.466). We found a marginal difference across

View Count groups (k4=2.54, p=.05; sedigure 9.3, Leff), and a contrast test found that when View

#1 010 Fom ET OOAAA 1T &£ I omh 51 AAOOOAT AET ¢ 3 AT OA xAQ
xEAT DAOOEAEDAT OO0 OEAxAA A@gbli AT AGETTO 1T &£ $AAPAO
(F14=6.92, p<.05; seeFigure 9.3, Right). There was no difference in Understanding across

Smartphone Ownership.

IMPACT ONCONTROISCORE

We performed a similar mixedmodel analysis of variance for Control Score as the dependent
variable (Re=.466). Therewas no difference across View Count groups (p=n.s.), but Control Score

was higher for Deeper context ratios than Shallower ones {&=8.00, p<.01)and higher for
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participants who owned smart phones (k4=4.38, p<.01) SeeFigure 9.4, Right To investigate
whether Context Ratio or Smartphone Ownership better explains the variance in the Control Score,
we fit three linear models varying the effects. Our results ifable 9.6 suggest that Context Ratio is a

more predictive factor than Smartphone Ownership.
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Figure 9.3. ParticipantshaA A EECEAO 51 AAOOOAT AET ¢ 3 AT OA

explanations than fewer (p<.05, Left), and when they viewed explanations of Deeper

AT 1T OA@0OO 1 ¢ OEIi AO i1 OA OEAT S3EAITIT xAO
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Figure 9.4. (Left) Control Score is higher when participants ask more explanations about
Deeper contexts (Place and Sound) than Availability. (Right) Participants who owned smart

phones also had higher Control score s. Control score s were not influenced by View Cou nt.

viewcoun | Canex [ Snareine |
1 \% V \ .466
2 \% \% 413
3 \Y \% .380

Table 9.6. Linear regression models with R2values showing which factors better explain

Control Scores.
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Intelligibility usage also affected the depth of understanding participants expresseé&igure 9.5

(Right) shows that when participants had deeper Context Ratios, they described 2.0 times more
details about the factor inference (AlternativeValues, Certainty, Inputs, Model, and Technical), but
mentioned fewer Situation Justifications. Similarly, they provided 2.2 times more types of Control

Suggestions, especially about Setting&igure 9.6, Right).
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Figure 9.5. Distribution of belief types of Understanding overall, and by Context Ratio;

normalized per scenario. Similar distribution for low View Count (<30) vs. high.
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behavior; normalized for each scenario. ( -) denotes partially effective suggestions with side -

effects. Note this is not the weighted Control Score.

In summary, our results show low participants were willing to use intelligibility, and how quickly
or deeply they used it. This satisfies our hypothesis that more Intelligibility Usage (View Count and

Context Ratio) improves Understanding.
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9.7 DISCUSSIQNMPLICATIONS\NDRECOMMENDATIONS

We discuss what we have learned about how intelligibility is used, and how that affects user
understanding of contextaware applications. These have implications on how intelligibility should

be provided, and how we should design intelligibility to faciliate its more effective use.

9.7.1 USAGE ANDJSEFULNESS OFELLIGIBILITY

By the extent that our participants viewed the explanations, we can conclude that intelligibility was
usefulfor them to (i) engage with intelligibility (some participants deeply so), (ii)rate explanations

as useful, and (iii) gain better understanding of application behavior. We next discuss how they
used intelligibility, and how certain usage patterns were more effective in improving user

understanding.

9.7.1.1 SLFREPORTEDISEFULNESS OFELIGIBILITY

Similarly to our previous results in Chapter8, perceived explanation usefulness was also affected

by application behavior appropriateness (Section9.6.1). Nevertheless, on average, pariigants
perceived intelligibility explanations asuseful even when the application behaved inappropriately

(see Figure 9.2). Participants found the explanations interesting and viewed them to satisfy their
curiosity (e.g, P01S1:Gor figuring out what the sensed factors are life In S4, P02 likes that the

What If explanationOAT AAT AA r EEi Y O CAO A OAAABDp&atdnd £ OA
helped reinforce the appropriateness of application behavioby showing that the application also
correctly inferred other details (e.g, for S4, PO1 was satisfied that the Sound was correctly inferred

as Music and the Location was sensed correctly as the Café).

Even when the application behaved inappropriatelysome participants found explanations useful.
For S2, P10found the explanationsO O O O A1 UandEwhs ablge® tefermine that the music heard
was recognized as talking, because the so@OA ISEEEI YI £ DATF®DBAP1&RItBRET C8 0
the explanaions were O O A O U arld iménkdnddl that® could tell why the problem was that it did

not detect the location of the library.

However, there were occasions when participants did not find explanations useful. F&1, P11
confessedthatO D ET 1 AORI FETI AEAA A& Ordvid Aed that theBeAviastidd enuch information
and too many details.In S2, PO6 gave a compromiseating for explanation usefulness (Neither

Disagree Nor Agree), giving the reasort) guess | understood like what setting it was in, but, A [ OAY

A
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AT AOT 60 OAATT U OAAIT O G&BIPH7TEOD AAEIId AT OFERAG @A
sends out ato the office opposed to liborabhAT A x A0 EAOEIT ¢ AEZAZEAOI OU Z£ECOO
Finally, although explanations may not be useful focertain situations, some participantsfelt that,

in general, it is useful é.g, for S2, P08 felt that she would haveDT AOOOAT T U 111 EAA
A@bl Al k@dnérdl, @i dithoughOET OEEOxABDOREERAeAh xBOOA 1 £ OEI A
looking at it0).

9.7.1.2 DIVERSEJSAGE OEXPLANATIONYPES

Participants used a diverse range of explanation types (sé&able 9.4) and in diverse ways. What
and Inputs were conduits to other explanations for participants to learn deeper reass. However,
although some explanation types were used less than others, participants viewed them for longer
durations when they did (e.g, Place Why / Alt). Furthermore, as withSection 7.8 [Lim and Dey,
2011a], the sequencediagrams of our participants revealed a variety of usage stylee.g, quick
comparison between Why and Why Alt reasons, diving into a deeper context after going straight to

Availability Inputs).

Unlike what was found inSection4.6.3[Lim, Dey, and Avrahami, 200P our participants felt that

the What If explanation was easy to use and liked ie(g, P11S1" ¥+ 50ET CY EO xAO EOOO |
to think of hypothetical things, but it also gives me a sense of what the phonagable of, and helps

to develop trust when you know what to expektin fact, for S4, 10 participants chose to ask What If

instead of immediately walking to the café. However, this fascination with What If can also give

users false trust since it obscure potential pitfalls in sensing. Participants who used What If in S4

may hot realize how noisy the café may be or that the Place inference was not particularly good
OEAOA8 0pp AEA 11 0 AT OEA OsittOdecadsedtechniolapf is suppge@ o O ET £
make your life easier; you shouldn't have to waste time to make sure it works righefhaps

providing warnings that sensing can fluctuate due to environmental conditions may help users be

more careful when using What If.

While not explicity an ex@1 AT AOET T h 2AEOAOE xAO OOAA O O1T AAOOC
E] FAOOET C ET OEA (11 AT 068 &i O 3ch 0pc AT A 0px Al OE
the Library, and refrested the display to track the location sensingThey learned befae arriving at

the Library that Place and Availability were wrong. Similarly, for S4itu, 7 participants refreshed to

(impatiently) check if their status had been set to Available and/or Place as Café. In fact, because of

this sluggishnesssome participants attributed mis-inferences to lag.
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Occasionally, participants forgot what had happened recentlhe.g, for S2, PO7 thought he was

taking tt OEA A@DPAOEI AT OAO AO OEA OEI A ,AJOA EIT EAOO/
recorded audio of that time (Situation), he would have learned that only singing was heard. Using

the played audio, P15 and P16 were able to identify guitar sounds when Soumdhs finally

recognized correctly as Music. Hence, in combination with History, Situation explanations can help

EITC A OOAOB8O T AIiTOU T &£ xEAO xAO EAPPATEI Ch ET AADPA
them form Situation Justifications for the apfication behavior. How may we also provide Situation

explanations for contexts other than Sound? For Place, perhaps by showing a photograph at the

location (if one was taken at the same time). For Motion recognition, perhaps by animating an

interpreted diagram of how the phone was moving (derived from accelerometer data).

While our earlier research into intelligibility sought to prioritize providing some explanation types
over others (Chapter4 [Lim, Dey, and Avrahami, 2009] ancChapter5 [Lim and Dey, 2009), our
more recent findings in Chapter7 [Lim and Dey, 20114 and thesefindings suggest instead to
provide a diversity of explanation types will be helpful to support different learning and

troubleshooting strategies users have.

9.7.1.3 DEEPERJSAGE OMNTELLIGIBILITY

Our quantitative results indicate that viewing moreexplanations, especially about deeper contexts
can lead to deeper understanding, and more effective controluggestions for improving the
application behavior. So, to promote user understanding, we need to encourage users to dig for
more explanations, and to dig deeper. Perhaps, if the user starts asking questions, the application
could hypothesize faults, and hjhlight which factors are probably causing them. These guesses
could come from a knowledge base of typical fault§Section 7.10.4), or be triggered when

inferences Certainty becomes too lowd.g, <80%as suggested in SectioB.12).

9.7.1.4 INTELLIGIBILITY AFFED BYAMILIARITY WITEONTEXTTYPE

Also observed inSection8.9 [Lim and Dey, 20118, our participants indicated less familiarity with
Sound than they did with Place, ah this affected the usage and usefulness of intelligibility.
Participants had fewer Control Suggestions for Sound settings than for Place, despite higher View
Counts for explanations about Sound than Placelgble 9.4, Left). Thislack of familiarity also
appears to influence their perception of Explanatiorsdulness, where it was lower for S2 (Sound
misinferred) than for S3 (Place misinferred), even though participants perceived the application

behavior as equally poor in both scearios. Perhaps providing easier access to Definitions and
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repeated exposures to the intelligibility features can promote familiarity, and allow users to gain

more understanding of more novel contexts.

9.7.1.5 INTELLIGIBILIFORCONTROL

The lack of familiarity wEe OE 31 OT A A1 OT EET AAOAA 100 PAOOEAED.
suggestion to improve its inference. Only a few suggestions were madeg, P10 suggested using

her iTunes music library as a training dataset, and P09 suggest@tljusting the levels fo Periods of

3EI AT AA A O Al 1T GdadyOne Grblild providd shtelligibililyEdAfacifitate control (as
recommended in Section 5.7 [Lim and Dey, 2009), perhaps by just adding a Definitionsstyle

explanation thatdescribes control mechanisms and some consequences of adjusting them.

9.7.2 (GONSTRAINTS FORTELLIGIBILITY

7EEI A OEA OBPPAO AT OTAO T &£ 100 DPDAOOEAEDAT O0O6 OOA«
engagement, the lower bound may portend the limits to whit some users may be willing to use

intelligibility. Therefore, we derive some time and view constraints for intelligibility. Participants

only spent about 310 seconds viewing each explanation, so each explanation page needs to be

correctly and effectivelyinterpreted within that short duration. Perhaps if an explanation cannot be

understood within that duration, it should be split into multiple parts where the user can ask for

more on demand Furthermore, our quicker participants spared only about 43 minutes exploring

explanations for each incident. This may be even shorter without the experimenter demand effect

when users explore intelligibility outside of a user study. Hence, question asking should be

streamlined to facilitate multiple views (~20) within about 2 minutes before the user gives up.

With our scenarios, we have focused on investigating the usage of intelligibility about incidendes
situ and in the moment (or shortly after), or a future hypothetical situation. However, users may
postpone investigating an incident until they have more time. Under those circumstances, the time
constraints for using intelligibility may not be so tight, but users may need more information to

remind them what happened €.g, richer Situation and History explanatiors).

9.7.3 HOW MUCHNTELLIGIBILITY"IGOODENOUGH"

We have discussed how intelligibility can be beneficial to users by improving their understanding of
application inference and behavior. We have also discussed how to amplify these benefits through

deeper useof intelligibility. However, is this deeper usesufficient or excessive,i.e, what are the
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upper and lower bounds for how much intelligibility to provide? Our results suggest that users may
use intelligibility at least to the depth that was provided in L OAh AT A OE AeRcks&iveO A
To decide how much intelligibility usage will be sufficient for users (in terms of benefit,
independent of effort required), we can consider a model of how intelligibility influences
understanding, trust, and control (see Figure 9.7). This study covered the path from Usage to
Control (in black), while our previous work in Chapter4 [Lim, Dey, and Avrahami2009], Chapter5
[Lim and Dey, 2009], and Chapter8 [Lim and Dey, 20118 have also explored the link between
Understanding and Trust. In particular,in Section 8.12, we recommend when and how much
intelligibility to provide to help instead of harmuserimpression (Trust). From Figure 9.6 (Left), we

can see that our participants gave at least one effective Control suggestion on average. If one change

EO

EO OOAZFEAEAT O O EI bOi O Athedtidshould Bel ggod Anbugh. Hadvéverp A O A&l C

this depends on the type of suggestion (sdeigure 9.6): changing a Rule is brittle and may not be a
robust solution in the longOOT N AEAT CET C " AEAOET O DPOGdds h&dO0OA
habits, so they may not favor this repeatedly too; changing Settings is more robust and less tedious,
but may suffer from sideeffects (e.g, adjusting weights in a machine learning system). Therefore,
users may need more suggestions to be able provide satisfactory control, which means that they

should explore explanations of deeper contexts more than of the shallower application context.

/I Control

Trust

Application sJ| Application s | Intelligibility S
Usage “| Behavior d Usage

Understanding

Figure 9.7. Model of influence indicating how the usage o f Intelligibility may influence a

OO0A0O6O0 AAEI EOU O1T #1171 0011 h OAtaodke appheatiorOlinésdrh AT A

grey were not explicitly explored in this study.

9.8 LIMITATIONS ANBURTHERVORK

While our quastfield study with an interactive prototype and realistic scenarios can provide insight
into how users use and benefit from intelligibility, there are limitations due to its controlled seup

and brief duration. Our study covered only a handful of situations where intelligibility is usefulbut

O

OC
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we expect more situations and evemnanticipatedi T A0 A0 OOAO0O OOA ,aduf OA EI
study presented a bias by selecting scenarios where participants are more motivated to use
intelligibility to troubleshoot the application behavior. Our purpose was to demonstrate that there

exist situations where users will and do use intelligibility. Under everyday usage, wexpect there to

be many situations where users will not have an urgent need to use intelligibility, and may either

forego or pospone its use.

Furthermore, participants had only two hours to familiarize themselves with the Ul, and go through

four scenarios. As such, their experience only covered thitial transient usage of intelligibility, as

novices. We expect their usage pattes and knowledge of the application and its inference to

AOGi 1 6A AO OEAU OOA ETOAITECEAEI EOU 1T OAO OEIi A8 4E/
the field and over a few weeks to overcome the aforementioned limitations. We intend to study how

prolonged use of intelligibility impacts longterm understanding and trust of contextawareness.

In order to focus onthe usage of intelligibility in a freeform manner, we provided intelligibility on
demandinstead of always on Moreover, we did not inclue a baseline control condition where

participants did not see any intelligibility features, or saw a limited set of explanations. This can be

valuable to for evaluating the impact of intelligibility by comparing intelligible and nonintelligible

versions AT A Al 01T EAI B AiTO0OTT A O PAOOITAI EOU OOAEOC
understand Laksa2 and her propensity for using intelligibility more. Nevertheless, we refer to our

previous controlled studies in Chapters4 and 8 that had explored the impact of providing

intelligibility on understanding and trust.

In this study, we have investigated the usage and impact of intelligibility in one contexware

application. Although this is one daa point in a sparse design space, Laksa2 was designeadwer a

range of contexts (Availability, Place, Sound) and inference models (Rules, Decision Tree, Naive

Bayes), so it spans many features of conteatvare apgdications. This serves to increase the

AT ACGAT EOU T &£ 100 OAOOI 608 7EEI A , AEOACBO 5) DOAOA

contexts as inputs and outputs) andbreadth-wiseby spanning explanation question types.
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9.9 (GCONCLUSIONS

We have presented a quasdield study where we measured how participants naturalistically used

an intelligible context-aware application in scenarios representing realvorld, "everyday"

situations. We investgated how that usage affects their understanding of the application behavior.

4EA ADPDPI EAAOEIT xAO Al EOAOAOEIT 1TO06AO OEA |, A[OA
intelligibility features. We found that viewing more explanations, especially more abdudeeper

contexts can further improve user understanding of application inferencan our experimental

scenarios We provided potential implications for promoting more effective intelligibility usage,

time constraints within which users are willing to view intelligibility, and discussed how much

intelligibility should be provided to sufficiently improve user understanding of contextaware

applications.
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1 ODISCUSSIO& CONCLUSION

This thesis has investigated how to provide intelligibility in contextaware appications and shown
that intelligibility can improve end-user understanding and trust in these adaptive applicationsis
we conclude, we summarize the contributions made in this thesis, and discuss avenues for future

work.

10.1 SUMMARY OKCONTRIBUTIONS

We summaiize our contributions in terms of the three highlevel stages of the thesis approach: (i)
requirements for intelligibility, (ii) support for intelligibility, and (iii) evaluation of intelligibility in

context-aware applications.

10.1.1 TAXONOMY OEXPLANATIONYFES FORNTELLIGIBILITY

In Chapter 5, we elicited a range of question types endisers want to ask of context-aware
systems What, What Else, CertaintyWhy, Why Not, What If, How To, Inputs, Outputs, Control, and
Situation. This forms the basis of the taxonomy of explanation types we use to provide intelligibility
in context-aware applications.We believe thatproviding these explanation types willimprove user

satisfaction and acceptance of contexaware applicaions.

In Chapter 3, we summarized all the explanation types that we have explored from our elicitation
study (Chapter5), and from subsequent design exercises with gher fidelity intelligible prototypes

(Chapters7 and 9). These additional explanation types include: When, History, and Description.

10.1.2 IMPLEMENTATIOSUPPORT FOIRITELLIGIBILITY

In Chapter 6, we described the Intelligibility Toolkit, which we have developed to maket easier

for developers to provide many explanation types in their contexaware applications.The toolkit
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provides automatic generation of 12explanation types for at least 10 popular inference models in

context-aware applications.It consists ofstructural components

1 Queries to encapsulate questions about inferred contexts, and

1 Explanation Expressions to represent explanations in data structues
and function components

Explainers to generate explanations,
Reducers to simplify complex explanations,
Presenters to render explanations for endusers to consume,

Queriers to present interfaces for endusers to ask questions, and

= =4 =4 =4 =

Selectors for contextually select queries or reducers to provide.

Explanations can be provided as eitherule tracesor weights of evidenceThe toolkit is extensible to

support new explanation types, model types, reduction heuristics, and presentation formats.

10.1.3 DESIGNRECOMMENDATIONS FARTELLIGIBILITY

In Chapter 5, we identified which explanation types to provide to endusers and under which
circumstances (Application Behavior Inappropriateness, Situation Criticality, ApplicationGoat
Supportiveness, Recommendation Role, Number of Externalities) to best provide them. This is
encoded in a table of design recommendations (s@eble 5.6) along with recommended provision

mechanisms (se€lable5.7). These findings help to inform us about contexsensitive intelligibility.

In Chapter 7,through designE OAOAOET T AT A A OOAAEI EOU OOOAU 1T £
aware application,we developed several design principles for usable intelligibility. W investigated
the use of intelligibility for the mobile contexts of Availability, Place, Motion, and Sound aditiy.

Our findings emphasize

i \Visualizing explanations to allow quick interpetation, but also including textual
explanations to scaffold the graphics.

1 Making explanations usable and quickly consumable (by reducingxplanation volume or
detail, and aggregating explanations).

1 Focusing on providing explanations that facilitate usercontrol, and excluding explanation

details that do not allow users to improve or change the application behavior.
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1 Streamlining questioning to reduce the number of options users have when seeking
explanations.

1 Using terminology and descriptions more relatedo the realworld activity than technical
aspects of the application inference.

1 Integrating domain knowledge in explanations €.g, distinguish indoor and outdoor location
sensing via WiFi and GPS respectively).

1 Supporting effective problem solving and e&bugging strategies (so that users can quickly

understand the appliation issues before giving up).

In Chapter 8, drawing from our evaluation of the helpfulness and harmfulness of intelligibility
across an appltation certainty threshold of about 8390%, we provided recommendations on when

and how to provide explanations (sed able 8.9):

1 No intelligibility if the overall application certainty and accuracy is low (below the
threshold).

1 Provide intelligibility automatically if overall application certainty and accuracy is high
(above the threshold).

1 Provide intelligibility on demandto allow users to ask for explanations if the application

behaves inappropriately.

In Chapter 9, we draw some insights into design constraints for providing intelligibility for mobile
contextAx AOA ADPDPI EAAOET T Oh &£O01T 1T 100 AOAI OAGET T 1

1 Enable users to acquire sufficient understanding with no more than 20 explanation views
per incident or sesson of use and within2 minutes

1 Enable users to interpret each explanation view in withir8-10 seconds

10.1.4 BEVALUATIONS ANTELLIGIBILITY

In Chapter 4, we found that providing reasoning trace explanations for contgt-aware applications

to novice users, and in particular Whyand Why Not explanations, can improve used 8
understanding and trust in the systemWe also found that the complexity of How To and What If
explanations may have impeded their usefulness and eficy. We therefore sought to improve the
usability and ease of understandingof How To and What If explanations to improve their

usefulness.
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In Chapter 8, we showed that intelligibility can positive ly or negatively impact user impression,
depending on the application's certainty and behavior appropriateness. Intelligibility is helpful for
applications with high certainty, but it is harmful for applications with low certainty, leading to the
user losingeven moretrust in its capability. Nevertheless intelligibility can help usersto appreciate

and forgive applications if they behave inappropriately and have low certainty.

In Chapter 9, through a quasifield experimentx EOE , A [ O A ¢How usdgeotiridiligibflit
affectsuser understanding ofits behavior. We found that in our experimental scenariosusers were
willing to use intelligibility ET , Agh®tAatviewing more explanations, especially more about
deeper contexts can further improve user understanding of application inferencé:rom our results,
we provided implications for promoting more effective intelligibility usage, time constraints within
which users are willing to view intelligibility, and insights for how much intelligibility should be

provided to sufficiently improve user understanding of contextaware applications.

10.2 LIMITATIONS

With the paucity of intelligible context-aware applications, and in order to conduct controlled user
studies, we condwited most of our user studies with online questionnaires. This format allows us to
collect a large amount of data and user perspectives regarding intelligibility. However, this
approachsuffers from a lack of realism where usergan experience the intelligbility features over
time and subtle effects and issuebecomemanifested. Nevertheless, we havprogressively shifted
our investigation from abstract contextaware applications, to richly described applications, to a

fully functional intelligible prototy pe.

10.3 ADDITIONAIRESEARCEOPPORTUNITIES

Through this dissertation work, we have begun tarientate our research of intelligibility from the
lab to the real world. Thisintroduces many issues and factors that will interact with intelligibility,

and opportunities to investigate them. We describe a few future research opportunities.

10.3.1 INTELLIGIBILIFORCONTROL

Even though endusers of contextaware applications are expected to let the application function

seamlessly without direct user input,users still desire a sense of control é.g, [Barkhuus and Dey,
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2003; Bellotti and Edwards, 2001; Dey and Newberger, 2009]). They will occasionally need to
control and configure the application to override its decision, or improve its performance for future
situations. We lypothesize that, with the increased understanding due to intelligibility, users will
more effectively control the contextaware application. By moreeffectivecontrol, we mean that the
user will know which parametersto adjust to improve the application'sinference and behavior, and
that he can alsochange parametervaluessuch that its inference for the current and, possibly, future

situations will be improved.

With appropriate control interfaces and learning algorithms, we can extend our study on the uga
of intelligibility to measure the impact of user control on application accuracy and performance.
One way to control rulebased contextaware applications is through selectecEnactor Parameters
exposed by the Enactor framework [Dey and Newberger, 2009owever, it ismore challengingto
control machine learningbased applications, since manual editing of the learned model may not
guarantee improved performance or accuracy. Early work by Wonet al. [2011] shows promising

results that certain algorithmscan improve accuracy with feedback from endisers.

10.3.2 SOCIAUNTELLIGIBILITY

Along with single-user applications, contextawareness is also being used for social applications
(e.g, [Lim and Dey, 2011a; Rosenthal, Dey, aM&losq 2011]). Since providing intlligible contexts
is useful to users of singleuser applications, it is likely to also be useful for users learning about
their social contacts or other relationships. However, intelligibility seeks to illuminate deeper levels
of context information and reasoning. While this can help userdo better understand their
counterparts, the owner of this information may be less willing to share the information with
others. Future work can explore the tradeoff between the need for intelligible contexts in a socla
setting and the desire for privacywhich will hinder providing such information. With such results,
we can recommend intelligible context information that users feel comfortable sharing and have

sufficient need to consume.

10.3.3 HELDSTUDY OKNTELLIGIBILITY

An important next step to validate our findings of the use and usefulness of intelligibility is to
conduct a field study of an intelligible application. This will allow us to investigate how reakorld
concerns affect the use and impact of intelligibilityand how these measures change over time. By

allowing users to freely use the application in their everyday lives, we also minimize any
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experimenter demand effectswhich may bias users to use intelligibility. A longitudinal study will
also reduce the novdl effect of the early usage of intelligibility. We can also explore whether
intelligibility remains useful after users have learnedand become familiar withhow the application

inference works, and observe how the need for intelligibility changes over tim

As an early field exploration, we have conducted a pilot study 2009 of IM Autostatus over 34

weeks [Lim and Dey, 2012a]. IM Autostatus is an intelligible instant messaging plugin that predicts

xEAT A AOAAU xEI1T OAODPIT A Odred ellgiblehtmAiadligiblei AOOA C A
versions with high/low accuracies (~60/80%) . We found that usersreceiving intelligibility agree

more with the application predictions, and had more detailed and correct mental models of the

application behavior. We alsodetermined that users used intelligibility (on demand), but this

declined after a few days, especially for versions with low accuracy.
7EOE AOOOEAO Al CE2 pedioypel We canfeeplOyE the apphichtionito theapp
marketplace. This will allow ws to explore intelligibility with a large pool of users over a longer

period of time.
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AINTELLIGIBILITFDOLKIT
SOFTWARE

The Intelligibility Toolkit is released as open source under the GNU General Public License (GPL)
A website for the updated Context Toolkit andhe Intelligibility Toolkit is located at:

http://contexttoolkit.orq 6

It contains:

A description of the Catext Toolkit and Intelligibility research
A list of publications related to Context Toolkit and Intelligibility in ContextAware
Applications
1 Documentation for the software, including
o Description of the Context Toolkit and Intelligibility Toolkit componerts
Download and Installation
Javadoc API Documentation

Tutorials on how to use both toolkits

O O O O

Demonstration Applications

i Information on how to download the source code and binaries

® GNU General Public Licenséttp://www.gnu.org/licenses/gpl.htnfRetrieved 4 ApriR012.
® Retrieved 4 April 2012.
" Circular Error Probablénttp:/en.wikipedia.org/wiki/Circular_error_probabRetrieved 27 April 2012.
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B INTELLIGIBILITMOOLKIT
EXPLAINERS

We provide the theoretical definitions, mathematical proofs detailing the derivations and
explanation generationalgorithms of the explainers implemented in the Intelligibility Toolkit. The

explainers explain inference, not how the models were learned.

B.1 ABSTRACBASEEXPLAINER

To align with later terminology in this appendix, we use the termclassto refer to a discrete (or
nominal) output value. We use the termfeature to refer to an input. We shall also use the terninfer
to refer to the concept of the contexaware model reasoning or deciding.These terms are

commonly used in the machine learning literature.

B.1.1 WHATEXPLANATION

We describe the event that thégh class was inferred as
wd 0
where wis the output variable, andw is the output value of the'th class.

The What explanation returnsw.

B.1.2 INPUTEXPLANATION

We denote the inputs to the inference model as a vector offeature values:
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w
) ) é (B.1)
@
where w is value of thei th input feature.
B.1.3 OUTPUTEXPLANATION
We denote the output values from the inference model as @etor of & possible values:
® ® (B2)
where & is the @h class value.
B.2 ENACTORBASEEXPLAINER
Context Context Output
Inputs Outputs Actions
A Enactor Output | A L, A N
Application Values P

Attribute

FuncDesc
- o Ve
Attribute § FuncDesc
FuncDesc
Reference |------\---------- Output
Value

FuncDesc

Attribute

Attribute

Attribute

Hil

\ 4

\ 4

Selector Reducer Presenter

Querier Explainer

The base Explainer generates explanation types that are modabdependent. Particularly, these
explanations depend on the underlying architecture or toolkit for building the contexaware
application, but they do not depend on the inference model. Here, we describe the algorithms for

generating the explanation types from theContext Toolkit.
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B.2.1 WHATEXPLANATION

Output
Value

The What explanation retrieves the triggered output value in the Enactor.

v

Reducer

b

Presenter

B.2.2 WHATH.SEEXPLANATION

Output
Value

Attribute

What Else Explainer

The What Else explanation traces thettribute

\ 4

Reducer Presenter

in the OutWidget that is changed, and the

associatedFunctionDescription s corresponding to the actions or services that were performed.

B.2.3 WHENEXPLANATION

The When explanatiorretrieves the timestamp of when the valuevas updated.
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B.2.4 INPUTEEXPLANATION

Attr Value

Reference |
Attr Value
Attr Value

Attr Value

v

Reducer Presenter

Explainer

The Inputs explanation selects the&nactorReference  that was triggered, and tle corresponding

WidgetState  of Attribute  values from the Inwidget .

B.2.5 OUTPUTEXPLANATION

Output |
Value

Output
Value

v

Reducer Presenter

Outputs Explainer

The Outputs explanation lists all output values that may be generated from tiEmactor .
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B.2.6 WHATIFEXPLANATION

REICIENCE. - ----———--------- Gliiput
Value

What If

Attr Value Explainer

Reducer Presenter

\ 4

Attr Value

The What If explanation takes in anputQuery  with user specified input Attribute values,
combines them with the actual sensed attribute values that were unspecified, and triggers the

corresponding EnactorReference  and output value.

B.3 WEKABASEEXPLAINER

We implement some algorithms for modeindependent explandions to support the use of the
Intelligibility Toolkit for developers who use the Weka framework, but not the Context Toolkit. It
supports explanations for What, What If, Inputs, Outputs, and Certainty, but does not implement

explanations for When, and Hitory.

In fact, we have decoupled the Intelligibility Toolkit from the Context Toolkit to make it more

portable, e.g, such as porting to Android phones.

B.3.1 WHATANDWHATIFEXPLANATIONS

The What explanation is essentially the inference made on the inputst ance . This is obtained by
calling the Classifier. classifylnstance (Instance) and Instance.value(double) . Onits
own a classifier model does not perform any action or service, so the What explanation is

equivalent to the What If explanation.
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B.3.2 INPUTEEXPLANAIDON

The Inputs explanation is obtained from taking the inputinstance that was passed to the
classifier, and converting it to an ExpressioNFform with one Reason consisting of input features

as each element.

B.3.3 OUTPUTEXPLANATION

In the Weka framework, eah Instance contains information about its class Attribute. This Attribute,
in turn, contains information about the possible values it can take. By calling
Attribute.values() , We can obtain the Outputs information that we present in the Outputs

explanation.

B.3.4 (ERTAINTEXPLANATION

For each classification a Weka classifier makes of an instance, it can provide the probability
distribution for all class values. This distribution can be retrieved by calling the
distributionForInstance(Instance) method, and it reurns the probability of or certainty for

inferring the outcome of the input instance as each of the class values.

B.3.5 MODEEBASEEXPLANATIONS

The remaining explanation types depend on the individual algorithms of each classifier. We have
implemented Weights d Evidence explainers for all currentlysupported classifiers in the

Intelligibility Toolkit. Furthermore, the Decision Tree classifier, J48, has a reasoning trace explainer.

B.4 RULETRACHEEXPLAINER

This explainer seeks to provide an explanation by tracing thinference path through a set of rules

and considering paths that were or were not triggered.

We consider rules consisting of conditiorliterals (e.g, OAT PAOADIDAA Oivle ¢ )
which may be combined with Boolean operators AND (representedith O 8or as a product@ héin O
our notation) and OR (representedwith O8or as a sumO §. Hence, each rule or multiple rules can
be considered a Boolean expressiofiee To ke able to generate explanations fron%e we choose to
convert them into disjunctive normal form (DNF),[ , which is very sutable for automated

deduction:
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We define an explanation in terms of one or multiple reasonge(g, multiple reasons for Why Not).
Each reason can be a singular conditionak(g, one certainty value for a Certainty explanation) or a
conjunction (e.g, multiple conditionals for a Why explanation). The conditional is the atomic unit of
an explanation €.g, certainty=90%, temperature<24T). Furthermore, there can be negated
conditionals egh T 1 O OAI PAOAOOOAI ¢1J#Q8 &I O Al 1 Uh xA AA/AE
Form (DNF), i.e. a disjunction (OR) of conjunctions (ANDs) of condition literals (see example in
Figure 6.7). The standardization of eplanation information supports R4 such that there is a

standard way to pipe and feed different explanation types.

%0 LU T
(B.3)
r 41 $.%& : ®
where
[ , is the DNF tree form of the rules, (B4)
(B5)

, ® is theUth rule trace c/ausein that DNF, and

® isthe” th condition /iteral in that rule trace.

Figure B.1 illustrates a diagrammatic representation of .

Output
Value

Figure B.1: Diagram representation of the Explanation Data Structure in Disjunctive Normal
Form (DNF). Each circular node represents a condition literal, each vertical column

represents a conjunction of literals, and these are joined horizontally as a disjunction.
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We covera naive algorithm to perform such a conversion in Sectidd.4.1

B.4.1 NAIVE CONVERSION GFBATRARBOOLEAN EXPRESSIONDINF

A common strategy to convert an arbitrary Boolean expression to disjunctive normal form (DNF) is

to first convert it to negation normal form (NNF),e :

%o ULl ¢ Uy [
(B.6)

r. . &0T1T &1 &.%&
First, we convert the arbitrary Boolean expression%e to Negation Normal Form (NNF)B OB OOEET C
TACAGEI T O ET 6 O OEA 1 EOAOAT OAOI 6 OEAT ADBPDPI UET C
o okol® hookol 6
$A -1 OCAT S (B.7)

Double negative o
o ok o (B.8)
elimination

Next, we convert the NNF to DNF by applying the logical equivalence:
0 606k 06 6 0 O
Distributivity (B.9)

06 6 koo 006

To convert to DNF, we only need the first rule in Equatio(B.9). Figure B.2 and Figure B.3 describe

the algorithms for converting an arbitrary Boolean expression to DNF.
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%= original Boolean expression
= TONNF@®%9 // Boolean expressiorin NNF

TONNF (%)
If % Offor somed // negation
Ifo O forsomed // double negation,.e,% 6 0O
Return ToNNF(@) // double negation elimination
If6 ByO,forsomely// disjunction

Returnb 41 . .6& // apply$ A -1 OCAE @ O BIGA x ¢
If6 By0O,forsomedy// conjunction
RetunB 41 . .6& // ADDI U $A - BOGCAB®O | Axd

Else
If6 ByOyforsomeby// disjunction
ReturnB 41 . .6& // recursively apply TONNF
If6 By0Oyforsomely// conjunction
Returnb 41 . .06& // recursively apply TONNF

/I terminal literal
Return %o/ return self

Figure B.2. Recursive algorithm to convert an arbitrary Boolean expression to NNF.

« = Boolean expressionin NNF

, ‘= new empty trace clause

[ :=new empty DNF// gets updated in NNFtoDNF
NNFoDNF(s i i)

NNFoDNF(« i i)
Ife  ByOyfor somedy / disjunction
For eachd
, :=Clone, // duplicate trace to branch for each disjunction pth
NNFtoDNF(@® h 1 )/ recurse for each disjunction branch
Elself+ B0 for someOy// conjunction
For each,
NNFtoDNF@® R i )/ recurse to extend this path
Else// < isterminal literal reached leaf
@D < /I convert terminal Boolean expression to condition literal
, D, @/ append literal ®to trace clause,
D[ , // append trace clause to DNFf

Figure B.3. Recursive algorithm to convert a Boolean expression in NNF to DNF.
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In general, converting an arbitrary Boolean expression into DNF can be expensiweg, mnverting

CNF to DNF can cause an exponential blayp in size Ngair, 1993). However, we assume that

these rules will be handcrafted by eneusers or designers of applications, so they should not be

I OAOI U AT i1 Pl EAAOAAS &I O A gMdtomia,Rb1] only@llowsiehddser® 31 AOO
to write individual rules with a set of triggers that may be activatedi.e, each rule is a conjunction of

condition literals.

B.4.2 LOGIGMINIMIZATION T&@MPLIFY ORULES

The conversion to DNF does not guarantee thatéhDNF tree[ , will be simpleor minimized. It may
contain much redundancy andrepetition of literals or clauses.We can employQmcReducer (see

Section6.11.1.3, which uses theQuine-McCluskey algorithm to minimize Boolean factions
r N1i A-ETEI EUA (B.10)

To save on future computation when explanations are asked, this minimization may be performed
when parsing the rules into DNEFHowever, this compiomises the original structure of the rules,
which end-users may have hanetrafted, and therefore may be more intelligible than in a

compressed, minimized form.

B.5 DISJUNCTIVIMORMALFORM(DNF)EXPLAINER

We keep separate the rules thainfer different classes,i.e, %o. % " HEI"® ‘QFor an inference
model with & possible class values, we will store a DNF rule tree for each class valn amap of

DNF trees:

[ (B.11)
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where

[ , is the DNF tree for all rules that infer thé@h class, (B.12)

, ® isthe th rule trace c/ausein that DNF, and (B13)

® isthe” th condition /iteral in that rule trace.

The explanation generation algorithms also apply to explanations for decision trees (see Section

B.9), since we also convert decision trees to DNF.

B.5.1 NOTATION FOR EXPLANNS GIVENPUTS STATE

Given! as a Boolean expression that can be a literal or compound expression (conjunction,
disjunction, DNF, etc.), anddas an inputs state, we intoduce the notation
425 HEFEOOQEGAIT
09 425%E@®@O
&', 3ROEAOx EOA
where @e | denotes thatAis not described in! . In probability theory, this is equivalent:

—HEOOQEGAT
=@F 0
OEAOxEOA

=t ﬁ( Fﬁ(

P
g 0 0w P
i

where for a deterministic, rule-based system, probability can only take values 0 or 1.

For an inference model, thé&h class is inferred when

Oz 0 Omw HAQ (B.14)
For arule-based inference modelinferring the "th class each is mutually exclusive
AT . RE®E Q
0 W W f_)[ EE O (B.15)

Conversely, the negatiorf @ yields the behavia:
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m

<

.~ s ) T Q
W T EE o (B.16)

B.5.2 (ERTAINTEXPLANATION

While it is possible to model rules with uncertainty €.g, Fuzzycontrol systems with fuzzy logic

rules), currently, the rules of the Enactor framework does noprovide certainty information.

B.5.3 WHYEXPLANATION

This explains why the’th class was inferred given the inputsa We selecta subset of the DNF tree

can inferthe "&h class specifically, the traces that dinfer the "th class given inputsax,
A BG4 O O W (B.17)
where

, & isatrace consisting of conditiongd

& i P EALEOOQEEATDOOO
W n HOEAOXxEOA
W D W @ o is whether trace, s satisfied by inputs®

425 %W EE EOOQE GAT
D W 425 AHEE O , Is whether condition&® s satisfied by inputs®
&! , 3BROEAOXxEOA
We can also notate EquatioB.56) in terms of individual conditions:

[ W @ (B.18)

where U h, g denotes traces that are satisfied by theputs state ca

B.5.4 WHYNOTEXPLANATION

Given that the'@h class was inferred, this provides arexplanation for why the ’@h class was not

inferred. First, we obtain traces that can infer the@h class under therelevant (not the current)
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input conditions. This selectsall the traces in the DNF tree for théh class,) <o [ ,

Furthermore, the negation of this DNF tree is true given inputso and this is equivalent to a

AT 1T EOI AGEOA 11 O A1l A1 OI j#.&qQq O0EIC O $A -1 OCAT S
I @ , w
(B.19)
k 1 s“h) 1 1 g“*)
We define, gwto indicate the filtered trace of , Z & that only includes conditions,®

that were satisfied by For a trace that is fully satisfied byy where , o p, this returns the

full trace, i.e,
s ™, W, W, W, (B-20)

Now, we consider the case wherg is not satisfied bya i.e,

, oMk o, WP

Note that while, is a conjunction, isadisjuncion@®® AAOEOAAIT A AU $A -1 OCAIT &

,  windicates the partial disjunction of conditions, @ , that are satisfied bya or conversely, the

partial disjunction of conditions,& , that are not satisfied by
, W TN AT (B.21)
where

GwW Tk DWW p
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For the WhyNot explanation, weperform this treatment for all traces,, ,to get an expression in

CNF:
[ , W O O W (B.22)

where

&', 3E EOOQEGAIT
O I 425 %UEEe O
4259 OEAOxEOA
Should purge duplicates.

B.5.5 HOwTO EXPLANATION

Suppose that the user is interested to know how théh class may be inferred.The How To

explanationreturns the full DNF tree that can infef@h class:
r [ dQ "a , A (B.23)

Essentially, this explanation describeshe various conditions that must be true for the'th class to

be inferred, either one of the rule traces

Explanation algorithms for rule DNF is implemented in the explainer delegate

DnfTreeExplainerDelegate

B.6 SEPARBLERULESDNFEXPLAINER

We maywant to retain some semantic meaning in individual rules, rather than naively merge them
together. For example, rules may be given names to aid enders to remember their purpose or

rationale, and to help them distinguish between other rules.
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For an inference model with & possible class values, we will store a map of DNF trees for each class

value, Qin amap of mapsof DNF trees:

r (B.24)
where
r [ is themap of all DNF treesfor all rules that infer the '@ class, (B.25)
r , is the™Qth rule as aDNF tree, (B.26)
(B.27)

, ® isthe0 th rule trace c/ausein that DNF, and

® isthe” th condition /iteral/ in that rule trace.

B.6.1 WHYEXPLANATION

Substituting Equation(B.24) into (B.17) gives:

[ , G (B.28)

which is a double disjunction of trace clauses, where traces due to eaoh th rule is kept separate.

For the simple case where each rule has only one trace conjunction in its DNF foira, | o}

Equation (B.28) is simplified to

[ , Wy, a (B.29)

So, the explanation only provides a djsnction of satisfied traces.
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B.6.1.1 WHYEXPLANATION OV ERGEIRULES

Merging results from Equation(B.28) yields:

[ - a4 g (B.30)

Note that this anly adds satisfied {.e, wU, ) traces from each DNF tree to the explanation, not
the whole DNF tree.

B.6.1.2 WHYEXPLANATION ARULENAME

This presents the same information as Equation(B.28), but allows incremental rerieval of

explanations.First, we retrieve the rule by name
VG I (B.31)

where U refers to the index or name for tha) th rule.

Later, the end-user mayask for details about that rule, and can see explanation:

Programmatically, this is equivalentto SCA O0$ ‘A O $0. .&

B.6.2 WHYNOTEXPLANATION

Substituting Equation(B.24) into (B.22) givesa conjunction of CNFs

[ W , Wk O O W (B32)
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B.6.3 HOw TO EXPLANATION

This is similar to Equation (B.23), but we retain separation of each DNF tree representing a

different rule:

[ [ dQ "a , (B.33)

B.7/7 ENACTORRULEEXPLAINER

This implements the algrithms in Rule Trace Explainer (see Sectioi.4) to explain the rules
executed in Enactors [Dey and Newberger, 2009] within the Context kit [Dey, Abowd, and
Salber].First, we parse the rule encoded asbstractQueryltem s into the Expression framework
of the Intelligibility Toolkit. We then apply algorithms in Figure B.2 and Figure B.3 to generate the

map of DNF trees, , allowing us to generate explanations in SectidB.5.

B.8 OTHERSYSTEMRULEEEXPLAINER

Other contextaware systems that use rules for inference may also be able to leverat®e
algorithms in Setions B.4 and B.5 for explaining rules by parsing their rules into into the

Expression framework of the Intelligibility Toolkit.

B.9 DeCISIONREERULETRACHXPLAINER

We parse the decision tree structte into disjunctive normal form (DNF), from which we can more
easily generate explanations. Each conjunction represents a trace from the root node of the tree to a

leaf. Therefore, the number of conjunctions is equal to the number of leaves.

Tow T
(B.34)

[ 40AA41t$. &
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Figure B.4. (Left) A simple decision tree illustrating the condition | iteral of each edge and the
class value that will be inferred at each leaf. (Right) DNF trees for each class value that is
built after traversing the tree and collecting traces with the same inferred class value at

their leaves. Although this diagram illus trates the conversion for a binary decision tree, the

conversion is applicable to trees with more than two branches at each node.

Figure B4 illustrates the decision tree conversion to DNF, anffigure B.5 and Figure B.6 describes

the algorithm. Once in DNF, we generate explanations using techniques in Secioh

T =root node of decision tree
, ‘= new empty trace clause// stores a conjunction of condition literals, &

z [ =map of DNFs of each class valuegets updated in TreetoDNF
TreeToDNF( ,,, )

TreeToDNF(,,, )
If T parentofB T for somet // Thas child nodes
For eachchild node t
& D EdgeLiteraltht ) // define condition literal to represent edge tht from tto t
, =Clone, /I duplicate trace to extend for each child path
, D, @ /I append literal & to trace clause,
TreeToDNF( ,, , )
Else// fis a leaf
0 B 0 := read probability class distribution at node t
" | A ; //inferred class value has the maximum class probability
[ o HQ @/ retrieve DNF[ that infers the “@h class

[ QD [ .o » /I append trace clause tof

Figure B.5. Algorithm to traverse the decision tree depth  -first to convert it into DNF.
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EdgeLiteral( tht )
@ = attribute described in T
If @ is nominal// T describes a nominal attribute spit
@ o "thvalue ofw
Elself @ is numeric// T describes a numeric attribute binary split

fo n
DO wi / wp learned split point for i th feature at this nodet
Elself0 p
D Wy
Return &

Figure B.6. Algorithm to obtain the condition literal representing an edge transition in the
decision tree. This is specifically implemented for J48 in Weka, but can be generally

applicable for other decision tree implementations.

This algorithm is implemented inJ48RuleTraceExplainer

B.10OTHERRULEEEXPLAINERS

Other rule explainers may also be developed-or example, anore efficient algorithm to convert an
arbitrary Boolean expression to DNF is the EXPAND algorithm proposed in [Crama and Hamer,
2008, p. 22], which was inspired byTseitin [1968] and [Blair, Jeroslow, and Lowe, 1986 This
algorithm runs in polynomial time instead of exponential time of the previously described naive

method. This can be implemented in a rule explainer to speed up the explanation generation.

Aules can be extracted from inference models that are intrgically not rule-based, such as Atrtificial
Neural Networks (ANN) [Tickle et al., 1998, and Support Vector Machines (SVM)Nufiez, H.,
Angulo, C., CataJa2002]. This allows other nonrule-based models to be explained using the rule

paradigm, which is familar to lay end-users.

B.11WEIGHTS OEVIDENCIEXPLAINER

This explainer forms theabstract basis ofour subsequent weights of evidence explainers. It uses
the underlying concept that an infeence is due to a total evidence, wherehis evidence may
support or oppose the inference, and can be due tosumof underlying atomic weights of evidence

Theseweights may be due to the input feature values voting for or against an inference. Depending
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on the inference model, there may also be mordimensionsof atomic weights. For simplicity, we
denote an atomic evidence a¥2, and the space of all atomiaeights as'Y. A total evidence can thus

be represented as the sum:
Q 0 (B35)

Equation (B.35) requires that the explainer is able to derive alinear additive expression of atomic
units. This is easy for linear classifiers €.g, linear SVM), but in general, isotonic (monotonic
increasing) transformations may be required €.g, see explainer for naive Bayes in Sectid15).

We defer these steps to later sections describing the concrete explainers.

We shall next show how with thisabsoluteweights of evidence, we can derivaveights of evidence

explanations for Why and Why Not questions.

B.11.1 ABSOLUTEVIDENCE

This explainsthe value off) as a total evidence due to the sum of atomweights:
Q Q (B.36)
where "Q is thei th atomic weight of evidence.

B.11.2 WHYNOTEXPLANATION

This explains why the@h class wasnot inferred over the “@h class. In other words, why theh class

was inferred instead of the'€h class.

Note that this is different from the Why Not explanation of aule trace that explains why the@h
class was not inferred. In this case, th&h class may have been inferred, but just not with the

highest certainty among all class values.
3 Q Q 3Q 0w (B.37)

where 3'Q  "Q "Q and we assume that the atomic weights of evidence are separable by each

atomic unit.
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B.11.3 WHYEXPLANATION

This explains why the "@h class was inferred over all other class value§i.e,

Consequently, Equation(B.37) holds for ! 'Q such that we can sum ovet Qto get the Why

explanation:

3'Q 30 3Q  m (B.38)

B.11.4 CERTAINTEXPLANATION

Assuming that at the system level, the model will produce a distribution of certainty for inferring

each class value, the Certainty elanation returns this distribution:

n n (B:39)

where 1) is the total certainty (usually normalized as a probability to 1) and) is the certainty for

inferring the "@h class value.

B.11.5 HOw TO EXPLANATION

The How To explanation depends on underlying model and we defer this to the later sectionalso
note that since this is a general explanation independent of specific instances, we do not provide the
explanation in terms d input feature values,w . Generally, this explanation will be presented as a

multivariate inequality with the input features as variables

Consider that the @ class was inferred and the user asks How To infer th@h class. First we

compute the current evidence for thé®h class using Equatior(B.36):

0 0
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Substituting this into Equation(B.38), we get
3Q e 30 e 30 T (B.40)

where 3°Q e is separable for each term and 3°Q @ is a function of only thew term. The

exact expression oB'Q @ depends on the Explainer. We describe threeommon forms.

B.11.5.1 NUMERIAUNEARLYS=PARABLE

Some Explainers €.g, for linear regression, logistic regression, SVM, kNN) produce expressions for

3’Q e which are linearly separable for eaclw , i.e,

3Q e 3Q 3w M
(B41)
3 w
where
30 o ¥ w (B42)
is a linear function of®w and 3" is a coefficient, of which concrete Explainers will need to derive

expressions (or approximations).

The How To explanation expresses a linear equation of input feature values, such thata'Q, T
For specific How To explanations of each Weights of Evidence explainer, we will just derive

expressions fora"Q; e interms of input features,e M ho .

B.11.5.2 NUMERIGNORMALDISTRIBUTION

Some Explainers €.g, for naive Bayes) asume that numeric attributes follow a Normal distribution

given the class valugQi.e,

U n —=0 (B43)
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11rc Ei ¢ 11.,C —Co ‘ (B.44)
q " Gn '

where‘ is the mean value of the th feature and, is its standard deviation.

An gpproximate How To explanationfor inferring the "®h classis just to return the meanvalue

of eachi th input feature which maximizes 0 ®sQ, i.e,
AOGIMA®D (B45)

B.11.5.3 NOMINALINPUTFEATURE

If eachw input feature is a nominal / discrete variable, then we can find all combinations of such

that3'Q, e  Trthrough permutation.

B.11.6 HOw TO IFEXPLANATION

We can provide a more operationally uskil explanation with How To If that fixes (makes constant)
all but one input feature, w4z We consider the current total evidence for inferring thé®h class,
3°Q, e , where the hat notation indicates current input feature values of the instaie, e. Note that

the actual value o3'Q; e depends on whether thé®h class was actually inferredj.e,

Hﬁ(

3"“Ql ] n - ,g ..Q
T @ Q

<

M

The How To If explanation describes the range of values @ffo satisfy the condition3’Q, mi.e:

3'Q e 30 wy 3¥FQ wy; W (B.46)

Similarly to the How To explanation, the How To If depends on the form of the input fea&u

B.11.6.1 NUMERIAUNEARLYSEPARABLE

Substituting Equation(B.42) into Equation (B.46) gives the How To If explanation

3Q, e 3 Wy Wy T
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w, EAE 3 i

>
v

Oy o A s - (B47)

N H OEAOxEOA
where

3Q ;] @

B.11.6.2 NUMERIGNORMALDISTRIBUTION

Considering atomic weights of evidenceas log transformations of probabilities €.g, Equation

(B.93)), we have:

30 0 Qw Qo I1irg 11
T e ® T » (B48)
” c” ” c"
EQUALVARIANCE
Assuning equal variances,, » » Equation(B.48) becomes
QG [ © [ ©
3\‘ (k) HC (i HC Ci
o o ‘ o (B49)
c‘” c‘”
® 0 ® o
C
where
0 Al Aw
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Therefore, substituting Equation (B.49) into Equation (B.46):
3Q, e 0 é(bg (.‘Og Tt (850)
Solving Equation(B.50), we get the range of values @b for the How To If explanation:

w;, EAEA 0 4 @

O, o, A 8 4 m (851

v n HOEAOxEOA

where
. 3Q, e . ¢3Q o
© g5, ®g B -
andB 0 4 mwhen' 4 —B ‘ 4
UNEQUAIVARIANCE

We can also solve for a range of values fargwithout assuming equal variance and, instead, solve a

guadratic equation.Equation (B.48) becomes:

3FQ

Fal el
|o
|0
€
|
|
8‘
|
|
~<|'>=

” ” ” ” n ” ” (B.52)

o
e
os
e
o

where

(@]
Bz
N |0
ie]
én ‘ ©
¢
Q:
81
o) )
or ‘9
¢
o
Bz
I
o ‘9’:
s T%
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Substituting Equation (B.52) into Equation (B.46):

0 z’,d)é 0 z’,d)é, 3Q, e Tt
(B53)
O g5 0 g5 6 T
where
o d o " I d ”w " 173
0'q Ogyh 04 Oqmh Oq 3Q,
’?Qp ’?Qp
Solving Equation(B.53), we get the range of values @b for the How To If explanation:
= ld)é' FE(“fEé o Tt
L os 0, 1 By @, FEEE, TB T
og, 0 T (B54)
O P PR\ hREJE ; 0 T
w n FE&E@ TIFb Tt
where
6 5 0 4 10 P 6 5 06 4 10 §
h
@ G0 4 @ GO 4

B.12 LNEARREGRESSIOBKPLAINER

A common and simple way to model application behavids using a linear function, where multiple
input factors influence an output value é.g, outdoor temperature and number of occupants

influencing the heat output of a temperature control system). Formally, the function takes the form:

=

O H Do Go E O &6 (B55)

where & is the scaling factor for each input, and is the value of the th input feature.
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For a given input stde, @ 6w foo i fo @ we can explain how each input feature valuey,
influences the output due to the value’Q & . Thus we can explain the outcome using the

Weights of Evidence explanation:
M QO Q0 Q E Q (B.56)

where " Q @ w is the evidence due to each input feature, anids the total evidence.

Equation (B.56) forms the basis of the remaining Weights of Evidencexplanations in terms of

input features.

B.12.1 CERTAINTEXPLANATION AY EASUREMENINCERTAINTY

While the most classification techniques covered in the Intelligibility Toolkit modelste certainty
(or confidence) of ifferring the output as various nominal class valuescertainty in regression is a
different concept typically indicating the uncertainty or error of the numeric output. This is
particularly meaningful for inputs representing physical measures €.g, temperaure, energy).
Using the methodaddition in quadraturethat calculates uncertainty due to sums and differences for

random and independent uncertainties, the uncertainty of the output is:

M

1w 1w 1 0w 0w 1 O (B57)
where| aepresents the error ofthe term ¢, specifically] @ is the uncertainty in @, and] @ is the
uncertainty in @.] @ could be theconditional standard deviation or a confidence intervaggiven the
inferred valuewy or the actual measurement error inw . For manually defined functions, each &
could be 0 or a constant value; for learned regregm functions,] @ could be the least squares

error.

Assuming independence between the estimated parametés and stochastic variablew , there will

be no covariance or correlation between them, anBquation (B.57) becomes:

1 1 O 100 O® (B58)
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For simplicity, if we assume no uncertainty in® , Equation (B.57) then becomes:

1@ &1 o (B59)

Note that this results represents the measurementincertainty in the output value, not the certainty

that the output value is correct.

B.13LOGISTICREGRESSIORKPLAINER

Now that we have dealt with explaining functional outputs, we turn to explaining functions that are
used for pairwise categorical inference (two categorical states). In particular, Logistic Regréss is
commonly used to transform weights output into a choice between two values.¢, 0 or 1). We
begin by considering the simpler case of logistic regression for binary classification and then

discuss it for the multiclass problem.

B.13.1 BINARYLOGISTIGREGHESSION

The binary Logistic Regressiormodels the probability of inferring class value 1 (instead of Oas a

sigmoid function of a linear expression of input features:

B.60
Y (B.60)
where w is the value for thei th input feature,f is thegain, andw  pis constant term.
A logit (log-odds) transform,1 T QE O 1 €— , onEquation (B.60) converts it to linear form:

1T QEO I o (B61)

Equation (B.61) is exactly the same form as Equatio(B.55) for linear regression, and sowe can

apply the same explanation techniques as for linear regression:
Q Q (B.62)

where™Q 1 @ is the evidence due to each input feature, an@ 1 1T @ EShe total evidence.
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B.13.2 MULTINOMIAILOGISTIGRREGRESSION

Logistic Regression isntrinsically a binary classifier, so a multiclass extension approach needs to
be applied to support multiclass classification. The Weka toolkit uses a ows:-one approachand

modelsamultinomial Logistic Regression withd class values and input features with:

1 & p pairwise classifiers are built that compares the firstd  p class values against the
last class. Théth classifier learns the linear function
W w I w
1 The probability of inferring the “@h class value Q &) for the current input state is
Q
P WwWw O

1 The probability of inferring the & th class valug(i.e, the last class value) is

o o—P2 _ Pq
P O ®
where @ p @ ® is the normalization factor,® @ B Q ,Q p, and ® ®
B ! o 1 Wechoosé¢ mH i A . We can see that this satisfieB 1 p.

Unfortunately, the total evidence for inferring the & th class is 0, and this can lead to problems
when we want to use this evidence to explain ensemble methodsee later,SectionB.20), because
they may need to nomalize a nonzero total evidence. We can work around this problem by

relaxing the requirement thatwo @ 1 and definedo w B T ® I ,where

P MR
T i T’
For simplicity, we can tf p. We also need to preserve the proportionality among eaah, i.e:
" g 0
n
g 0
n

Sof  needs to be added to each pairwise classifieFhis changes the probability of inferences:
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1. & p pairwise classifiers are built that compares the firstd  p class values against the

last class. Theéth classifier learns the linear tinction
W W o
2. The probability of inferring the "@h class valug("Q &) for the current input state is
0 0
Nl o =Q
L Q 0w

3. The probability of inferring the & th class valug(i.e, the last class value) is

. p P,
o—  w_ TQ
d Q WwWw o
where ® Q ® w is the normalization factor, ® w B Q , andQ Q

w o B I o T .Wecanseethatthis still satisfieB 1 p.
To get a linear additive Weights of Evidence, we take a log transform:
M 11T QEIKO ®

9 (B63)

where

(@]
e

ONONONe)
«
4334
=<
A

s
i T

© &

B.13.3 INPUTFEATURINORMALIZATION ANSTANDARDIZATION

Often it is useful to preprocess thedata before training or using an inference mode(e.g, SMO,

kNN) by performing normalization:

(B.64)
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or min-max normalization (called standardizationin the Weka toolkit; scales the range t® to 1):

®w aQ¢

aww aQe (B.65)

This can reduce bias due to theelative value sizes of different features. The consequence of this is
that the model is trained and tested on the normalized/standardized features, which is not as
meaningful to endusers as the original features. Particularly, this affects the weights ed in the
Weights of Evidence style of explanation. Therefore we need to invert these ppeocesses in

generated explanation. To invert normalization:

. w O . U
Q 0 a 0 —_—wn @ —
Q NORH)
(B.66)
o . 0 .
—n — W
0@ O "2 (e

where * is the mean value of thd th input feature, , its standard deviation over the training

dataset, and

[OR!
[O%!

Similarly, to invert min-max normalization:
Q e o (B67)

where

0 L . 0 a Q¢ -
h w

ﬁ‘w T W N 1 e~
aow a Q¢ aow a Qe
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B.14LUNEARSUPPORVECTOMACHINESVM)EXPLAINER

Linear support vector machines GVM use a maximummargin hypothesis to train a linear classifier

to discriminate between two (binary) class valuesln its simplest form, it outputs a continuous
numeric output, which can be calibrated to give a more accurate probability output for its inference.
Several techniques exist to extend linear SVMs to handle multiple class values, uncalibrated or
calibrated. We describe these algorithms and discuss explainer algorithms used in the Intelligibility

Toolkit to explain these four variants of Linear SVMs.

B.14.1 BINARYNON-CALIBRATERINEARSVM

Even though linear SVMs use a different learning approach than linear or lotigsregression (e.g,
Sequential Minimal Optimization (SMOJPIlatt, 1998)), it produces a linear decision boundary that

takes the same formi.e.
w 0 ® (B.68)

where wis the functional output, ® is the value of thei th input feature, 0 is the learned weight of
the feature, and there aret features.We can thus apply the same Weights of Evidence approach as

for Linear Regression to explain this linear decisn boundary (Equation(B.56)).
"0 Q (B.69)

where™Q U .

B.14.2 BINARYPLATFCALIBRATERINEARSVM

The simple linear SVM does not produca probability output. Platt [1999] developed acalibration
method by fitting the SVM output to a logistic regression with the following model:

p

pQ— (B.70)

n

wheref and[ is the learned coefficientand constant, respectively and wis the learned linear

model from Equation(B.68).
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Taking a logit transform on Equation(B.70) produces thesimilar expression as Equation(B.68) but

with a scaling factorf and translationy :
ho) Tow T Q (B.71)

where™Q 1 o,

EVE nt

(¢
i I FEIE n

0
0

B.14.3 MULTICLASNON-CALIBRATERINEARSVM

We consider multiclass inference as done in the Weka toolkit for linear SVWVhe number of votes

for the “@h class value is the sum of relevant pairwise classifiers that voted for tfi&h class,i.e,
® W T (B.72)

where & is the SVM output of the pairwise classifier betweeffand Qo mtwhen the pairwise

classifier votes for the'@h classifier, otherwise, it votes for the@h classifier, d@indicates

e p EGOOOA
W EEEAT OA
w 1 w

o .
&)

e m

E
E 1
where 0 and ware the original learned cefficients and constant from the pairwise classifier for

W .
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We want to express the weights of evidence in terms of input features, 18 €. We can multiple

Equation (B.72) with the normalized sum ofweights of evidencedue to features:

p

OAT DA 1 w p (B.73)

where O A1 @ AO C D3 and we denote the total evidencedue to features asO A1 ® A This
represents the nunber value of w rather than w as a series expansion. Multiplying Equation

(B.72) with Equation (B.73) and rearranging, we get

Y'Q YQ (B.74)
where
y'Q 1—o‘o W T
OAT HA
0 EE nt
! ®» EIE n

B.14.4 PAIRWISEIOUPLING

Before we discuss multiclass calibrated linear SVMs, we discupairwise coupling, an important

method to support multiclass inference with binary classifiers.

Many inference models can only make classifications between two class valuesg( Logistic
Regression, Support Vector Machines), but applications may want to inferevmore than two value
(i.e, a multi-class problem). Several methods exist to help use binary classifiers (that deal with only
two values at a time) for multiclass problems. For example; one-vs-all classifiers can be used to
infer over € class values, and the value of the classifier with the highest certainty is chosen. An
alternative popular approach is to use Pairwise Coupling [Hastie anfibshirani, 1998] that looks at

¢ one-vs-one classifiers, and choass the classvalue that is selected by the most classifierswWe
briefly introduce this algorithm in this section, and generate explanations fat. Refer to the original

paper for a more detailed discussion of the method.

For a muliclass problem with ¢ class values, consider a system &f pairwise classifiers covering

all pairwise comparisons. We index these classifiers a&) @epresenting the binary classifier that
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will infer the "@h class if the inference is positive, and thédh class intead if the inference is
negative. For pairwise classifiers that are calibrated, we can denote the probability of inferring the
“@h class instead of thé@h class withi . These probabilities can be represented in a matrix:

i 0 i
p i (B.75)

P ()
MM Mh M

ThTp MR T
NS

We wish to estimate he true probabilities for each class valug) (estimated asnHufrom this system
of pairwise comparisons In terms of these true probabilities, the probability outcome of each

pairwise classifier can bemodeledas:
Ol — (B.76)

where i is the observed (measured) pairwise classification probability, and is the model

(theoretical) pairwise probability. The Pairwise Couping algorithm estimatesnHby maximizing the
negative KullbackLeibler distance betweeni and the estimates of , notated as HurHsonverges

iteratively with :

. . B g i
N H——, (B.77)

where ¢ is the weight for the "Q¥ pairwise classifier. As shorthand, we drop the hat notation to

indicate the estimate:

i b (B.78)

where /b ® i is the minimized Kullback-Leibler distancebetween the estimate' from
the observedi ./b is a function ofwand its value varies for each inferenceWe assuméeb is small,
but we want to retain this difference, because otherwise approximating it away can lead to

fallacious explanations.
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Rearranging Equation (B.76), we can derive an expressin for 1} in terms of the probability of

another class) :
(B.79)

Note that, unlike how the multinomiallogistic regression deals with the multiclass problem. we do
not have an expression fon independent of other classes. We therefore cannot derive a one-

none Weights of Evidence explanation.e,
Q (B.80)

However, we can derive oness-one Weight of Evidence explanationsy'Q, about pairwise
comparisons. From this, we may derive the ones-all explanation,Y'Q . To derive an explanation

for why the “@h class was inferred over the'@ we start with the fact

Taking a log transforms gives ua logit expression in terms of

(] ﬁ 1T CEOTM (B.81)

At this point, we can express a on&s-one Weights of Evidence explanation for the inference dh

class over the'@h class in terms of estimated pairwise classifier probabilit *
yQ 1T CEOD (B.82)

where‘ suggests some weight of evidence far 1.
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Note that this method is agnostic to the base pairwise clagigr, so even a "black box" classifier can
be used.

yQ e ‘ (B83)
While we can generate explanations for the Pairwise Coupling step, we can leave therpie
classfier as unexplained or explained as aseparate layer Fortunately, as long as the logit

expressionl | @ E €an be expanded, we can provide closed explanation in terms of input features.

This is possible for multiclass SVMs, which wdiscussnext.

B.14.5 MULTICLASBAIRWISECOUPLELINEARSVM

Linear SVMs are often used for muktlass problems {.e, where inferences need to be made over
¢ class values).To handle multiple class values, pairwise coupling [Hastiand Tibshirani, 1998]

can be used on alltie pairwise classifiers. In fact, this is what the Weka toolkit uses for multlass

SVMsWe have already described how to generate explanations of pairwise coupling of classifiers

in SectionB.14.4 For the multiclass case, & express Equation(B.70) for each pairwise classifier,

with a change in notationr} i and other additions of the "Q 8ubscripts:
i . ; (B.84)
p Q
Similarly to Equation(B.71), the logit of Equation(B.84) is a linear expression:
11T CQEOT 0 w0 I (B.85)

Equation (B.85) only provides the weights of evidence explanation for a single pairwise classifier. In
order to explain the overall inference, weseek to expand on Equation(B.82), noting that while

‘ i , they are not equal’ 1), and

1TCEOITQEOD

B.86
1T GEO (5.56)

We can address this discrepancy by treating it as a difference error or a scale error.
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B.14.5.1 DISCREPANCY BYWFERENCE

By considering the discrepancy as a difference, we have:

ITCEOI T QEO

(B.87)
o o f |
Therefore, from Equation(B.82), we can produce the explanation:
yo 11 CEO yQ (B.88)
where
Yo 1
o FEVE nt
! 1o 1 1 EAER
) I1TCEOIT QEOD
w p

1 is output from each pairwise classifier, and is estimated from the pairwise coupling method.
For eachinference, the values of and‘ are computed, so we can just use them as known values,
rather than functions in ca Notice thaf]  is independent of/b fori T, but] is dependent on

the test instancem used for inkrence. Thus, we can call the evidence due to estimation.

Equation (B.88) reduces well to the binary class case:

whereYQ 1 ® and/b Tt SO To T,

This difference treatment may suffer from cases where the value df may be verylarge in

magnitude. We can ameliorate this issue by considering the discrepancy as due to scaling.
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B.14.5.2 DISCREPANCY BEALING

By considering the discrepacy as due to scaling, we have:

ITCEOINITT QGEO
(B.89)
s o o I
Therefore, from Equation (B.82), we can produce the explanation:
yo 11 CEO yQ (B.90)
where
Yo 1
Iy o FEIE T
! T o [ FEER
| I1TCEO
1TGEO

B.15NAIVEBAYEEXPLAINER

The naive Bayes classifier is a simple classifier that uses Bayes theorem to classify values. It
assumes that input featues are conditionally independent of one anotherQOur explanation for
naive Bayesnferenceis an extension of [Poulin et al. 2006] fomulti -class problems The posterior

probability that the "@h class is inferred(w ) from a set ofa class values given the observed

instance input featurevaluesai
0w WW U OoWMEMm ed w 0 OIW (B91)

where @ is an input feature of € possible values. We neglect the denominator term as it will cancel
out. The probability is calculated from the prior probability that a class would be in) « , and the

conditional probabilities of each feature value given the class, ¢ I .
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For notation convenience, let us define

, Dw 1 m
N O 1 T
n 0o
Then Equation(B.91) becomes
ne n (B.92)

Taking a log transformof Equation (B.92) gives the linearexpressionfor the weights of evidence

explanation:

[ [
(B.93)

where™Q 1 T1¢ .

B.16 HDDENMARKOW ODEL$HMM) EXPLAINER

A hidden Markov model (HMM) isa Bayesian network that modes the probability of a sequencenf
hidden states given a sequencefmbservations (input features with respect to time). Firstorder
Markov models assume that only the previous state affects the next, and only the current state
influences the current observation.For detailed information on HMMs, please refer to [Rabiner,
1989]. We can derive a weights of evidence explanation for HMMs in a similar manner as we did for

naive Bayes.
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B.16.1 SNGLEOBSERVATION PERVE STEP

We consider a sequence of lengthY The probability of inferring state (Output) sequencei, given

the observation (Inputs) sequencewis:

Oigw O 0id 0 wd
(B94)
“ oigd 0 wd
where 0 i “ { is the prior probability that a state isi ,0 i g oid the transition
probabilities from state i to i, and 0 wd 0 wd the emission probabilities of the
observations given the state sequence.
Taking a log transform onEquation (B.94) givesthe weights of evidenceexplanation:
M 1T Ciw
I 1 “Ci | 1&g | T &g (B95)
"0
where
. 171G, 1 idad, FMEGEDP
PO liiig,, |1&as, FEGEp

B.16.2 OBSERVATIOMECTOR PERME STEP

Next, we consider HMMs with observation vectors for each timetep, specifically with € input
features. At time stepod, the observation is@ @ fw M ho . The probability of inferring state

sequence , given the observation sequenceis:

Oigo O 0id 0 @Y
(B.96)
i oid 8 @9
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To allow features to individually provide evidence, we need to make rmaive assumptior(similar to

what is done fornaive Bayes)that the features are independent of one another giveany state i.e.,

bdd OB o e 0 ®d (B97)

We define anew parameter for the HMM,0 @ g 0 @ 9 , which is a naive emissions
probability matrix representing the probability of observing input valuew given hidden statei .

This can be computed with a labeled trainig set.

Substituting Equation(B.97) into Equation (B.96) gives
i oid 0 wd (B.98)

For notation convenience, we rewriteEquation (B.98) as:

ne n (B.99)
where
“ FEIE o p
I oid PEVE md p
6w d FEIE

Taking a log transform onEquation (B.96) gives the weights of evidence explanation:
0 Q (B.100)

where
1 T“Ci FEIE o p
Q 1 1 Tagid FEVE o p
I1T&wd FEVE 1
So, with the naive assumption of independence amg features, HMMs can be explained as the sum

of evidence of:

1. Prior probabilities of selected state, (i 1D p)
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2. Weights ofEvidence due to eaclstate transition , 10 p

3. Weights ofEvidence due tofeature value atsequence step,(i )

B.16.3 EXPLANATIONBREGARDING THERASTTIME STEP

Even though the HMM will infer over a time sequence, enasers may be interested only in the last

time step. In this case, explanations will pertain to the various class values that the last staté

may take. Given theriferred state sequencej | A MBH B H ,we considerthe last state
inferred as the "th class value,i.e, i "QWe want to present the evidence foi O ph .
giveni A B H ;this explains the prdability of inference,0 i '@ i BH  .To use the

same notation as nortime-based explainers, we also definew ¢ . Fixing i i BBHA

Equation (B.100) becomes:

0 Q (B.101)
where
ol TG FEVE o p
l:l] I i d FEIE fp o Y
o 11 FEVE mo Y

Tiewd FEVE fp o Y
'y . .
ol T EwsQ  FEVE o Y

Equation (B.101) presents the weights of evidence in two dimensions, time step and input features.

We can now use the techniques for netime-based explainers taderive explanations for Why, Why
Not questions. However, each weights of evidenceéQ, explains the conditional probability
n Oi Q@ HMHA instead of0 i "Q

B.17DECISIONSTUMPEXPLAINER

A decision stumpis one-level decision trees (.e, the root and kaves) [Iba and Langley, 1992],
which uses a single input feature for inferenceDecision stumps are typically used as part of an

ensemble classifier, such as AdaBoost. infers a probability distribution over the class values.
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Denoting the selected feature as thetéh feature and the probability for inferring the “@h class value

asn) , the weights ofevidence explanationis:
"Q Q (B.102)

where™Q nd ig andd@is the Kronecker delta notation.

This explainer algorithm is implemented inDecisionStump  Explainer

B.18DECISIONREEEVIDENCIEXPLAINER

P(X1)

P(Yi  8) P(Y)P(Xy)

P(x2|YI a.) P(_'XZ) e AN P(Xz)

| |
R(X —X P(Yj) P(X1)P(X2)

P(Yi & 8&)
I

Figure B.7. (Left) A decision tree illustrating probabilities at each node due to the probability
distribution in the training set satisfying the feature conditions, J—-z at the node, and
conditional probabilities of each edge between nodes. (Right) Probabilities of nodes and
edges of the reasoning trace, assuming conditional independence between feature

conditions. Edge probabilities are used in the weights of evidence explanation.

We had previously considered the decision tree deterministically as a combination of rules. Here,
we want to consider it probabilistically, where its structure is due to statistical treatment of a
training set. This will allow us to produce a Weights of Evidence explanatiaf the trace where we
attribute atomic weights of evidenceto each decision condition in the reasoing trace. Given a trace

with — conditions, we denote the” th condition as® . A condition may be an equality or inequality,

e.g,0 pTw X, wherew refers to thei th input feature.
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Afull trace is represented by the event

A learned decision tree encodes the probability distribution for inferring class values as the
probability distribution of the training instances at the leaf of the traced path in the tree. So the

probability of infer ring the "€h class(eventdenoted aswdw "Pis
n o0 O 0 o » (B.103)

We will use the LHS notation for the rest of the working. Wean similarly recover the probability of
inferring the “@h class for a pruned tree i(e, a truncated reasoning trace). Consider the reasoning
trace truncated to the "th node (condition). The probability of inferring the “@h class can be

computedas
Y O (B.104)
where¢ Z @ is the number of training instances satisfying the conditiorz & and which

are labeled with the“th class.

Note that this does not represent the atomic weight of evidence due to the condition. Instead, the

atomic weight is the probability of transition along the edge fromid to @ :

L ® ®, 0w (B.105)
Z w

C

Unfortunately, in this edge probability depends on , due to conditional depadence. However, if

we take assume conditional independencbetweend H 1, asis the casefor naive Bayes, then

0 O ®, ® ed ® N (B.106)
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Substituting Equation (B.119) into Equation (B.116) gives
nennn 8n n (B.107)

where 1 0® 0w 'Qis the prior probability for inferring the " class.f| can be

calculated from the distribution of the full training set.

Taking a log transform of Equation(B.120) gives the Weights d Evidence explanationsof a

reasoning traceinferring the “th class
"0 0 (B.108)

where —is the number of conditions in the trace” refers to the condition indexin the trace,

FEVE 1

C
E:

O FEEnN

C
()
e
C
()

o ® ® k OB AOGEAOOAA

With this derivation, we will be able to provide alternative explanations in terms of Weights of
Evidence, instead of Reasoning Traces. This can be particularly insightful for the Why explanation
by identifying factors that are more influential. However, it may not be as meaningful for Why Not

and How To explanatims, since it provides less actionable information than reasoning traces.

This method produces a different explainer than the deterministic dgision tree one. It generates a
Weights of Evidence instead of a Rule Trace explanation, and has corresponding amptions for
Why, Why Not and How To, for the specific rule trace that was traverseldote that while the Rule
Trace explanation can cover multiple traces, the Weights of Evidence explanation only handles one.
Figure B.8and Figure B.9 describe the algorithm for preparing the probability distribution in
Equation (B.107).
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Tt =root node of decision tree
& := condition literal representing edge M it from null to root node
, = new empty trace clause
z [ =map of DNFs of each classalue// gets updated in TreetoDNF
TreeToDNF( ,& ,0,,, )

TreeToDNF(, &0 ,,, )
/I compute edge probabilities from node probabilities; see Equation(B.105)
0 B 0 = probability class distribution of parent node t p
B 0y := read probability class distribution at current node t
0 & B R :=EdgeProbabilities® ,0)

C

CA

Stored & into &

If tparentofB T for somet // Thas child nodes
w = attribute described in T
For each childt
& D EdgelLiteraltht ) // define condition literal to represent edge tht from tto T
, =Clone, /I duplicate trace to extend for each child path
D, @ /I append literal & to trace clause,
TreeToDNF( ,&,0,, , )
Else// fis aleaf
"t | A@ // inferred class value
[ JQ “Q// retrieve DNF[ that infers the ‘@h class

[ QD [ . . // append trace clause tof

Figure B.8. Modified algorithm (of Figure B.5) to traverse the decision tree depth -first to

convert it into DNF and store class probability distributions of edge conditions.

EdgeProbabilites @ ,0)
0 B 1
For each class value indeXQ
A D OxIO f// implements Equation (B.105)

Return P

Figure B.9. Algorithm that implements Equation (B.105) to calculate the class probability

probability at each edge transition in the decision tree.
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This explainer algorithm is implemented in J48Evid enceExplainer . Furthermore, to support
weights of evidence explanations for the ensemble classifier RandomForest [Breiman, 2001], this

explainer algorithm is also implemented inRandomTree Explainer  to explain Random Trees.

B.18.1 WEIGHTS OEVIDENCE ORPUTFEATURES INSTEAD GBNDITIONS

Equation (B.108) presents the weights of evidence explanation in terms of feature conditions of the
reasoning trace. This differs from other weights of evidence explainerg (g, for linear SVM, logistic
regression, and naive Bayes) because some input features may be omitted or may occur in multiple

feature conditions in the trace.Fortunately, we can still provide an explanation in terms of input

features by summing weights of evidenceof each condition,”Q 1 T ¢ ,that has the same input
feature,w:
"0 0 (B.109)
where
11 FEVE 1
Q ‘|'|'% NGO  FEE T

o p EEAAOAGEAAOD
@ "o n A

OEAOxEOA
This formulation of the weights of evidence explanation in terms of input features will also be

useful when combining multiple explanations to explain an ensemblelassification (seeSection
B.20).
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B.19Kk-NEARESNEIGHBOR(KNN) EXPLAINER

The k-Nearest Neighbos algorithm (kKNN) is an instancebased learning method that classifies
I OOAT T A0 AAOGAA 11 OEA ET OOANARKO GFol G E AQEDAMAEEA EO CE T
training set instances are called neighbors, and we denote tH@h nearest neighbor as® . The

distance between instances depend on the differences between each input feature value,

Yo W s

where w is the value of thei th input feature for the test instance, ando is the value of thei th

input feature for "@h neighbor.
The total distance over £ input features is calculated with aDistance function | , most typically
Euclidean or Manhattan
o Yo %OAI EAAAI
Yo - AT EAOOAI

Up to Qnearest neighbors that are selected will vote to assign the class value to the test instance

that matches the majority class value among the nearest néilgors. This depends on the Weighting

function,
p L TA
V] U1 p 1 3EI EIl AOEQOU
P )y T OAOOA
Therefore, the probability for inferring the “@h class is
N2 o W a (B.110)
7

where @ is a normalization constant 0 is the number of neighbors being considered for
classification, U 07 why ,andwe use the Kronecker delta notation

GEEBDEAECEDAAAXIEDEART AOO

v p )
W A GEAOXEOGA
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We can also represent the inference as
ne 0 (B.111)

where U is the the set of neighbors labeled with thé@h class.

We would like to produce an explanation in terms of two dimensions: input features ( p8 ¢€),
and nearest neighbors © p8 ). We will first derive an explanation for several Distance
functions, and then for the Weighting functions, combining themnio a single explanation

expression, rather than separated layers.

B.19.1 DISTANCEEUNCTIONS

To produce a Weights of Evidence explanation in terms of input features, we need to derive a linear
additive expression for the distances.

B.19.1.1 MANHATTANDISTANCE

The Manhattan distance (also called TaxCab distance) is a simplest distanc&inction that takes
the L1-norm:

1 1 (B.112)

where Yo is the distance for theith input feature. This is already a linear additive

expression of feature differences.

B.19.1.2 BUCLIDEANDISTANCE

The Euclidean distance is a common distance function used in kNN ahds also default in Weka. It

is an L2norm non-linear expression in terms of input feature distance$, B Yo

To be able to express the Euclideanstance] ,in terms of Weights of Evidence due to the distance
of each input feature] , we seek a linear approximation for the Euclidean distance. In the field of
computer graphics and engineering applicationsCelebi Celikerb, and Kingravi [2011] compared

several linear approximation methods for the Euclidean distance of arbitrary dimensions, and
found that although Barni et al6 O f pwwuv N c¢nnnY¥ ADPDPOI GEI AOEIT 1

inefficient, it was the most accurate with the lowest raximum relative error (MRE). Since we are

x AO



B.19INTELLIGIBILTY TOOLKITEXPLAINERS 319

primarily interested in an accurate explanation than speed of computing it, we choose this

representation. For an Euclidean distance,

TP 1

where] represents thei th orthogonal component distance, an@lPrepresents the distance vector,

the approximation,’O ,takes thelinear form:

1T 012 7 | (B.113)

where | is a permutation of § s @& g8 I8 Lsuch that ) E

(henceforth called valueranked), and] and]  Ttare approximation parametes, estimated with:

These parameters are constanbnly depend on thenumber of input features, €. The maximum

relative error (MRE) for this approximation is - p TI.

Hence, we carmrovide the explanation forEuclidean distance as linear approximation:
1 | (B.114)

where] _Yor and_ T

B.19.1.3 FEATURIPISTANCESORNUMERIC ANIGRATEGORICAEATURES

Depending on the type of the input feature (numeric, normalized numeric, or categoricaljlistance
due to each input feature will differ:

® ® 101 AOEA
[ e TTob 1O ADEAI Al EUAA
AAOCACHOEAAI
i BF -

<
&

(B.115)
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For normalization, Weka uses minmax normalization for its KNN implementation:

17 obd  —©f (B116)

Wp

Given the aforementioned linear expression for distance functions, we next turn our attention to

finding linear expressions for weighting functions.

B.19.2 WEIGHTINGUNCTIONS

We seek to derive linear expressions for in terms of distanceand consequently get linear

expressionsfor weights of evidencein terms of feature distances:

Q 0
(B.117)

where 0 B ] is the weighting function in terms of the distancé and] represents the
atomic weight of evidence We derive explanations for three weighting functions (None, Similarity

and Inverse).

B.19.2.1 NOWEIGHTINGNONE

No weighting is done for this function, such thab pH "Q So weget the weights of evidence

Q P Vs

N

(B.118)
. &
This weighting function has no concept of explanation by input features.

B.19.2.2 SMILARITWEIGHTING

Similarity weights each farther nearest neighbor less with the functiony p 1 .So we getthe

weights of evidence
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(B.119)

where] -

B.19.2.3 INVERSHVEIGHTING

Similarity weights each farther nearest neighbor less with the function) pj1 . Sowe getanon

linear expression for the weights of evidence

(B.120)

where 0 R—

To get the linear expression of Equatior(B.117), we can consider a multivariate Taylor series
expansion to the first order. We neglect higher order terms t@void cross products of termsand
maintain linear separability. We expandabout the point | - for I i, and for some-, where

m - L p.A multivariate Taylor series expansion folh gives the expression:

L] 1 (B121)
€ - € -

PP

E- E-

This expression is similar to weighting by similarity (Equation (B.119)), which we can replicate

with a simple scaling andranslation, since¢ and- are constants:
p
- 1
£

Therefore, under approximation, we can use the same expression assurrogate for explaining

inverse weighting as for similarity weighting.
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B.19.3 WEIGHTS OEVIDENCE FORNR

In summary, we can present the Weights of Evidence explanation as the linear additive expression:
"0 Q (B.122)

where

M ] w a

P e A
s . 17TAECEOET ¢ Yoo -AT EAOOAI
1 0 . 3EI EI7TAGHEIDE | 1 [ Yor %OAI EAAAIT

e YT ONRELEOET C

| m M p

C
r
p B |

dindicates approximations.

B.19.4 How To EXPLANATIONSNOT POSSIBLE

Since the classifier is built lazily by considering the test instance, it it possible to provide this
explanation without a test instance from which to find neighbors. Furthermore, the explanation

expressions are not linearly expressed in terms of input feature values.

B.20BENSEMBLELASSIFIEEXPLAINER

To improve the classificaton accuracy of a single classifier, ensemble methods can be used where
multiple classifiers (henceforth called base classifiers) are combined to infer the class. We consider
the general case where& base classifiers are used in an ensemble for inferend#lany ensemble
classifiers make inferences through a linear combination of base classifications, the probability

of inferring the “@ class is
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. P .
- B.12
noE - (B123)

where R is the probability of the cih classifier inferring value @, and®is a normalization constant.

We wish to derive a weights of evidence expressiom terms of weights of evidence of the base

explanation:
0 Q (B.124)

where "Q is the linearly separable weights of evidence expressioof lower-level factors (e.g, input

features)and_ is a coefficient factor for thedth base classifier.

B.20.1 NORMALIZATION ONEIGHTS OEVIDENCE OBASEEXPLANATION

Rather than propagating the probability of inference from a base classifier, some ensemble
classifiers discretize classiftation results of the base classifier to 0 or Ihis discretization neglects
i OAE EIT &£ Oi AGET1T &E01i1 OEA ET ZAOAT AA ET OEA AAOA

For base inferences that do influence the ensemble classification, we wish to present their weights

of evidence in &orm normalized to 1. We do this with the expression:

Q

BATGA P (B.125)

where "Q is the linearly separable weights of evidence expression for théh base classifier and
OAT" QA OcCT $Qsis the value of the total weights of evidence

We can then explain the weights of evidence of the ensemble classification as:
(B.126)

where _ is a coefficient factor for thedih base classifier, which depends on the actual ensemble

classifier (seeSectionB.21and B.22).

b~
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B.20.2 TRANSFORMATIGNNDEPENENTNORMALIZATION

If the base explainer formulates "Q as a linear function of } ,i.e,"™Q 06 6 andr can be
formulated as a linear function oflower-level dimensions g.g, input features), then"Q can natively
present the Weights of Evidence in terms of those dimensions. This is the case for explanations of

Decision Stumps, Logistic Regression, binary linear SVM, and kKNN.

However, some base classifiers require a transformation af to obtain "Q as a linear additive
expression €.g, explanations for naive Bayes, HMM, and multiclass SVM require a log transform),

i.e,
Q.

where ¢ is a nonlinear isotonic (monotonic increasing) function ofry and transforms it into a

linear additive function.« could typically be al To€l 1T €icton.

Although « preserves the relative ordering of the probabilitiesj.e,

generally, it does not preserve the relative scale between probabilds,i.e,

J‘l i

We can mitigate this issue by scaling to preserve the scale relationships between iterations,

OATDA

e NN 0 —8—
OAT OR

(B.127)
where OAT DAOCDR . 1) "Q is will be expanded to fully express the weights of evidence
for the one-vs-none comparison, andD A 1 <Ol s its value sum, the total weight of evidence.
The explicit value O A 1 7D Ais obtained from the probability distribution at inference, so it is also
known. Note that even though the full dimensional weights of evidence is linearly additive, the
weights for the base classifier dimensionsg.g, input features) are actually in the transformed
space, unlike the weights for the iteration dimension which are in the untransformed space.
Consequently, the weights across dimensions are not strictly comparable, but this discrepancy may

be unimportant to lay end-user, and this scaling may provide a sufficiently reasonable explanation.
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Notice that even ife is a linear transformation, the factor———— will not affect the relative

scale of probabilities between iterations, and will even normalize eacl2 to probabilities. So, we

can equally apply this scaling to aflorms of "Q .

B.20.3 BASEEXPLANATIONS BEFARESEMBLE

Recall that some explainers do not provide a weights of evidence explanati@® such that'Q n
(e.g, explanations for SVMSs). In such cases, we will not be able to obtain an ensemble extlan

using Equation(B.126). First, we simplify Equation (B.126) to
K (B.128)

where we neglect weights of evidence of the lowelevel dimensions in"Q . Next, we consider the

weights of evidence explanation for a pairwise comparisorquation (B.37):
Q0 "Qk (B.129)

Similarly to Equation (B.125), we consider normalizing the weights of evidence for a pairwise

comparison:

3'Q

SATHE P (B130)

and substitute Equation(B.130) into Equation (B.129) to get a weights of evidence explanation for

pairwise comparison:

3Q k
(B.131)

where

6 == a0
& BA1 LR °
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With Equation (B.129) we will still be able to generate Why and Why Not explanationsThis
produces the explanation of the pairwise comparison of each base classifiefQ , and collates
them to produce the ensemblexplanation. Since EquatioriB.129) can be used more generally than

Equation (B.126), we shall use it to derive subsequent explanations for ensemble classifiers.

B.20.4 SNGLE TYPE ®ASEQLASSIFIERS

Single lewel why:

ya £ yo £ yo
a o
In SectionsB.21 and B.22, we describe explainers for two popular ensemble classifiers, Bootstrap

Aggregation (Bagging) ad AdaBoost.M1, respectively.

B.20.5 DIFFERENTYPE OBASE(QLASSIFIERS

Some metaclassifiers (.9, Democratic CeLearning [Zhou and Goldman, 2004]) use base classifiers
of different types (e.g, decision tree, naive Bayes, kNN). These can lead to some incopsisy

issues when generating a coherent weights of evidence explanation:

Number of dimensions of weights of evidence . Explainers may provide explanations in a
different number of dimensions. For example, the naive Bayexplainer (Section B.15) provides
explanations only in terms of input features,w, the kNN explainer (Section B.19) provides
explanations in terms of nearest neighbor and input featuresy , and the HMMssxplainer (Section
B.16) provides explanations in terms of time step and input featuresw . One simple way to
standardize the number of dimensions is to justeducethe explanations to the dimension of inpt
features. This is done using th®imensionReducer reducer component (seeSection6.11.2) that

can collate weights of evidence to just the input feature dimension

Dimension number space . Another issue is whéer a nontlinear transformation was used to

derive the weight of evidence explanation in a base explainer. For example, log transforms were
required for the naive Bayes and decision tree explainers, and logit transforms were required for
the logistic regression and multiclass linear SVM explainers, but only a linear transform was
required for the kNN expldaner. A consequence is the relative difference in magnitude of each

weight of evidence.
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Need to make each base classifier consistent in:

1 Dimensions of weghts of evidence

1 Dimension space €.g, whether logtransformed)

B.20.5.1 STANDARDIZADN OFBASEWEIGHTS OEVIDENCE

Need to be more stringent than Equatior(B.126). Other than just normalize the total weights of

evidence, we would liketo normalize the spread of each weight of evidence. Equatior{B.126)
makes the mean (average) of atomiweights of evidenceequal to-. Furthermore, we assume that
each atomic weight of evidence will be of comparable magnited across classifiers. As such, the
mean and standard deviation of the weights of evidence follow the distribution 5 —Fp . Consider

the i th atomic weight of evidence!Q The transformation for normalizing a distributionx O 1ip , is

o b ¢ ON =

where * is the average of the weights of evidence andis its standard deviation.Since we want to

normalize and then make the meanr, we use the transformation

OOAT AABRE D Rfp ¢ v =

™| D

Note that atomicweights that were originally zero will be biased toward a positive value.

We present the weights of evidence explanation as:
3'Q 30 (B.132)
where
3'Q _ _ OOAT A/@ARQ A

OO0AT A ABDARTD A
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3¢

3'Q

el

Due to the additional assumption of equal variancdor atomic weights of evidenceacross base
explanations, we do not use this normalization technique for ensemble classifiers that use a single

type of base classifier.

B.21 BOOSTRARGGREGATIOfBAGGING EXPLAINER

Bootstrap aggregation (bagging) [Breiman, 1996] is an ensemble classification algorithm that can
improve the classification accuracy of base classifiers. It takes a training dataséx, and createsd
new training sets bysampling examples fromO with replacement. This method is called boostrap
sampling. It then trains 6 versions of the base classifier, one classifier for each new training set.

Overall inference is done by averaging the inference of each of thesbeclassifiers:
. P .
= B.1
T 5 n (B.133)

where 1} is the probability of the dih classifier inferring the “@h class and ¢ is a normalization

constant.

Using Equaton (B.126), we can express the weights of evidence for inferring tH& class in terms

of classifiers:

0

Q N SATGA (B134)

where "Q is the linearly separable weights of evidencexpressionfor the cih base classifierand
OAT" QA OcCT $Qsis the value of the total weights of evidence

In terms of a pairwise classification, the weights odvidence explanation is:

‘0 , , 3Q 3
3 —
N A1 A (B.135)
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To illustrate the atomic weights of evidence for severabagged classifiers, we work out their

expressions in the next sections, though they are automatically generated using Equati@134).

B.21.1 RANDOMFORESTBAGGEIRANDOMTREE}

Formatting the weights of evidence explanation for the Random Tree classifier thin an ensemble

classification, Equation(B.109) becomes:
M 1Ifg 1T ov® (B.136)
where — is the length of the inferred trace of theih classifier.

Substituting Equation(B.136) into Equation (B.134), we get

Q N SATGA Q (B137)
where

e o

e

B.21.2 RANDOM(BAGGEDNAIVEBAYES

Formatting the weights of evidence explanatiorfor naive Bayeswithin an ensemble classification,
Equation (B.93) becomes:

Q 1 11rg (B.138)
Substituting Equation(B.138) into Equation (B.134), we get

. Q .
N SATGA Q (B139)

where

n

OA1 IBIAC T
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B.21.2.1 BAGGELNEARSVM

Formatting the weights of evidence explanation formulticlass linear SVMwithin an ensemble

classification, Equation(B.90) becomes:

Yo 11 CEO yQ (B.140)
where
yo 1
I 0 FEVE Tt 1T CEO
1 i 0 [ 1 FEEn I YT gEo

Substituting Equation(B.140) into Equation (B.135), we get

. 3Q
YQ ‘ ‘ = 3Q
L i OAT £AR (B141)
where
. n N :
YA S

B.22 ADABOOSTM1 EXPLAINER

AdaBoost.M1 is the multiclass extensio of Discrete AdaBoost [Freund an&hapire, 1996], and this
was extended for cofidence-rated predictions in Real AdaBoost [Shapir@and Singer, 1999]. We
will not cover in detail the algorithm, and defer the interested reader to the source papsr
AdaBoost.M1defines the output inference of the meteclassification in terms of a weigheéd sum of

the output inferences ofciterations of base classifierj.e,
0 | Q (B.142)

where "Q representsthe learned function ofwhether the cih classifier iteration infers the “th class

value, and is the learned weight for thecth iteration.
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To obtain the probability distribution over class values, we will need to calibrate the output of the
boosted model (Equation (B.142)). NiculescuMizil and Caruana [2005] compared multiple
calibration methods, and found that a Logistic correction was more accurate than using the raw
weights,| , because boosting can be viewed as an additive logistic regression model [Friedman,
Hastie, and Tibshirani, 2000]. This transformation applies an inverse logit transform (or expit or

sigmoid) and takes the form:

S
p A@bBCQ

hoilCED
1T QEDQ | Q
The Wekatoolkit performs a simpler calibration by applying an exponential transform instead:
neAgn
1igeQ e
Similar to our previous treatments, our explanation will actually be about a monotonic transform
on the probability of inference, rather than the atual probability distribution.
The Weka implementation of AdaBoost.M1 takes another simplification yefining
N w a (B.143)
where we use the Kronecker delta notation where

w a P EBEI ACBEEBABADAOO
m A

OEAOx EOA
Substituting Equation(B.143) into Equation (B.142) gives

Q | a (B.144)

where 0 is the set of iterations where the classifier inferred thé@h class value. This discards any
information we have regarding how underlying factors €.g, input feature values, classalues) that

influenced the base classifications. Nevertheless, this can help to simplify the explanations.
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Using Equation(B.126), we can express the weights ofuence for inferring the “@h class in terms
of iterations:
Q aw Q < B.145

| BATBA (B149)
where "Q is the Weights of Evidence for a ongs-none comparison explanation of the base
classifier on thedih iteration, andOA 1 "QA OCTQ $Qsis the value of the total weights of
evidence. Notice that even if we had to transforni to derive "Q, this does not influence the
resultant explanation at this level, since the relatig ranking of inferring each class is preserved.
Note that the iteration dimension ¢ may not be particularly informative, so this should be

aggregated away before presenting to the endser.

In terms of a pairwise classification, the weights of evidence phanation is:

0 3Q
3 —_—
= O0AT £A (B.146)
where
| FE{AEEI AOCBEEABDODAOO
| W Q@ aw @ | EBBR] ACBEAFBOBADODAOO
n H OEAOxEOA

To give an idea of what the atomic weights of evidence represent for several boosted classifiers, we
work out their expressions in the next sections, though they are automatically generated using
Equation (B.145).

B.22.1 BOOSTEMDECISIONBTUMPS

Formatting the weights of evidence explanation for decision stumps within an ensemble

classification, Equation(B.102) becomes:

0 o i (B.147)

where i gis the i th input feature of the th classifier; i ¢ is the input feature selected for inference and
4  idvindicates thati EOA T ARIOHERA GEDAOE | AOCOENEAO
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Substituting Equation(B.147) into Equation (B.145), we get

0

where
M | O VNIAY ,h‘ —0  i4
OAITOA
| EAITAg | 1 ¢

n H OE A&« E

B.22.1.1 BOOSTEMECISIONREE

Formatting the weights of evidence explanation for the Decision Tree classifier within an ensemble

classification, Equation(B.109) becomes:

M 1 1T/C NG (B.149)

where — is the length of the inferred trace of theih classifier.

Substituting Equation(B.149) into Equation (B.145), we get

0 I Qi A ﬁ 0 (B.150)
where
I Qi Ag )
© BATIGAD e oo
| % NG EEDAG

Tl H OEAOxEOA
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B.22.1.2 BOOSTEDNN

Formatting the weights of evidenceexplanation for the kNN classifier within an ensemble

classification, Equation(B.122) becomes:

Q 0 (B.151)
where
Q 1 (V) Q
P 17 AECEOET .
€ o ,\Q, c; : Yoo - AT EAOOAI
! " 3EI EI7TAGRGIDE | [ Yo r %OAl EAAATL

VS ) 1 ONRELEOET ¢

Yo W W S

Substituting Equation(B.151) into Equation (B.145), we get

where
| Qi Ag N
Q 5ATaA | © @

B.23BNSEMBLIPECISIONREESRULETRACEEXPLAINER

Given the popularity of using decision trees in emmble classifiers [?], we can present richer
explanations of an ensemble of decision trees, where for each inference, there is a trace for each

decision tree.



B.23INTELLIGIBILITYTOOLKITEXPLAINERS 335

Extending Equation(B.11)

(B.153)

where

§o) ﬁl ¢

Note that each trace— , may be of different length



336 APPENDIB | INTELLIGIBILITYTOOLKITEXPLAINERS

B.24 SUMMARY OFEXPLAINERS FORFERENAHAODELS

We summarize the two main types of explainers: Rule Trace and Weights of Evidence.

B.24.1 DNFRULETRACHEXPLAINER

These explainer methods apply to Rules and Decision Trees after conversiondisjunctive normal
form (DNF). We store rules as DNF trees, and separate based on which class value they infer. These

DNF trees are stored in a map of DNF trees:

B r
where
r U {5 the DNF tree of traces that infer théeh class
U 8 is atrace consisting of condition$
Explanation Types Rule Trace Explanations
Why TN R AR &
where
. .. p ELEOCOQEENTPOOO
¥ HOEAOXEOA
W D W @ w is whether trace, s satisfied by inputs @
425B&E EOOQEGAT
O W 425BEE ©
&! , HWEAOx EOA
Why Not B NN ARNAREN
where
&! , 3E EOOQEGAI
O W 425 UEEe O
42591 OEAOxEOA
How To r B BQ @ r Q@
(A
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B.24.2 WEIGHTS OEVIDENCIEXPLAINERS

Explanation Ty pes Rule Trace Explanations
Why So 0 0
(Absolute Why) "
where "Q is the i th atomic weight of evidencethat votes for the @h classof the set of
all atomic factors,'Y.
Why Not 3'Q 3'Q
(Pairwise " 5
Comparison) where 3°Q is the pairwise weight of evidence for inferring the'h instead of the '@
class.
For explainers where™Q is defined,
3FQ k"Q "Q Q Q
3’Q kQ Q
Why E'fest 50 20 20
(Relative Why) N
where weights of evidence consists of an extra dimension due to class val@e phi .
How To Depends on inference model

The following table

inference models.

describes how to generate the welgs of evidence expression for specific

Inference Model Weights of Evidence Explanations
Functlon_al Linear Regression QO 0
Regression
where
N dw
Function Multinomial N . PPN N
Classifica | Logistic Regressin Q@ 1T @EO Q
tion where
O )
i M ah ™
i f Q ah T o
! i 0 dk:i Tt h n
f Q ah =
6 W | T
p 1 m
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Inference Model

Weights of Evidence Explanations

Uncalibrated

Multiclass Linear yQ yQ
SVM where
° 1
Y'Q f()) ()’0 Tt
OAl HA
: 0 EVE m
© EEn
Pairwise-coupled, yo 11 CEO 0
Platt-calibrated
Multiclass Linear where
SM Yo 1 o
w p
By Difference By Scale
0 FEE m hr o FEIE 7
1 o 1 1 FEE | 1 o [ FEIE T
A 1T CEO
1 I TCEOITQGEOD —Q
I T QEO
Multiclass N V.
Quadratic SVM yQ yQ
where
p AR FEEgE i n AT T OOADD
I'p 5 » 5 o o
Fr Cw & o FEE mi n 1 ET GAD®I O
yQ .. y
r T FEE Th T
'y
O o o FEgE mh nt AOTARA®I O
w
Bayesian Naive Bayes Q g 0
where
Q 11rg
. 0 Wg FEVE 1
n

0 & w, EIE T

n 0 w®
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Inference Model

Weights of Evidence Explanations

Hidden Markov

Models Qe >
(HMM) where
M 1TIrg
“ i o p
I oid i o p
0 wd i 1o p
Naive HMM model_  “ M
Decision Probabilistic N T N
Tree Decision Tree Q g Q
where” indexes the trace node, rathertian input feature,
el lrg
0 0
where
Q 1Ig N
Similarity k-Nearest
Neighbors (kNN) Qe Q
where
Q] W wa
P . [7TAECE Voo - AT EAC
1 BEI EHAQ 1 V2 AXTOE
bl Yo %OAI E/
Pl YT 0A0OR [ Yer %
S I)l‘_ |" c
I i
- P p B |
Yo 0 ® normalized

For Euclidean distance, input featurerdered where @ is a permutation
of s G I8 ho O'such thatm E o
Yo oom
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Inference Model

Weights of Evidence Explanations

Ensemble

Bootstrap 9 n -
Aggregation OATQA
(Bagging) o A N
3 = 3
OAT KA
where "Q defined by base classifierO A 1 "Q Arepresents the value of
the evidence {.e, total evidence).
AdaBoostM1 . |  Q
© GATGA"
3Q | ® 2 & @ 3Q
OAT £A

where "Q defined by base classifier.
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ELLONORLDIUTORAL FOR
INTELLIGIBILITMOOLKIT

This tutorial is an adaptation of the tutorial athttp://www.contexttoolkit.org/?p=197 about how to

add intelligibility to an existing context-aware application, HelloRoom.See the tutorial at
http://www. contexttoolkit.org/?p=50 to learn how to build that application with the Context
Toolkit.

This tutorial describes how to make a contexaware applicationintelligible , such that it can
explain, what it did, why, and how it works. We will be using the components of the Intelligibility

Toolkit. We will extendthe HelloRoomcontext-aware applicationto make it provide explanations.

Explanations
What if... + | conditions are different ?
Explanations presence: 1
i O = brightness: 160
1ynotpresence =0 Ask
ar
1) not brightness < 150| light = Off
Why Not explanation What If explanation

Figure C.1. Screenshots of the Hello Room application showing some explanations.


http://www.contexttoolkit.org/?p=197
http://www.contexttoolkit.org/?p=50
http://www.contexttoolkit.org/?p=50
http://kettle.ubiq.cs.cmu.edu/~contexttoolkit/wp-content/uploads/2010/12/helloroom-intelligible-whynot.png
http://kettle.ubiq.cs.cmu.edu/~contexttoolkit/wp-content/uploads/2010/12/helloroom-intelligible-whatif.png
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We will be reusing the classes we had defined in theéelloRoom tutorial, and extending the main

application class, HelloRoom, witliHell oRoomintelligible

1 public  class HelloRoomintelligible extends HelloRoom {
2

3 I** Intelligibility Ul */

4 protected JPanel iui

5

6 public  HelloRoomintelligible() {
7 super ();

8

9 Il set new Ul component
10 iui = new IntelligibleUI( enactor );
11 iui .setVisible( false );
12 }

13

14 @Override

15 public  void enactorsReady() {
16 super .enactorsReady();

17 iui .setVisible( true );
18 }

19

20

21

22 }

We retain the original HelloRoomU!I panel thatcontains the GUI elements to change brightness and
presence, and see the corresponding change in light level. We adtklligibleUl to provide a
JPanel to show GUI elements for asking for and viewing explanations. We override
enactorsReady() to also set his to be visible only when the enactors are ready. It is in the
implementation of IntelligibleU! that we will employ the various components of the
Intelligibility Toolkit.


http://www.contexttoolkit.org/?p=50
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/apps/demos/helloroom/HelloRoomIntelligible.html
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1 public  class IntelligibleUl extends JPanel {
2

3 /I ...instance fields

4

5 public  IntelligibleUI( final Enactor enactor) {
6 super ();

7 setLayout( new BorderLayout());

8 setBorder(BorderFactory.createTitledBorder( "Explanations” );
9

10

11 }

12

13 }

For the rest of the code in the constructgrwe set up the components for the intelligibility features:

1 // Ul for obtaining queries from the user
2 queryPanel = new QueryPanel(enactor, true);
3 add(queryPanel, BorderLayout. NORTH);
4
5 I reducer for showing only brightness a nd presence in explanations
6 creducer = new FilteredCReducer( "brightness" , "presence" , "light" );
7
8 /I presenter for rendering explanations
9 presenter = new StringPresenter(enactor);
10
11 /1 Ul for showing explanation
12 explanationArea = new JTextArea();
13 add(expla nationArea, BorderLayout. CENTER);

We use the utility classQueryPanel provided in the toolkit to get a JPanel that provides a GUI for

getting aQuery from the user. We then create a conjunction reducerkilteredCReducer , to

simplify explanations that will be generated from the query. This particular reducer only provides
Aobpl AT AGETT O AAT OO OEA AOOOEAOOAOG xEOE 1T AIAO

instantiate StringPresenter , a simple Presenter to render explanations into a String

representation. Finally, we create a GUI text area to show the explanation in. This will be populated

when an explanation is generated.

Next, we need to listen for when queries are created by th@ueryPanel , and we do this by adding

aQueryListener _ which implements queryinvoked(Query)

AEOI


http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/query/Query.html
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/reducers/FilteredCReducer.html
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/presenters/StringPresenter.html
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/query/QueryListener.html
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1 queryPanel.addQueryListener( new QueryListener() {
2 @Override
3 public  void querylnvoked(Query query) {
4 /I generate explanation
5 Explanation ex planation = enactor.getExplainer().getExplanation(query);
6 System.out.printin( "explanation =" + explanation);
7
8 /l reduce
9 explanation = creducer.apply(explanation);
10
11 /I render
12 String explanationText = presenter.render(explana tion);
13
14 explanationArea.setText(explanationText);
15 }
16 D

Here, we take the Query that is passed and put it into @&xplain _er to get andExplanation. All
Enactors come with a default Explainer depending on their underlying model. Thepntent of the
explanation is anExpression _in Disjunctive Normal Form @©NB, and this is often overly
complicated for endusers to interpret. So we apply our previously instantiated reducer to reduce
the explanation. With the final form of the explanation, we an render it to humanreadable form

with our presenter to get an explanation text, which we display in the text area.

So that is all that is needed to add intelligibility capabilities to the HelloRoom application. The final

step is just to launch the appkation in a JFrame:


http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/Explainer.html
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/Explanation.html
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/expression/Expression.html
http://contexttoolkit.googlecode.com/svn-history/trunk/docs/apidoc/context/arch/intelligibility/expression/DNF.html
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1 public  static void  main(String[] args) {

2 ContextModel.startDiscoverer();

3

4 HelloRoomintelligible app = new HelloRoomintelligible();
5 app.start();

6

7 JFrame frame = new JFrame( "Hello Room Intell igible" );
8 frame.add(app.ui, BorderLayout. NORTH);

9 frame.add(app.iui, BorderLayout. CENTER);

10 frame.setDefaultCloseOperation(JFrame.EXIT_ON_CLOSE);

11 frame.setSize( new Dimension(320, 360));

12 frame.setLocationRelativeTo( null ); // center of screen
13 frame.setVisible( true );

14 }

Source codefor this tutorial is provided with the Context Toolkit distribution with the sourc e code

for HelloRoom.


http://code.google.com/p/contexttoolkit/source/browse/trunk/src/context/apps/demos/helloroom/HelloRoomIntelligible.java
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4EEO ADPAT AE@ AAOAOEAAO OEA OAAOITET @qq AATAA E] RAOA]
(Chapter9).

D.1 AVAILABILITY

, AfOA ET £ZAOO OEA OOAOG Os @A) AcE IPérsbial AvdlabilityARUlesAD DT UET
AppendicesE.1 and Rules inl.1) based on lowerlevel contexts. Multiple rules may be triggered
simultaneously, prioritized by availability from Unavailalde first and Available last.

D.2 PLACE

, AfTOA ET ZAOO xEAOEAO OEA OOAO EO AOediHoDd OffkE)AOI1 A

by sensing the following attributes through

T - AAOOOET ¢ OEA obordda@sd@titude] LAndit@® | T  #ia GPS or Network
on the Android phone,

Estimating the Accuracy of the location fixas returned byLocation.getAccuracy()

Retrieving Place s that the user had saved and which are near to the coordinates; these are

i TAAT AA AO AEOAOI AO OACEITO j OAOGAAI AQaiga x EOE A

map interface) andradius as defined by the user.

ytr  ,AJOA j OAOOGETT pqh OEA OOGAOGGO 11T AAOQGEIT EO 11
Coordinates as its center and the Accuracy as its radisA AAZET A OEEO AO OEA 00660
AEOAOI AO OACEIT &I O AThe usArAshferdedat HMake ifth®dsek BubbleA OA AT A
overlaps with the place bubble (sed-igure D.1).
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Place User Place
A Location B

Figure D.1." OAAT AO 11T AA1T OOAA ET , AJOA | A& sormaftic OAT OAA C

places A, B, and C. This indicates that the user is inferred at A because of the overlap.

YT, AfOAch OEA OOGAO AOGAAI A EO AAEET AA AO A ' ABOGO
Accuracy as the 50% circular error probability (CEP® [CEP]. This indicates the circular region
within which there is a 50% probability the user is located By mapping the location accuracy to

50% CEP, wecan model the Gaussiamarea and derive the accuracy bounds for othe€CEP values

(seeFigure D.2).
99.9%
95%
50%
Place Place
A B
Figure D.2." OAAT A0 11T AAT OOAA ET , A[OA¢g 1T &£ OEA OA1T OAA

places A, B, and C. The user location is modeled as a Gaussian area from the location
coordinates. Concentric circles indicate location accuracy bounds for: 15%, 50%, 95%,
99.9% CEP. This indicates that the user is inferred at A (most likely) followed by B, because

of the relative amounts of overlapping areas.

We can also determine the inference certainty of the user being at various places by calculating the

area overlap of the use Gaussian area with the place circle. For simpler computation on a mobile
PEITAh , A[OAg¢ ADPDOI GEIi AOAO OEA ' AOOOGEAT KQAA A0 =&
=35%, 95750 =45%,99.%Zwu B uvb DOT AAAEI EOU 1 &£ @ OOAO AAET C

" Circular Error Probablénttp:/en.wikipedia.org/wiki/Circular_error_probabRetrieved 27 April 2012.

8 GPS Accuracyhttp://www.kowoma.de/en/gps/accuracy.hfRetrieved 27 April 2012.



http://en.wikipedia.org/wiki/Circular_error_probable
http://www.kowoma.de/en/gps/accuracy.htm
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D.3 SOUNDACTIVITY

L, A[O I EAOO O1 OT A AAOEOEOU A

1. Sampling from the microphone signal,
2. Extracting features from the signal, and

3. Applying machine learning to distinguish between different types of sound

We perform sampling and feature extraction usinghte methods similar tosimilar to SoundSense
[Lu et al., 2009. However, the inference uses the simplamaive Bayes classifier which is explainable

with the Intelligibility Toolkit.

D.3.1 AUDIOSAMPLING FROMWIICROPHONE

Time Frame

f_H

h 4
Window

Figure D.3. Sampling of audio signal partitioned into Windows and Time Frames

D.3.1.1 TIMESERIESAMPLING

, A [ 9arAples the audio signal at a rate of 8000 samples/sec in time windows of 1.6 seconds. After

which, the sample is preprocessed to extract features and classification for sound inference is
performed. Each window is divided into 25 time framegseeFigure D.3) each of duration 64 ms and
containing 512 samples. For each time frame, we denote tih sample asw. Independent of CPU

OEiI A I O ZAAOOOA A@OOAAOQEIT AT A Al AOOEwRERAAOEIT T h

audio. Table D.2 summarizes the sampling characteristics for audio.
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D.3.1.2 FASTFOURIERIRANSFORM TO OBTAREQUENCSPECTRUM

We perform a Fast Fourer Transform (FFT) to obtain spectral information of the signalWithout

goinginto details, the transformation produces:
w0 A (D.1)

where & @ @ is a complex number representingthe ‘@h bin in the frequency series,
2 Ad @ is its real comporent and) & @ is its imaginary component. Note that the
frequency series is only half as longl{ . ¥g) as the time series because thiatter consists of only

real numbersand the frequency series is consequently symmetric

By considering theFFT output of complex numbers, we can calculate the amplitude and phase of

each frequency bin:

Frequency amplitude:d s &
Frequency phase% AO& A OA ®AD
For spectral features, we norméze the amplitudes of each frequency bim;; 0 jB o .

The characteristic$ of the frequency spectrum is summarized iTable D.2.

Domain Characteristic Formula Value

Time Sampling rate Y 8000 samples/sec

Series Sample duration (time frame length) Y 0.064 sec (64 ms)
Number of samples 0 Y Y 512 samples
Number of time frames / window £ 25 frames/window
Window length £ Y 1.6 sec

Frequency | Number of bins 0 0T¢ 256 bins
Maximum resolvablefrequency O kO "WI¢ 4000 Hz
Frequency Resolution Q"0 "W k 'O 70 15.625 Hz

Table D.1. Sampling characteristics from the audio signal.

® FFT Fundamentalshttp://zone.ni.com/reference/étX/help/372416B01/svtconce/fft funda/ Retrieved 28
April 2012.



http://zone.ni.com/reference/en-XX/help/372416B-01/svtconcepts/fft_funda/
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D.3.2 FEATUREBEXTRACTEEROMAUDIOSGNAL

, AJTOA AdOOAAOO OAOGAOAT MEAAOOOAOG &EOI i OEA AOAEI

sample measures of time frames and the windovwseveral features are based on time series data,

while others are based on the FFT spectrum.

D.3.2.1 POWER

Power, 0, is a time frame measure whiclindicates the energy per unit time in the audio signal. This
can be represented as the root mean square (RMS), , of the signal in the time frame or
alternatively represented in a decibel scale. Wese the dBF® scale calibrating @ w

0 ¢ X )Y 1 as the maximum value and mappingo ptod m p m.Mote that we
cannot usew Tt to calibrate the dB scale, since the log is asymptotitn Android, the audio
signal is read as an array ofhort numbers, so the maximum signed value i® 0 ¢ X.-@he

power of the audio signalfor the time frameis:

. )
0 11 1-6— (D.2)
)
where
. p .
W - W
0
We definel ¢ Tisuch that
. m x E Add N oC X QX
" o®m KEAD p

Since Power is a time frame measure, for frami® we denote its power as) .

D.3.2.2 LOowW-BENERGYRAMERATE

Low-Energy Frame Rate (LEFR) is a window measure which indicates the proportion of time
frames with energy (power) less than halfof the mean energy for all time frames in the window. A
higher LEFR value indicates more frames that have low energy compd to the whole window.

Speech typically has high LEFR values because of pauses between words. LEFR is calculated as:

% Decibels relative to Full Scale [Price, 2007]

OE
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(D3)

N ca

0O OYg 0
where

v - 0 is the mean power in the window, and

vl WheteK/e use the Kronecker deltad

> p C
T EAOXEO

=
o

D.3.2.3 ZEROCROSSIN®RATE

Zero Crossing Rate (ZCR) is a time frame measure which indicates the number of tirttes signal
crosses the zero value. A crossing is measured when consecutive samples have different signs,

w o 1. We calculate ZCR as:

Wwo 'Y = G o o (DA4)

D.3.2.4 SPECTRAH.UX

Spectral flux (SF) is @pectraltime frame measureindicating the variability of the frequency profile

between consecutive frames. For théth time frame in the window, its spectral flux is:

Yo bﬁ o no p (D5)

where 1} ¢ isthe normalized amplitude of the'®@h frequency bin of thedth time frame.

D.3.2.5 SPECTRAROLLOFF

Spectral rolloff (SRF)is a spectral time frame measure indicating the frequency at which a high

threshold of the spectrum energy is below.
YY'oQ AOdi E n OEOAOQEIT I A (D6)

where "Qis the frequency of thelith bin.&T O , Af OAh xA AET OA AO wob AO
SoundSensellu et al., 2009.



D.3SounbACTIVITY 353

D.3.2.6 SPECTRACENTROID

3DAAOOAT #A1 OOTEA j3#QqQ EO A OPAAOOAI OEI A AEOAI A

spectrum in the time frame:

Y6 0 fxEADA—— (D7)
n

where we also denote the centroid withQ

D.3.2.7 BANDWIDTH

The Bandwidth, 6 @, is a spectral time frame measure which indicates thépreadf) of salient

frequencies in the time frame:

"i’Q "i’Q :)“I
5o 0da xEADA (D8)

where Qs the spectral centroid andQ "@ the frequency resolution.

D.3.2.8 NORMALIZEMVEIGHTEFPHASEDETECTION

Normalized WeightedPhase Detection (NWPD) is a spectral time frame feature which considers the
extent that all frequencies are in phase; if they argery out of phase, then theywill destructively

interfere with one another and reduce the energy of the signal. We calculat&\NPD as:

500 | Do (D.9)

where % ——is the second derivative of the phase of th&@h frequency bin.

D.3.2.9 RELATIVESPECTRAENTROPY

Relative SpectrdEntropy (RSE) is a spectral time framéndicatingET x OEA OOEADAS

spectrum changes over timeit helps to differentiate speech from other sounds. We calculate it as:

—_)

O
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o oy N0
YYO hool lzes— (D.10)

where @ 0 is the meanamplitude across time framesof the '@h frequency bin for the ¢th time
frame, whichwe approximate only with the current andprevious amplitudes:

O O p TN O MEGE T
n n FEJEN

D.3.2.10 MEI-FREQUENC&EPSTRACOEFFICIENTS

Mel-Frequency Cepstral Coefficients (MFCCaje features further extracted from the FFT spectrum
which are popular for speech and speaker recognitionThese coefficients can be derived from the

following procedure (adapted from [Crittenden and Evans, 2008:

1. Take the FFT of a time frame of the signal to get the FFT spectrum

2. Define a set of6 triangular overlapping filters in the mel frequency scaleto quantify the
power (energyq ET OAOETI 6O OACEIT O T &£ OEA OPAAOOSDI 8 4t
Take the logs of powers at each filtered region.
Take the Discrete Cosine Transform (DCT) of the log mel powers, as if the mel bins
represent a signalTheresult is a cepstrum.

5. The MFCCs are the amplitudes of the resultingepstrum.

The mel frequencyscale representshow people perceive soundrequency linearly with respect to

mel frequency. Frequency can be transformed to the mel scale with:

, L "Q
G ppdd Gop (D11)

Note that the maximum resolvable frequency is 4000 Hz which is Nyquist frequency given the

sampling rate of 8000 samples/sec. The maximum mel frequency thusa ¢ p Mgl

Rather than transform the frequency spectrum into mel frequency, we can alternatively first define
the triangular overlapping windows which we will use to filter the spectrum, inverse transform

them into the frequency domain:

Q x mifl p (D.12)
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&1 O , AJ O&A hp agridngu@Gilkers to measure the power in various regions in the spectrum

uniformly distributed along mel scale (seg~igure D.4).

1 - 1 -

0 T T T T - 0 T T
0 500 1000 1500 2000 0 1000 2000 3000 4000

Mel Frequency (mel) Frequency (Hz)

Figure D.4. Triangular overlapping filters applied to the frequency spectrum: symmetric in
the Mel Frequency domain (Left) and distorted in the Freque ncy domain (Right).

In the mel frequency domain, the migpoint (apex) of each'@h triangular filter is evenly spaced,i.e,

a
5 ——10 .
L (D.13)

In the frequency domainthe “@h triangular filter is defined as:
Q0 = Q Q
=

y: 3
wQ w "Q ="F Q Q (D.14)
i OEAOXEOA

e

where "Qis the frequency variable,o ¥ Tdp depends on"Q "Qis the middle of the"@h triangular

filter defined by substituting Equation(D.13) into Equation (D.12), andthe slopecdy ———.
The power of the "@h filtered window is a discrete sum of weighted (filtered) frequency bins

0 ® Qn (D.15)

Next, we scale these powers by performing a log tansform:

0ol T (D.16)
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Finally, we take theDiscrete Cosine Transform (DCTdf all filtered and log powers to obtain the
MFCCs:

[ o' 0 "06 6 (D7)

where 0 "06 depresents the @ Mel-Frequency Cepstral Coefficient, and p ¢l O OOA EI1
The resultant cepstrum with MFCCs as coefficients characterize the spectral nature of the FFT

spectrum.

D.3.2.11 SUMMARY ORNPUTFEATURES

Table D.2 summarizes the input features extracted for Sound inference.

Feature Pretty Name Icon | Conversion / Transformation Units

Power Volume P 61 1 OIIAAD p nim 0 to 100

Low-Energy Frame R&e W | Periods of Silence @ | 0AOET AO/ ARTENOATRY percent %

Bandwidth P Pitch Range U Hz
Spectral Flux Pitch Fluctuation . Hz/sec
Relative Spectral Entropy Pitch Purity ? bits
Zero Crossing Rate Remaining Factors

Spectral RolloffP

Spectral CentroidP

Normalized Weighted
Phase Detection

MFCC9to 11

Table D.2. Summary of input features for Sound inference with simplified names,
transformations, and units used in explanations to end -users. W Low-energy frame rate is a
window feature where we only measure counts; all other features are time frame features

where we measure both Means and Standard Deviations across time frames within the

window. P Spectral Centroid , Bandwidth, and Spectral Rolloff x AOA ACCOACAOAA EI

the pan-flute visualization (see Figure 7.3c), but were separated for , A [ OA¢

A

A
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D.3.3 MACHINHEARNING TO INFERUNDACTIVITY

Feature Measure Speech Music Ambient

Power Mean High High Low
SD

Low-Energy Frame Rate Count High Low Low

Zero Crossing Rate Mean
SD High Usually Low Low

Spectral Flux Mean High Usually Low
SD

Spectral Rolloff Mean Low High Low
SD

Spectral Centroid Mean Low High Low
SD

Bandwidth Mean Low High Low
SD

Normalized Weighted Mean High Low Low

Phase Detection sD

Relative Spectral Entropy | Mean High Low Low
SD

Mel-Frequency Cepstral Mean

Coefficients (0 to 11) sD

Table D.3. Summary of input features for Sound inference and expected values for different
class values (Speech, Music, and Ambient Noise).
#OO0OAT Ol Uh , AfOA AT A , AfOAc¢ OOA OEA 1T AalOA "AUAO A

I Talking
M Music

1 Ambient Noise

Note that the classifier was not trained to be particularly accurate, since the scenarios used in the

user studies (Chapterss and 9) tested failure cases.

Why and Why Not eplanations of Sound inferenceare generated usingNaiveBayesExplainer

and presented as Weights of Evidence bar chart visualizatisninputs explanations are presented
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by describing the values of the input features with their pretty names and units. Desctipn

explanations are used to describe and explain the concepts relevant for each input feature.

D.4 MOTIONACTIVITY

, ALTOA ET £ZAO0O i1 O0ETT AAOEOEOU AL
1. Sampling from the tri-axial accelerometer signals,
2. Extracting features from the signal, and

3. Applying machine learning to distinguish between different types of motion

We perform sampling and feature extraction using the methods similar teimilar to [Bao and
Intille, 2004; Lester, Choudhury, and Borriello, 2006] with a focus on using intelligible features
However, the inference uses the simpler J48 Decision Tree classifier which is explainable with the

Intelligibility Toolkit.

D.4.1 MOTIONSAMPLING FROM\CCELEROMETER

h 4
Window

Figure D.5. Sampling of an accelerometer signal partitioned into aWindow for sampling .

D.4.1.1 TIMESERIESAMPLING

, AfTOA OAI Pl A0 OE O&il acodle@pmdtdr & alratE of(PB Aamiled/gec in time

windows of 6.4 seconds to measure 128 sampldsee Figure D.5). Wedenote thedth sample in the

window asi for a generic signal. We measure three signals representing linear acceleratiaiy @

&) and calculate three other signals representing angular orientatiori (,* ,— Independent of CPU

time foO AEAAOOOA AQOOAAOGEIT AT A Al AOOEEEAAOGEIThHh ,A[O

accelerometer.Table D.4 summarizes the sampling characteristics for audio.
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D.4.1.2 FASTFOURIERIRANSFORM TO OBTAREQUENCSPECTRUM

Similarly to how we pre-processed the audio signal for Sound inference, we perform a Fast Fourier

Transform (FFT) to obtain spectral information of the signali :
i 1 Y (D.18)

where Y @ "® is a complex number representingthe @h bin in the frequency series,
2 AY & isits real component and) I"Y @ is its imaginary component. For Motion, we

compute the spectrafor six signals: linear acceleration @ 3 &) and angular orientation ( ,* ,—)-

By considering the FFT output of complex numbers, we can calculate the amplitude of each

frequency bin:
Frequency amplitude:0 sYs ®

We use the frequency spectrum primarily to model motion instead of stationary orientation, so we

normalize the DC component®Q p)to 0,i.e,d Tt

The characteristics of the frequency spectrum is summarized ifiable D4.

Domain Characteristic Formula Value
Time Sampling rate Y 20 samples/sec
Series Sample duration (time frame length) Y 6.4 sec
Number of samples 6 Y Y 128 samples
Frequency | Number of bins 0 07¢ 64 bins
Maximum resolvable frequency "0 kO (S 10 Hz
Frequency Resolution Q0 "WO k 'O ¥O 0.15625Hz

Table D.4. Sampling characteristics from each accelerometer signal.

D.4.2 FEATUREBXTRACTED FROMBEACCELEROMETER

from the time series data and the FFT spectrum.
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D.4.2.1 3DLUNEARACCELERATIONS
The raw signalvalue, at timed, 0T I OEA DET 1 A& Oesehid thelacchl@atibonAnGhie®

dimensions:
w
i () (D.19)
a

This constitutes the basis for many of thesubsequentfeatures for recognizing motion. For each

linear signal, we measure their means and standard deviations over the sample time:

I3 p A} p Al 1]
= W |, - w
0 0

N o (D20)
0 0

‘ ,E d Y ,E d ‘
0 0

Diagrammatically, with respect to the phone, itsy 3 andd axes are:
o AXis « Axis » AXis
Direction of positive ® Direction of positive o Direction of positive & acceleration
acceleration acceleration (two views)

D.4.2.2 3DANGULAFORIENTATION
The accelerations canalso be considered in angular frames insteadf dinear frames. If we assume
no or minimal actual motion, then the angular information from the accelerations can be

interpreted as the static orientation of the phone

OADPO
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AOO T A O Aol @
Yéeaa AOQCAI® (D.21)
008 — AOAIG

Diagrammatically, with respect to the phone, its yaw, roll, and pitch are:

Yaw Roll Pitch
N, N,
’ | ’
(I 1 s
1,7 1,7
/7 7/
==
Rotation in w ¢plane, Rotation in w ¢plane, Rotation in & dlane,
about g axis about waxis about waxis

For each angularrientation, we measure their means and standard deviatioria the window time:

1 B B ‘
L’j r ” 6 [

- B P .o (D22)
) )

13 E - B _ 13
0 0

D.4.2.3 CORRELMNONS BETWEHBNNEARACCELERATIONSDANGULAFRORIENTATIONS

We compute the correlations betweerinear accelerations and betweerangular components:

) B ww 0" ., B s 0"
U p non U p ” ”
B wda 0 ° B ¢« — 0" °
” _ ” _ (D.23)
U p n o U p ” ”
” B aw 6 L ” B _F v L
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D.4.2.4 DEgVIATION OACCELERATION FRQ

We define a variable to potentially indicate whether the phone is stationary or in motion:

A0 (D.24)

where i g 6§ of ¢ is the magnitude of the acceleration vector and-q ) m/s2 is
the constant of 1 G acceleratiorif there is absolutely no motion in the phonee.g, it is resting flat

on a table, then p G andai T i.e,

3 m H EEOWOET T AOU
A

A om EBAITIUVOET 1

Note that there may be certain cases when the phone is in motion agd Tt

D.4.2.5 POWERENERGY PER UNIT TIME

Taking the square of amplitudes in the frequency (FFT) spectrum, we can power spectral density
(PSD)of the signal,i :

0 dhO o) (D.25)

where 6% is the power of the @h frequency bin. The area under the PSD curve represents the
energy in the signal overthe sampling time (window length). To get the average power over time,
we divide by the window length (as was dae in [Bao and Intille, 2004]) The average, normalized

power for each signal is:

0 ) (D.26)

b
~
computed for six signals: linear accelerationd &y &) and angular orientation ( ,* ,—)-

D.4.2.6 MODAL ANDMEANFREQUENCIES

For each signal, we compute thmeanfrequencies:

§¢) .03 o) (D.27)
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and modal frequencies:
0 Q AOCI A@ 6 x¢) (D.28)

computed for six signals: linear accelerationd ¢y &) and angular orientation ( ,* ,—)-

D.4.2.7 SPECTRAENTROPY

Spectral Entropy (SE) indicates the shape of the frequency spectrum:

YO nling (D.29)

computed for six signals: linear accelerationd &y &) and angular orientation ( , » , = Spectral
Entropy may indicate whether a particular frequeng has high amplitude while most others have

low amplitude (e.g, when cycling at a constant speed).

D.4.2.8 SUMMARY ORNPUTFEATURES

Table D.5 summarizes the input features extracted for Motion inference.

Feature Pretty Name Icon | Conversion Units
- Movement Vigorausness
ower
0 pow (Up/Down) @ Watts
- Movement Vigorousness -
U power (Rotation) ) Watts
31 Amount of Movement (Sideways) J;[ 'OFMi aTo & X Inchess
—pitch (Std. Dev.) Amount of Movement (Rotation) ST pPIOY O QG e Degrees ©
wacceleration (Mean) | wForce
tacceleration (Mean) | @Force ‘W | Ot OBGTRE | G (=9.81mM/P)
G acceleration (Mean) | &-Force g
[ yaw (Mean) " ¢ dRotation | Also shownasa | @
physical diagram |—— VOO0
« roll (Mean) " G®otaton |1 £ OEA DH N TP YID—— Degrees °
_ orientation (see -
—pitch (Mean) " o ®otation | Figure 7.3b). .
Other featureswere not shown in explanations to users.
Table D.5. Summary of input features ET , Afgr Mation inference with simplified names,

transformations, and units used in explanations to end -users.
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D.4.3 MACHINEBEARNING TO INFIMROTIONACTIVITY
#OOOAT 01 Uh , AJ OA 8Mdéchkion Tred cddsifier 10 Bfdsev@rifypes dfmotion:

Sitting
Standing
Walking
Running
Cycling
Holding

=A =4 =4 =4 4 4 =

'Flat Surface'(e.qg, lying on a table)

Note that the classifier was not trained to be particularly accurate, since the scenarios used in the

user gudies (Chapters7 and 9) tested failure cases.

Why and Why Not explanations oMotion inference are generated usingJ48RuleTrace Explainer
and presented asinequalities (rule trace explanations) Inputs explanations are presented by
describing the values of the input features with their pretty names and units. Description

explanations are used to describe and explain the concepts relevant for each input feature.
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EL' r {EXPERIMENMATERIALS

This appendix describesthe experimental materials used in the user study described in Chaptér.

E.1 PARTICIPANREFERENCHHEET

Cheat sheet that participants can carry around as they performed activities during scenarios in the

experiment.
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Personal Availability Rules

Availability Location Motion Sound Ringer Schedule E7 E I 0
nquiring
a’:a RS X Anyone
Unavailable Office Silent
% LN ) Anyone
Unavailable Office Talking
& = o
Unavailable Work Friends
#-‘ [i[-. Anyone
SemtAvailable Library
2 | & %
SemtAvailable Home Coworkers
#-‘ o Anyone
SemtAvailable Cycling
& All other cases

Available

© © N o O~

Explanation Types

What is the value of the aspéct

When did this aspect change to this value?

Why is this aspect the current valugRis refers to the logic or method that Laksa used)

Wh 'y iths asfedt an alternative value?

When would (under what situations or circumstanctsis aspect?

What elsecan this aspect b&®hat other values can it take?)

What details affect this aspect®adors, related details, etc)

Vy_hat if the conditions are different, what would this aspect(Requires your manipulation)

@ more information(e.g. meaning of some terms, values).
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|: UNCERTAINTSTUDY
MATERIALS

This appendix describes experiment design noteand materials used in the user study described in
Chapter8.



F.1 SCENARIOS

F.1.1 SCENARI®ISTRIBUTION BNHEME

Distribution of scenarios for learning phase (10 scenarios), and testing phase (3 scenarios).

F.1.1.1 LEARNINGHASE

S# Theme / Top ic LocateMe (location -aware) HearMe (sound -awar €)
1 | 1la | SocialAwareness Morning, want to check if friend is home, to drop by Morning, want to call friend: may be inferred as talking wher
(EA EOT1 &riny iof idfeAad home actually silent
2 | 2a | Awareness/ In office: coworker wants to check if you are in| Talking to coworker, may be inferred as ambience: get call, ¢
Interruptibility office yet, to talk to you get notification msg of suppressed call.
3 | 3a | (Pre-set) ServiceA | In Meeting RoomA: but may misinfer that you're | After talking, want to review audio of conversation: may not
not at venue-> send reminder have recorded since inferred as Music.
4 | 4a | Recommender In corridor, want to print document from phone to | Detected silence for a long time; recommends music
Service B nearest printer: may print elsewhere
5 | ba | Self check Visit coffee shop: make sure location noted Visit coffee shop: make sure sound noted as ambient, not talkin
6 | 2b | Awareness/ In washroom: coworker may wonder why you | Talking to coworker at coffee shop, may be inferred as musig
Interruptibility appear to be in his office get call, or get notification msg of suppressed call.
7 | 4b | Recommender In another corridor, want to print document from | Detected silence for a long time; recommends music
Service B phoneto nearestprinter: may print elsewhere
8 | 5b | Self check Walking outside to lunch, selfcheck: location may| Testing/checking app, listening to (vocal) music: may bd
be still in office wrongly inferred as talking
9 | 3b | (Pre-set) Service A | In Meeting Room B: but may misnfer that you're | After talking to team of coworkers, want to review audio of
not at venue-> send reminder conversation: may not have recorded since inferred as Music.
10 | 1b | SocialAwareness | Evening, want to check if friend is home, to drop by Evening, want to call friend: may be inferred as talking whe

(he ishome): may not infer as home

actually music

SIVIHIALVYINAANISALNIVLIIONN |j>(|C|NEIddV 898



F.1.1.2 TESTING’HASE

S# Theme / Topic LocateMe (location -aware) HearMe (sound -awar €)
11 | 2¢ | No theme; Just show Map. Just play Audio clip.
12 | 5¢ | Just show ground
truth
13 | 4c

F.1.2 SCENARI®ISTRIBUTION BAPPLICATIOBEHAVIOR

For each Certainty condition, scenarios were randomly selected where the application behaved appropriately)(or inappropriat ely (U).
#AOOAET OU OAI OGAOG Al 601 EAOA A O&AOACASs EAAOT O O ET OO1I AOAAessi T EOA

predictable.
Both LocateMe and HearMe (%)
S# 50 60 70 80 90 100

1 |1la] 48 U 60 ) 72 U 79 ) 88 V |100 V

2 |2a| 51 V 63  V 72V 80 V 89 V 98 Vv

3|3a]l48 V |59  V |67 V |8 V [9 V |9 V

4 [4al51 U |60 U|69 U|[79 V |92 V |99 V

5|(5a|50 V [58 V |69 V |8 V |9 V |100 V

6 [ 2b| 52 U 62 U 70 U 79 U 89 U |100 V

7 |4b| 51 V 61 V 72V 81 V 88 V 98 Vv T

8 [5b| 49 U 57 U 73 V 82 V 91 V 99 V glz)\

9 |3b|49 V 60  V 68 V 80 V 91 V 98 V %

10| 1b | 51 U 60  V 68 V 78 V 922 V 99 V §
w
S
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F.2 SCENARIGCRIAS

We provide scripts and explanation visualizations for both applications LocateMe and HearMe for

all 10 scenariosThese are shown in sections:

P w0 DN P

Scenario introduction
Ground truth description
Script and diagram for correct behavior (for different Certainty conditions)

Script and diagram for wrong behavior (for different Certainty conditions)

F.2.1 LOCATBIESCENARIOS

Lla2NyAy3ds slyd G2 OKSOl AT FNASYR Aa K2YS: (G2 RNRL |

Before you leave for work, you wantto check if your friend, John, is still at home so that you can pick up a toolboyyetidaly lent him.

You look aL.ocateMeo see his location:

John is aDther Place

70% 80%

Ittells you John has already left his home.
You decide to try again later in the day.

John is atHome

70%
NN NN RN
JJ{ Z ,;f"‘:‘ I ,;::{ Z ';m i .-f_ & ;‘V:‘ I
B ey | | eV | | 4
: = : N.A.
s k s
¢ " | [
- e
H
Ittells you John s still at home.
You call him, and discover he has already left homesaddvingNatchez St. towards Gaskell St.
Ground Truth
his house is marked with a purple triangle on the following map).
a By T
s }' J /”’\‘* \,V !
& v, p. —zs ’s (S
I R \ - i N
N oLz -
S $ Lo
% X A" 2
) VXS T
5 5 o ®
/7 !
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L2. In office: coworker wants to check if you are in office yet, to talk to you

You are in your office getting some work done.
The star denotes where you actually are at for this scenario.
Thetriangle denotes where your office (RM101) is.

Your coworker, Michelle, visits your office and remarks that it is good that you are in early preparing for the importamg faess.
You comment that she could check your location witisate Me
You check your status and see:

You are atrour Office (RM101)
70% 80%

@l
Bl |

50% 60%

You geta call from your coworker, Michelle, who anxiously asked you whether you were in your office yet, preparinpfmrthetimeeting in a few minutes.
You check your status and see:

You are irRM103

You arrive in Meeting Room A five minutes early.
The star denotes where you actually are at for this scenario.
Thetriangle denotes where Meeting Room A is.

Lc and loads a
You check your status and see:

containing the meeting agenda.

You are ifMeeting Room A
70% 80%

Al pAZE
&

LocateMebeeps and sends you a reminder to get to your meeting in Meeting Room A:

50%

A
e

60%

ol

You are irRM113
Please go to your meeting Meeting Room A

60%

70%

o]

1@

ca ]

&

ca |

K

ol

&

N.A.
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L4. In corridor, want to print email from phone to nearest printer: may print elsewhere

After the meeting, you are checking your email as you walk along a corridor. — =T —
You wantto print out an email from your phone to the nearest printer. T —*|-‘-_-I; il —|
The star denotes where you actually are at for this scenario. iy 3 _I
LocateMehas the function to do this automatically.

You select "Print to nearest printer.” . \_L ___I
You check which printer your email was printed to: e

FE

Nearest Printer i®rinter115
50% 70% 80%
r r r A A—F .tJ' I A 7 I
];[ _—— ']L —_— ]4[ _——
Satisfied with the destination, iou walk to the nearest irinter, and collect iour irint out.
Nearest Printer i®rinter111
50% 60% 70

el T‘[ o T‘jl
L2l
RE)

N.A.

':l__;

This is not actually the nearest to you.

L5. Visit coffee shop: make sure location noted

Feeling sleepy, you visit a coffsieopnear your office to geta cup of coffee.

Since_ocateMes a new application to you, you want to check whether it can properly detect you at|
coffeeshop

You look at ocateMeand see:

Youare atStarbucks Coffee

50% 60% 70% 80%
v hoa 1 L et wialaydy 1 L et ey .W. 4 L 3 ey .W. 4 # 3 ey .W. 4 L 3 ey .W. 4 # 3
o 3
s,
™
50%
m Y 3 et
o 3
™
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L6 (L2b). In washroom: coworker may wondehy you appear to be in his office

You are in the washroom taking care of some businjessbefore your meeting with your neighboring
coworker, Damien.

The star denotes where you actually are atfor this scenario.
ThelddzNLJI S GNRAFy3fS RSy2i0S548 6KSNB 5FYASyQa 27

You receive a text message from your coworker, Damien, telling you he is waltisgfice, awaiting your arrival
You check your status and see:

You are athe Washroom
50% 60% 70% 80%

Youreceive a call from your neighboring coworker, Damien, asking you where you areciateMetold him that you are at his officbut he obviously does not see you there.
You check your status and see:

Youareab I YA SY QRMIDAHA OS

50% 60%

Youwantto prinanotheremail after asking coworker to send it to you
,2dz AS€S00 bt NAyd (2 ySINBad LINAYydSNwa

Note printers (with iconshearest one is marked with triangle

You check which printer your email was printed to:

NearestPrinter isPrinter123

70% 80%
— | B
T||EE

_[.
BN | q

50%
FF m

e .

Ay

This is not actually the nearestto you.
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L8 (L5b). Walking outside to lunch, selieck: location may be still in office

Itis lunch time and you leave the office to go to a nearby pizza restaurant.

Since_ocateMes a new application to you, you want to check how it checks your location.
While havingunch at the restaurantyou look at.ocateMeand see:

//
o8
. 8
23 %”*4., -
;. : &3
3 T y. - 7 {0 &
2 LA
s s y
You look at ocateMeand see:
Youareatw 3 . Q& tATTl ttlOS
50% 60% 70% 80%
] ] L L] L] e
b, 0 b, i b, " P, M
- - a -
4 ESoS a a
- 1 A é - é -
3 @ 3 ‘-\@/‘ N7 o)
YouareatWA YY& Q& t2aid ¢l gSNY
50% 60% 70%
C] L] L] L] L]
M W b, W b, W b, W b, W

You arrive in Meeting Room B five minutes efarfyan afternoon meeting.
The star denotes where you actually are at for this scenario.

Lc andloads ac containing the meeting agenda.
You check your status and see:
Youare inMeeting Room B
50% 60% 70% 80%

I

Mebeeps and sends

youa

to get to your meeting in Meeting Room B:

You are iVieeting Room C
Please go to your meeting Meeting Room B
60%

70%
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L10 (L1b). Evening, want to check if friend is home, to drop by (he is home): may not infer as home

You look at.ocateMeo see his location:

Before you leave work, you want to check if your friend, John, has returned home so that you can pick up a toolbox yviohiatypent him.

Johnis atHome

70%

80%

Ittells you John is at home.

You call him, and let him know that you would be coming by his place.

[Wrong ApplicatiorResponse

Johnis atOther Place

70%

—

N.A.

Ittells you Johnis not home.

You call him to ask him what time he would be home, but he tells you he already is.

Ground Truth

Johnis actually at home

(his house is marked with a purple triangle on the following map).
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F.2.2 HEARME SCENARIOS

H1. Morning, want to call friend: may be inferred as talking when actually silent

Once you arrive at work in the morning, you remember you want to contact your friend, John.
Youwant to call John to ask to pick up, later in the evening, a toolbox you had previously lent him.
Before you do that, you want to check if he is available to be called.

You look aHearMeto see his status:

Johnis Talking
50% 60% 70% 80%
Evidence for Evidence for Evidence for Evidence for Evidence for Evidence for
why Talking why Talking why Talking why Talking why Talking why Talking
@ Periods of Sience @ Pperiods of Silence @ Periods of Silence @ Periods of Silence @ Periods of Silence @ Periods of Silence
B I c 6 4 [ E
N« Pitch Range 4 Pitch Range o Pitch Range = Pitch Range = Pitch Range 4« Pitch Range
-6 -5 -2 -2 10 10
. Pitch Fluctuation . pitch Fluctuation . Pitch Fluctuation . Pitch Fluctuation s Pich Fluctuation s Pitch Fuctuation
11 11 1 13 12 12
¥ Pitch Purity ¥ Ppichpuiy ¥ Pitch Purity 4 Pich Purity £ Pitch Purity 4 Pitch Purity
Other Factors Other Factors Other Factors Other Factors Other Factors Other Factors
Sensed Factors Sensed Factors Sensed Factors Sensed Factors Sensed Factors Sensed Factors
® Periods of Sience |} ® Periods of Silence( | ) @ Periods of Sience | ) ® Periods of Sience ) ® Periods of Siencd /) @ Periods of Sikencd /)
12% 12% 12% 44% 44% 44%
+  pich Range @ “+ Pitch Range @ “§+ Pitch Range ® 4+ Pitch Range @ = Pitch Range @ 4+ Pitch Range @
1330Hz 1330Hz 1330Hz 1390Hz 1390Hz 1390Hz
s pich Fiucaton (1) & itch Fiucaton (1) W pich Fiucuaton (1) W« pich Fiucwation (]) e pich Fluctaion (]) @ pich Fiucuaton(])
0.9W/HZ 0.9W/HZ 0.9W/HZ 1OW/Hz 10WIHZ LOW/Hz
% Pichpurty @ %  Pich purity @ % Ppichpurty @ #  Ppich Purity #  Pich purity #  Ppichpurty
.36bits 36bits .36bits .45bits .45bits .45bits

You send him a text mess:

k him to call you when he is done talking.

Johnis Silent

6
i pitch Fluctuation
-11
% Pich Purity

Other Factors
-9

Sensed Factors

@ Pperiods of sma@

12%

- Pitch Range @

1330Hz

@ pich Fuctation (1)

0.9W/Hz

4 Pitch Purity @

36bits

5
4. Ppitch Fluctuation
7
4% Pich Purity
18
Other Factors
-4

Sensed Factors

@ Periods of snenc@

12%

<+ Pitch Range @
1330Hz

e pich Flucwaton (1)
0.9W/Hz

% pichPuity @
.36bits

50% 60% 70%
Evidence for Evidence for Evidence for
Talking vs.Ambience Talking vs.Ambience Talking vs.Ambience
@ Periods of Silence @ Pperiods of Silence @ Periods of Sience
-4 . -2 I -2
¥« Pitch Range 4+ Pitch Range ¥+ Pitch Range

5
Y- pitch Fluctuation
Il
#  pich Purity

Other Factors
6

sensed Factors

@ Periods 0'&\enc®
12%

M+ Pitch Range ®
1330Hz

e pich Flucwaion (1)
0.9W/Hz

§  Pich Purity @
.36bits

Evidence for
Talking vs. Ambience

@ Periods of Silence

2
4 Pich Range
7
s Ppitch Fluctuation
6
4 PichPuity
16
Other Factors
11

Sensed Factors

) PenodsufSuienc@
5%
4 pichrage (1)

1310Hz

W« pich Fiuctuaton ()
0.8WIHz

4 PpichPurty @
33bits

Evidence for

Talking vs.Ambience

=

¥

-

®
s
&
§

Periods of Silence
5
Pitch Range
7
Pitch Fluctuation
1 |
Pitch Purity
17
Other Factors

-

Sensed Factors
Periods of Silence i
5%

e range. (D)

1310Hz
itch Fiuctuaton (1)
0.8W/Hz
Pitch Purity
.33bits

N.A.

You call him, but he tells you he is busy talking to someone novgsksdyou to call him back later in the day.

Ground Truth

<NO AUDIO>
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H2. Talking to coworker, may be inferred as ambience: get call, or get notification message of suppressed call.

Here is an audio clip of what was actually heard at that time:

Next, while at youoffice, your coworker, Michael, comes by to have a conversation with you about
<AUDIOh2-talking-work.mp3>

project.

You are notinterruptedor 20 minutes, and when the conversation ends, you receive a notification messagddanivie
Youwere In a Conversation
Jenny tried to call you 9 minutes ago

53% 0% 70% R S N - W
Evidence for Evidence for Evidence for Evidence for Evidence for Evidence for
why Talking why Talking whyTalking why Talking why Talking why Talking
Periods of Silence @ Pperiods of Silence @ Periods of Silence @ Periods of Silence @ Periods of Silence @ Periods of Silence
21 h -19 -15 -10 -5 3
- pitch Range 4+ Pitch Range 4+ Pitch Range 4+ Pich Range 4+ Ppich Range 4+ Ppitch Range
3 5 5 5 5 7
. pitch Fluctuation . pich Fluctuation . pitch Fluctuation A Pitch Flucwation A Pitch Flucwation & Pitch Fluctuation
11 11 11 12 13 13
E Pitch Purity 4 Pitch Purity ¥ Pitch Purity ¥ Pitch Purity 3 Pitch Purity £ Pitch Purity
-15 -10 -5 2 2 2
Other Factors Other Factors Other Factors Other Factors Other Factors Other Factors
22 23 24 5
Sensed Factors Sensed Factors Sensed Factors Sensed Factors Sensed Factors Sensed Factors
@ Periods of snaua@ @ Pperiods of Silenc@ @ Periods of Sﬂenc@ @ Pperiods of Sile nc@ @ Pperiods of Silenc@ @ Periods of Sile nc@
9% 9% 9% 22% 22% 22%
- Pitch Range @ - Pitch Range @ - Pitch Range @ 4+ Pitch Range 4+ Pitch Range A+ Pich Range
1550Hz 1550Hz 1550Hz 1280Hz 1280Hz 1280Hz
. Pitch Fluctuation @ . Pitch Fluctuation @ . Pitch Fluctuation @ & pich FIucmauon@ & Pich FIucmaﬂon@ & pich Flucmanon@
1.4W/Hz 1.4W/Hz 1.4W/Hz 16W/Hz 1.6W/Hz 1.6W/Hz
4 Ppitch Purity @ £ Pich Purity @ 4 Pitch Purity ® 4 Pitch Purity @ ¥ Pitch Purity @ ¥ Pitch Purity @
28bits .28bits. .28bhits. 61bits 61bits 61bits

You see that iomoworker, Jenni had tried to call iou, MarMesuiiressed her call since it interireted iou as uninterruitible.

After 11 minutes, midwathrough your conversation, you getan interruption from another coworker, Jenny, calling you on your phone.
You quickly ignore the call, and chécks | NJst&u3 éf you:

HearingAmbience Noise

Talking vs.Ambience
@ Periods of Silence

-22

Sensed Factors

@ Periods of silenc@

Talking vs.Ambience
@ Periods of Silence

Sensed Factors

@ Periods of suenc@

Talking vs. Ambience
@ Pperiods of Silence

Sensed Factors

@ Periods of silenc@

Talking vs.Ambience
@ Periods of Silence

Sensed Factors

® periods of Siencd | )

Talking vs.Ambience
@ Periods of Silence

21 21 5

4 pitch Range - Pitch Range ¥+ Pitch Range 4+ Ppich Range “+ Ppitch Range

3 2 2 2 2
& Ppitch Fluctuation . pitch Fluctuation . pitch Fluctuation . pitch Fluctuation i Pitch Fluctuation

-11 -7 -7 -3 3
#  Pich purity % Pich Purity ¥ Pich Purity 4% Pich Purity 4 pich Purity
15 15 15 15 15
Other Factors Other Factors Other Factors Other Factors Other Factors
17 11 -9 5

Sensed Factors

® Pperiods of Siencd |)

9% 9% 9% 1% 1%
4 Pitch Range 4 Pitch Range @ 4 Ppich Range @ 4 pitch Range @ 4= Ppitch Range @
1550Hz 1550Hz 1550Hz 1370Hz 1370Hz
. pitch Fluctuation @ . pitch Fluctuation @ . Pitch Fluctuation @ & pich Flucwmon@ & pich Flumuauun@
1.4W/Hz 1.4W/Hz 1.4W/Hz 1.1W/Hz 1.1W/Hz
¥ pich Purity @ ¥ PichPurty @ % Pitch Purity @ ¥ PichPuriy @ ¥ pich Purity @
28bits 28bits 28bits 21bits 21bits

Allowing call from Jenn
50% 60% 70%
Evidence for Evidence for Evidence for Evidence for Evidence for
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H3. After talking toboss want to review audio of conversation: may not have recorded since inferred as Music.

useless audio.

Later, you talk to your boss, ahé made a comment.
You want to review and save the recorded audio.

HearMehas a feature to automatically detect speech, and record the last 30 minutes heard.
Itis supposed to only record if it heard speech, and not other types of sound, so that it does not re

Here is an audio clip of what was actually heard at that time:
<AUDIOh3 talking-work-boss.mp3-

You revievHearMeand see:

Youwere In a Conversation
Last recorded speech 1 minute ago

50% 60% 70% 80%
Evidence for Evidence for Evidence for Evidence for Evidence for
why Talking why Talking why Talking why Talking why Talking
@ Periods of Silence @ Periods of Silence @ Periods of Silence @ Periods of Silence @ Periods of Sience
-14 -7 -8 - -5 2
#«  Pitch Range 4+ Ppich Range I+ Pitch Range - Pitch Range = Pitch Range
4 4 7 7 9
. pitch Fluctuation 4. Pitch Fluctuation . pitch Fluctuation . Ppitch Fluctuation i piteh Fluctuation
3 I 3 7 11 1
% Pich Purity 4 Pich Purity & Pich Purty 4 Pich Purity 4§ Ppich Purity
-10 -7 -5 -3 3
Other Factors Other Factors. Other Factors Other Factors Other Factors
17 17 19 20 21
Sensed Factors Sensed Factors Sensed Factors Sensed Factors Sensed Factors
@ Fperiods of Sience ) @ FPeriods of Sience | ) @ Periods of Siencé ) ® Periods of Sience /) ® Periods of Sience /)
5% 5% 5% 20% 20%
¥+ Ppitch Range @ - Pitch Range @ <+ Pitch Range @ - Pitch Range ® A+ Ppitch Range @
1590Hz 1590Hz 1590Hz 1320Hz 1320Hz
. Pitch Fluctuation @ Y Pitch Fluctuation i Pitch Fluctuation @ Y. Pitch Fluctuation @ 4. Pitch Fluctuation
1.0W/Hz 1.0W/Hz 1.0W/Hz 1.4W/Hz 1.4W/Hz
§  Pitch Purity @ 4 Ppitch purity @ % Pitch Purity @ 4 Pitch Purity @ £ Pitch Purity @
.36hits. .36hits. -36bits. .72bits .72bits

[}
&5
&
%

Evidence for
why Talking

Periods of Silence
5
Pitch Range
9
Pitch Fluctuation
11
Pitch Purity
1
Other Factors
23

Sensed Factors

Periods of Silence /)

20%

Pitch Range @

1320Hz
Pitch Fiuctuation ()

You then ilai back the rest of the sieech, and save it.

You werelistening to Music
Last recorded speech 1 hour ago

50%

60%

70%

AR B

Evidence for
Talking vs. Music

@ Periods of Sience

14
¥+ Pitch Range
4
Y Pitch Fluctuation
3
#  Ppitch Purity
10

Other Factors

Sensed Factors

@ Fperiods of sience )

5%

N« Pitch Range @

1590Hz

W pitch Fiuctation (1)

1.0W/Hz

¥ Pitch Purity @

.36bits.

Evidence for
Talking vs.Music

@ Periods of Silence

16

4+ Pitch Range

1
e Pitch Fluctuation

0
4% Pich Purity

10
Other Factors

Sensed Factors

® periods of Siencel )

5%

J=  Ppitch Range @

1590Hz

4 pich Fuctuaion (1)

1.0W/Hz

¥ Ppichpurty @

.36bits.

Evidence for
Talking vs.Music

@ Periods of Sience

16
I+ Pitch Range
2
i Ppitch Fluctuation
0
#  pich Purity
12
Other Factors

-10

Sensed Factors

@ Periods of S\enc@

5%

M+ Pitch Range @
1590Hz

e pich Fiuctuation (1)

1.0W/Hz

4 Pich Purity @

.36bits.

Evidence for
Talking vs.Music

Periods of Silence
20
Pitch Range
4
Pitch Fluctuation
3
Pitch Purity
12
Other Factors
9

Sensed Factors

Periods of Silencé, ;

2%

Pitch Range @
1460Hz
Pitch Fluctuation @
0.9W/Hz
Pitch Purity (4
32bits

Evidence for
Talking vs.Music

@ Periods of Silence

20
- Ppitch Range
7
. Ppitch Fluctuation
4
% PichPurty
15
Other Factors

B |

Sensed Factors

® Ferods of Siencd’y )

2%

- Ppitch Range @
1460Hz
W Pitch Fuctuation ()
0.9W/Hz
% pich Purity
32bits

You realize that theecent conversation was never recorded.




H4. Detected silence for a long time; recommends music

Youare in your office working alone for some time.
Normally you like to have music on as you work, but you have forgotten to turn it on.

After awhile HearMesends you a recommendation notification:
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Here is an audio clip of what was actually heard at that time:
<AUDIOh4-office-ambient.mp3>

Youhave beenSilent
Would you like td_isten to Musi@

0% 0% 0% o S I S W S
Evidence for Evidence for Evidence for Evidence for Evidence for Evidence for
why Talking why Talking why Talking why Talking why Talking why Talking
Periods of Silence @ Periods of Silence @ Periods of Sience @ Periods of Silence @ Periods of Sience @ Periods of Sience
10 10 13 13 43 43
Pitch Range 4+ Pitch Range “§+ Pitch Range 4+ Pitch Range ¥+ Pich Range 4 Pich Range
5 5 2 2 l | 1
Pitch Fluctuation & Ppitch Fluctuation . Pitch Fluctuation . Pitch Fluctuation . Pitch Fluctuation s Pitch Fiuctuation
-4 -1 l 0 4 s 7
#  Ppitch purity ¥ Pich Purity §  Pich Purity & Pitch Purity 4 Pitch Purity 4 Pitch Purity
5 2 0 3 'E -
Other Factors Other Factors Other Factors Other Factors Other Factors Other Factors
8 8 12 12 19 19
Sensed Factors Sensed Factors Sensed Factors Sensed Factors Sl R St Rt
@ Periods of snence® @ Periods of snence® @ Periods of snauaa@ @ Periods of snence® ® periods of 3“““@ @ Pperiods of 5"5"“@
2% 2% 2% 0% C 2
4= Pich Range @ A< Pitch Range @ - Pitch Range @ - Pitch Range @ - PichRange @ - Ppich Range @
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. Pitch Fluctuation @ . Pitch Fluctuation @ . pitch Fluctuation @ . pitch Fluctuation ® e Pitch Fucaion @ e pitch Fiuctuation @
11W/Hz 11W/Hz 11W/Hz 1.0W/Hz 1.0W/Hz 1.0WiHz
4 Pich Purity @ % Pitch Purity @ ¥ Pitch Purity @ % Pich Purity ® 4+ Pitch Purity  (\ ) 4 picheuiy (V)
31bits 31bits 31bits 31bits e SLES
SHYH6L Y
Afterawhile, you realize th&learMeshould have recommended you to play muagis part of its functionality.
You examinélearMe
Youare Listening to Music
50% 60% 70%
Evidence for Evidence for Evidence for Evidence for Evidence for
Silencevs.Music Silencevs.Music Silencevs.Music Silencevs.Music Silencevs.Music
@ Periods of Sience @ Periods of Silence @ Periods of Sience @ Periods of Silence @ Periods of Silence
-10 -10 5 5 2
¥+ pich Range 4+ Pich Range “Jo Pitch Range - Pich Range o Ppitch Range
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N.A.
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@ Pperiods of silence@ @ Periods of silence@ @ Periods of silence@ @ Periods of S\lence@ @ Periods of Silence®
2% 2% 2% 5% 5%
F pichrange () Ho pichrange () F pichrange () Fo pichrange () F pichrange ()
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@ Ppitch Fluctuation @ & Ppitch Fluctuation @ i Ppitch Fluctuation @ i Pitch Fluctuation @ i Ppitch Fluctuation @
1AW/Hz 1IW/Hz L1WHz 1.2WiHz 12WiHz
4 pichpuiy () ®  pich Puriy @ ¥ pichpuiy () ®  Ppich Purity ® ¥ pichpuiy €\
31bits 31bits 31bits 30bits 30bits
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H5. Visit coffee shop: make sure sound noted as ambient, not talking

shop.
You look aHearMeand see:

Feelingsleepy, you walk to the nearby coffee shop to get some coffee.
SinceHearMeis a hew application to you, you wantto check how it recognizes the noise iofiee

Here is an audio clip of what was actually heard at that time:
<AUDIOh5-coffeeshop.mp3>

HearingAmbient Noise
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60%

70%

80%
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.33bits
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H6 (H2b). Talking to coworkers at coffee shop, may be inferred as music: get call, or get notificagof suppressed call

Atthe coffee shop, you find Michelle, a coworker, there, and lzesteat with her.

Here is an audio clip of what was actually heard at that time:
<AUDIOh6-talking-cafe.mp3>

You are notinterruptedor 12 minutes, and when the conversation ends, you receive a notification messagddéaMe
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Youwere In a Conversation
Cameron tried to call you 7 minutes ago
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You see that iowoworker,(,ameromad tried to call iou, bUﬂearMauiiressed her call since it interireted iou as uninterruitible.

After Sminutes, midwaghrough your conversation, you getan interruption from another coworker, Cameron, calling you on your phone.
You quickly ignore the call, and chécls | NIJst&iu3 éf you:
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H7 (H4b). Detected silence for a long time; recommends music

Once again, yoare in your office working alone for some time, Here is an audio clip of what was actually heard at that time:
and you like to have music on as you work, but you have forgotten to turn it on. <AUDIOh7-office-noise.mp3-

After awhile HearMesends you a recommendation notification:

Youhave beenSilent
Would you like td_isten to Musi€@

5% 5% 0% S I/ S
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-8 -4 . 5 -2 -1 l ' 2
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After awhile, you realize thédearMeshould have recommended you to play muagis part of its functionality.
You examinélearMe

Youare Listening to Music
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H8 (H5b). Testing/checking app, listening to (vocal) music: may be wrongly inferred as talking

You are now working and listening to some mbgidosh Woodward.
SinceHearMeis a new application to you, you wantto check how it recognizes the music you are p
You look aHearMeand see:

Here is an audio clip of what was actually heard at that time:
<AUDIOh8-musicvocal.mp3>

Youare Listening to Music
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H9 (H3b). After talking to team of coworkers, want to review audio : may not have recorded since inferred as Music.

Aftera group meeting with some coworkers, you want to review and save the recorded audio.
HearMehas a feature to automatically detect speech, and record the last 30 minutes heard.

Here is an audio clip of what was actually heard at that time:
<AUDIOh9-talking-work.mp3>

useless audio.

Itis supposed to only record if it heard speech, and not other types of sound, so that it does not re

You reviewHearMeand see:

Youwere In a Conversation
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You then ilai back the rest of the sieech, and save it.
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eech 2 houraio

You realize that theecent conversation was never recorded.
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H10 (H1b). Evening, want to call friend: may be inferred as talking when actually music

Before you leave work, you want to call your friend, John, to ask to pick up a toolbox you had previously lent him.

You look aHearMeto see his status:
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You go ahead to call him, and discuss when you can gamkisrplace.
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You send him a text messaigeask him to call you when he is done talking.
But he immediately calls back and tells him he was not talking, and can discuss with you now.

Ground Truth

<NO AUDIO>
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F.3 SURVEYNSTRUMENT

We implemented the online survey using LimeSurvey. Participants accessed the survey from
Amazon Mechanical Turk through an External Question. LocateMe and HearMe were tested in two

separate surveys in two independent tasks.

F.3.1 THINKALOUDSTUDYINSTRUCTIONS

Participants during the think aloud experiment were presented instructions at the beginning of
each phase: first version for the norintelligible condition, second version for the Certaintyonly

condition, and third version for the Full Intelligibility condition.

| imeSurvey http://www.limesurvey.orgRetrieved 13 March 2012.



http://www.limesurvey.org/
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LocateMe - Instructions

First Version

LocateMe detects where you aeeqd, whether at home, in some room in your office, or at some
other place), and performs several desirable actions, such as:

il
f
f

f
f

Indicate your availability€.g, whether you are at the office yet)

Remind you to get to certain destinations if you are not already there

Send you notifications or reminders when you are at certain plwcgddading the
grocery list when it detects you at the supermarket)

Help you printon the printer nearest to you

Inform you where your buddies am g, whether at home)

LocateMe uses several sensed factors to estimate where you are. It then infers which place you
are €.g.which office room you are in, whether you are at home).

For each scenario, you would be told what is happening in those situations. You may see a map
indicating truly where you are (indicated by a star), and indicating where certain named places
are. These are provided to help you understand what is happ&otethat this is not
necessarily how LocateMe perceives about the places and where you arecateMe may or

may not infer your location correctly.

SecondVersion
LocateMe detects where you aeeq, whether at home, in some room in your office, or ateso
other place), and performs several desirable actions, such as:

f
f
f

f
f

Indicate your availability€.g, whether you are at the office yet)

Remind you to get to certain destinations if you are not already there

Send you notifications or reminders when youareertain placese(g, loading the
grocery list when it detects you at the supermarket)

Help you print on the printer nearest to you

Inform you where your buddies ared, whether at home)

LocateMe uses several sensed factors to estimate where ydutlaea. infers which place you
are €.g.which office room you are in, whether you are at home).

The version olLocateMeyou are using can also indicate how confident it is about its infefgnce

(e.g, 62%, 93%).
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Third Version
Furthermore, it can showoy a map with visualizations to show you where it thinks you are and
explain to you how it made its inference. It uses several "bubbles" to

1. Indicate an area where it thinks you could be

2. Indicate the size and location of a named placag, (Circle represating Home)

Bubble Description / Meaning

Indicates the area where LocateMe thinks you could be. You are
likely to be in the center of the circle, but your exact location car
anywhere within the outer circle, and even possibly (though \
unlikely) outside it. l.e. the further away from the center of the cirg
the less it would think you would be ther
- The larger the circle, the larger the area that you could be in.

/ g\

Represents the area for a named placg, (Home, Restaurant, Bar
The ske of the circle indicates the threshold of area that would
considered to be. Some places are defined to be larger than other
some places may be defined to be large to have a lenient threg
The green color indicates that you inferred to biiatplace.

Also represents an area defined for a named pl
However, the red color indicates that you are inferretto be at this
place.

o0

Some examples and their interpretations:

=) =)
w1

‘e Paza Fiesta /||

This shows that LocateMe infers you to be at R & This shows that LocateMe infers you to be
Pizza Place, and actually your location is inferrec ~ more likely at Jimmy's Port Tavern, and no
be most likely just outside (center of circle). & B's Pizza Place.
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HearMe - Instructions

First Version
HeaMe detects sounds around you (whether you are in a conversation, listening to music, or just
ambient noise), and performs several desirable actions, such as:

1 Indicate your availability€.g, whether you are busy talking to someone)

1 Record the detected @io only when it thinks there is talking

1 Recommend that you play some music if it detects silence for a long time as you work

T Inform you whether your buddy is busy talking to someone
HearMe uses several sensed factors to evaluate what it hears. It #renwihit you could be
doing either as talking (being in a conversation), listening to music, or silent (it just hears
ambient noise).

SecondVersion
HearMe detects sounds around you (whether you are in a conversation, listening to music, or ju
ambient noise), and performs several desirable actions, such as:

1 Indicate your availability€.g, whether you are busy talking to someone)

1 Record the detected audio only when it thinks there is talking

T Recommend that you play some music if it deteitéice for a long time as you work

T Inform you whether your buddy is busy talking to someone
HearMe uses several sensed factors to evaluate what it hears. It then infers what you could be
doing either as talking (being in a conversation), listening to enumsi silent (it just hears
ambient noise).

The version ofHearMeyou are using is also able to indicate how confident it is abouf its
inference €.g, 62%, 93%).
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Third Version
Furthermore, it can show you two types of visualizations to explain tohgauit made its
inference:

1. Thevaluesof input factors, and for each factor, whether it is below, at, or above the
average value for that factor

2. Theevidenceof input factors, whether each factor votes for or against the current
inference

The followingtable describes each factor, and what it means:

Factor Description / Meaning

Indicates the percentage of the sound sampled was
relatively silent/quiet than the rest of the sample.
@™ PeriodsofSilence [Units: percentage (%)]

The sound of talking would typically have athig
percentage of silence.

Indicates the range of pitches (frequencies) that was |
_ in the sound sample, from a low pitch to a high pitch.
S Pitch Range [Units: Hertz (Hz)]

The sound of Music would typically have a high pitch
range.

Indicates, on average, howast the pitch was fluctuating
(changing from high to low, vieeersa).

[Units: Watts per Hertz (W/Hz)]

The sound of talking would typically have a high rate ¢
pitch fluctuation, while the sound of Music would
typically have a low rate.

'f Pitch Fluctuation

Indicates how pure” or "noisy"/"impure” the sound hea|
was.

¥ Pitch Purity [Units: bits]

The sound of talking would typically have high pitch

purity.

There are many other more technical factors that are
for sound inference, and they are summarized as "OtH
Factors." Their xact values are not shown, but they
contribute evidence to the inference.

Other Factors

HearMe can tell you whether the sensed values of these factors are below, at, or above the
average value for that factor, across all sound samples it has heard. This isdnslitatgauge
icons:

Much Much
Below Average | Below Average Average Above Average | Above Average

\Y) Y @ ) @
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Other than telling you the values of the factors, HearMe can also tell you how much evidence
each factor votes for or against an inference. Thisnisnaerical point, either positive, negative,
or zero. The average of all theseights ofevidence leads to the ultimate inference. These
weightsare shown in a bar chart with numbers at the ends of the bars.

Some examples and their interpretations:

Evidence Visualization
Evidence for
Ambience vs. Talking
@' Periﬁfsilence

-3
'{ Pitch Range
B -
Ij Pitch Fluctuation
B -
¥ Pitch Purity

> [l

OtherFactors

On average, theveightsof factors vote more fc
inferring Talking, instead of Ambience. The
strongest factor voting this direction@her
Factorswith 19 points. HowevelReriods of
Silenceand Pitch Purity vote for Ambience
with -8 and-5 points, respectively.

Sensed Factors Visualization

SensedFactors

s
i i i o
@' Periods of Silence \J;

16%
L . e
o Pitch Range
) I )
1280Hz
If.. Pitch Fluctuation lf ";:I
1.6W/Hz -
3 LT
Pitch Puri | |
¥ v ()
.61bits

Periods of Silence16% of the sound sample
was relatively silent compared to the rest of-
sample. This is above average for that factt
Pitch Purity : the sound sampled has aipuof
.61bits, which is about the average for samg
heard.
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F.3.2 LOCATMESCENARIOSCROSENTELLIGIBILITSONDITIONS

LocateMe (1st)
Scenario A

You are in the washroom just before your meeting with your neighboring coworker, Damien.

T T W T F 3F o T T | —
EIENEE R
: g
U AL ‘JLQ;Q\\KWJ/%P W
¥ quwr7 UV ﬁfﬁﬁ%ﬁ.g\%, H
? 2 hate A Al A 1+ J Lo H
t P I |
el 2 1 77 o 15 o | b

:The star denotes whe you actually are for this scenario.
¢KS LJzNLX S GNARIFy3afS RSy2(0Sa 6KSNB 51 YASyQa :

You receive a call from your neighboring coworker, Damien, asking you where you are since LocateMe
told him that you are at his office but he obvioudiyes not see you there
You check your status and see:

Youareab | YA SY
Office (RM102
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LocateMe (2nd)

Scenario A

You are in the washroom just before your meetlng with your neighboring coworker, Damien.

PR IR
A < R I\' . ,‘ . — I:tl /] %

= | ” ‘ﬂ‘ =
ML AL I I N ““fﬂf'“‘ AN “-H

<
L/ Lx_Fl—x. S VoIV A AN N & H
% \E .: /ﬂ\ —i = - 1 g .\"_f N ,,| : H
A L e

‘ 1/l f 7 e

Deled 2 1 59 ] T Led el

The star denotes where you actually are for this scenario.
Thepurpletrianf S RSy 203S&8 6KSNB 5FYASyQa 2FFAO0S o6wan

You receive a call from your neighboring coworker, Damien, asking you where you are since LocateMe
told him that you are at his office but he obviously does not see you there
You check your status and see:

Youareab | YA Sy
Office (RM102)

Confidence
52%
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LocateMe (3rd)

Scenario A

You are in the washroom just before your meetlng with your nelghborlng coworker Damien.

ERENELZ P

s r S ]

*

NS I NS | T I AW I NN S ‘ﬂ A -
U TV S VoY A ZASGEN = 3
g 1= Svg V== =S Iq| e 1A ol L i
FT—( K ‘Jm i = g =5 -
| i [
I |

I | || = i : T

= ﬁ“_‘ = 5 [t rr-f‘] # 5 |

The star denotes where you actually are for this scenario.
¢KS LJzNLX S GNARIFy3afS RSy2(3Sa 6KSNB 51 YASYyQa

You receivea call from your neighboring coworker, Damien, asking you where you are since LocateMe
told him that you are at his office but he obviously does not see you there
You check your status and see:
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