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Creating user interfaces that are natural, guessable, learnable, memorable and accessible is a persistent challenge. 

Involving end users in the design process is a well-established approach to address these challenges, but traditional 

participatory design has limitations, especially when it comes to scaling beyond the lab and reaching diverse 

participants. I build on the success of a popular participatory design method called end-user elicitation. Elicitation 

studies work by presenting the effect of an interaction (e.g., what happens after a user makes a gesture) and asking 

end-user participants to perform the action that would have caused that effect (e.g., the gesture itself). Despite their 

success, elicitation studies have important limitations. They typically are confined to a lab setting, limiting the 

number of participants, their diversity and the representativeness of the results. Also, analyzing the studies’ results is 

a laborious process. Furthermore, elicitation studies lack a formal approach to evaluate the quality of their results. 

My work addresses these limitations by scaling beyond the lab and conducting distributed elicitation studies with 

online crowds. In this dissertation, I have created an open platform and formulated the Distributed Interaction 

Design (DXD) process. This work overall contributes methodological extensions to elicitation studies, an open 

platform for the research community, and empirical studies of user-generated interactions such as gestures, voice 

commands, and icons. The thesis I demonstrate in this work is: 

Using a custom-built platform to conduct Distributed Interaction Design (DXD) enables: creating user-elicited 

interactions; evaluating the guessability, learnability, and memorability of interaction designs; and the recruitment of 

participants through third-party services in a timely manner. 
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“Here’s to the crazy ones, the misfits, the rebels, the troublemakers, the round pegs in the square 
holes… the ones who see things differently — they’re not fond of rules… You can quote them, 

disagree with them, glorify or vilify them, but the only thing you can’t do is ignore them because 
they change things… they push the human race forward, and while some may see them as the 

crazy ones, we see genius, because the ones who are crazy enough to think that they can change 
the world, are the ones who do.” 

-Steve Jobs 
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Abstract 

Creating user interfaces that are natural, guessable, learnable, memorable and accessible is a persistent 

challenge. Involving end users in the design process is a well-established approach to address these 

challenges, but traditional participatory design has limitations, especially when it comes to scaling beyond 

the lab and reaching diverse participants. I build on the success of a popular participatory design method 

called end-user elicitation. Elicitation studies work by presenting the effect of an interaction (e.g., what 

happens after a user makes a gesture) and asking end-user participants to perform the action that would have 

caused that effect (e.g., the gesture itself). Despite their success, elicitation studies have important 

limitations. They typically are confined to a lab setting, limiting the number of participants, their diversity 

and the representativeness of the results. Also, analyzing the studies’ results is a laborious process. 

Furthermore, elicitation studies lack a formal approach to evaluate the quality of their results. My work 

addresses these limitations by scaling beyond the lab and conducting distributed elicitation studies with 

online crowds. In this dissertation, I have created an open platform and formulated the Distributed 

Interaction Design (DXD) process. This work overall contributes methodological extensions to elicitation 

studies, an open platform for the research community, and empirical studies of user-generated interactions 

such as gestures, voice commands, and icons. The thesis I demonstrate in this work is: 

Using a custom-built platform to conduct Distributed Interaction Design (DXD) enables: 

creating user-elicited interactions; evaluating the guessability, learnability, and 

memorability of interaction designs; and the recruitment of participants through third-

party services in a timely manner.  
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One |  Introduction 
In this chapter, I lay out the background and motivation behind my work, outline my research questions, 

detail how this dissertation is structured and list the contributions I make in this dissertation. 

1 Background and Motivation 

Eliciting input from end users to design systems is a common practice in the field of human-computer 

interaction (HCI). User-centered design has involved users in many aspects of interactive system design 

through participatory design studies [13]. My area of interest is interaction design, which I define in more 

detail in the Interaction Design subsection of the next chapter. Perhaps the earliest example of HCI 

research involving end users in proposing interaction designs is Good et al.’s [37] work generating user-

driven key terms for a command-line interface. Later, a similar approach to Good et al.’s was formalized 

by Wobbrock et al. [127,131] around gestural interactions. Wobbrock et al. set the methodology to 

create a conflict-free gesture set for surface computing. Their work contributed an equation to calculate 

agreement among participants. This method, dubbed the end-user elicitation study, has proven to be quite 

popular since 2009, with more than 300 published studies utilizing the method in many areas, such as 

interacting with drones, augmented and virtual reality environments, robots, and vehicles, to name a few. 

I provide many examples that show the versatility of the method and the ample work in the literature citing 

Wobbrock et al. [131] in the Related Work chapter of this dissertation.  

The premise of end-user elicitation studies is that eliciting input actions from end users leads to the 

creation of intuitive technologies that are guessable, learnable and memorable [85]. Research on 

elicitation studies has shown that interactions proposed by larger groups of people tend to be preferable 

to those proposed by smaller groups, even those created by professional designers [80]. In short, 

elicitation studies work as follows: researchers invite potential users to a laboratory, present them with 

the effect of an interaction on a computing system, and ask them to propose the action meant to invoke 

that effect.  
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Despite elicitation studies’ popularity, the method has a few important limitations. First, the status quo 

of running elicitation studies in a lab setting limits the number and diversity of the participants, hence 

limiting the representativeness and usefulness of the study results. Participants who live near the research 

lab and are physically able and willing to go there to partake in a research study are the only ones who 

propose designs shaping future technologies. Second, part of the analysis of elicitation studies consists 

of a laborious task that requires substantial time and effort, namely the grouping of proposals based on 

their similarity. Including many participants in an elicitation study is desirable; however, this practice 

increases the number of comparisons among proposals when analyzing the results. Finally, elicitation 

studies lack a formalized method to evaluate the user-elicited proposals. 

2 Research Questions  

My work builds on the success of the elicitation study method and extends it. I address the drawbacks 

outlined above by formulating methods and building tools. In addition, I have used my tools and methods 

to address some open research questions in the elicitation literature, investigate existing interfaces and 

design emerging ones.  

To address the first limitation and include larger more diverse groups of participants, I created an online 

tool, called Crowdlicit [9], that translates the elicitation method to run online while incorporating the best 

practices published in the elicitation literature. To create Crowdlicit, I set out to answer the following 

research questions: 

 RQ.1 How can I expand the reach of elicitation studies beyond the lab and reach a larger more 

diverse pool of participants? 

 RQ.2 What are the requirements for a system that translates the elicitation study to run in a 

distributed fashion? 

 RQ.3 What are the benefits and drawbacks to running elicitation studies in a distributed fashion?  

The Crowdlicit tool and the answers to the above questions are discussed in detail in the chapter 

Crowdlicit. 
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To address the second limitation of elicitation studies,  the difficulty of analyzing them efficiently, I 

created an online tool called Crowdsensus [7]. I set out to answer the following three research questions 

to create and evaluate Crowdsensus: 

 RQ.4 How can a crowd of online workers facilitate the similarity judgments for agreement analysis 

in end-user elicitation studies?  

 RQ.5 By using the crowd, what are the benefits, if any, in terms of cost and time compared to the 

status quo use of experts’ judgments?  

 RQ.6 How does the quality of the results produced by the crowd compare to those produced by 

expert researchers? 

The Crowdsensus tool is discussed in detail in the Crowdsensus chapter. 
To address the third limitation of elicitation studies and formulate a method to evaluate the user-elicited 

design proposals, I establish the End-User Identification method to answer RQ.7 in the Crowdlicit 

chapter. 

 RQ.7 How can I evaluate the guessability of the interaction proposals resulting from elicitation 

studies on a large scale in an efficient manner?  

I also capitalized on the efficiencies gained from my tools to add other measures of interaction design 

evaluation—learnability and memorability—by answering the following two research questions in the “I 

Am Iron Man” chapter:  

 RQ.8 How can I evaluate the learnability of the interaction proposals resulting from elicitation 

studies on a large scale in an efficient manner? 

 RQ.9 How can I evaluate the memorability of the interaction proposals resulting from elicitation 

studies on a large scale in an efficient manner? 

My platform enabled me to investigate some open research questions in the elicitation literature such as 

the influence of the legacy bias reduction principles proposed by Morris et al. [79]. I empirically evaluated 



Introduction 

 

  
5 

whether these principles have an effect on the proposals collected in elicitation studies by answering the 

following research questions:  

 RQ.10 How does production influence user-elicited interaction designs?  

 RQ.11 How does priming influence user-elicited interaction designs?  

I answered RQ.10 in the chapter Anachronism by Design. In this chapter, I evaluated existing interfaces 

(i.e., desktop operating systems) looking at anachronistic icons—ones that represent objects which are no 

longer used—and their appropriateness, especially with young technology users. In addition to RQ.10, I 

answer the following research questions: 

 RQ.12 What icons would young adults propose to trigger computer functions currently 

associated with anachronistic icons?  

 RQ.13 How familiar are young adults with the objects represented in anachronistic icons?  

 RQ.14 How identifiable is a set of icons elicited from young adults?  

In the chapter “I Am Iron Man” I answer RQ.11 (How does priming influence user-elicited interaction 

designs?), by conducting a series of distributed studies designing gestural interactions for a video player 

in an MR environment. In addition to investigating the effects of priming on user-elicited gestures, I add 

other usability metrics to my method of distributed interaction design evaluation besides identifiability, 

which are learnability and memorability. I do so by answering the following research question:  

 RQ.15 How can I create gestures for mixed-reality environments that are guessable, learnable, 

and memorable?  

3 Dissertation Structure 

This dissertation is made up of four sections: Foundation, Tools, DXD Applications, and DXD Impact. 

In the first section, Foundation, I briefly introduce the motivation for my work, what I have done in this 

dissertation, and the contributions of my work. Even though my work culminated in the creation of the   
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Distributed Interaction Design (DXD) process, I describe this process in the second chapter of the 

Foundation section and then work backwards. At the end of the Foundation section, I give an overview of 

related work, focusing especially on elicitation studies—the core method behind this dissertation—and 

online HCI research.  

In the second section, Tools, I explain the research platform I have created called The CROWDDESIGN 

engine and the two tools that make up that platform, Crowdlicit and Crowdsensus. These chapters detail 

the design of the systems as well as how I evaluated their effectiveness.  

In the third section, DXD Applications, I provide examples of work I have done utilizing my tools and the 

DXD approach. This section has three chapters showcasing how I used the DXD process. In the chapter 

Anachronism by Design, I used the DXD process to redesign computer iconography with young adult 

users. The chapter “I Am Iron Man” details how the CROWDDESIGN engine and the DXD process 

enabled me to run three studies designing and evaluating interactions for a Mixed Reality (MR) 

environment efficiently. The final chapter of the DXD Applications section, Beyond This Dissertation, 

provides two examples of how I used and continue to use the DXD process and the CROWDDESIGN 

engine to create usable and accessible interactions in academia and industry.  

In the final section, DXD Impact, I provide a discussion, some reflections and conclusion to my work.  

4 Contributions 

This dissertation makes the following contributions to the field of HCI: (1) An online platform with 

resources teaching the end-user elicitation and identification methods and providing access to two tools: 

(2) the Crowdlicit tool to run distributed elicitation and identification studies, and (3) the Crowdsensus 

tool for researchers to utilize online crowds to find agreement in complex datasets. (4) The End-User 

Identification method, a new method that evaluates the guessability of interactions. (5) The Distributed 

Interaction Design (DXD) process. (6) The empirical results of 10 studies: three elicitation studies 

(eliciting voice commands, gestures, and icons), four identification studies accompanying the three 

elicitation studies, and three experiments (a comparison of the Crowdsensus approach to analyze 

elicitation studies against expert researchers, a learnability study, and a memorability study).  
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In this dissertation, I demonstrate the following thesis:  

Using a custom-built platform to conduct Distributed Interaction Design (DXD) enables: 
creating user-elicited interactions; evaluating the guessability, learnability, and 
memorability of interaction designs; and the recruitment of participants through third-
party services in a timely manner. 
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Two |  Distributed Interaction Design (DXD) 
 

At the time of writing this dissertation, the world is grappling with the COVID-19 pandemic. Some 

countries are still enforcing stay-at-home orders and the world population is practicing self-isolation to slow 

the spread of the virus. In times like these, innovation is essential, and human-centered innovation is 

paramount. Despite decades of improved design and usability practices, creating systems with interactions 

that are highly guessable, learnable, memorable, enjoyable, and accessible is still a persistent challenge. This 

challenge is exacerbated even more by the number of emerging intelligent technology platforms and 

environments like wearable devices, drones and robots, interactive surfaces and fabrics, voice-controlled 

intelligent assistants, and virtual and augmented reality environments. In the field of human-computer 

interaction, the practice of human-centered design tackles some of these challenges, but it has not been 

widely adapted to remote use by physically distant practitioners and users. I have formulated a process to 

enable the creation and evaluation of interaction designs remotely by end users for end users. In this chapter, 

I provide an overview description the work I have done to take user-centered design approaches out of the 

lab and online, and how my work led me to formulate the Distributed Interaction Design (DXD) process. 
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1 Interaction Design  

My definition of interaction design—inspired by early work in HCI [46]—has three components: (1) a 

human input, (2) a system computing function, and (3) the system’s feedback or output. To best 

determine what inputs should trigger what functions and outputs in a system, several methodologies exist 

that incorporate end users into the design process, such as participatory design [104]. From 2005 – 

2009, Wobbrock et al. [127,132] developed a related method to make interactive systems more 

guessable, learnable, and usable called End-User Elicitation. By incorporating end users of varying 

abilities, needs, backgrounds, and values directly in the design process, interactive systems could be made 

more usable and inclusive.  

The end-user elicitation study works by prompting users with the output of a computing function and 

asking them to propose the action that would trigger that function to bring about that output. In essence, 

it asks users to work backwards from the system’s response to the user’s action, thereby eliciting the 

actions that users feel most likely would result in the responses they are shown. Over many participants 

in an elicitation study, patterns of similar proposals start to emerge that can be implemented in an 

interactive system. End-user elicitation has become popular, with over 300 published studies by 

researchers utilizing this method to design a wide range of interactions: gestures for interactive tabletops 

[131], gestures for blind users of touch screens [49], virtual and augmented reality interactions [96], 

smart TV controls [75], in-vehicle interactions, and human-robot interactions [92], to name a few.  

2 Distributed Interaction Design 

In this chapter, I extend and update the elicitation methodology to fit our current state of the world. I 

created an online research and design platform called The CROWDDESIGN engine1. The platform 

enables scaling the end-user elicitation methodology to be conducted completely online, reaching a large 

pool of participants, remedying the lack of access and user representation that is typical of lab-based 

studies, and allowing researchers to involve users in the design process of future technologies at a global 

 
1 http://crowddesignengine.com  
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scale [9]. The engine also includes a tool to analyze study results efficiently by utilizing the wisdom of the 

crowds and machine learning [7], drastically reducing the time it takes to conduct end-user elicitation 

studies and evaluate their results. In addition, I formulated a method to validate user-generated 

interactions in a distributed fashion, called the End-User Identification method. From this work, I 

extrapolated a six-step process for designing user-centered technologies that I call the Distributed 

Interaction Design (DXD2) process.  

 Stepping Out of the Lab  

Over time, I identified several areas where opportunities for advancements could be pursued. To begin 

with, elicitation studies are traditionally run in laboratory settings with ~20 participants on average. 

Given the social-distancing rules we face, lab studies are impossible. Even if in-lab studies were possible, 

the limited number of participants leads to results that do not necessarily represent a wide range of users. 

Also, research has shown that interaction designs generated by large numbers of participants are 

preferable to those generated by one or a few professional designers [81]. To address the limited number 

of participants, I  built a tool called Crowdlicit that reconceptualizes the elicitation process and its best 

practices to run completely in a distributed manner. Researchers conducting distributed elicitation 

studies can run their studies either synchronously or asynchronously with any participant in the world 

who has access to a web browser. Crowdlicit automates collecting, organizing, and storing user proposals 

in an easy-to-analyze manner. 

 Harnessing the Powers of the Crowd  

Beyond the usual challenges of participant recruitment, study execution, and data capture, elicitation 

study data analysis requires a determination of whether two elicited proposals are sufficiently similar to 

be grouped together as if they were “the same interaction.” In most elicitation studies, all elicited 

proposals need to be compared to each other using subjective human judgment, which requires great 

amounts of time and effort. In my platform, I created a tool called Crowdsensus to analyze elicitation 

studies—either by importing the data directly from Crowdlicit or manually uploading it—by harnessing the 

 
2 The X in DXD comes from the abbreviation IX for interaction.  
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power of online crowd workers and machine learning algorithms to analyze the results of elicitation 

studies four times faster than manual human analyses [2]. 

 Distributed Design Evaluation 

The literature employing elicitation studies published over the last decade shows that most studies 

conclude by reporting a set of user-generated interactions. However, the elicitation process lacked a 

formalized method to evaluate or validate these user-generated interactions. I therefore established a 

method called the End-User Identification to evaluate input actions before investing time and resources 

implementing these actions into interactive systems. These input actions could be new or existing actions 

designed by interaction designers or sets of interactions resulting from end-user elicitation studies or 

other participatory interaction design methodologies [3]. Identification studies reverse the elicitation 

process by presenting users with a human input action and asking them to propose the system function or 

system output they expect the input action would trigger. I built The CROWDDESIGN engine in a 

robust way to run and analyze both elicitation and identification studies in a distributed fashion. 

3 The Six Steps of DXD  

Putting all my work together, I created a six-step iterative process to designing interactive systems with a 

global pool of participants. I illustrate the six steps using an example of how the methodology works.  
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Figure 1 The six-step Distributed Interaction Design (DXD) process. 

 Step 1: Set Up the Four Pillars of a DXD Study 

From my experience building The CROWDDESIGN engine and running distributed user-centered 

design studies, I found that there are four foundational elements that need to be established and 

communicated to remote participants properly to ensure the success of a DXD study:  

 Rules of Engagement: Study instructions preceding the start of an elicitation study should 
establish the rules of engagement. These rules explain to the participant (a) the environment in 
which they are to imagine the system being designed; (b) the form of the system; and (c) the 
system’s sensing capabilities. An example of this would be, “imagine you are interacting with a 
TV set in your living room that is able to recognize voice commands.” 

 A List of Functions: Every interactive system has a list of functions triggered by user input—i.e., 
actions. In elicitation studies, these functions are used as prompts. For example, a media player 
has functions like “play” and “pause.”   

 Prompt Modality: A prompt can be presented to participants in various ways: as a text 
description; as still images (e.g., before and after pictures of the system state); as audible 
feedback (e.g., tones and beeps, or natural language output); or as video showing the effects on a 
system. All these different presentation modalities are available in the Crowdlicit tool on the 
CROWDDESIGN platform.  
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 Proposal Modality: The proposals collected from remote participants can take one of many 
forms: text descriptions of actions, like pressing a button or turning a knob on a physical 
interactive system; natural language commands; or actual text-based commands for command 
line interfaces. They could also be still images or sketches. For dynamic proposals, they could be 
audio or video clips. Proposals can even take the form of annotations on a wireframe or existing 
user interfaces.  

Example: Suppose a system creator is designing a new robotic arm that performs many functions 

triggered by mid-air gestures. The system creator might formulate the following study instructions: 

“Imagine you are interacting with a robotic arm sitting on your desk. It can sense your body movements 

and accept them as commands.” One of the functions the arm can perform is gripping an object. The 

creator then formulates the following prompt to present to participants in an elicitation study: “Perform 

a mid-air gesture that would make this robotic arm grip an object.” The system creator can represent this 

prompt in several ways other than text, such as two images, one showing the robotic arm with open 

fingers—the “before” state—and one where the fingers are closed together—the “after” state. Another way 

would be a video showing the robotic arm closing its fingers accompanied with the instruction, “Perform 

a mid-air gesture that would trigger this movement.” Having viewed and understood the prompt, the 

participant then would provide a proposal for the gesture, which the participant could describe in text, 

sketch as a sequence of images, or best of all, perform and record as a video. 

 Step 2: Collect Proposals  

Human input actions can be captured in many forms, as stated above. In the example of the system creator 

attempting to design a mid-air gesture for triggering the grasping function in their new robotic arm, the 

creator then recruits tens, or maybe hundreds, of participants for an elicitation study. The participants 

might propose mid-air gestures such as the three shown in Figure 2.  
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Figure 2 Three gestures by different participants in an elicitation study in response to the prompt, “Perform a mid-air 
gesture that would make this robotic arm grip an item.” Participants “A” and “C” proposed the same gripping gesture, 

whereas participant “B” proposed a different gesture. 

 Step 3: Create Interaction Sets 

Once proposals for a prompt are collected, it is time to find the proposal with the highest consensus 

among participants. All proposals must be compared for their pairwise similarity and put into similarity 

groups. In our example, the system creator would group the gestures based on their similarity and 

implement the gesture with the highest consensus in the new system. So, the resulting gesture here would 

resemble proposals “A” and “C”. At the end of this step, the creator will have a list of input action 

designs—informed by actual end users—that map to the functions of the system.  

 Step 4: Test Interaction Quality  

Many metrics of the ISO 9241 standard for usability lend themselves to distributed evaluations such as 

task, learning, and individualization suitability, and conformity with user expectations. As mentioned 

above, most end-user elicitation studies conclude by reporting a set of user-generated proposals, but 

without a decisive way to claim whether those proposals are “good” or not. I have established a method to 

test the quality of the proposal-prompt relationship called End-User Identification. An identification 

study is the reverse of an elicitation study: participants see a prompt of an input action and guess what the 

system would do or the feedback it would provide. In this example, when running the identification study, 

the system creator would recruit new participants and present them with the resulting gestures from the 

elicitation study, like the hand-closing gesture for grabbing an object (Figure 3). The creator asks 

participants to propose the function that the robotic arm would perform in response to this gesture. 



Distributed Interaction Design (DXD) 

 

  
15 

 

Figure 3 The gesture with the highest consensus from participants in the elicitation study of Figure 2. 

The creator would then group the proposed functions based on their similarity to find the one with the 

highest consensus in a similar manner to Step 3 above. If the resulting proposed function matches the 

original function used to elicit the user-generated gesture, this indicates that the input action-system 

response relationship is an identifiable one, and that the proposals are a good fit for this prompt. Because 

of the flexibility of The CROWDDESIGN engine, I can utilize it to run and analyze distributed 

identification studies with the Crowdlicit and Crowdsensus tools. Other usability studies such as 

learnability and memorability studies can take advantage of Crowdlicit and use it as a tool to gather, 

organize, and store data. Other metrics from the ISO 9241 standard like error tolerance and 

controllability might be more suited for traditional usability testing as they work within the context of use 

with the actual system being evaluated.  

 Step 5: Decide Whether to Repeat Steps 2 – 4 

In cases where the input action-system response relationship is not easily identifiable, a new round of 

proposal collection and design quality testing can be conducted. The DXD process is iterative for this 

reason. Researchers can repeat steps 2 – 4 as necessary until they arrive at a set of interactions generated 

and tested by end users to implement in their system.  

 Step 6: Recommend Interaction Designs 

Finally, researchers and system creators can build systems informed by real users on a global scale, making 

future technologies inclusive of different users’ perceptions, values, and physical abilities.  
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The DXD process is meant to inform designers, researchers, and system creators of actual end users’ 

needs, abilities, and preferences. DXD sits between a wireframing tool and a code editor. After system 

creators have established the system’s form and functions, they can get insight into how the system’s users 

would best interact with it before investing the resources to build the system.  

Having now introduced the overall DXD design process, I turn to related work, after which, I delve into 

the creation of my tools that enable this DXD process to efficiently execute online. 
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Three |  Related Work 
In this chapter I survey the HCI literature and present related work to this dissertation in three sections: 

 Work including end users in the design process of interaction designs, how these designs compare to ones 
created by experts, and which design approach yields better designs. In this section I define what I believe to 
be a good interaction design.  

 The end-user elicitation study—the methodology at the core of my work, its origins, extensions, and 
application areas. 

 Examples of work from the two facets of online HCI, as described by Lazar et al. [61]: Online research, using 
online tools to conduct research, and human computation, utilizing large numbers of online users 
completing tasks collectively. In addition, examples of work including users in the design process in a 
distributed manner.  

1 Designer vs. User 

In this section, I discuss literature on user-defined designs and expert-defined designs in three parts: In part 1, I 

present work that has included users in the design process—drawing on both the literature of elicitation studies 

and participatory design. In part 2, I discuss specific examples in which authors evaluated user-elicited designs, 

and examples in which authors specifically compared user-elicited designs against ones created by experts. Based 

on the many definitions of “better” from the aforementioned examples, I synthesize a definition of good design. 

Finally, in part 3, I explain why I believe user-driven design is important, and where design experts fit in the 

process of designing better technologies.  

 User-Driven Interaction Design  

Most of the literature shows that involving end users leads to better results in terms of ease of use and user 

satisfaction, however they do stress that the process is not straightforward. Much work has been done and 

continues and will need to continue to best figure out how to involve users in design in a successful manner. Abras 

et al. [1] outline some logistical disadvantages to involving users in the design process such as cost, time, and 

expertise required to conduct participatory design sessions, and the results from small groups of participants can 

be too specific to generalize. They do conclude that, “Involving users in design one way or another has been shown 

to lead to developing more usable satisfying designs.”  
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In Participatory Design: The Third Space in HCI, Muller and Druin [84] do an excellent job of distilling the 

concerns with merely asking users to design a system, or as they put it “Just Add Users and Stir.” They point out 

that the integrity of including multiple voices in design has been questioned, citing Reyman et al. (2005) who 

summarized, “the problem from the perspective of professional designers, whose newly-won strength in systems 

design is challenged by the claims of users’ knowledge as a crucial component of design. They note that ‘designers 

have their own expertise,’ and ‘it is not yet clear which kind of user involvement is most appropriate.’”  Muller and 

Druin go on to mention drawbacks to the practice such as issues of disagreement among users. Finally, they 

outline a number of ways users can be involved in designing a system stating, “there are four roles children [users] 

can play in the design process: user, tester, informant, and design partner (Druin, 2002). With each role, there is 

a spectrum of user involvement, at differing points in the design of new technology.”  

Good et al. [37] talked about the dualism of approaching the disconnect between the user and a system, saying 

that system designers can either adapt the user to the system or adapt the system to the user with the latter as a 

preference. They mention an anecdote from the early days of personal computing from Larry Tesler talking about 

the development process of the Apple Lisa interface where the developers involved users in testing the interface. 

He said, “We had a couple of real beauties where the users couldn't use any of the versions that were given to them 

and they would immediately say, ‘Why don't you just do it this way?’ and that was obviously the way to do it. So 

sometimes we got the ideas from our user tests, and as soon as we heard the idea we all thought, ‘Why didn't we 

think of that?’ Then we did it that way.” Good also presented the opposite view, citing Black and Morgan who 

stated that, “A computer system cannot be designed by simply asking computer-naive people what they think it 

should be like; they are not good designers.”  

In addition, Morris et al. [82] pointed out the limitation to relying on experts solely, saying, “HCI researchers may 

not always create optimal gesture designs despite their expertise.” 

It is clear that users’ input is imperative to the system design process. However, this does not mean that experts 

are no longer needed. From the elicitation literature specifically, Pyryeskin et al. [99] found that the most frequent 

user-defined interactions—i.e., the design recommendations as a result of an elicitation study—performed worse 

in terms of speed and accuracy than less frequent ones which were predicted to perform better by designers. 

Moreover, researchers need to validate the outcome of user-driven designs. An argument against the status quo 



Related Work 

 

  
19 

of elicitation studies comes from Nebeling et al. [90]. They argue that the process of elicitation appearing 

throughout the literature is somewhat incomplete stating, “The majority of [elicitation] studies end with reporting 

a suitable interaction set.”  Wobbrock et al. [131] concluded the paper in which they established the elicitation 

method itself by saying that results need to be validated and proposed running the reverse of elicitation studies to 

do so, by presenting end users with an input action and asking them to propose the effect that will have on the 

system.  Although Wobbrock et al. [131] raised this possibility, they did not investigate it; in this dissertation, I 

establish and formalize this possibility as End-User Identification studies. 

In summary, two main points appeared consistently throughout the literature: 1. the collective intelligence of end 

users can unearth better designs than ones created by a single designer or a small team of designers; 2. Involving 

end users in the design process requires special care. 

  A Good Interaction Design  

In this section, I provide examples where the authors evaluated end-user designs, and examples where the authors 

pitted end-user designs against experts’ ones. I conclude by defining what a good interaction is based on the 

definitions and evaluation criteria used in the aforementioned examples. 

1.2.1 Evaluating User Designs 

Choi et al. [23] conducted an elicitation study to derive a gesture set to control a smart home system. In a 

subsequent study, they presented participants with the entire gesture set and asked them to pick the most 

appropriate gesture for each command. They found that 65% of the gesture-function couplings from the 

elicitation study were changed when the same participants looked at all the gestures available. Choi et al. asked 

for preferences over a finite set of interactions; they did not evaluate the designs for their learnability, 

memorability, or reliability. Their evaluative study took a ranking approach.   

Cowan and Li [26] followed Wobbrock et al.’s [131] advice and followed their elicitation study with another study 

reversing the elicitation process. Their study’s aim was to determine whether participants were able to identify 

the effect of an action on a computing system—i.e., the discoverability of an action. They did not provide their 

participants with a set of possible effects and instead took an infinite-possibility approach, in an effort to reflect a 
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real-world situation. My work formalized this approach in my CHI 2019 paper [9] in which I establish the End-

User Identification method.  

May et al. [70] followed up their elicitation study with an online survey showing videos of mid-air gestures and 

their effects on an in-vehicle system—an example of a distributed interaction evaluation approach. Their survey 

attempted to assess the workload of each gesture. They asked the respondents first to mimic the gesture 

themselves, imagine using the gesture while driving, then answer some questions about the physical and mental 

demand of the gesture, its match to the interface response, difficulty to remember, and difficulty to use while 

driving. In essence, May et al. were concerned with the ease of the interaction both physically and mentally, the 

action-effect fit and situational fit. 

1.2.2 Comparing User-Defined and Expert-Defined Designs 

Morris et al. [82] compared user-created gestures from an elicitation study to those created by designers by 

showing videos of the interaction and its effect, asking them to imitate the gesture, then asking the participants to 

rate the action-effect fit and ease to perform. Then for each function that included synonym gestures they asked 

participants to rank the gestures based on their preference. They found that gestures proposed by a large number 

of people were preferred to ones created by a small number of designers.  

Nacenta et al. [86] stated that “one of the main factors that could determine the success of gesture sets in modern 

interfaces is whether the gestures can be effectively learned and remembered.” They evaluated two gesture sets—a 

user-defined one and a pre-designed set—by having participants learn a pre-designed gesture, create one to cause 

an effect on a system and perform the gesture, whether learned or self-proposed. They then invited the users to 

come back the following day and perform the gestures again to test their memorability. Finally, the participants 

rated the gestures on the following scales: concentration to learn, easy to remember, easy to articulate, fun, and 

ranked the gestures on their difficulty to learn, difficulty to remember, learning time, and fun. They found that 

user-defined gestures were easier, more fun and less effortful. I tackle the learnability of memorability of user-

elicited gestures in the “I Am Iron Man” chapter of this dissertation.  

Pyryeskin et al. [99] showed that designers’ judgment is needed to enhance the design of interactions. Following 

an elicitation study they conducted to design over-surface gestures, they compared the performance of the 

gestures produced by end users to those created by designers. Their study measured how fast a gesture can be 
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performed, how accurately it can be performed, and how difficult it would be for the system to recognize the 

gesture. Participants performed the gesture and then answered three Likert-type scale questions about the ease, 

performance, and overall experience. They found that frequently proposed gestures underperformed those 

predicted by designers to perform better. 

1.2.3 What is “Better?”  

A definition of a good interaction comes from Morris et al. [79] in which they stated that a “good” gesture is one 

that meets design criteria such as discoverability, ease of performance, memorability, or reliability. From the 

examples in this section, I extend the ease of performance to include both mental and physical ease and add action-

function fit, and situational fit, to the definition.   

My own definition of a Good Interaction Design is one that is discoverable, learnable, memorable, mentally and 

physically easy to perform, matches its intended effect and is situationally appropriate.  

 Toward Better-Designed Technologies 

Given the support for user-driven design in the literature, the question here becomes how end users can 

contribute to the design of systems rather than whether end users should contribute to the design process. I 

believe that users’ design input is imperative to the design process of interactive systems. Participatory design 

methods such as elicitation studies can unlock system designers’ creativity by, as Morris et al. [79] put it, enabling 

“interaction designers to focus on end users’ desires as opposed to settling for what is technically convenient at the 

moment.”  End-user proposals will inform expert designers to create better systems. 

2 Elicitation Studies 

The practice of eliciting input from users to inform interaction designs has been used broadly in human-computer 

interaction (HCI) research. In this section, I briefly explore the Origins of this method. I discuss the paper User-

Defined Gestures for Surface Computing by Wobbrock et al. [131] that  formalized and popularized the 

method in HCI, and provide an overview of the types of work utilizing this method. In addition, I provide an 

overview of the work done to extend the method, and the areas of application in which this method has found 

success.  



Related Work 

 

  
22 

 

 Origins 

The earliest example of an elicitation study, to my knowledge, is Good et al.’s work from 1984. In their paper, 

Good et al. [37] asked users to propose key terms for their command-line-operated  system. Nielsen et al. [91] 

described a similar approach in 2003 to design ergonomic, intuitive, learnable gestures. Wobbrock et al. [128] 

used the approach in 2005 to create easily guessable symbolic gestural inputs for text in EdgeWrite. Arguably, 

the most influential paper utilizing this approach is Wobbrock et al.’s paper from 2009 [131], which I discuss in 

detail in the next section below.  

 User-Defined Gestures for Surface Computing  

 In their 2009 paper, Wobbrock et al. [133] outlined the end-user elicitation methodology in a lab setting. For 

context, I will briefly describe how the method works: system designers invite participants from the target end-

user population and prompt them with the effect of an action on a computing system and ask the participants to 

propose the action to cause the demonstrated effect. Following a proposal, a participant rates how easy it is to 

perform and how well it matches the function it is intended to trigger. Once the system designers collect a number 

of action proposals, they proceed by grouping these proposals based on their similarity, calculate the agreement 

among participants as to which action should trigger each function, and resolve any conflicting proposals assigned 

to multiple functions. Finally, the system designers match their set of functions with the corresponding action 

proposals. The process of end-user elicitation studies produces systems with interactions that are learnable, 

memorable, natural, and easily discoverable. 

At the time of writing this dissertation, more than 300 papers (Figure 4) have been published that use and extend 

the elicitation method for myriad applications; I explore these Method Extensions and Application Areas in the 

two sections below.  
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Figure 4 The 309 elicitation studies based on Wobbrock et al.’s [132] methodology. 

 Method Extensions  

Numerous scholars published work extending the end-user elicitation method. In this section, I focus on the two 

main areas of extension I found in the literature: new agreement equations and methods to enhance participants’ 

creativity.  

2.3.1 Agreement Equations 

Vatavu and Wobbrock [119,121] added new agreement calculations, disagreement scores, and qualitative 

judgments of agreement rates. Their main contribution was to distinguish agreement calculations for between-

subjects elicitation studies from within-subjects elicitation studies, as there are different statistical implications 

for each. Findlater et al. [29] also introduced a version of the agreement equation, their main contribution being 

having an equation that ranges from 0.00 to 1.00, independent of the number of proposals generated, which 

Wobbrock et al.'s original equation failed to do. Tsandilas proposed their own approach to calculating proposal 

agreement [114], directly contesting the work of Vatavu and Wobbrock. Morris [75] proposed consensus metrics 

to supplement agreement scores especially for situations where the number of proposals per prompt is unequal 

across prompts.  
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2.3.2 Unlocking Creativity  

Getting participants in elicitation studies to think creatively is important to get past a hurdle in these studies 

known as “legacy bias”[79]. Legacy bias is discussed in the end-user elicitation literature as a negative influence 

on the results of elicitation studies, but legacy bias also has its defenders. Drawing on the literature, I present 

arguments for and against legacy bias and my own take on it.  

Morris et al. [79] defined legacy bias in elicitation studies as a potential pitfall in which “users’ proposals are often 

biased by their experience with prior interfaces and technologies.” Moreover, they stated that “legacy bias limits 

the potential of user-elicitation methodologies for producing interactions that take full advantage of emerging 

application domains, form factors, and sensing capabilities.”  They continued on to propose three principles—the 

3P’s—to reduce legacy bias in elicitation studies: Production, Priming, and Partners. Production: “requiring users 

to propose multiple symbols for each referent to move them beyond legacy interactions.”  Priming: “engaging users’ 

creativity to think of the capabilities of the new technologies and reduce the impact of legacy bias.” Finally, 

Partners: “using groups of participants to engage in an elicitation task to leverage each other’s ideas.”  

Köpsel and Bubalo [55] presented a counter to Morris et al., arguing that legacy bias helps create good 

interactions. Citing small participant-group sizes, they argue that the non-legacy interactions will not generalize 

to a wide user base. They claim that legacy gestures are simple and therefore usable. They say that the complete 

suspension of legacy bias would erase the advances made in HCI research and lead to unnecessary redundancies 

in the development of interfaces in novel systems and ask not to condemn what was invented earlier.  

I believe that was not the point Morris et al. were making in their article. In fact, Morris et al. do state that legacy 

interactions can be discoverable, easy, and memorable, some of the traits of a good interaction design. The 

concern with legacy interactions is their potential to limit users from taking full advantage of emerging 

applications, form factors and sensing capabilities. Köpsel and Bubalo say that instead of rejecting legacy bias, 

designers should take what is good from it and invent a better solution for what is problematic and disadvantageous 

to make users feel more comfortable and familiar. I believe that is the same point Morris et al. made in their article.  
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Hoff et al. [41] experimentally tested two of the 3P principles and found that the production principle had no 

effect on the results and the priming principle had a small effect. They do state that their study had only 30 

participants and mentioned that more work with a larger pool of participants is needed to validate these findings.  

Beşevli et al. [15] tested legacy and non-legacy gestures for their memorability, action-function fit, situational fit 

and physical ease using self-reported Likert-scale ratings collected from 36 participants. Their results showed 

legacy gestures to have higher scores; on the other hand, users favored non-legacy gestures due to such gestures’ 

practicality. 

Connell et al.’s [25] work with children showed legacy bias effects on proposals, as children familiar with some 

touchscreen interfaces proposed whole-body navigational gestures influenced by participants’ experience with 

touchscreens, while children with no experience with such interfaces applied the greatest variety of gestures.  

Other publications in the elicitation literature have mentioned adopting legacy bias reduction techniques 

following Morris et al.’s [79] advice, but do not offer insight on how these techniques impacted their results. May 

et al. [70] and Nebeling et al. [89] used the production principle, Morris [75] used production and partners, Pohl 

and Rohs [98] used priming, and Nebeling [88] used all 3Ps. 

The literature has not offered strong opinions to completely discard legacy bias nor recommendations to 

implement legacy interactions in all future technologies. I believe that in some situations a legacy interaction could 

be the best one, in the sense that is memorable, discoverable, fits its purpose and situation the best and is easy to 

use. That said, these measures have a subjective nature to them; what might be the easiest interaction for one 

person might not be for another due to ability variation. I believe that the 3P principles to reduce legacy bias 

should be incorporated into the process of elicitation studies. Perhaps instead of using them to reduce legacy 

interactions, system creators could use them as techniques to discover the best-fitting interaction given a 

particular use case or user population, whether this interaction is adapted from an older technology or completely 

original. 

In my work, I have experimentally tested two of Morris’s three principles—production and priming. In the chapter 

Anachronism by Design, I showed that the production principle reduced the number of legacy icons proposed 

by young adult technology users. In the chapter “I Am Iron Man” I demonstrated how priming with science 

fiction videos produces gestures for mixed reality environments that are easy and fast to learn and remember.  
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 Application Areas   

The end-user elicitation study has proven to be versatile with numerous application and interaction modalities.  

2.4.1 Gestural Interaction 

The majority of elicitation studies has been focused on eliciting gestural interactions. A survey by Villarreal-

Narvaez et al. [124] shows that at least 216 gesture elicitation studies have been published as of 2020. Gestures 

tend to be less well defined as opposed to say voice commands or buttons labeled with text or iconography—as the 

latter tend to spell out their intended function. This ambiguity is the reason why gestures benefit greatly from 

elicitation studies to unearth interactions that are easily discoverable, learnable, and memorable.   

Researchers have used elicitation studies to explore user-defined gestures to interact with a broad variety of 

technologies [25,33,35,69,74,92,97,113] (Figure 5). For example, Obaid et al. [92] used the method to elicit 

full-body gestures for controlling humanoid robots. Piumsomboon et al. [97] used it to capture user-defined 

interactions for augmented reality. Tan et al. [113] used the method to elicit micro hand gestures as inputs for 

cycling. 

 

Figure 5 Examples of elicitation study application areas. 
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2.4.2 Beyond Gestural Interactions 

Despite the fact that non-gestural interactions can be less ambiguous, they have benefited from the elicitation 

study approach. For example, Morris [75] used the approach to elicit speech and gesture interactions for TV-

based web browsing.  Nebeling et al. [89] used the method to elicit voice commands; I do the same in both the 

Crowdlicit and Crowdsensus chapters. McAweeney et al. [73] used the method to elicit graphical 

representations of gestures to create user-driven design principles for gesture representation. 

To the best of my knowledge, I am the first to use the end-user elicitation as defined in this dissertation to design 

computer iconography in the chapter Anachronism by Design. The use of icons in our highly prevalent graphical 

user interfaces is of high importance as icons can communicate function meanings faster and more effectively than 

text [24,126]. Icons first appeared in David Canfield Smith’s Pygmalion system for programmers [108]. Smith’s 

icons combined visual depictions with behavior, in this case, the execution of computer programs. Later, Smith 

would join Xerox PARC and the team working on the Xerox Star. The Star employed Smith’s icons, now reworked 

to represent office concepts rather than programming concepts. In this, the desktop metaphor was born, along 

with the original set of icons designed to communicate to knowledge workers about the Xerox Star’s features and 

functions, making learning and operating the Star more intuitive [109]. According to Smith, the Star’s icons were 

designed to be “visible, concrete embodiments of the corresponding physical objects” [109]. That is, the direct 

association between the real-world physical object and its computer-icon counterpart was considered a deliberate, 

even vital, one.  

But this association is no longer maintained for many plausibly anachronistic icons today, especially for young 

adult users who have never encountered many icons’ real-world physical objects. Young adult users today who 

have never relied on an analog calculator or seen a 3.5" floppy diskette in person do not have the same familiarity 

with objects represented by certain icons found in today’s operating systems and applications. Young adult users 

of today, unfamiliar with these anachronistic objects, might not draw the same intended associations as previous 

users once did. This disconnect between icons’ functions and the objects they represent was the motivation 

behind the work I present in the Anachronism by Design chapter. 
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3 Online HCI  

Lazar et al. [61] classify online HCI into two categories: online studies and human computation. In this section, I 

present examples of HCI studies that have been translated online from the lab, and human-computation 

approaches that capitalize on the wisdom of the crowd to accomplish tasks that neither a computer nor a person 

alone can do. Finally, I dedicate a subsection to online design specifically.  

 Online Studies  

Conducting user research online has enjoyed vast success, especially in the field of HCI. Researchers have reached 

out from their labs, creating tools and platforms to capitalize on the benefit of using online crowds. Many 

researchers compared the results of online experiments and found them to be as good as the lab 

[22,34,38,44,54,100]. Online crowds have also acted as researchers and contributed to writing research papers 

[118]. Researchers have shown that online crowds are eager to engage with online research for reasons other than 

monetary compensation like learning about themselves or learning about research, as shown in the numerous 

studies conducted on the LabintheWild platform [100]. In fact, Ye et al. [136] have demonstrated that 

personalized feedback produced higher quality results in online work than monetary compensation.  

Using online crowds in elicitation studies is not an entirely novel idea; some systems attempted to use crowds in 

parts of the elicitation-study process. For example, Speicher and Nebeling created the GestureWiz [110] tool 

which utilizes online crowds as gesture recognizers in gesture-based elicitation studies. Magrofuoco and 

Vanderdonckt created a cloud platform to facilitate gesture elicitation. In this dissertation, I demonstrate how my 

approach to reconceptualizing elicitation studies to run online goes far beyond eliciting gestures as a response to 

function prompts, but rather I have built a platform to elicit multi-modal interaction designs, analyze them 

efficiently, and test multiple metrics of interaction usability like identifiability, learnability, and memorability.   

 Human Computation 

Human computation—also referred to as crowdsourcing—is the practice of using online crowds to perform tasks 

a computer is unable to complete. For example, online crowds have successfully completed computationally 

challenging tasks such as labeling images [4], made creative contributions to writing novels [50,51], given design 

critiques [65,135], and collaboratively generated ideas [106]. Researchers have created systems powered by 
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crowd workers like word processors [14], animating sketching for prototyping interactive interfaces [62], 

improving the accessibility of web-browsing [95] and answering questions about the real world for blind 

individuals [17]. In the Crowdsensus chapter, I utilize the wisdom of the crowd to analyze elicitation studies 

efficiently. 

 Distributed User-Centered Design 

Ahmed et al. [3] studies how people collaborate online on creative tasks. Andolina et al. [10] created an online 

whiteboard to facilitate real-time collaborative ideation in the early stages of design. Bhattacharya et al. [16] 

recruited online groups of teenagers to design for stress management in an asynchronous manner. Bragget et al. 

[18] capitalized on the advantages of a distributed approach to reach a large pool of participants—including ones 

who are blind or low of vision—to study investigating human listening rates by running their study on the 

LabintheWild platform mentioned above. Briggs and Makice [19] present an approach they call “deep co-

creation,” a flavor of participatory design. Deep co-creation allows for a mixed online/offline participation in co-

design within retail-based organizations.  The work I present in this dissertation adds to the body of distributed 

user-centered design approaches and systems.  

 End-User Elicitation is a Suitable Process for Crowdsourcing  

Using Law et al.’s [60] framework to decide whether crowdsourcing is a feasible, desired, and useful tool for 

research, I see that the end-user elicitation process—the core method at the center of DXD—checks the four 

requirements in the process uncertainties section of their framework shown in Table 1.  

 

Process	Uncertainties	 Suits	crowds	√ Less	suitable	´	

Research	goals	 Established	 Changing	

Workflow	 Easily	decomposed	 Not	decomposable	

Process	and	analysis	 Separable	 Inseparable	

Source	of	serendipity	 Diverse	
perspective	

Deep	knowledge		

	
Table 1 Types of research attitudes and challenges that make crowd-sourcing feasible, desirable, useful (√) versus not (´) [60] 
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The process of eliciting interaction proposals from end users is suited for crowdsourcing because:  

Research goals: The goal of conducting an elicitation study is established—to create interaction designs informed 

by users’ preferences. 

Workflow: The elicitation—and identification—study workflow can be decomposed into tasks (view prompt, 

submit a proposal, rate proposal).  

Process and analysis: The DXD process has 6 iterative steps (see The Six Steps of DXD). 

Source of Serendipity: Diversity of perspective is a desirable outcome of elicitation studies in order to create 

technologies with interactions that are appropriate for a wide range of users’ preferences.  

Given the advantages mentioned above and how suitable the elicitation and identification processes are to 

crowdsourcing according to Law et al.’s [60] framework, it is my opinion that the elicitation-study process can 

benefit from crowdsourcing, and upon this conclusion I have formulated the distributed interaction design 

process, enabling the creation and evaluation of guessable, learnable, and memorable user-elicited interactions 

from a large pool of online participants in a timely manner.   
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Four |  Crowdlicit 
A System for Conducting Distributed End-User Elicitation and 
Identification Studies  

End-user elicitation studies are usually confined to a lab, limiting the number and diversity of 

participants, and therefore the representativeness of their results. Furthermore, the quality of the 

results from such studies generally lacks any formal means of evaluation. In this chapter, I address 

some of the limitations of elicitation studies through the creation of the Crowdlicit tool along with 

the introduction of end-user identification studies, which are the reverse of elicitation studies. 

Crowdlicit is a new web-based system that enables researchers to conduct online and in-lab 

elicitation and identification studies. I used Crowdlicit to run a crowd-powered elicitation study 

based on Morris’s “Web on the Wall” study [75] with 78 participants, arriving at a set of 

interaction proposals (voice commands, and mid-air gestures) that included six new proposals 

different from Morris’s. I evaluated the effectiveness of 49 proposals (43 from Morris and six from 

Crowdlicit) by conducting a crowd-powered identification study. I show that the Crowdlicit 

elicitation study resulted in a set of proposals that was significantly more identifiable than Morris’s. 
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1 INTRODUCTION 

As a reminder, the end-user elicitation method works as follows: researchers invite potential users to a laboratory, 

present those participants with the effect of an interaction on a computing system (known as a prompt), and ask 

the participants to elicit the input action (known as a proposal) meant to invoke that effect. Some example 

“actions” are mid-air or stroke gestures, button text labels or icons, command-line terms, or voice commands. 

The researchers then cluster the proposals into groups based on their similarity. The group with the highest 

consensus is chosen as the proposed interaction design to invoke its associated function.  

The premise of end-user elicitation studies is that by eliciting input actions from end users, intuitive technologies 

that are learnable, memorable [29], and easily discoverable can be created. Research on elicitation studies has 

shown that interactions proposed by larger groups of people tend to be preferable to those proposed by smaller 

groups [28]. However, the status quo of running elicitation studies in a lab setting limits the number and diversity 

of the participants, limiting the representativeness and usefulness of the study results. Participants who are 

geographically close to the researchers and are physically able to go into a lab and partake in a research study are 

the only ones who propose interactions for future technologies. Also, despite the popularity of elicitation studies 

and the presence of some published work [28,29,40] assessing user-elicited proposals, the method has another 

limitation: the absence of a formal approach to evaluate such studies’ results.  

In this chapter, I address the limitations above. I adapted the elicitation study method to run entirely online to 

address the limitation of confining the studies to the lab. Web-based experiments have shown support for reaching 

a wide range of participants who are less WEIRD (Western, Educated, Industrialized, Rich, Democratic) [35]. 

Participants can partake in studies anywhere without having to take time to travel to a facility to participate in a 

research study. In addition to increasing participant reach, running studies online cuts down on effort and 

resources needed to recruit participants. Making online research with end users more accessible opens the door 

not only to running more studies, but also to extending and or replicating existing studies [35]. To evaluate 

elicitation studies and address the second limitation, I present the end-user identification method, which reverses 

aspects of the elicitation study methodology. Participants in identification studies are shown an input action and 

asked to suggest the system function invoked by it. Researchers are then able to assess the identifiability of their 

interaction designs. 



Crowdlicit 

 

  
34 

To conduct elicitation and identification studies online efficiently, I created a system called Crowdlicit, making it 

available3 to researchers, developers, and designers interested in creating user-centered interactive systems. 

Crowdlicit provides a centralized way to design, run, and manage elicitation and identification studies online or 

in the lab. The system allows technology creators to store, organize, and view their study results. Crowdlicit 

enables system creators to reach participants all over the globe with diverse experiences, backgrounds, and 

abilities. I built Crowdlicit to flexibly support studies that present prompts in different formats (e.g., text, images, 

videos, and audio) and collect input actions—or their representations—in varying modalities (e.g., gestures, voice 

commands, icon sketches, image annotations). Also, Crowdlicit provides a centralized way to organize study 

results and export them for analysis, either as a csv file for local analysis or ported directly into the Crowdsensus 

system. The Crowdlicit system aims to increase the scalability, accessibility, and efficiency of elicitation and 

identification studies; to facilitate new studies; and to easily replicate or extend existing ones. 

To put Crowdlicit through its paces, I conducted a distributed elicitation study based on Morris’s lab-based “Web 

on the Wall” elicitation study [26]. The Crowdlicit study had 78 participants recruited from Amazon’s Mechanical 

Turk (mTurk). I asked participants to propose free-form gestures or voice commands to interact with a TV-based 

web browser. I arrived at 15 proposed actions for the 15 functions Morris identified for controlling a web browser 

on a TV. Morris’s proposal set had 43 proposals because it included synonym proposals for each function (i.e., 

different actions to invoke the same effect). Crowdlicit’s 15 proposals had six proposals different than Morris’s. I 

evaluated the identifiability of all 49 proposals (43 from Morris, six new ones from Crowdlicit) by running an end-

user identification study using the Crowdlicit system with 24 new participants. I found that Crowdlicit’s proposal 

set was significantly more identifiable than Morris’s. I also report on participants’ feedback on their experience 

using Crowdlicit. 

This chapter contributes the following: (1) the Crowdlicit system; (2) the new end-user identification method, 

which evaluates the identifiability of elicitation-study results; and (3) the empirical results of two studies—(i) a 

distributed elicitation study of gesture and voice commands for a web browser, based on prior work [26], and (ii) 

an identification study comparing the identifiability of that original study [26] and the Crowdlicit-based 

distributed elicitation study. 

 
3 Crowdlicit is part of The CROWDDESIGN engine  
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2 METHODOLOGY 

This section details the methods on which the Crowdlicit system is built, the end-user elicitation and identification 

studies.  

 End-User Elicitation 

 An elicitation study is a user-centered interaction design methodology in which end users are presented with the 

effect of an action on a computing system, known as a prompt, and are asked to propose the action, known as a 

proposal, meant to invoke the effect. Researchers collect proposals, and other data such as subjective ratings, 

demographic information, and study notes from participants representing the target end-user population. 

Researchers then cluster similar proposals into groups to find the proposals with the maximum consensus to 

trigger each prompt for the computing system they are designing. 

 End-User Identification 

An end-user identification study is a new evaluation method for the input actions that could or do appear in a user 

interface, including those generated by elicitation studies. Conceptually, identification studies are the reverse of 

elicitation studies. In identification studies, researchers prompt end users with input actions (e.g., mid-air or 

stroke gestures, command-line or voice commands, button icons or labels, etc.). Researchers then ask users to 

propose the system response, usually without giving knowledge of the commands available in the target system. 

Researchers aggregate the user-generated system responses in groups based upon similarity and proceed by 

either confirming the input action-system response appropriateness or assigning new responses to actions that 

had low identifiability. 

3 THE CROWDLICIT SYSTEM  

This section details the requirements Crowdlicit had to meet to successfully adapt the elicitation study 

methodology to be online. I outlined these requirements by gaining first-hand experience running an in-lab 

(traditional) elicitation study exploring young adult technology users’ perceptions of computer iconography. I 

detail the results of the iconography study, which I ran in parallel to the development of Crowdlicit, in the  

Anachronism by Design chapter. 
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 System Requirements 

I defined six requirements Crowdlicit had to satisfy to be able to author studies, collect data from end users, and 

view and organize results. These requirements allow for a system flexible enough to conduct both elicitation and 

identification studies.  

R1. Study definition. Each study has a unique, dedicated URL distributed to participants. A single study contains 

prompts and holds all elicited proposals. 

R2. Prompt presentation. As prior work shows that elicitation studies have used various prompt formats ( e.g., text  

[7], videos [72]), it is important to maximize prompt-presentation flexibility for researchers by allowing them to 

choose from different formats.  

R3. Legacy bias reduction. Capture natural interactions by allowing researchers to employ legacy bias reduction 

techniques as put forth by Morris et al. [78]. 

R4. Proposal modality. Prior work has demonstrated that elicitation studies can be applied to various fields (e.g., 

AR environments [96], in-vehicle interactions [71]). It is imperative to maximize proposal-type flexibility for 

researchers. 

R5. Contextual richness. Prior studies have gathered proposal ratings, think-alouds, and other study notes (e.g., 

[87,133]). It is important to gather information besides action proposals to provide researchers with rich study 

results. 

R6. Data analysis. Analyzing the results of elicitation studies is a complex and time-consuming process [7]; 

hence, it is important that my system facilitates this aspect of the elicitation methodology by allowing researchers 

to clean and organize results for analysis.  

 Creating a Study 

System creators can create a study in Crowdlicit, as shown in Figure 6 below, with a title, description, an optional 

password field and post-study survey link, and a dedicated unique URL. A study serves as a container to hold 

prompts and elicited proposals. Participants who receive the study URL see the title and description. The 

description of the study can serve as an introduction and instruction manual on how to participate. The option to 
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include a password is aimed at researchers working on projects protected with intellectual property rights and 

who might want to restrict access to the study. The option to include a post-study survey allows researchers to 

enter a URL to an external survey—e.g., SurveyMonkey—they would like participants to complete upon finishing 

the elicitation study. These options satisfy the first requirement, R1-Study definition. 

 

Figure 6 The Crowdlicit interface to create a study. A study requires a title and a description and has the option to be protected 
by a password and include a post-study link to a survey. 

3.2.1 Prompt Presentation 

Crowdlicit is designed to provide maximum flexibility when creating a prompt. Each prompt has a title, 

instructions, and the prompt itself. Crowdlicit offers four ways to present a prompt: (1) A text string describing 

the effect of an action on a computing system. (2) An audio clip of the prompt itself—used when designing 

interactions for systems with voice user interfaces (e.g., voice assistant responses). An audio clip can be used to 

describe a prompt as well. This modality can be beneficial when conducting experiments with individuals who are 

blind or who have low vision. (3) An image showing the effect of a prompt (e.g., two screenshots side-by-side 
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showing the before and after states of a system). (4) A video showing the prompt (e.g., screen recordings in the 

case of an elicitation study in which the prompt represents a computing function). Having multiple ways to present 

a prompt satisfies the R2-prompt presentation requirement. The interface to add a prompt to a Crowdlicit study 

is shown below in Figure 7.  

 

Figure 7 A screenshot of the Crowdlicit interface.  

Adding a prompt requires adding a title, instructions, and the prompt itself as text, an image, a video, or an audio clip. 

3.2.2 Proposal Preferences 

 In elicitation studies, researchers collect proposals to inform the design of interactive systems. The majority of 

work on elicitation studies has centered around eliciting gestural interactions, with a few exceptions in which 

researchers obtained speech commands [76,87]. But the elicitation method applies beyond just gestural 

interactions to other input modalities, such as sketches of icons—as I demonstrate in the Anachronism by Design 

chapter. Crowdlicit allows for the flexibility to collect different input modalities: (1) text strings; (2) images; (3) 

video recordings; (4) drawings, using a canvas element as a drawing pad for sketches; (5) stroke gestures; (6) 
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user-dictated, i.e., an option to elicit the most appropriate modality as decided by the end user. The flexibility in 

choosing the type of proposals to collect from participants satisfies R4-Symbol modality from the list of 

requirements I outlined for the Crowdlicit system. 

3.2.3 Reducing Legacy Bias 

Morris et al. [78] published an extension to the elicitation method explaining that participants tend to propose 

commands they are familiar with before proposing ones that may be more intuitive. To combat this legacy bias, 

Morris et al. suggest using one or more of the “3P” principles: Production, Priming, and Partners. Crowdlicit 

implements the first two principles. The capabilities to select a production option and add priming satisfy R3-

Legacy bias reduction. 

3.2.4 Post-Task Questions and Post-Study Surveys 

Crowdlicit includes the option to add proposal-rating Likert-type scale questions assessing the ease and fit of 

proposals derived from Wobbrock et al.’s original method [133], with an option to add an additional custom 

question. Having participants rate their proposals provides more in-depth insight into the appropriateness of their 

proposals, making the study results richer. The inclusion of post-task questions, and the researchers’ ability to 

collect demographic as well as other information by including a post-study survey link, satisfy the R5-Contextual 

richness requirement. 

 Running a Study 

It is possible to run elicitation studies in either collocated or distributed situations using Crowdlicit. When 

running an in-lab elicitation study, which is the status quo, Crowdlicit allows researchers to collect data from their 

participants and store it in one convenient location for analysis. Crowdlicit’s web-based infrastructure also 

enables researchers to extend beyond their labs to reach remote participants. Reaching remote participants 

widens the pool of participants providing interaction-design proposals. In a distributed setting, data collection 

can be supervised or unsupervised. In an unsupervised setting, researchers have the option to provide their 

participants with a post-study survey to collect more data, adding context to their results, satisfying R5-Contextual 

richness. Researchers can also supervise the elicitation session by being in contact with their participants while 

they are partaking in the study, recoding the session for think-alouds and collect study notes—a practice I employ 
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in the “I Am Iron Man” chapter to run a distributed supervised learnability and memorability study. Each 

Crowdlicit study has a Welcome page, a Task Manager page, an Elicitation Interface page, and a Thank You page 

as shown in Figure 8 below. 

 

Figure 8 Screenshots of a study created with Crowdlicit. (1) The Welcome page shows the instructions for participating in a study 
entitled, “Web on the Wall (distributed).” (2) A text prompt. (3) An interface allowing participants to choose between proposing a 

voice-command or a gesture. (4) A text-based symbol elicitation interface. On the left there are two buttons: Done, which 
navigates back to the Task Manager; and Instructions, which brings up the prompt and its instructions. Below the buttons there is a 

proposal counter. The interface shows two Likert-type rating scales and a Submit button. 

3.3.1 Welcome Page  

This page shows the title, study description, and instructions. A “Start” button is at the bottom that leads to the 

Task Manager page (Figure 8.1). 

3.3.2 Task Manager Page.  

This page shows a list of prompts (i.e., set of functions in the case of an elicitation study, or set of actions in the case 

of an identification study) that the participants have to complete.  

3.3.3 Elicitation Interface  

This page displays the prompt and priming content, if included. It collects proposals from participants, asks them 

to rate their proposals, and shows them their progress. On this page, participants see instructions and the actual 

prompt in whatever modality the researchers choose, i.e., text, video, audio, or an image (Figure 8.2). The 

participants click “Next” to bring up the priming content, if any has been provided by the researchers. Clicking 

the “Next” button again dismisses the priming content and displays the proposal-input interface. The proposal-
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input interface changes based on the type of proposal the researchers want their participants to propose. For text 

input, the participants see a text area input element (Figure 8.4). For images and videos, the participants capture 

an image or video using their device’s camera. To draw a proposal or perform a stroke gesture, participants see a 

canvas element. If the researchers want participants to dictate the modality of the proposal in addition to the 

proposal itself, they can choose the “User-dictated” option when setting proposal-modality preferences. For such 

tasks, the participants see a screen asking, “What kind of interaction do you think would fit this task best?” (see 

Figure 8.3). Participants click on the modality that they deem to be most appropriate for the task, and then the 

appropriate type of proposal-input screen appears. 

3.3.4 Post-Task Questions.  

Below the proposal input interface are the Likert-type scale questions, if desired by the researchers, and a 

“Submit” button that records the participant’s proposal and ratings.  

3.3.5 Thank You Page  

Upon completing a study, participants see the Thank You page. This page contains a link to the post-study survey, 

if included, and displays the participant’s unique identifying code. 

 Analyzing a Study 

Each study in Crowdlicit has a Results page. The page displays all the proposals collected for a specific study, 

organized by the prompt for which they were proposed. Proposals are listed along with their elicitor’s unique 

identification code and ratings. The researchers have the option to delete proposals. They can also export the 

study results as a *.csv file to either conduct the agreement analysis themselves [129,133], or utilize an online 

crowd to handle the analysis for them by using my Crowdsensus tool [7] for crowdsourcing similarity judgments 

for agreement analysis. The ability to store, organize, and export results in Crowdlicit satisfies R6-Data analysis 

requirement. 
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4 EVALUATING CROWDLICIT  

To test the feasibility of running elicitation studies with Crowdlicit, I ran an elicitation study based on Morris’s 

“Web on the Wall” study [76], which has previously been the focus of replication studies in this genre (e.g., 

[8,87]). I also ran an identification study, the reverse of an elicitation study, to evaluate the results of my elicitation 

study and that of Morris’s original study. Crowdlicit’s flexibility in presenting prompts and collecting proposals 

of different formats allowed me to run my identification study online. I asked all of my participants from both 

studies to complete a post-study survey to gather some basic demographic information, data about their 

technology use and participation in research studies, and their feedback on the Crowdlicit interface. 

 Web on the Wall: Distributed  

I ran the Crowdlicit study with 78 participants from mTurk. Fifty participants completed the entire study—double 

that of Morris [76]—and 28 gave partial answers, which I include in my analysis. Thirty-three of the 50 participants 

who completed the entire study filled out the post-study survey. The study required ~30 minutes to complete and 

paid $6 USD, based on Washington state’s $11/hour minimum wage at the time of this study. After participants 

submitted a minimum of one proposal per prompt for all 15 functions, the system allowed them to click the “I’m 

Done” button to go to the Thank You page. Participants received their completion code and a link to complete 

the post-study survey. Participants entered the completion code in both the survey and in the mTurk portal. I used 

the completion codes to link the demographic information to study answers and identify which participants 

completed the entire study. Table 2 below shows the demographic information of the participants.  
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Demographic Study 1 n=33 Study 2 N=22 
Gender Male 61% 68% 

Female 39% 32% 
Age 18–25 18% 23% 

26–40 67% 68% 
41–55 15% 9% 
56 or older 0 0 

Highest level of education < High school 0 0 
High school degree 6% 23% 
Technical degree 9% 9% 
Associate degree 21% 27% 
Bachelor’s degree 52% 41% 
Master’s degree 9% 0 
Doctoral degree 3% 0 

Nationality USA 85% 95% 
India 12% 5% 
Canada 3% 0 

Native language English 88% 95% 
Other 12% 5% 

No. previous research studies 0 12% 23% 
1–3 9% 5% 
4–6 3% 0 
More than 6 76% 73% 

No. previous online research studies 0 0 5% 
1–3 6% 0 
4–6 9% 5% 
More than 6 85% 90% 

Table 2 Demographic information for 33 of 78 participants from my elicitation study (study 1) and 22 of 24 participants from my 
identification study (study 2).4 

4.1.1 End-User Identification Study 

I recruited 24 new participants from mTurk for an identification study. They provided open-ended function 

proposals for all 49 input action prompts (43 from Morris’s study plus six new ones unearthed by my elicitation 

study). Of the 24 participants, 22 completed the post-study survey; Table 2 shows their demographic 

information. Participants who accepted the mTurk HIT (Human Intelligence Task) went to a Crowdlicit page, 

which was structured like an elicitation study except that in each task, participants viewed a text prompt describing 

a gesture or voice command instead of a computing function. Study instructions asked participants to imagine 

they were interacting with a TV-based web browser. For every prompt (Table 3), participants were asked to freely 

propose one function in text form. The HIT required about an hour to complete and paid $11 USD, Washington 

state’s minimum wage.  

  

 
4 Some participants did not complete the demographic information. 
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Table 3 Morris’s 43 proposals [76]. Crowdlicit' 15 proposals. “*” are new proposals from the Crowdlicit study. The proposals describe 
gestures; proposals in quotes (“”) are voice commands. The # column shows the number of participants who proposed the 

proposal. The “A” column shows the function agreement score for each proposal from the identification study. 

 

Function Morris Proposal # A Crowdlicit Proposal # A 
Open 
Browser 

1. hand-as-mouse to select browser icon  8 0.30 2.“open browser” 76 0.77 
2.“open browser” 5 0.77 
3.“internet” 3 0.38 
4.“<browser name>” (e.g., “Internet Explorer,” 
“Firefox,” “Chrome”)  

3 0.84 

Search 
Engine 
Query 

5.“<query>”  6 0.30 6.“search <query>” 40 0.25 
6.“search <query>” 5 0.25 

Click Link 7.hand-as-mouse to select link 13 0.39 44.“click <link 
name>” * 

37 0.77 
8.“<link #>” (assumes all links have a number 
assigned to them) 

3 0.40 

Go Back 9.“back”  7 0.92 9.“back” 52 0. 
92 10.flick hand from right to left  7 0.23 

11.hand-as-mouse to select back button  5 0.66 
12.f1lick hand from left to right  4 0.18 

Go Forward 13.“forward”  6 0.58 13.“forward” 34 0.58 
14.flick hand from right to left  5 0.33 
15.flick hand from left to right  5 0.25 
16.hand-as-mouse to select forward button  3 0.77 

Open Link in 
Separate Tab 

17.hand-as-mouse hovers on link until context menu 
appears, then hand-as-mouse to select menu option  

3 0.43 45. “open <link> in a 
new tab” * 

35 0.92 

Switch Tab 18.hand-as-mouse selects tab  7 0.56 46.“switch tab” * 35 0.92 
19.“next tab”  4 0.84 
20.“tab <#>” (assumes all tabs have a number 
assigned to them)  

3 0.84 

21.flick hand  3 0.18 
Find in Page 22.“find <query>”  4 0.77 22.“find <query>” 36 0.77 

23.hand-as-mouse to select a find button, then type on 
virtual keyboard  

3 0.30 

Select 
Region 

24.hand-as-mouse sweeps out diagonal of bounding 
box  

6 0.12 47. “select <region>” 
* 

44 0.64 

25.hand-as-mouse acts as highlighter, sweeping over 
each item to be included in region  

3 0.77 

Open New 
Tab 

26.hand-as-mouse to select new tab button  6 0.44 28.“open new tab” 40 0.92 
27.“new tab”  5 0.92 
28.“open new tab”  5 0.92 

Enter URL 29.“<url>” (e.g., “its2012conf.org”)  7 1.00 48. “enter <URL>” * 23 0.92 
30.type on virtual keyboard  5 0.36 
31.“go to <url>”  3 0.92 

Reload Page 32.“refresh”  9 0.92 49.“reload” * 38 0.84 
33.“refresh page”  9 0.92 
34.move finger in spiral motion  3 0.28 

Bookmark 
Page 

35.hand-as-mouse selects bookmark button  7 0.43 36.“bookmark page” 33 0.71 
36.“bookmark page”  5 0.71 

Close Tab 37.“close tab”  5 0.92 37.“close tab” 42 0.92 
38.hand-as-mouse to select close button on tab  4 0.92 
39.“close tab <#>” (assumes all tabs have a number 
assigned to them)  

3 0.77 

Close 
Browser  

40.hand-as-mouse to select close button on browser  6 0.77 41.“close browser” 36 0.84 
41.“close browser”  3 0.84 
42.“exit”  3 0.70 
43.“exit all”  3 0.25 
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4.1.2 Post-Study Survey  

Each of my participants completed a survey asking demographic questions and about previous research 

participation (see Table 2). Participants also reported on their technology use and experience with the Crowdlicit 

interface. I  based some of the survey questions on Finstad’s [31] usability metric for user experience. Other 

questions asked participants about their willingness to participate in research studies either by going to a physical 

facility or by participating online. The last question was open-ended to collect any comments about the interface. 

5 RESULTS 

I evaluated my proposals and Morris’s [76] by conducting an identification study. Participants from both my 

elicitation and identification studies completed a post-study survey. 

 Crowdlicit Proposals 

I grouped the proposals for each prompt based on their similarity and generated 15 voice commands to trigger 

my15 prompts (Table 3). For each prompt, participants collectively proposed an average of five gestures that had 

little agreement; this led me to discard gesture proposals and focus solely on the elicited voice commands. Of my 

15 proposals, nine were the same voice-command proposals Morris arrived at in her study [76], and six were new. 

The number of participants who proposed the selected proposals ranged from 23 – 76. Since I used the 

production principle to reduce legacy bias in my study [78], my participants were free to elicit multiple proposals 

per prompt. Having several proposals from a single participant leads to an unequal number of proposals among 

prompts, making Wobbrock et al.’s [129,133] agreement equation unsuitable. Instead, I used Morris’s [76] max-

consensus to compare agreement between prompts. Max-consensus is the percentage of participants suggesting 

the most popular proposal for a prompt [76]. My participants gave proposals with high consensus (M=59%, 

SD=9%).  Figure 9  shows the max-consensus for the 15 proposals.  
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Figure 9. Max-consensus for function proposals 1–15. 

 Action Identification 

In the same manner as an elicitation study, I grouped the proposed function for each one of the 49 action prompts 

based on their similarity. For each prompt, I selected the function proposal with highest consensus as the 

triggered function by that action. I arrived at a set of 19 distinct function proposals, which identified Morris’s 

original 15 and added four new ones: open menu, next tab, scroll, and open keyboard.  

5.2.1 Function Agreement 

For each prompt (Table 3), I calculated the proposed-function agreement using Wobbrock et al.’s [129,133] 

original agreement equation:  

𝐴! = # $
|𝑃"|
|𝑃!|

'
#

$!⊆$"

 

Equation 1  

In Equation 1, As is the agreement of functions proposed for prompt s, Ps is the set of all functions proposed for 

prompt s, and Pi is a subset of similar functions in Ps. Table 3 lists all 49 function agreement scores.  

5.2.2 Accuracy  

I compared the functions with highest consensus from the identification study to the original functions. The 

original function is the one used as a prompt in the elicitation studies (Morris’s and Crowdlicit). Identification 

study participants were able to correctly identify the function for each one of the 15 actions used as prompts in 

the Crowdlicit interaction set. In this case, “identify” means that the function with the highest consensus from the 

list of functions proposed for an action prompt matched the original function for that action. 
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Action Original Function Accuracy New Function Max-Consensus 
15. flick hand from left to right Go forward 21% Go back 38% 
17. hand-as-mouse hovers on 
link until context menu 
appears, then hand-as-mouse 
to select menu option 

Open link in a 
separate tab 

4% Open menu 63% 

19. “next tab” Switch tab 0% Next tab  92% 
21. flick hand Switch tab 8% Scroll 29% 
30. type on virtual keyboard Enter URL 4% Open keyboard 54% 

Table 4 Five action prompts; their original functions from Morris’s study, the accuracy % of the original function, the new function, 
and the max-consensus % of the new functions. Action prompts in quotes are voice commands. 

For Morris’s set of 43 action prompts, participants were able to correctly identify the functions for 38 prompts 

and assigned new functions for five prompts. Table 4 lists the five action prompts with new functions from Morris’s 

study, the original function, and the percentage of proposals of the original function—I refer to it here as 

“accuracy.” The table also lists the newly assigned functions, and their percentage of the total number of proposed 

functions.  

5.2.3  Comparability 

I compared the agreement scores of Morris’s action proposals to Crowdlicit’s action proposals by conducting a 

two-tailed Welch two-sample unpaired t-test. (Due to unequal sample sizes, using a Student’s t-test would be 

inappropriate.) I found that the prompts’ function-agreement scores resulting from the Crowdlicit elicitation 

study were significantly higher than Morris’s prompts (t(37) = 2.99, p < .005). In addition to higher agreement 

scores, the fact that all of Crowdlicit’s action prompts were correctly identified as a result of the identification 

study leads me to believe that the action proposal set resulting from the Crowdlicit study was more identifiable 

than Morris’s. 

 Interaction Habits + Interface Usability  

More than half the participants, 56.5%, had never used mid-air gestures to interact with technologies (e.g., a 

Microsoft Kinect). On the other hand, only 9.1% of participants had never used voice commands. Figure 10 shows 

the frequency of voice and gesture use for the 55 participants who completed the post-study survey (33 from the 

elicitation study, 22 from the identification study). The popularity of voice use in participants’ daily lives is a 

possible reason why the new set of action proposals resulting from the Crowdlicit elicitation study is made up 

entirely of voice commands.  



Crowdlicit 

 

  
48 

 

Figure 10 The frequency of using voice vs. mid-air gestures to interact with technology from 55 participants: 33 from the elicitation 
study and 22 from the identification study. 

Participants generally had a positive experience interacting with Crowdlicit itself (Table 5). A Wilcoxon signed-

rank test found that participants’ willingness to participate in online studies was significantly greater than their 

willingness to physically go and partake in one (p < .05). The majority of the optional feedback was positive. A 

comment to improve the interface came from P18, who wanted the option to review her proposals after 

submitting. One positive comment from P16 from the elicitation study stands out: “The interface for this study is 

EXTREMELY well made, and it only took me about 30 seconds to fully understand how to use it. This is a 

memorable one, and I definitely will be doing more studies for you.” 

Question Mean 
(n=55) 

Using the study interface was a frustrating experience. 2.2 
(SD=1.3) 

The study interface was easy to use. 6.1 
(SD=1.3) 

I spent too much time correcting things with the study interface. 2.1 
(SD=1.7) 

I would participate in online studies (like this one) in the future. 6.9 
(SD=0.5) 

I would go into a physical facility (lab, university) to participate in research studies. 4.8 
(SD=1.9) 

Table 5. Fifty-five participants’ ratings of the Crowdlicit interface and willingness to participate in research studies. Scores range 
from 1-strongly disagree to 7-strongly agree. 
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6 DISCUSSION  

To understand my findings in context, I consider the benefits and drawbacks of Crowdlicit, identification studies, 

the limitations of my work, and directions for the future.  

 Crowdlicit Benefits 

I demonstrated that running an elicitation study using Crowdlicit is not only possible but yields more identifiable 

proposals than lab-based elicitation studies. Using Crowdlicit allows researchers to scale up their studies and 

access a large number of participants easily and quickly. For my first study, an elicitation study based on Morris’s 

“Web on the Wall” study [76], it took six hours to recruit and collect data from 78 participants. Fifty of my 78 

participants completed the entire study, twice the number of participants as Morris’s study [76], which had 25. 

Twenty-eight of my participants gave partial answers. Morris’s study took about 12 hours to run (12 groups of 

participants × 1 hour per session as reported in [76]). Crowdlicit allowed me to double Morris’s number of 

participants and cut the time in half. Previous work in elicitation studies shows that having more participants in 

elicitation studies generally yields better results [80]. 

My work also showed that participants are more willing to participate in online studies than come to a lab, although 

this could be a self-selection effect, since I only asked people who were already participating in my online study. 

However, participants’ willingness to partake in online studies over lab-based ones complements findings by 

Zyskowski et al. [138] that some participant groups, such as people with disabilities, prefer crowd-work platforms 

over in-person studies due to the ability to avoid travel. 

 Crowdlicit Drawbacks 

I collected a number of spam answers in my elicitation study. The first task in the study (open browser) had 58 

unusable proposals out of 224 total elicited proposals. Examples of spam answers were text strings saying “nice” 

or “good” repeatedly. An explanation for the higher number of spam responses in the first task than later tasks is 

that spammers dropped out after the first task. I attempted to limit spam answers by assigning a minimum time 

threshold of 10 seconds to answer, but that did not identify all spam answers and risked eliminating some 

legitimate answers that were provided in less than 10 seconds (e.g., proposing the voice command “Open 

Browser” took nine seconds). Collecting spam answers is a drawback of the Crowdlicit approach. I added further 
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measures to limit spam later by randomizing the order of tasks in the Task Manager page. By limiting spam, 

researchers can collect data efficiently from a large number of remote participants.  

My participants reported that they used voice-commands more frequently than gestures in their daily lives, which 

could explain why the set of proposals I gathered in my Crowdlicit elicitation study mostly comprised voice-

commands. Another contributing factor for the popularity of voice-commands in my study may be that proposing 

voice-commands was faster than proposing gestures, and crowd-workers may have been trying to maximize their 

efficiency. Future work might explore how to structure Crowdlicit tasks to mitigate attempts by the crowd to game 

the system to maximize earnings. 

 Identification Studies 

I established and formalized the end-user identification study method to evaluate the action proposals from two 

elicitation studies. I calculated function proposal agreement using a form of Wobbrock et al.’s [129,133] original 

symbol agreement equation (Equation 1). Agreement can also be measured using one of the other agreement 

measures proposed by the extensive prior work published on elicitation studies [29,115,119,121]. 

My comparability analysis can be used to compare two sets of actions meant to invoke the same set of functions. 

Comparability can be used to assess the outcome of two elicitation studies with different conditions (e.g., lab vs. 

online), or the outcome of studies conducted with two different populations. Comparability can also be used to 

evaluate multimodal interactions. Another way the comparability analysis can be used is to evaluate the results of 

different levels of a dependent variable in an elicitation study. I utilize this approach to evaluate the effects of 

Priming on user-elicited gestures in the “I Am Iron Man” chapter.  

I showed in this work that voice commands were more identifiable than gestures for this particular use case. In 

this case, I attribute the voice preference over mid-air gestures to two factors: (1) Voice commands often spell out 

their intended purpose and provide a more concrete action than gestures, which tend to be more abstract; (2) 

Voice-enabled technologies have enjoyed a recent rise in popularity. The majority of my participants had more 

experience interacting with voice-enabled technologies (see Figure 10) than devices that accept mid-air gestures 

like the Microsoft Kinect, which was used in Morris’s study [76]. This preference may indicate the influence of 

legacy bias on users’ preferences. 
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Crowdlicit’s set of action proposals was more identifiable than Morris’s as participants were able to correctly 

identify all 15 functions for the Crowdlicit action set. For Morris’s action set, the identification study participants 

were able to correctly identify 38 functions for the 43 action proposals and assigned new functions to five actions. 

In addition to the correct identification of all functions for the Crowdlicit symbol set, the agreement rates for the 

Crowdlicit set were significantly higher than for Morris’s set. I attribute Crowdlicit’s symbol set’s high 

identifiability to the larger pool of participants proposing the actions—a testament to Crowdlicit’s effectiveness. 

Another factor worth noting is that six years have passed since Morris’s study, which might be reflected in its 

results (i.e., norms around the interpretation of voice or gesture commands may have shifted due to changes in 

users’ exposure to new commercial technologies). 

 Limitations and Future Work 

For this study, I decided to run my elicitation study unsupervised; the lack of supervision gave me the advantage 

of collecting a large amount of data in a short amount of time. On the other hand, I did not have any study notes or 

added insight into the participants’ answers besides the proposals they offered, some basic demographic 

information, and the feedback they gave me on Crowdlicit.  

7 Summary 

This chapter reports on Crowdlicit, a system for conducting distributed elicitation and identification studies. I 

also introduced end-user identification studies, which are the reverse of elicitation studies, as studies that evaluate 

the identifiability of interface actions and how well they map to intended functions. My work demonstrated that it 

is possible to run elicitation studies online and get quality results. Using Crowdlicit cuts down on resources 

required to conduct elicitation studies, especially time, opening the door to expanding, replicating, or extending 

such studies, as well as increasing the quality of user-driven designs by conducting identification studies using the 

flexible Crowdlicit system. It is my hope that researchers, designers, and developers will use Crowdlicit to 

efficiently run crowd-powered end-user elicitation and identification studies, gaining quality data in little time. 
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Five |  Crowdsensus 
Crowdsourcing Similarity Judgments for Agreement Analysis in 
End-User Elicitation Studies 

Analyzing design proposals collected in an elicitation study requires substantial resources. In this 

chapter, I present Crowdsensus, a crowd-powered tool that enables researchers to efficiently 

analyze the results of elicitation studies using subjective human judgment and automatic 

clustering algorithms. In addition to my own analysis, I asked six expert researchers with 

experience running and analyzing elicitation studies to analyze an end-user elicitation dataset of 

10 functions for operating a web-browser, each with 43 voice commands elicited from end users 

for a total of 430 voice commands. I used Crowdsensus to gather similarity judgments of these 

same 430 commands from 410 online crowd workers. The crowd outperformed the experts by 

arriving at the same results for seven of eight functions and resolving a function where the experts 

failed to agree. Also, using Crowdsensus was about four times faster than using experts. 
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1 INTRODUCTION 

End-user elicitation studies are laborious to run and analyze, especially grouping elicited proposals based on 

similarity. Although including a large and diverse group of end users in elicitation studies is desirable, this practice 

vastly increases the number of comparisons among proposals when analyzing the results of the study, making the 

workload immense. In this chapter, I demonstrate using a combination of online crowds and automatic clustering 

algorithms to determine the similarity of elicited proposals from elicitation studies, thereby eliminating the 

burden of manually comparing proposals.  

To support efficient elicitation study analysis, I created Crowdsensus. Crowdsensus generates web interfaces that 

present crowd workers with interaction design proposals collected in an elicitation study and asks them to vote on 

their similarity. After collecting the votes, Crowdsensus employs automatic clustering algorithms to find 

agreement between proposals using the votes, thereby resolving the underlying set of proposals. I used the 

Crowdsensus system to explore research questions 4–6 that I outlined in the Introduction chapter of this 

dissertation:   

 RQ4. How can the crowd facilitate similarity judgments for agreement analysis in end-user elicitation 

studies? 

 RQ5. By using the crowd, what are the benefits, if any, in terms of cost and time compared to the status 

quo use of experts’ judgments? 

 RQ6. How does the quality of the results produced by the crowd compare to those produced by expert 

researchers? 

In pursuing answers to these questions, I address challenges including the design of the interface the crowd 

workers should interact with, the number of action proposals that should be presented, the best phrasing of the 

instructions, how to detect spam answers, and which clustering algorithms are suited to this use case.  

I deployed a study on the mTurk platform to validate my approach. In the study, 410 crowd workers were asked 

to find the similarity among 43 proposed text representations of voice commands for 10 functions of a voice-

activated web browser, for a total of 430 voice command proposals. I found that a crowd of non-expert workers, 

in combination with automatic clustering algorithms, was able to select the same commands for seven out of the 
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eight prompts for which a group of experts’ judgments converged. As for the remaining two prompts, the crowd 

successfully converged upon one command for which the experts’ opinions diverged. Also, the crowd was about 

four times faster than the expert researchers.  

This work contributes a method to crowdsource the analysis of end-user elicitation studies, cutting effort and 

time. I also contribute the Crowdsensus system itself (as part of The CROWDDESIGN engine), a tool for 

researchers to utilize online crowds to find agreement in complex datasets (or analyze data from elicitation studies 

themselves). Crowdsensus could be used equally well to find agreement among gestures, icon sketches, text 

commands, or voice commands—any situation where action inputs can be used to invoke commands. 

2 Crowdsensus: A Similarity Judgement Tool 

I developed Crowdsensus to capture and analyze proposal-similarity votes from online crowds. Crowdsensus 

generates custom web interfaces that facilitate the collection of similarity votes from online crowd workers. The 

interfaces are platform-agnostic and run on any device with a web browser.  

 Importing Proposals 

After conducting an elicitation study, a Crowdsensus user uploads a set of proposals collected for a prompt. This 

set can be imported directly from Crowdlicit, or takes the form of a comma separated value file (CSV). The 

proposals are stored in the Crowdsensus database to be used in generating similarity-judgment webpages for the 

uploaded data.  
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Figure 11 A screenshot of the Crowdsensus interface asking a user if they would like to import proposals from a Crowdlicit study or 
upload them manually. 

 Interface Designs for Similarity Judgments  

The Crowdsensus interface (Figure 12.B) first shows an instruction page that includes a training video on how to 

complete the task of similarity voting. Once crowd workers are familiar with the task, they click “Start.” The main 

screen shows a prompt asking them to select similar symbols. There is a “Help” button that brings up the 

instructions screen with the training video. At the bottom, a “Done” button takes the workers to the next task, 

and a progress bar indicates how far through the process they are. I designed three different approaches to present 

the proposals to the workers for comparison, described below.  

2.2.1 The Direct Comparison Interface “(1:1)” 

The first design (Figure 12.A) presented direct comparisons between two proposals, i.e., a 1:1 comparison. With 

this approach, crowd workers see two proposals for a given prompt displayed side-by-side, with two buttons under 

them labeled “Yes” and “No.” 

2.2.2 The List Comparison Interface “(1:N)” 

The second design was the comparison of a symbol to a list (Figure 12.B), where one proposal for a given prompt 

is being compared to a subset of the other proposals for that same prompt, i.e., a 1:N comparison. This design 
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shows a prompt in a box in the middle of the screen and a checklist of other proposed prompts from which to 

select.  

2.2.3 The Grouping Interface “(N:N)”  

The final similarity judgment interface, the Grouping interface, presents all of the proposals for a given prompt 

inside draggable elements. Crowd workers compare all prompts to each other in a many-to-many approach, i.e., 

an N:N comparison. On the right-hand side of the screen, there is a create a new group drop zone. The workers 

have to drag-and-drop elements onto the drop zone to create a new group (Figure 12.C). The workers repeat the 

operation, dragging-and-dropping proposals either onto established groups or to create new groups. On the right 

side of every group there is a count showing the number of proposals in that group. Clicking on a group will bring 

a pop-up to the front of the screen that displays all of the proposals belonging to that group. 

2.2.4 Preference for the List Comparison Interface “(1:N)” 

After thoroughly exploring the benefits and downsides of these three interfaces, I eliminated the Direct 

Comparison interface (1:1) due to the large volume of tasks required to get adequate votes for analysis. For each 

prompt there had to be N2 1:1 comparisons, where N is the number of proposals for that prompt. For instance, in 

the study I analyze in the next section, I gathered 43 proposals for 10 prompts, which would need 18,490 

comparisons to get a single similarity vote for every pair of proposals. Also, it was hard to create vote validation 

mechanisms for this interface to eliminate spam voting. On the flip side, I eliminated the Grouping interface (N:N) 

because pilot testing showed it was too complex and frustrating for the workers when working with a large dataset. 

I therefore decided to make the List Comparison interface (1:N) the default interface for Crowdsensus. By 

providing a list of options, the 1:N interface provides more context for the user than the 1:1 interface.  
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Figure 12 The three comparison interfaces in Crowdsensus. (A) The Direct Comparison interface. A prompt asks crowd workers to 

vote on the similarity of two commands. (B) The List Comparison interface. The worker selects from a list of proposals those she 
thinks are similar to the one highlighted in the middle of the screen. (C) A list of draggable proposals, with one dragged over the 

“create new group” drop zone.  

 Instructions for Similarity Judgments 

At the top of the List Comparison interface there is a crucial prompt instructing the crowd workers to vote on the 

similarity of the presented proposal to those appearing in the list. I tested four different phrasings of this 

instruction. The instruction was phrased with the following variations: “Select all commands that are (‘essentially 

the same as,’ ‘substantially similar to,’ ‘similar to,’ ‘kinda similar to’) this one.” From pilot testing, I found that 

the phrase “essentially the same” and “substantially similar” yielded very strict, inflexible similarity voting from 

the crowd. Conversely, the phrase “kinda similar” gave very loose similarity votes, resulting in an agreement score 

of 1.00, meaning that the crowd voted all proposals to be “kinda the same.” I found that the best prompt to use 

was simply, “Select all commands that are similar to this one.” Such neutral phrasing struck a nice balance between 

promoting strict and permissive comparisons. 

 Number of Proposals Presented 

In the List Comparison interface, the number of proposals listed could conceivably vary from as few as two 

proposals up to N, the entire set of proposals for a given prompt. I tested out three different configurations of the 

number of proposals shown: 10 proposals, 20 proposals, and all 43 proposals that I used in the study presented 

in this chapter, below. In my pilot testing, I found that the number of proposals presented did not affect the 

crowd’s performance or the results, making it possible to present large sets of data in smaller subsets that fit on a 

single screen. 
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 Vote Validation 

To eliminate spam votes, I devised two procedures for vote validation: time thresholds and the identical-proposal 

test.  

2.5.1 Time Threshold 

From pilot testing, I saw that the average time spent voting on a single List Comparison task with 43 proposals in 

the list was a little over 30 seconds. I decided to put a threshold of 15 seconds per task to accept valid data. Data 

coming from voters who did not spend at least 15 seconds looking at the proposals were disqualified and not 

recorded. 

2.5.2 Identical Symbol Test 

As stated, in the List Comparison interface, there is a list of proposals being compared to the primary proposal. 

That list includes the primary proposal itself. Any answers submitted where the primary proposal was not selected 

were discarded, since the failure to self-match indicates the worker was not paying adequate attention to the task.  

3 Evaluating Crowdsensus 

To answer my research questions around using online crowds to generate similarity judgments for agreement 

analysis in end-user elicitation studies, I created a set of prompts and proposals. I then analyzed this data with two 

methods: manual analysis by elicitation study experts, and crowd-based analysis using Crowdsensus. 

 Data Collection  

I used Crowdlicit to run a distributed elicitation study. I based the prompts on Morris’s “Web on the Wall” study 

[77]. I asked 43 crowd workers to type in text strings representing voice commands that they felt would be the 

most intuitive way to perform each one of my 10 prompts to interact with a voice-controlled web browser at a 

distance.  
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 Data Analysis  

3.2.1 Grouping of the Proposals by Elicitation Experts 

I requested groupings of these proposals by a set of elicitation experts (the status quo method by which such data 

are analyzed) to compare the experts’ output to that of the crowd via Crowdsensus. In addition, I analyzed the data 

as an expert would. For every one of the 10 prompts, the experts grouped the elicited proposals based on their 

similarity, and calculated the agreement score using Equation 1. For each prompt, the experts elected the group 

with the largest number of similar proposals to trigger the given function prompt.  

My elicitation experts were considered experts because they had previously published research using elicitation 

studies. All experts had Ph.D. degrees and were external to my own university. Experts did all groupings before 

any output from Crowdsensus was available. Table 6 gives the experts’ demographic information. 

I sent each of the experts an Excel spreadsheet that included a separate tab for each of the 10 function prompts. 

Within each tab, 43 separate rows contained the text of the proposals for that prompt. I asked them to group the 

proposals for each prompt by entering a group number in a column adjacent to each proposal, and to record how 

long it took them to complete the task using provided timing software. As compensation for their time, each expert 

received a $50 Amazon gift card. I chose this compensation level based on the amount of time it took me to analyze 

the same data (approximately 30 minutes), estimating that faculty are compensated at approximately $100 / hour 

based on typical faculty salaries in the U.S. 

3.2.2 Grouping of the Proposals by the Crowd 

I recruited 410 workers from Amazon Mechanical Turk. The majority of them were between the age of 26 and 

40. Sixty-three percent of the workers had bachelor’s degrees, and 85% of them considered English to be their 

primary language. Table 6 provides the workers’ demographic information. Workers on Mechanical Turk who 

accepted the human intelligence task (HIT) went to a webpage on the Crowdsensus server by following the link 

in the HIT itself. The page provided instructions, human subjects study approval details, and researchers’ contact 

information. Before starting the task, the workers had to fill out a brief, pre-task survey that collected demographic 

information, as well as details about their familiarity with voice-operated technologies. 

 



Crowdsensus 

 

  
60 

 
Demographic Experts Crowd 
Gender Male 6 (86%) 224 (55%) 

Female 1 (14%) 186 (45%) 
Non-binary 0 0 

Age 18-25 0 155 (38%) 
26-40 6 (86%) 214 (52%) 
41-55 1 (14%) 28 (7%) 
56 and over 0 13 (3%) 

Education 
level 

Less than high school 0 3 (1%) 
Graduated high school 0 65 (16%) 
Technical school 0 14 (3%) 
Associate degree 0 38 (9%) 
Bachelor’s degree 0 257 (63%) 
Advanced degree 7 (100%) 33 (8%) 

Country USA 6 (86%) 136 (33%) 
India 0 250 (61%) 
Other 1 (14%) 24 (6%) 

English is 
primary 
language 

Yes 4 (57%) 350 (85%) 
No 3 (53%) 60 (15%) 

Frequency 
of voice 
command 
use 

Never 1 (15%) 184 (45%) 
Daily 5 (70%) 88 (21%) 
Weekly 0 105 (26%) 
Monthly 1 (15%) 32 (8%) 

Table 6 Demographic information for the academic experts, including myself, and the crowd workers who analyzed the web-
browser-voice-command elicitation data set. 

 
After completing the background survey, workers moved on to the page generated by the Crowdsensus tool. Pilot 

testing showed workers would be able to finish 20 runs of the List Comparison interface (i.e., 1:N for N = 43 

symbols) within about 15 minutes. Therefore, I compensated the workers $2.75 per HIT. I based my pricing on 

the recommendation of Silberman et al.[107], equaling a rate of $11/hour (Washington state’s minimum wage). 

After finishing the 20 voting tasks, the participants moved on to a page that thanked them for participating and 

provided them with a unique code to enter back into the HIT page on Mechanical Turk—similar to the Thank You 

Page in Crowdlicit. I used those unique codes to track which participants finished the HIT. 

3.2.3 Grouping Algorithms 

A crucial step after the crowd has provided votes indicating perceived similarity among proposals is to group these 

proposals. For a given prompt, all pairs of proposals have a level of similarity expressed by the number of “yes” 

votes given by the crowd in response to the instruction, “Select all commands that are similar to this one.” The 

more “yes” votes, the more similar the crowd felt two proposals were. In grouping like proposals, the challenge is 

to determine how many distinct proposals emerged for a given prompt. 
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This challenge amounts to a graph clustering problem where, for a single prompt, the proposals are nodes in a 

fully-connected graph with weighted edges between all nodes being the ratio of “yes” similarity votes to total votes 

(Figure 13). The clustering problem is to form sets of nodes such that nodes within the same set have maximal 

similarity while nodes across different sets have minimal similarity. This problem is a version of the correlation 

clustering problem for general weighted graphs, which is of class APX-HARD [27].  

I wrote5 various optimization algorithms for this problem: hill climbing, shotgun hill climbing, simulated 

annealing, a genetic algorithm, and correlation clustering. I briefly describe the formulation of each algorithm and 

then present results of testing the algorithms on our crowd-supplied data. 

 

Figure 13 A small example of a fully-connected vote-weighted graph with five nodes. Weights are visible at the midpoints of the 
edges between nodes. The challenge of clustering is evident with nodes 2, 3, and 4, as nodes 2 & 3 and 3 & 4 have strong affinity, 
but 2 & 4 do not. So should {2,3,4} be grouped? The same problem exists for nodes 0, 1 and 4, with 0 & 4 and 1 & 4 having strong 

affinity, but 0 & 1 do not. Should {0,1,4} be grouped? The actual data in this study had 43 nodes per referent, not just 5. 

Hill Climbing 

I implemented steepest-ascent hill climbing as a baseline optimization algorithm. A solution state was represented 

as a set-of-sets, with each subset containing the nodes (proposals) deemed similar. Thus, if all proposals were 

deemed similar, the set-of-sets would contain one set of all nodes. If no proposals were deemed similar, the set-

of-sets would contain a separate set each with only one node. 

A fitness function for the hill climber’s state was defined as follows. In the set-of-sets, for each pair of proposals 

within a set, if the “yes” votes (out of all votes) passed a one-sided binomial test,6 I added the percentage of “yes” 

votes to the fitness score. If, on the other hand, the binomial test failed, I subtracted one minus the percentage of 

“yes” votes from the fitness score. Conversely, for each pair of proposals across different sets, I did the opposite: 

 
5 I implemented versions of these clustering algorithms from my advisor’s software library.  
6 The one-sided binomial test examined whether there was a statistically significant proportion of “yes” votes out of all votes indicating similarity between two 

symbols at the α = .05 level. 
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passing the binomial test subtracted the percentage of “yes” votes from the fitness score, while failing the binomial 

test added one minus the percentage of “yes” votes to the fitness score. Defined in this way, the fitness score drove 

the climber towards states having more similar proposals grouped together and less similar proposals grouped 

separately. 

An essential component to any hill climber is formulating the possible moves to neighboring states. For a climber 

in a given state represented by a set-of-sets, neighboring states were created by taking each proposal and placing 

it in every other set, including the empty set. Thus, for a state with N sets containing a total of M items, N × M 

possible neighboring states were considered by the climber at each move. As a steepest-ascent hill climber, the 

move yielding the greatest fitness gain was always chosen. A concern with this approach, of course, is getting stuck 

on local maxima within the search space. 

Shotgun Hill Climbing 

I  also implemented a variant of hill climbing called shotgun hill climbing, which is equivalent to random-restart 

hill climbing. In shotgun hill climbing, multiple climbers are “shot” randomly into the search space and climb 

from wherever they land, thereby increasing the chances of at least one climber reaching the global maximum. I 

initially utilized 1,000 climbers but surprisingly found that even five climbers performed just as well (and much 

faster), suggesting a search space with few local maxima. The shotgun hill climber therefore used five climbers. 

Simulated Annealing 

A more sophisticated iterative improvement algorithm than hill climbing is simulated annealing. In my 

implementation, a random move was chosen from among neighboring states. If that move was to a better state, it 

was always taken. If it was not, then unlike hill climbing, it still might have been taken depending on a probability 

that starts high and decreases over time, like the temperature of a cooling metal. Following Kirkpatrick et al. [52], 

I automatically set the initial and minimum temperatures via stochastic sampling of the search space. I set the 

cooling rate to 3% and enabled 100 possible moves at each temperature. 

Genetic Algorithm 

Genetic algorithms have been used to form clusters within graphs [137]. I implemented a genetic algorithm that 

began with 1,000 randomly generated “organisms,” each encoding a set-of-sets solution state, and evolved them 
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for up to 10,000 generations, mutating offspring by moving a random proposal into a random set, including a 

new set. Offspring mutated on a decreasing schedule, with more mutations in early generations than in later 

generations. At each generation, 20% of the fittest organisms survived to populate the next generation. An 

exception rate of 5% was used to retain less-fit organisms for subsequent generations to avoid local maxima.  

Correlation Clustering 

Unlike general iterative improvement algorithms, correlation clustering is specific to the problem of clustering 

nodes in graphs that have “affinity,” while avoiding clustering nodes that have “aversion.” It was first formalized 

by Bansal et al. [11] for graphs with binary weighted edges represented as ⟨+,−⟩. Ailon et al. [5] introduced a 

correlation clustering approximation algorithm for general weighted graphs in which each edge had a positive 

weight w+ and a negative weight w–. However, my problem is different, as edges are not negatively weighted; all 

are positively weighted, some more than others. I implemented the KwikCluster approximation algorithm of Ailon 

et al. [6] (p. 23:13) but defined “affinity” as passing the one-sided binomial test described above, i.e., node pairs 

that did not pass this test were deemed to have “aversion.” As this algorithm is highly dependent on the selection 

of random nodes, I ran it with 1,000 random restarts, taking the best outcome. 

3.2.4 Performance Results 

To assess the performance of each algorithm in grouping my proposals, I performed a simple experiment. I first 

used trial-and-error to find the settings for each algorithm that seemed to perform best within reasonable time 

limits. I then ran the grouping algorithms on all 43 proposals for each of our 10 prompts. I did this 10 times and 

averaged the results. Thus, I was left with 5 algorithms × 10 prompts = 50 fitness scores and execution times 

(Table 7). Ultimately, I selected shotgun hill climbing for Crowdsensus because of its high fitness scores and fast 

execution times for the analysis in this chapter. However, Crowdsensus allows for the selection of the grouping 

algorithm and its parameters in the clustering web-based interface shown here in Figure 14. 
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Figure 14 A screenshot of the Crowdsensus clustering interface. The page shows that the shotgun climbing algorithm clustered 3 
proposals for a prompt. 

3.2.5 Solution Fitness Scores 

Statistical analysis shows that fitness scores conformed to the assumptions of analysis of variance. A repeated 

measures ANOVA using the Greenhouse-Geisser correction [39] indicated no significant effect of the algorithms 

on fitness scores (F(1.2, 10.7) = 2.32, n.s.). 

3.2.6 Algorithm Execution Times 

Algorithm execution times violated the normality assumption of ANOVA and were therefore analyzed with 

nonparametric tests. A Friedman test indicated a significant effect of algorithm on execution time 

(χ2(4,N=50) = 37.60, p < .0001). Post hoc Wilcoxon signed-rank tests corrected with Holm’s sequential 

Bonferroni procedure for multiple comparisons [42] indicated that all execution times were significantly different 

under this analysis (p < .02), except the genetic algorithm and hill climbing. 

On balance, given the parity in fitness scores and the desire for fast execution times, it seems everything but 

simulated annealing is a viable option. As noted, I chose Shotgun Hill Climbing for its peak fitness score and 

reasonable execution time. It was noteworthy that hill climbing performed so well, indicating that the search space 
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must be relatively smooth. Also, the fast speed of correlation clustering, even with 1,000 random restarts, was 

impressive. 

Algorithm Solution Fitness Execution Time (sec) 
Hill climbing 561.3 (141.8) 14.5 (6.1) 
Shotgun hill climbing 562.6 (141.1) 100.3 (47.7) 
Simulated annealing 562.6 (141.1) 282.0 (241.8) 
Genetic algorithm 560.5 (141.1) 17.1 (1.2) 
Correlation clustering 559.9 (144.3) 2.8 (1.8) 

Table 7 Means (and standard deviations) of the quality of the solutions produced by the proposal-grouping algorithms, and how 
long it took to produce them, in seconds. Higher fitness scores indicate better performance. Lower execution times are preferred. 

4 Results: Validating the Crowdsensus Approach  

I used data from 410 crowd workers who provided votes that passed the validation tests out of 461 workers who 

began the study. The 51 workers whose data I did not use triggered the spam detectors. I used the shotgun hill 

climbing algorithm, described above, to cluster symbols based on the crowd’s votes. I scrutinize Crowdsensus by: 

 Calculating the agreement score for each prompt (see Equation 1). I wanted to understand how much the 

crowd and the experts each thought the users who elicited the proposals were in agreement. 

 Quantitatively measuring the similarity of the proposal groupings produced by the crowd and by the 

experts.   

 Finding the definitive proposal for each prompt. I wanted to see what proposal the crowd chose for each 

prompt, which ones the experts’ judgments converged on, and what overlap there was between the experts 

and the crowd.  

 Calculating the cost of using Crowdsensus to analyze the proposals, comparing this to the cost of using 

experts.  

 Calculating the time it took the crowd to analyze the proposals, comparing this to the time for experts.  

 Agreement Scores 

I calculated the agreement scores from the crowd and from the experts. Vatavu and Wobbrock [122] recommend 

using qualitative judgments for agreement scores and provided a guide for these judgements. According to their 

guide, low agreement scores are less than 0.1, medium scores are between 0.1 – 0.3, high scores are between 
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0.3 – 0.5, and very high agreement scores are above 0.5. Figure 15 shows how each of the experts, including 

myself, and the crowd (via Crowdsensus) grouped the proposals for each prompt. High or very high agreement 

scores indicated that whoever grouped the proposals thought the end users who provided these proposals 

exhibited some consensus. The experts tended to generate fewer groupings with larger numbers of proposals 

leading to high agreement scores, meaning the experts thought there was high similarity among the proposals for 

most prompts. The crowd (plus clustering algorithm, i.e., Crowdsensus) had low agreement scores for five of the 

10 prompts, meaning the crowd was stricter than experts in its assessment of which proposals were similar to each 

other. This strictness led to the crowd making small groups of very similar proposals.  

 

 

Figure 15 The amount of agreement among proposals elicited for each of the 10 prompts as grouped by myself, the experts (E.1-
6), and the crowd via Crowdsensus.  

 Similarity of Groupings 

To determine how similar the various groupings were, I devised a distance metric by which to compare groupings. 

For each prompt, I compared the groupings generated with Crowdsensus to the groupings generated from the 

experts’ judgments by converting each grouping into a 2-D matrix of 43 rows and 43 columns, each row or 

column representing one proposal. Each cell was populated with one of three values: (-1, 0, +1). A -1 was for 

unused cells like the intersection of a proposal with itself. A 0 meant the proposals intersecting at this cell 

belonged to different groups. A +1 meant the two proposals intersecting at this cell belonged to the same group.  

An example will help illustrate. Consider the grouping {(0,2), (1)}, where proposals 0 and 2 belong to the same 

group and proposal1 is in a group by itself. I would represent this grouping as shown in Figure 16.A. Another 

grouping of these same proposals could be {(0), (1,2)}, where proposal 0 is in a group by itself, and proposal 1 
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and 2 are in a group. This second grouping is represented in Figure 16.B. To measure the distance between the 

two groupings, I can use Equation 2  [45], below: 

   

Equation 2 

In Equation 2, the 2-D distance d2 between 0-based indexed matrices A and B is given by taking the root of the 

sum of squared differences between all cells aij and bij “above the diagonal.” A cell aij is a cell in n × n matrix A and 

indicates whether items i and j are in a set together (+1) or not (0). The outer summation causes index i to start in 

column 1, and the inner summation causes index j to start at row 0. Thus, rows are iterated within columns for 

cells for which j < i. 

  A     B  
j\i 0 1 2  j\i 0 1 2 
0 -1 0 +1  0 -1 0 0 
1 -1 -1 0  1 -1 -1 +1 
2 -1 -1 -1  2 -1 -1 -1 

Figure 16 (A) Matrix A represents the grouping {(0,2), (1)}. (B) Matrix B represents the grouping {(0), (1,2)}. This type of matrix 
representation allows me to compute the distance between two sets-of-sets. Note that the matrices have 0-based indices and 

assume that their items are indexed likewise from zero. 

Using Equation 2, the distance d2 between matrices (A, B) in Figure 16 is 0.67, which makes intuitive sense 

because 1/3 of the elements in A must be moved to create B (i.e., move the 2). In general, then, the distance d2 

between two matrices is a value ranging from 0, if they are identical, to 1, if the two matrices are entirely different.  

Table 8 shows the mean pairwise distances (and standard deviations) among Crowdsensus, myself, and each one 

of the experts averaged over 10 prompts. The crowd’s groupings via Crowdsensus are similar to the experts’, with 

E.3 being the closest on average to the crowd’s groupings at 0.27 and E.4 the furthest at 0.59. The average 

distance for all the experts among themselves was 0.29. 

 Definitive Proposal Selection 

The third measure I used to judge the crowd’s performance relative to the experts was to find the definitive 

proposal generated by the crowd workers, i.e., the largest group of similar symbols, and compare that to the 
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definitive symbol that emerged from the experts for each prompt. I used an “experts’ group” to achieve my goal. 

The experts’ group for each prompt was made up of proposals that appeared across all of the largest proposal 

groups per prompt generated by the first author and the experts.  

Figure 17 shows the number of proposals in the experts’ group for every prompt, the number of proposals the 

crowd elected, and the number of overlapping proposals between the two. For prompts 2, 3, and 10, all of the 

proposals selected by the crowd appeared in the experts’ group, with the crowd’s proposals making up 73%, 42%, 

and 56% of the experts’ group, respectively. For prompts 1, 5, 8, and 9, the crowd’s proposals made up 81%, 

100%, 30%, and 59% of the experts’ group, respectively. 

Prompt 4 was a case where there was no overlap in proposals between the crowd and the experts, i.e., Crowdsensus 

converged on a different set of proposals than the experts’ merged judgements to invoke “switch between pages 

in a backward direction.” For prompts 6 and 7, I was unable to find a single proposal that all experts had in their 

individual definitive proposal groups, which resulted in empty experts’ groups for these two prompts. The crowd’s 

votes generated a definitive proposal for prompt 6, but the crowd’s votes did not cluster any two proposals into a 

group to be used as the definitive proposal for prompt 7. Table 9 presents the experts’ and crowd’s sets of 

definitive proposals (i.e., elicited voice commands). 

Table 8 The mean distances over 10 referents between Crowdsensus, the first author, and the experts. The distance values are in 
[0.0, 1.0], where 0.0 means the two groupings are identical, and 1.0 means they are entirely different. Standard deviations are in 

parentheses. 

 Crowd 1st Author Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6 
Crowd 0 .39 (.14) .40 (.23) .41 (.17) .27 (.18) .59 (.14) .41 (.21) .39 (.19) 
1st Author  0 .39 (.14) .36 (.10) .20 (.15) .40 (.12) .39 (.10) .37 (.10) 
Expert 1   0 .20 (.10) .36 (.14) .27 (.17) .18 (.11) .14 (.11) 
Expert 2    0 .37 (.90) .29 (.16) .19 (.07) .15 (.08) 
Expert 3     0 .48 (.13) .36 (.15) .36 (.12) 
Expert 4      0 .24 (.15) .26 (.18) 
Expert 5       0 .18 (.10) 
Expert 6        0 
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Figure 17. Comparison of proposal counts in the definitive group for each prompt (R1-R10). Blue bars are the number of proposals 
in the experts’ group. Yellow bars are for the crowd. Green bars are the number of overlapping proposals in the experts’ and 

crowd’s groups. 

Prompt 
How would you phrase a voice command that would… 

Experts’ proposal Crowd’s proposal 

1. open the browser? “Open browser” “Open browser” 
2. perform a search for cat videos? “Search for cat videos” “Search for cat videos” 
3. click the first link on the page? “Click the first link”   “Click the first link” 
4. switch between pages in a backward direction? “Go back ‘one / to the last / to the previous’ page” “Go to the previous page” 
5. switch between pages in a forward direction? “Go to the next page” “Go to the next page” 
6. switch between multiple open tabs? N/A “Switch tabs” 
7. select a region on the page? N/A N/A 
8. request the same page you are browsing to be loaded again? “Reload the page” “Reload the page” 
9. bookmark a page? “Bookmark this page” “Bookmark this page” 
10. close the browser? “Close browser” “Close browser” 

Table 9. A list of all function prompts used in this study, and the proposals that would invoke them, as chosen by experts and non-
expert crowd workers. An “N/A” indicates a lack of convergence. 

 
 Cost 

I paid each researcher $50 to analyze my dataset of 10 prompts. Therefore, the cost of one prompt to be analyzed 

by one expert was $5.00. For this study, with its 43 proposals per prompt, I needed 2.15 Mechanical Turk HITs 

to complete one prompt because one HIT contained 20 List Comparison voting tasks, and I needed 43 such tasks 

to compare all of the proposals to each other. My Turk tasks were priced at $2.75. Thus, the cost for a crowd 

worker to analyze a prompt was $5.90. In summary, then, the cost of Crowdsensus was similar to the cost of the 

experts. 
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 Time 

On average, it took the experts, including myself, 3.17 (SD=1.2) minutes to group the proposals for a single 

prompt. For the crowd workers, one HIT consisted of 20 List Comparison tasks. HITs were batched into groups 

of 31. Therefore, a batch resulted in 31 × 20 = 620 List Comparison tasks. To analyze a single prompt, I needed 

43 List Comparison tasks. In 11.22 minutes, the crowd analyzed 14.4 prompts, meaning, on average, this took 

about 0.78 minutes per prompt. This result was about four times faster than the experts (i.e., 3.17 / 0.78 = 4.06). 

5 Discussion 

To understand my findings in context, I revisit the research questions I posed in the introduction.  

 RQ4. How can the crowd facilitate similarity judgments for agreement analysis in end-

user elicitation studies? 

I was able to successfully utilize Crowdsensus to produce agreement analysis for my study. Crowdsensus takes a 

dataset of end-user-generated proposals and creates custom web interfaces to deploy online. The web interfaces 

Crowdsensus generates facilitate the gathering of similarity judgment votes. Clustering algorithms group 

proposals during the agreement analysis phase of elicitation studies. 

I pilot tested potential interfaces for Crowdsensus, examining the possible effects of simple user interface 

choices—displaying 1:1, 1:N, or N:N simultaneous comparisons; the specific phrasing of instructions; and the 

number of proposals displayed within a single HIT. Iterative comparative testing and refinement of the interface 

helped me identify a set of interface parameters that produce high-quality crowd judgements, particularly the use 

of a 1:N selection mechanism and the crucial phrase “similar to” in the instructions. I discovered that it is safe to 

present large proposal sets as smaller, manageable subsets.  

From my study, I discovered that the average time a crowd worker spent voting on the similarity of one proposal 

compared to 43 others was 38.23 seconds. I recommend using 15 seconds as a threshold to accept valid data. I 

also used an approach to ensure the crowd workers were paying attention by testing whether they voted-as-similar 

the exact proposal to which they were comparing all other proposals.  
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 RQ5. By using the crowd, what are the benefits, if any, in terms of cost and time, 

compared to the status quo use of experts’ judgments? 

In this study, the crowd cost $5.90 per prompt, while the experts cost $5.00. Therefore, the crowd cost was 

similar to the experts. Specific monetary costs may vary in practice depending on the exact wages of experts and 

crowd workers and on the desired level of redundancy in crowd judgments. 

The average time it took the crowd to analyze a single prompt was 0.78 minutes. The average time it took the 

expert researchers we recruited to examine our data was 3.17 minutes per prompt. Hence, the crowd can provide 

similarity judgments to analyze end-user elicitation studies using our List Comparison interface about four times 

faster than expert researchers.  

Having the crowd analyze the results of elicitation studies, a very laborious task, cuts time significantly. The 

researcher is also free to conduct further analysis and tweak the crowd’s groupings, capitalizing on her own 

expertise and whatever supplementary material (e.g., study notes) she has available. By cutting down on resources 

needed to conduct elicitation studies, I open up numerous possibilities to advance this methodology, like scaling 

up the number of proposals collected to create more inclusively-designed technologies—especially in distributed 

elicitation studies using Crowdlicit, and lowering barriers to conduct replication studies or reanalyze published 

studies. 

 RQ6. How does the quality of the results produced by the crowd compare to those 

produced by expert researchers?  

Similarity judgments for proposals generated in elicitation studies are subjective. I expected to find differences in 

the way people grouped proposals. I therefore discuss the quality of the crowd’s results compared to those of the 

experts along three lines: agreement scores, grouping similarity, and the definitive proposal for each prompt. 

5.3.1 Agreement Scores. 

Overall, the crowd's grouping-agreement scores were lower than those of the experts. The experts seemed to 

believe that the proposals were more similar to each other than did the crowd. The crowd was stricter than the 
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experts in considering which proposals belonged with each other in the same group, thereby creating smaller sets 

of more-similar proposals.  

5.3.2 Grouping Similarity 

The average distances between the crowd’s grouping and each one of the experts’ was similar to those of the 

experts among themselves for every prompt. This finding means that the crowd produced groupings comparable 

to those produced by the experts.  

5.3.3 Definitive Proposal Selection 

Due to the lower agreement scores mentioned above, the crowd’s groupings were of smaller similar sets of 

proposals. Thus, a definitive proposal chosen by the crowd contained less variance than those from the experts. 

For instance, for prompt 10, both the crowd and experts chose “close browser;” however, the experts’ grouping 

included variants such as “please close this browser for me” as being an equivalent, while the crowds’ grouping 

required a stricter match. This situation is where the experience of the experts and their familiarity with elicitation 

studies gives them an advantage over the crowd. Experts conducting elicitation studies might choose to create 

synonyms for a given prompt, such as in the case where there are two or more popular groups of proposals 

proposed for a given prompt. In our analysis, we made the simplifying assumption that a designer would choose a 

single proposal for each prompt. However, the output of Crowdsensus could easily be analyzed by designers to 

form proposal synonyms. 

 Limitations 

The proposals I elicited were text strings of voice commands, a decision I made to simplify the process of capturing 

proposals and being able to share them easily with external experts. I suspect that richer proposals like audio clips 

or gesture videos will require more time to analyze. Also, the experts I recruited worked independently. Typically, 

in an elicitation study, if more than one researcher is analyzing the results, they work together to reach consensus 

on a definitive proposal. Also, my dataset of prompts and proposals was relatively small, at 10 prompts and 430 

proposals. Some studies are larger, such as Wobbrock et al.’s [134], which had 27 prompts and 1,080 proposals, 

or Kane et al.’s [49], which had 22 prompts and 880 proposals. The scope of my dataset was limited to the 

standard functionality of a web browser, which made the proposals elicited easier to analyze than novel 
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interactions for an emerging technology; it is unknown whether expertise beyond that of crowd workers is 

required in more complex domains. 

6 Summary 

In this work, I developed Crowdsensus, a system that extends the popular design method of end-user elicitation 

studies by allowing researchers to crowdsource the crucial similarity judgments so central to agreement analysis. 

My work demonstrated that it is possible to use a crowd of non-experts, in conjunction with automatic clustering 

algorithms, to successfully analyze the results of an elicitation study. I also showed that using the crowd comes 

with benefits like saving time; it also produces results similar to those obtained with experts. It is my hope that 

using the crowd can propel end-user elicitation further by lowering barriers to running these studies at scale and 

with diverse audiences. 
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Six |  The CROWDDESIGN engine 

The CROWDDESIGN engine (CDE) is a website that serves two functions: (1) a DXD 

educational resource. (2) A software service that provides access to the Crowdlicit and 

Crowdsensus tools. The engine is available at the URL: CROWDDESIGNengine.com. The 

landing page is shown below in Figure 18.  

 

Figure 18  The CROWDDESIGN engine homepage. 
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1 Education  

In this section, I explain the educational benefits of the CDE website.  

 What is Distributed Interaction Design?  

This section of the CDE provides information about the DXD process. An online version of the Distributed 

Interaction Design (DXD) chapter from this dissertation.  

 The Science 

This section gives background information about the methods behind DXD, starting with Good et al.’s [37] 

paper—the earliest example of user-driven interaction design. The section also shows the versatility of the 

approach displaying examples of a wide range of applications.  

 What is the CROWDDESIGN engine?  

This section provides an overview of the tools (Crowdlicit, Crowdsensus). It also includes instructional videos 

on how to use the tools—shown in Figure 19.  

 

Figure 19 A screenshot from the CDE showing an instructional video of how to use the Crowdlicit tool.  
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 Features at a glance 

The landing page of the CDE shows a list of features (Figure 20) the CDE offers, like the flexibility of an online 

platform that does not require any installation, the ability to use mobile devices to participate in studies, and the 

use of machine learning to analyze study results efficiently.  

 

Figure 20 A list of the CDE features at a glance. 

 Contact and Team  

Of course, the CDE was not a solo effort. I dedicate a page in the platform acknowledging collaborators and 

funding sources that made the platform possible.  

 Research Studies  

This section currently lists a number of the most-influential papers in the DXD research area. This page will be 

continuously updated with noteworthy publications.  
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2 Tool Access 

In this section, I explain the current state of public access to the CDE and my future plans for it.  

 Current Access 

At the time of writing this dissertation, the CDE is hosted on a small shared server belonging to the Information 

School at the University of Washington. This current setup has limited computing resources. Due to these 

limitations, the engine is behind a registration request wall. Any potential user of the engine needs to fill out a 

registration form making the case for their need to use the system. I personally review the requests and grant 

access to the tools. I have observed the CDE engine’s use in person during a guest lecture I gave in the Research 

Method’s class at The Information School in the University of Washington. During my lecture, I taught the DXD 

process and introduced the CDE engine. Within 40 minutes of learning the process, 90 undergraduate students 

in that class, working in groups, signed into the platform, created 30 different studies designing interactive 

systems ranging from a rice cooker, to a voice assistant, to a smart toilet. After a peer-participation task, the 30 

research groups generated more than 160 unique interaction proposals.    

 Future Plans  

Starting in 2021, I will be hosting the CDE on my own server. The structure of service will change. It will no 

longer be a complete service storing its users’ data. The new setup will ask users to log into the system using 

credentials for a cloud storage service (e.g., Google’s Cloud drive, Microsoft’s OneDrive, etc.). This setup will 

allow users to store any data they upload and collect on their own private cloud storage. In doing so, (1) the CDE 

will not bear the costs of storing large multimedia files, and (2) private sensitive data collected from participants 

will not be stored on the CDE server.  

Moving forward, the CDE will be an educational tool and a structured software that generates studies to facilitate 

all steps of the DXD process.  
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Seven |  Anachronism by Design 
Understanding Young Adults’ Perceptions of Computer 
Iconography 

Computer iconography in desktop operating systems and applications has evolved in style but, in many 

cases, not in substance for decades. Many of today’s young adult computer users grew up without direct 

physical experience of many objects—like floppy diskettes—represented by legacy icons. In this chapter, I 

describe a multi-part study conducted to gain an understanding of young adults’ perceptions of computer 

iconography, and to update that iconography based on young adults’ current mental models. To pursue this 

work, I gathered a set of icons (for 39 functions) found on common desktop operating systems and 

applications. I recruited 30 young adults for my study. In the first part, lab-based elicitation study, which did 

not use Crowdlicit,  I asked the participants to propose sketches of icons they deemed most appropriate to 

trigger the 39 functions. I elicited a total of 3,590 individual icon sketches and grouped these into a set of 

39 participant-generated icons. In the second part, a lab-based identification study, which also did not use 

Crowdlicit, I showed participants the current icons and asked them to: name the computing functions 

triggered when those icons were clicked, identify the real-world objects those icons represented, and answer 

questions regarding their personal experiences with those objects. Finally, I conducted another 

identification study, this time using my Crowdlicit tool within The CROWDDESIGN engine, with 60 new 

participants from mTurk on the set of 39 participant-generated icons I obtained from the first part of my 

study to see how recognizable the young adults’ icons were. Generally, my study results highlight 20 

anachronistic icons currently found on desktop operating systems in need of a redesign. My results also 

show that with increased icon production during the elicitation process, the chances for anachronism 

significantly decrease, supporting the “production principle” [79] in elicitation studies. Furthermore, my 

results include an updated set of icons derived from my young adult participants. This work contributes an 
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approach to using end-user elicitation studies to understand users, user interface design, and specifically, 

icon design. It is also, to the best of my knowledge, the first-time end-user elicitation has been used to 

generate and evaluate iconography. 

 

Figure 21 A tweet with an image of a physical floppy diskette. The tweet reads, “In the ‘I’m getting old’ department, a 
kid saw this and said, ‘oh, you 3D-printed the ‘Save’ Icon.’” 
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1 INTRODUCTION 

The graphical representation of computing functions as icons has been prevalent since their inception in 

David Canfield Smith’s Pygmalion [108] and then their commercial adoption in the personal computer 

and its graphical user interface in the Xerox Star [47]. The Star used everyday objects familiar to office 

desktops at the time as icons to trigger machine functions. Despite the technological strides made since 

the advent of these early icons, many of the same icons persist even in today’s desktop computer systems. 

Some of these icons are even graphical representations of objects that are no longer used in most people’s 

daily lives. Examples of such icons are the 3.5" floppy diskette—representing the “Save” function—and a 

compact disk—representing the Windows “Program Manager.” Today’s young adult technology users 

have never interacted with many such objects, which could complicate guessability and learnability, and 

raises interesting questions about such users’ mental models. An example of the disconnect between the 

anachronistic objects represented by some of today’s interface icons and young adults’ perceptions of the 

objects themselves can be seen in  Figure 21, which is a tweet from a person who, holding a floppy 

diskette, was told by a youth that he had “3D-printed the ‘Save’ icon.” Rather than the physical diskette 

informing the meaning of the computer icon, the computer icon had informed the meaning of the physical 

object: it was merely a plastic model of the icon. The computer icon was now the prevalent object in the 

world, and the physical diskette was now subject to its meaning. 

Along with text, icons are of central importance for guessing and learning functions in any graphical user 

interface. Yet surprisingly, such a fundamental aspect of user interfaces has rarely been reconsidered. 

Stylistic updates are common, but a certain “stickiness” pervades the conceptual underpinnings behind 

icon design. Presumably this stickiness is so that existing users, upon receiving a software update or 

installing a new application, can leverage their pre-existing knowledge of icons’ meanings. At the same 

time, newer generations of computer users are encountering more and more “objects” as icons that they 

have never encountered in the physical world, like the anachronistic floppy diskette. 

To understand young adults’ perceptions of the objects represented by the icons in current desktop 

operating systems and applications, I assembled a set of 39 icons found on Windows 10 and Mac OS X 

that feature plausibly anachronistic objects. Based on the set of 39 icons and the functions they are 
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associated with, I sought to answer the following research questions that I outlined in the Introduction 

of this dissertation:  

 RQ.10 How does production influence user-elicited interaction designs?  

 RQ.12 What icons would young adults propose to trigger computer functions currently 

associated with anachronistic icons?  

 RQ.13 How familiar are young adults with the objects represented in anachronistic icons?  

 RQ.14 How identifiable is a set of icons elicited from young adults?  

To answer these questions, I conducted a multi-part study. First, I recruited 30 young adult technology 

users ages 18–22 (people born in 1994 or after) to participate in a two-part study. The first part was an 

icon elicitation study. In this study, I presented my participants with 39 descriptions of computing 

functions that currently have an icon representing a plausibly anachronistic object. I asked my 

participants to sketch (and describe) icons that would trigger these functions. I elicited a total of 3,590 

icons from the 30 participants, or an average of about 3 icon proposals per function from each participant. 

I then clustered similar icons to arrive at a set of 39 participant-generated icons.  

In the second part of the multi-part study, I conducted an identification study with the same 30 

participants based on my end-user identification method [9]. In this part, I presented the participants with 

cards (Figure 22), each showing one plausibly anachronistic icon, and asked them to identify the 

computing function that the icon would trigger when clicked. I also asked the participants how familiar 

they were with the represented real-world objects themselves. Finally, to assess the set of participant-

generated icons that I derived from the elicitation study, I conducted a second identification study with 

60 participants recruited online from mTurk using Crowdlicit. 
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Figure 22 A deck of 38 custom-made cards for the icon identification study. Each card had a number and a plausibly 
anachronistic icon.  

I conducted open-coding [112] analysis on all 3,590 icons that I collected in the elicitation study and 

formulated a taxonomy of computing iconography. I found that almost half of the 3,590 participant-

generated icons were of new concepts, while the other half were drawings of existing icons. When 

assembling the participant-generated set of icons from the elicitation study, I found that 17 out the 39 

icons remained anachronistic, and 22 icons were of new concepts. I also found that 73% of all elicited 

icons were representations of physical objects. The remaining 27% were made up mostly of text and 

abstract shapes. I also found that the propensity for elicited icons to be anachronistic decreased 

significantly from the first elicited icon to subsequent icons, confirming that the “production principle” 

does, indeed, increase the novelty of elicited proposals, at least in this context. 

In the laboratory-based identification study, I found that there were only 16 plausibly anachronistic 

physical objects that all 30 participants had used. None of the remaining 22 physical objects were used by 

all young adult participants. Furthermore, the identification study with young adult participants resulted 

in the correct identification of the functions triggered by 31 of the 39 plausibly anachronistic icons. Of 

the eight icons that had their functions identified incorrectly by consensus from the young adult 

participants, five of them had new concept icons from the elicitation study. These five new concept icons 

had improved identifiability as they were identified correctly by the second identification study—an online 

study with 60 participants from mTurk. In this second identification study, the 60 online participants 

were able to correctly identify 34 of the 39 user-generated icons from the elicitation study. Three of the 

five incorrectly identified icons were new concept icons, and two were anachronistic ones.  
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Finally, as a result of all three parts of this multi-part study (in-lab elicitation and identification, and an 

online identification study), I derived a set of 39 participant-generated icons that included three types: 

Anachronistic by Elicitation, Anachronistic by Identification, and New Concept Icons. This set of icons 

contained 20 New Concept Icons and 19 anachronistic ones–15 Anachronistic by Elicitation and four 

Anachronistic by Identification. In addition, while I was analyzing the results of the elicitation study, I 

found that the Production principle to reduce legacy bias as put forth by Morris et al. [79] indeed has an 

effect on the lowering legacy inspired interactions—in this case, anachronistic icons. This production 

principle’s effect on user-generated interactions answers my tenth research question outlined in the 

chapter Introduction of this dissertation:  

 RQ.10 How does production influence user-elicited interaction designs?  

This chapter contributes empirical results of an elicitation study, two identification studies, a taxonomy 

of computer iconography, a set of participant-generated icons based on the results of the three studies, 

and an investigation into the effects of Morris et al.’s [79] production principle to reduce legacy bias in 

elicitation studies. Generally, this work can be of use to researchers understanding young adult users, 

user interface designers, and specifically, iconographers looking to design the next generation of icons 

for tomorrow’s graphical user interfaces.  

2 ANACHRONISTIC ICONS  

I scrutinized current desktop operating systems—both Windows 10 and Mac OS X—and assembled a set 

of 39 plausibly anachronistic icons that represent 38 real-world physical objects7 no longer as widely used 

as they once were. (I call these icons “plausibly anachronistic,” because for some young adult users, the 

physical objects might still be conceivably familiar.)  

Figure 23 displays 39 icons and their associated functions. A prevalent example of a plausibly 

anachronistic icon is the 3.5" floppy diskette (icon #20), the physical version of which is rarely still used 

except on antiquated computers, but whose semblance still pervades user interfaces as the ‘save’ icon. 

Other possibly outmoded real-world objects for young adults might include the magnifying glass (#2, #3), 

 
7 Functions #2. search and #3. zoom shared the magnifying glass object. 
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“snail mail” (#6, #26), print photographs (#8), printed books (#13, #14), paper calendars (#17, #18), 

analog clocks and watches (#17, #24, #38), compact discs (#31), filament light bulbs (#34), and analog 

magnetic compasses (#39), among others. Table 10 displays the current and original origins of each icon. 
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Figure 23 The 39 plausibly anachronistic icons and the functions they trigger. 
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# Function (“An icon that …”) Source Origin, Year first appeared in GUIs 
1 ...opens a view to store and organize 

documents, files, and applications 
Windows 10 Xerox Star, 1981 

2 ...searches  Windows 7 Windows 95, 1995  
3 …zooms Windows 7 Windows 95, 1995  
4 ...stores contact information Mac OS X 10.11.6 Windows 1, 1985  
5 ...displays system settings Windows 10 Windows 95, 1995  
6 ...opens e-mail accounts Mac OS X 10.11.6 Mac OS X, 2001  
7 ...is a simple text application Mac OS X 10.11.6 Xerox Star, 1981  
8 ...allows for the viewing of photographs Mac OS X 10.11.6 NeXTSTEP, 1989  
9 ...creates quick notes which pin to the 

home screen  
Mac OS X 10.11.6  Mac OS 7, 2013  

10 ...creates a reminders list Mac OS X 10.11.6 OS X 10.8 "Mountain Lion", 2012  
11 ...opens video chatting Mac OS X Mac OS X 10.6, 2010  
12 ...is a container for storing videos Windows 10 Windows 98, 1998  
13 ...opens an eBook reader Mac OS X 10.11.6 Mac iOS 4, 2010  
14 ...allows for the look-up of word 

definitions 
Mac OS X 10.11.6 OpenStep, 1994  

15 ...opens camera settings Mac OS X 10.11.6 Mc OS X 10, 2001  
16 ...opens sound settings / volume Mac OS X 10.11.6/Windows 

10 
Xerox Star, 1981  

17 ...opens date & time settings Mac OS X 10.11.6 Apple Lisa, 1983  
18 ...opens a calendar Mac OS X 10.11.6 Windows 1 1985  
19 ...opens dictation and speech settings Windows 10 Xerox Star, 1981  
20 ...saves Mac OS X 10.11.6 Xerox Star, 1981  
21 ...pastes MacOS X 10.11.6 Apple Lisa, 1983  
22 ...cuts MacOS X 10.11.6 Xerox Star, 1981  
23 ...contains deleted files, folders, and 

applications 
Windows 7 Xerox Star, 1981 

24 ...measures a time duration Windows 8 Apple Lisa, 1983  
25 ...opens privacy preferences Windows 7 Macintosh System 7, 1991  
26 ...opens email account settings Windows 10 Windows 3.1, 1992 
27 ...manages passwords Windows 10/ Mac OS X 

10.11.6 
Windows 3.1, 1992  

28 ...copies to Windows 10 Xerox Star, 1981  
29 ...opens file explorer Windows 7 Xerox Star, 1981  
30 ...creates a new folder Windows 10 Xerox Star, 1981  
31 ...opens programs Windows 10 Windows 3, 1995  
32 ...opens power settings Windows 10 Windows NT 3.1, 1992 
33 ...opens storage options Windows 10 Xerox Star, 1981  
34 ...opens energy saver options Mac OS X 10.11.6 Mac OS X, 2001 
35 ...starts a phone call Google Gmail Gmail, 2009  
36 ...indicates notifications Google Google, 2003  
37 ...opens a presentation application Mac OS X 10.11.6 NeXTSTEP, 1989  
38 ...opens file history  Windows 10 Xerox Star, 1981  
39 ...opens a web browser Mac OS X 10.11.6 Mac OS X Panther, 2003  

Table 10 The 39 computer functions of our plausibly anachronistic icons. Also shown are the systems from which our icons 
were taken and the systems in which they first appeared. 
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3 UNDERSTANDING YOUNG ADULTS’ ICON PERCEPTIONS  

I conducted a two-part study with 30 young-adult technology users to understand what icons they would 

create to trigger functions that are currently triggered with the plausibly anachronistic icons. I also sought 

to understand young adults’ perceptions of anachronistic icons and the experiences they have of the real-

world objects those icons portray. My study also resulted in a set of user-generated icons that I validated 

by conducting a distributed identification study using The CROWDDESIGN engine with a set of 60 

adult participants to see how recognizable the new user-generated icons might be to general computer 

users.  

 Young-Adult Participants  

I recruited 30 young adults to participate in our two-part study using flyers on and around the University 

of Washington (UW) campus. At the time of my study, the 18–22-year-old participants were born 

between the years 1994–1998. All participants were students at UW majoring in a wide range of areas 

including computer science, bioengineering, informatics, political science, and humanities. About half 

(57%) of the participants were from the United States, 23% were from China, and others were from  

myriad countries such as Switzerland and Nepal. Fifty-seven percent of the participants identified as 

female; the rest identified as male. Most of the participants (87%) did not have a professional design 

background. About half of the participants self-reported spending 6–10 hours a day using a computer, 

3–5 hours using a mobile device, and about 70% of them spent less than 2 hours a day using physical 

objects (i.e., books, wrenches). Table 11 reports additional demographic information for the participants.   
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Demographic  N = 30 Demographic  N = 30 

Gender	

Male	 13	
(43%)	

First	device	owned		

Desktop	 13	
(43%)	

Female	 17	
(57%)	

Laptop	 3	(10%)	

Non-binary	 0	 Mobile	phone		 6	(20%)	

Country	of	origin		

USA	 17	
(57%)	

Other	 8	(27%)	

China	 7	(23%)	

Total	hours	per	day	
using	a	computer	
(self-reported)	

<	1	hour	 0	
Switzerland	 1	(3%)	 1–2	hours	 7	(23%)	
South	Korea	 1 (3%) 3–5	hours	 7	(23%)	
Nepal	 1 (3%) 6–10	hours	 14	

(47%)	
Indonesia	 1 (3%) >	10	hours	 2	(7%)	
India	 1 (3%) 

Total	hours	per	day	
using	a	mobile	device	
(self-reported)	

<	1	hour	 1	(3%)	
Bangladesh	 1 (3%) 1–2	hours	 9	(30%)	

Age	

18	 8	(27%)	 3–5	hours	 17	
(57%)	

19	 8	(27%)	 6–10	hours	 3	(10%)	
20	 4	(13%)	 >	10	hours	 0	
21	 7	(23%)	

Total	hours	per	day	
using	a	physical	
object	(books,	paint	
brushes,	wrenches,	
etc.)	(self-reported)	

<	1	hour	 9	(30%)	
22	 3	(10%)	 1–2	hours	 12	

(40%)	

Any	professional	
design	background	

Yes	 4	(13%)	 3–5	hours	 7	(23%)	
No	 26	

(87%)	
6–10	hours	 2	(7%)	

Age	started	using	
computers	

3–5	 8	(27%)	 >	10	hours	 0	
6–8	 16	

(53%)	 Preferred	desktop	
operating	system		

Mac	OS	 16	
(53%)	

9–11	 5	(17%)	 Windows	 14	
(47%)	

12–16	 1	(3%)	

Preferred	mobile	
operating	system		

Apple	iOS		 20	
(67%)	

17+	 0	 Google	Android		 9	(30%)	

First	operating	
system	

Mac	OS	 3	(10%)	 Blackberry	OS	 1	(3%)	
Windows	 26	

(87%)	
MS-DOS	 1	(3%)	

Table 11 Demographic information for our 30 young-adult participants. 

 New Icons Elicitation Study 

The vast majority of elicitation studies have been centered around gestural interactions [124]. However, 

some studies elicited other forms of input actions like voice commands (Morris [75], Nebeling et al. [89], 

and my work on Crowdlicit and Crowdsensus), and sketches of gesture representation [72]. 

In an attempt to reduce “legacy bias” [79], where participants propose only familiar interactions, I 

conducted the elicitation study first before the identification study, thus limiting exposing my participants 

to plausibly anachronistic icons in the identification study. 

The elicitation study session took about two hours to complete. In a session, participants were given a 

card that displayed text descriptions of a computer function (e.g., “open a calendar”) and were asked to 
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sketch as many icons as they could devise to trigger that function. Having participants propose multiple 

icons, rather than just one, for each referent in an elicitation study is a legacy bias reduction technique 

known as the “production principle” set forth by Morris et al. [79].  

I asked the participants to rate each sketch they proposed on how well they felt it matched its intended 

function, prompted by the following: “The icon I drew is a good match for its intended purpose.”  Likert-

type ratings were on a scale from 1–7, with 1 being “strongly disagree” and 7 being “strongly agree.” I 

also asked the participants to rate the familiarity of the icon they drew on a 1–3 scale as such: 1 was “I am 

not familiar. I have never seen it before;” 2 was “I am somewhat familiar. I am not sure where I have seen 

it before;” and 3 was “I am very familiar. I know where I have seen it before.” 

 Anachronistic Icons Identification Study 

I asked the 30 young-adult participants to come back at a later date—after completing the elicitation part 

of the study—and complete an identification study in order to receive their compensation of $50 for their 

participation in both parts of the study. In the second part of the study, I handed the participants a deck 

of cards (Figure 22). The cards were numbered, and each card had a single plausibly anachronistic icon 

on it (Figure 23). Upon viewing a card, participants answered questions regarding the icon on the card. 

In addition to asking what function the icon on the card triggered when clicked, I asked participants to 

identify what real-world object was depicted by the icon, and whether participants had ever used the object 

itself, and when. Thus, I gathered data making it possible to examine whether there is any relationship 

between young adults’ ability to identify what an icon does, and what the icon’s real-world object is, for 

plausibly anachronistic icons. 

 Young-Adult-Generated Icons Identification Study 

The first part of my  study, the end-user elicitation study, resulted in a set of user-generated icons. To 

assess this set of new icons, I conducted a second end-user identification study online using Crowdlicit. 

I recruited 60 participants mTurk. Participants who accepted the human intelligence task (HIT) on 

mTurk were directed to a unique URL created by the Crowdlicit system in which they participated in a 

15-minute study. In the study, participants had a total of 39 tasks, where each task showed one user-

generated icon in isolation with no further context. Upon viewing an icon (the prompt), participants were 
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asked to propose the computing function that would be triggered by clicking that icon. Upon completing 

all 39 tasks, participants received a code that they entered back in the mTurk portal to indicate their 

completion of the study and ensure their payment of $3.75. (I based our payment on Washington state’s 

minimum wage of $15/hour.) Participants also filled out a demographics survey upon completing the 39 

tasks.  

 

Figure 24 The Crowdlicit interface. (1) The task list of 39 user-generated icons to identify. (2) The prompt “what computing 
action will this icon trigger?” and a basic image of the icon. (3) The interface to identify the function triggered by the 

icon. (4) A thank you page with unique completion code and a link to the demographics survey. 

Of the 60 participants who completed the HIT, 42 filled out the demographics survey. More than half of 

the participants (64%) identified as male. Table 12 shows the demographics of the online participants. 

The majority of the participants (69%) were from the United States; 21% were from India, and the rest 

were from other countries including Italy and Canada. The average age of the participants was 31.1 

(SD=7.97) years. Most of our participants (72%) indicated that they spend more than 6 hours a day using 

a computer. Seventy-nine percent of the participants spend between 1–5 hours per day using a mobile 

device. Seventy-two percent of the participants spend 2 hours or less using physical objects.  
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Demographic N = 42 Demographic  N = 42 

Gender	

Male	 27	
(64%)	

Total	hours	a	day	
using	a	computer	
(self-reported)	

<	1	hour	 1	(2%)	

Female	 15	
(36%)	

1–2	hours	 2	(5%)	

Non-binary	 0	 3–5	hours	 9	(21%)	

Country	of	origin		

USA	 29	
(69%)	

6–10	hours	 18	
(43%)	

India	 9	(21%)	 >	10	hours	 12	
(29%)	

Italy	 1	(2%)	

Total	hours	a	day	
using	a	mobile	device	
(self-reported)	

<	1	hour	 4	(10%)	
Canada	 1 (2%) 1–2	hours	 21	

(50%)	
Pakistan	 1 (2%) 3–5	hours	 12	

(29%)	
Ireland	 1 (2%) 6–10	hours	 2	(5%)	

Average	age	 31.1	(SD=7.97)	years	 >	10	hours	 3	(7%)	

Professional	design	
background	

Yes	 11	
(26%)	

Total	hours	a	day	
using	a	physical	
object	(books,	paint	
brushes,	wrenches,	
etc.)	(self-reported)	

<	1	hour	 10	
(24%)	

No	 31	
(74%)	

1–2	hours	 21	
(50%)	

Age	started	using	
computers	

3–5	 10	
(24%)	

3–5	hours	 7	(17%)	

6–8	 13	
(31%)	

6–10	hours	 2	(5%)	

9–11	 11	
(26%)	

>	10	hours	 2	(5%)	

12–16	 2	(5%)	
Preferred	desktop	
operating	system		

Mac	OS	 8	(19%)	
17+	 6	(14%)	 Windows	 33	

(79%)	

First	operating	
system	

Mac	OS	 4	(10%)	 Other		 1	(2%)	
Windows	 35	

(83%)	

Preferred	mobile	
operating	system		

Apple	iOS		 17	
(40%)	

Other	 3	(7%)	

First	device	owned		

Desktop	 35	
(83%)	

Android		 25	
(60%)	

Laptop	 6	(14%)	
Other	 1	(2%)	

Table 12  Demographic information for our 42 participants recruited from Amazon’s Mechanical Turk. 
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4 RESULTS: ICONS AND PERCEPTIONS 

I  present the results of my studies in the following subsections, including the icons proposed by the 30 

young-adult participants in the elicitation study, their perceptions of plausibly anachronistic icons, and 

their experiences, if any, of the real-world objects those icons represent. I also present the results of an 

additional crowdsourced identification study I conducted with 60 adult Mechanical Turk participants on 

the set of user-generated icons that resulted from our in-lab elicitation study with the young-adult 

participants. I take each of these in turn. 

 

 Eliciting User-Generated Icons 

The 30 young-adult participants offered a total 3,590 icon sketches for 39 function prompts. Participants 

were encouraged to propose as many icon sketches as they wanted for each prompt. On average, 3.07 

(SD=0.68) icons were sketched per prompt by each participant (Figure 25). Given the unequal number 

of icons elicited per prompt, the average number of icon sketches elicited per prompt therefore was 91.92 

(SD=3.83). I conducted open-coding analysis [112] on the entire set of icons, and then followed 

Wobbrock et al.’s [131] method of similarity-based clustering to derive a set of 39 user-generated icons.  

 

Figure 25 The total number of icons proposed by 30 participants in the study by production order (1st, 2nd, 3rd, etc.). All 
participants proposed at least two icons for each computing function, but very few proposed as many as five or six icons 

for a computing function. 
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4.1.1 Understanding the Set of Elicited Icons.  

I took an open-coding [112] approach to analyze the entire set of 3,590 icon sketches elicited for 39 

prompts from the 30 participants. I generated a set of 14 codes to describe the icon sketches I collected. 

The codes described whether an icon sketch represented a physical object, contained a metaphor from 

the desktop, or contained a metaphor from newer technologies such as mobile devices and their 

interfaces. The codes also included anachronisms of both objects and practices, representations of 

computer hardware and actions, representations of natural elements, and physical activities or body parts. 

Other codes described shapes present in sketches like abstract squares or lines. The codes included 

design conventions—i.e., hamburger menu. Table 13 shows the code book I formulated and used to 

analyze the icons, as well as the number of icons and percentage classified for each code, and an illustrative 

example of the code.  

I found that the majority of icons (73%) proposed by the young-adult participants were representations 

of physical objects. In addition, 60% of all icons extended the desktop metaphor, and 55% of all proposed 

sketches were of existing plausibly anachronistic icons. The sketches were also influenced by new 

technologies, as 20% of icons had metaphors based on mobile platforms and others such as “the cloud.” 

Thirty percent of all icons were of abstract shapes such as arrows and rectangles. Finally, 20% of all icons 

had alphanumeric text in them. 
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Code Description N = 3,590 Example 
Object Representation of a physical object 

for its literal meaning 2,612 (73%) Book 

Metaphor Representation of a real-world 
concept or practice for an associated 
meaning 

 
 

Desktop Furthering the desktop metaphor 2,157 (60%) Use of file folders 
New Technology Use of new technology metaphors 574 (16%) The cloud 
Mobile Furthers metaphors from mobile 150 (4%) Home button 

Anachronistic Practice Something we used to do 56 (2%) Store contacts in a physical 
address book 

Computer Hardware A non-anachronistic object used for 
computer function 162 (5%) USB Drive 

Computer Action Something that happens on the 
computer screen 17 (0.4%) Typing, clicking 

Rare An object that is rarely used 
200 (6%) 

Microscope; not a common 
household object like a knife or 
notebook  

Body Part A part of the human body 309 (9%) An eye 
Physical Activity  Represents physical activity   39 (1%) Hand motion 
Text Text including alphanumerical 

characters 729 (20%) The word “save” 

Shape    
Abstract General shape 1,088 (30%) Circle, rectangle, arrow 
Design Convention Familiar design convention 365 (10%) Hamburger menu, 3 dots for 

typing 
Nature Natural elements 171 (5%) Animals, plants, and other 

natural elements  
Brand    

Brand Name Text use of a brand name 26 (0.7%) “Skype”, “Gmail” 
Logo Use of image representation of a 

brand  137 (4%) “Apple logo” 

Brand Influence A visual representation of an 
element influenced by a brand 
practice 

73 (2%) 
Apple’s use of groups of apps 

Meta GUI  Use of existing UI elements in 
creating new icons 332 (9%) Dropdown menu item; mouse 

cursor 
Anachronistic object The use of an anachronistic object   

Existing Icon Use of an existing anachronistic 
icon 1,965 (55%) A floppy disk 

New Anachronism Use of a new anachronistic icon 237 (7%) Binoculars 

Table 13 The codebook and the breakdown of our coding of the 3,590 elicited icons. 

 
4.1.2 Creating a Set of User-Driven Icons  

For each of our 39 prompts, I grouped participants’ icon sketches based on their similarity. I took the 

sketches with the highest consensus for each prompt and illustrated them as clean representative line 

drawings as shown in Figure 26. The figure shows three example sketches provided by three separate 

participants (P007, P020, and P027.) The three sketches were in response to prompt 21 “draw an icon 

that pastes.”  These examples were of a glue bottle, which was the icon concept of the highest consensus 
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among our participants which led me to select it as the new icon to represent the paste function. Based on 

the sketches I collected, I illustrated the icon as shown on the right of Figure 26.  

 

Figure 26 An example of the illustrated icon I crated based off participants’ sketches.  

Following the same approach, I produced a set of 39 user-generated icons (Figure 27). I list the prompts 

associated with each icon in Table 14, distinguish whether the user-generated icon is of a new concept or 

of the same plausibly anachronistic icon, and report the median “match” and “novelty” scores. (The match 

score is a user-reported score on a 7-point Likert scale assessing the proposed sketch on how well it 

matches the prompt. The novelty score is a 3-point scale assessing the novelty of the concept that the 

sketch depicts.)  

Sketch by P007 Sketch by P020 Sketch by P027 Illustrated icon
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Figure 27 The set of user-generated icon concepts emerging from our end-user elicitation study. Icons marked in yellow 
are new concepts different from the plausibly anachronistic icons we assembled (22 of 39 here are new). 
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Draw an icon that... New 
Concept 

Median Match 
Score (1st, 3rd) 

Median Novelty 
Score (1st, 3rd) 

1. ...opens	a	view	to	store	and	organize	files,	and	applications	 No	 7	(5,7)	 3	(2,3)	
2. ...searches		 Yes	 5.5	(5,6)	 2	(2,3)	
3. ...zooms		 Yes	 7	(6,	7)	 3	(3,3)	
4. ...stores	contact	information	 No	 6	(5,7)	 2	(2,3)	
5. ...displays	system	settings	 No	 6	(5.5,7)	 3	(3,3)	
6. ...opens	e-mail	accounts	 No	 6	(5,7)		 1.5	(1,2)	
7. ...is	a	simple	text	application		 Yes	 7	(6.5,7)	 3	(3,3)	
8. ...allows	for	the	viewing	of	photographs		 Yes	 5	(5,6)	 3	(2,3)	
9. ...creates	quick	notes	which	pin	to	the	home	screen		 No	 5.5	(4.25,	6)	 1	(1,	2.75)	
10. ...creates	a	reminders	list	 No	 6	(5,	6.75)	 3	(2,3)	
11. ...opens	video	chatting		 Yes	 4	(4,5)	 1	(1,1)	
12. ...is	a	container	for	storing	videos	 No	 6	(5,6.75)	 2	(1.25,2)	
13. ...opens	an	eBook	reader	 Yes	 7	(6,7)	 2	(2,3)	
14. ...allows	for	the	look-up	of	word	definitions	 No	 5.5	(4.25,	6)	 2	(1.25,	2.75)	
15. ...opens	camera	settings	 No	 6	(5,	7)	 2	(1,3)	
16. ...opens	sound	settings	/	volume	 No	 7	(6,7)	 3	(3,3)	
17. ...opens	date	&	time	settings		 Yes	 6	(5,6)	 1	(1,2.5)	
18. ...opens	a	calendar		 Yes	 7	(6,7)	 3	(2,3)	
19. ...opens	dictation	and	speech	settings		 Yes	 5	(4,	6)	 1.5	(1,	2)	
20. ...saves		 Yes	 5	(4,	7)	 2	(1,	2.75)	
21. ...pastes		 Yes	 5	(3.5,	6)	 1	(1,	2)	
22. ...cuts	 No	 7	(6,	7)	 3	(2,	3)	
23. ...contains	deleted	files,	folders,	and	applications	 Yes	 7	(5,	7)	 3	(2,	3)	
24. ...measures	a	time	duration	 No	 5	(5,	6)	 3	(3,	3)	
25. ...opens	privacy	preferences	 No	 7	(6,	7)	 3	(2,	3)	
26. ...opens	email	account	settings	 No	 7	(5,	7)	 1.5	(1,	2)	
27. ...manages	passwords	 Yes	 6	(4,	6)	 1	(1,	2)	
28. ...copies	to		 Yes	 6	(4,	6)	 1	(1,	2)	
29. ...opens	file	explorer		 Yes	 5.5	(4.25,	6)	 2	(1,	2)	
30. ...creates	a	new	folder		 Yes	 6	(5,	7)	 2	(2,	3)	
31. …opens	programs		 Yes	 5.5	(4.75,	6.25)	 1	(1,	1.5)	
32. ...opens	power	settings		 Yes	 6	(6,	7)	 2	(1,	2.75)	
33. ...opens	storage	options	 Yes	 6	(6,	7)	 2	(1,	3)	
34. ...opens	energy	saver	options		 Yes	 5	(5,	6)	 2	(2,	3)	
35. ...starts	a	phone	call	 No	 6	(5,	7)	 2	(2,	3)	
36. ...indicates	notifications		 Yes	 6	(6,	7)	 3	(2,	3)	
37. ...opens	a	presentation	application		 Yes	 6	(5,	7)	 2	(1,	3)	
38. ...opens	file	history		 Yes	 5	(3,	5)	 1	(1,	1.5)	
39. ...opens	a	web	browser		 Yes	 6	(5,7)	 3	(2,3)	

Table 14 The function each user-generated icon would trigger in a computing system. Columns describe whether the 
icon is of a new concept or of an anachronistic object, the median match score and the 1st and 3rd quartile on 1–7 

Likert-type scale (higher is a better perceived proposal-function match), and the median novelty score and the 1st and 
3rd quartile on 1–3 Likert-type scale (higher is greater perceived novelty). See text for details. 

When assembling the set of user-generated icons, I omitted the first elicited icon for each prompt by each 

participant because participants tended to propose legacy interactions first [79]—in other words, their 

first impulses were to simply provide an icon with which they were already familiar. Because I did not show 

participants the current—plausibly anachronistic—icon being used for each function prompt and did not 

tell them they were not allowed to draw this icon, 70% of the first-elicited icons were plausibly 

anachronistic, compared to the second elicited icons, which contained 56% anachronistic icons. In 

general, with more icons proposed for each referent, the chances that the icon was anachronistic, 
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compared to the first icon, went down significantly (Figure 28). A mixed logistic regression model 

[111,140] for the chances of anachronism by icon production order shows a significant main effect (χ2(5, 

N=3,590) = 65.87, p<.0001). Post hoc pairwise comparisons corrected with Holm’s sequential 

Bonferroni procedure [43] show that the first icon was significantly more likely to be anachronistic than 

icons proposed second, third, fourth, or fifth, but icons in these positions were not significantly different. 

(Icons proposed in the sixth position were not significantly less likely to be anachronistic than the first 

icons proposed, but this result is unreliable due to having only N=19 icons out of 3,590 proposed sixth.) 

 

Figure 28 The percent of icons that were anachronistic by production order. Higher percentage is more likely to be 
anachronistic, while lower is less likely. Error bars represent ±1 standard error. 

When calculating icon agreement rates for each of the 39 prompts, because I had an unequal number of 

icons elicited for each prompt, I did not use Equation 1; instead I used Morris’s Max-Consensus score 

[75]. The Max-Consensus score refers to the percentage of participants who proposed the most frequent 

icon. The scores are between 0–1, with 1 meaning that all the participants proposed the same icon and 

were in complete agreement.  

Figure 29 shows the Max-Consensus rates for all 39 user-generated icons. On average, a quarter of the 

participants agreed on what the icon to trigger a function should be.  The mean Max-Consensus score was 
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0.25 (SD=0.09). The icon for prompt #22—the function “Cut”—had the highest Max-Consensus score 

at 0.52, i.e., half the participants proposed the same icon—a pair of scissors, which I included as plausibly 

anachronistic icon because I considered it extends the desktop metaphor from an era where papers were 

more prevalent on physical desktops than technologies like laptops. The icon for prompt #31—open 

program—had the lowest score of 0.07. The icon for prompt #31 is merely the word “Launch.”  

 

Figure 29 Max-consensus scores for the 39 icons elicited from the 30 young-adult participants. The scores are between 0–
1, with 1 being total agreement, i.e., all participants proposed the same icon. The blue bars represent anachronistic 

icons, and the orange bars represent new concept icons (22 of 39 are new).  

 Anachronistic Icon Identification 

I asked my participants to identify the objects depicted in each one of the plausibly anachronistic icons, 

whether they have used the depicted real-world object and when, and what computer feature or function 

would be triggered if the icon were clicked. Following my end-user identification method, I grouped the 

proposed functions based on their similarity, calculated function agreement rates and function accuracy. 

4.2.1  Function Agreement 

I used the function proposal agreement formula that I established [9] based on Wobbrock et al.’s 

[128,131] agreement formula. The function agreement scores are reported in Figure 30. 
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Figure 30. The function agreement scores for each of the 39 plausibly anachronistic icons in the in-lab identification study 
with the 30 young-adult participants. Eight of them had agreement at 0.90 or above.  

There were six icons with perfect agreement—i.e., all 30 young-adult participants guessed the same 

function for the icon. Despite getting a perfect identification score of 1.0, two of these icons had new icon 

design concepts as a result of the elicitation study. One was prompt #8, viewing photographs, and the 

other was prompt #11, making a video call. The eight icons with above 0.9 function agreement, or 

identification scores, are listed in Table 15 along with the function identified by the participants and the 

user-generated icon for each function that resulted from the elicitation study. 
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No. Function Anachronistic Icon User-Driven Icon 
4	 Stored	contact	information		

	 	
5	 Display	system	settings	

	 	
8	 Viewing	photographs	

	 	
11	 Video	call	

	 	
13	 eBook	reader	

	 	
17	 Calendar	

	 	
22	 Cuts	

	 	
29	 File	Explorer	

	 	

Table 15. Eight icons with high agreement scores of 0.9.  The functions they trigger, and the participant-generated icon 
created for these functions.  

There were seven icons with function agreement scores lower than 0.30. They were: #19. Speech and 

dictation setting; #21. Paste; #25. Privacy settings; #28. Copies to; #30. Create a new folder; 

#31. Open program; and #38. File history. Six of these seven icons had new icons in our user-generated 

icon set. Table 16 lists these icons, the functions they trigger, their plausibly anachronistic icons, and the 

user-generated icon elicited from the 30 young-adult participants. 

  

CONTACTS
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No. Function Anachronistic Icon User-Generated Icon 
19	 Speech	and	dictation	settings		

	 	
21	 Paste	

	 	
25	 privacy	settings		

	 	
28	 copies	to		

	 	
30	 create	a	new	folder		

	 	
31	 opens	program		

	 	
38	 file	history		

	 	

Table 16. Seven icons with agreement scores lower than 0.3, the functions they trigger, and the user-generated icon 
created for these referents. 

4.2.2 Function Accuracy 

 With 30 young-adult participants and 39 plausibly anachronistic icons, I obtained 1,170 attempted icon 

identifications for the computer functions those icons trigger. After grouping function proposals by 

similarity, nine functions of 39 were not identified correctly from their anachronistic icons, i.e., the 

function proposed with highest consensus by the participants did not match the function currently 

triggered by the icons in the actual operating systems from which those icons were extracted. The 

functions that were not identified correctly were: #7. Simple text application; #15. Open camera settings; 

#19. Open dictation and speech settings; #21. Paste; #26. Open email account settings; #30. Create a 

new folder; #31. Open program; #34. Open energy saver options; and #36. Indicate notifications. In 

Table 17, I list the incorrectly identified icons, the function with the highest consensus proposed by the 

participants, the number of participants who proposed that function, the actual function associated with 

the icon, and the number of participants who proposed the actual function.  
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No. Icon Identified Referent No. Participants Actual Referent No. Participants 

7	
	

Take	notes	
17	

is	a	simple	text	
application	 7	

15	
	

open	webcam		
17	

opens	camera	
settings	 6	

19	
	

record	voice	
14	

opens	dictation	and	
speech	settings	 1	

21	
	

copy	
9	

pastes	
5	

26	 	

send	email	
24	

opens	email	account	
settings	 2	

30	
	

open	folder	
11	

creates	a	new	folder	
8	

31	
	

install	software	
9	

opens	programs	
1	

34	
	

control	brightness	
19	

opens	energy	saver	
options	 1	

36	
	

set	an	alarm	
14	

indicates	available	
notifications	 10	

Table 17. Nine of 39 plausibly anachronistic icons were identified incorrectly by our 30 young-adult participants. The table 
lists the identified function, the number of participants who proposed it, the actual function, and the number of 

participants who proposed that. 

4.2.3 Experience with Real-World Objects 

I also asked the 30 young adult participants additional questions beyond having them identify computing 

functions from icon representations. I asked participants to identify the real-world objects represented in 

the plausibly anachronistic icons, what those objects are used for, and when they last interacted with them. 

Twenty-five objects out of 38 (icons #2 search and #3 zoom shared the same object, a magnifying glass) 

were identified correctly by all 30 participants, and the remaining 13 objects were identified correctly by 

an average of 86% (SD=11%) of participants. I also asked participants if they had used the real-world 

object depicted by each icon. Twelve real-world objects in 16 icons—four icons shared the same object, a 

folder—were, in fact, used by all of our young-adult participants. (And by extension, 23 objects had not 

ever been used by all participants.) The real-world objects that had been used were: folders, pens and 

paper, print photographs, paper sticky notes, paper books, scissors, a recycling bin, a padlock, a paper 

envelope, jagged metal keys, a compact disk, a wall plug, and a filament light bulb. It is fair to say that these 
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real-world objects had, therefore, not become anachronistic to our young-adult participants yet. (One can 

speculate as to how many years from now these real-world objects will become unfamiliar to young adults.) 

By contrast, the real-world objects depicted by 23 of the 39 plausibly anachronistic icons had never been 

used by at least some of our participants. Figure 31 shows the percentage of participants who had never 

used each of the real-world objects. On average, 25% (SD=20%) of all participants never used these 23 

objects. These objects were: a magnifying glass, an address book, a gear, a stamp, a reminder list, a video 

camera, a film strip, a paper dictionary, a dedicated camera, an audio speaker, a wall clock, a wall calendar, 

a microphone, a 3.5" floppy diskette, a physical clipboard, an analog stopwatch, a manila folder 

organizer, a computer hard drive, a land-line telephone, a bell, a podium, and a magnetic compass. 

 

Figure 31. The percentage of 30 participants who had never used the real-world object shown in each one of the 39 
plausibly anachronistic icons. For example, 82% of participants had never used icon #5, which is a mechanical gear cog. 

See Figure 2 for the set of plausibly anachronistic icons. 
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 Identification of Icons Generated by Young Adults 

To test the identifiability of the set of user-generated icons from the young adults, I conducted an 

identification study using Crowdlicit with 60 new online participants recruited from Amazon’s 

Mechanical Turk (MTurk). I report on the function agreement rates reached by the 60 participants and 

their accuracy in identifying the functions associated with each user-generated icon.  

4.3.1 Function Agreement 

I calculated the function agreement for the proposals collected in the online identification study using 

Equation 1. There were 22 new-concept icons and 17 icons that matched my plausibly anachronistic 

icons. The mean function agreement score for the new concept icons was 0.53 (SD=0.24); the mean 

function agreement score for the plausibly anachronistic icons was almost identical at 0.54 (SD=0.24). 

The function agreement rates can be seen in Figure 32 below. 

 

Figure 32. The function agreement scores for each of the 39 icons in the online identification study with our 60 
participants. Blue bars represent the 17 icons that remained plausibly anachronistic; orange bars represent the 22 new 

concept icons. 
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4.3.2 Function Accuracy 

I collected a total of 2,340 function proposals for the 39 user-generated icons from 60 online 

participants. Of the collected function proposals, 61.58% (1,441) were correct—i.e., the participants 

were able to identify the actual function the icon should trigger. For each user-generated icon I found the 

prompt with the highest consensus among the 60 participants. The participants from mTurk were able to 

correctly identify 34 of the 39 user-generated icons.  Five user-generated icons had an incorrect function 

with the highest consensus among the 60. The five icons identified incorrectly were: #11. Open video 

chat; #19. Open dictation and speech settings; #24. Measure time duration; #25. Open privacy 

preferences; and #39. Open web browser. Table 18 lists the icons, the function with the highest 

consensus resulting from our identification study, the correct function associated with the icon, the 

number of participants who proposed the function with the highest consensus, and the number of 

participants who proposed the correct function.  

No. Icon Identified Function No. Participants Actual Function No. Participants 
11*	

	

Open	contacts	 28	 Open	video	chatting	 21	

19*	

	

Open	messages	 45	 Open	dictation	and	
speech	settings	

0	

24	

		

Show	time	 47	 Measure	a	time	
duration	

7	

25	

	

Lock	computer	 48	 Open	privacy	
preferences	

0	

39*	

	

Open	map	 26	 Open	a	web	
browser	

22	

Table 18. The five icons were identified incorrectly in the online identification study. A star (*) indicates a New Concept 
icon. The table lists the identified function, the number of participants out of 60 who proposed the identified function, the 

actual function, and the number of participants who proposed that. 

5 A FINAL SET OF ICONS 

To review, I conducted a multi-part study: (1) a lab-based elicitation study with 30 young-adult 

participants eliciting icon sketches for 39 computing functions, (2) a lab-based identification study of 39 

plausibly anachronistic icons from current operating systems and applications, and (3) a distributed 

identification study of 39 user-generated icons with 60 online adult participants.  

Drawing on the results of these studies, I have crafted what I consider to be the best-suited set of icons for 

39 computing functions (Figure 33). By “best-suited” I mean icons that have high identifiability of their 
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functions regardless of whether they represent a plausibly anachronistic object or not. The 39 computing 

functions are currently portrayed by at least some icons that depict anachronistic objects. Twenty-seven 

of the real-world objects depicted by these icons were never used by a quarter of our young adult 

participants, on average. This final set of 39 user-generated icons has three categories: Anachronistic by 

Elicitation icons are those generated in the elicitation study that represent anachronistic objects; New 

Concept icons are of new concepts that resulted from the end-user elicitation studies; and Anachronistic 

by Identification icons are those that had new icon concepts as a result of the elicitation study, but they 

were not identified correctly in the online identification study—hence, I chose the anachronistic icons 

rather than the new concepts.  

The Anachronistic by Elicitation subset has 15 icons for the following functions: #1. Opens a view to 

store and organize files and applications; #4. Store contact information; #5. Display system settings; 

#6. Open email account settings; #9. Create quick notes that pin to the home screen; #10. Create a 

reminder list; #12. Open a container for storing videos; #13. Open an eBook; #14. Allow for the look-

up of word definitions; #15. Open camera settings; #16. Open sound settings; #22. Cut; #26. Open 

email account settings; #33. Open storage options; and #35. Start a phone call.  

The Anachronistic by Identification list has four icons for the following functions: #11. Open video chat; 

#24. Measure a time duration; #25. Open privacy preferences; and #39. Open a web browser.  

Finally, the New Concept list contains icons for the remaining 20 computing functions, all of which were 

identified correctly by our 60 online participants in the identification study. One notable exception is the 

icon for function #19—open dictation and speech settings—that had a New Concept icon as a result of the 

elicitation study. However, the original anachronistic icon for function #19 was not identified correctly 

in the lab-based identification study, and the New Concept icon was not identified correctly in the online 

identification study, either. The reason I include the New Concept icon in the final icon set, rather than 

its anachronistic counterpart, is that the new icon had a higher function agreement rate of 0.57 compared 

to the 0.02 function agreement rate the anachronistic icon received. Despite this new concept icon being 

an unsuitable one for the function, it is a more identifiable icon on its own. Finding a more highly 

identifiable icon for function #19 remains a possibility for a future end-user elicitation study.  



Anachronism by Design  

 

  
109 

 

Figure 33. The final set of icons based on the elicitation and identification studies. 
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I established a set of codes when I conducted the open-coding analysis on the entire set of 3,590 icon 

sketches that I elicited from the 30 young-adult participants in the lab-based elicitation study. I used these 

codes on the final set of icons (Table 19). Most icons in the final set (77%) represent a physical object. 

Forty-one percent of the icons utilize the desktop metaphor. About a quarter (26%) of the icons 

incorporating GUI elements had a “Meta GUI” code. Finally, about half (49%) of the icons were of 

plausibly anachronistic objects from the original set (Figure 23).  

Code Icon Referent No. N = 39 
Object 1, 2, 4, 5, 6, 7, 8, 9, 11, 12, 13, 14, 15, 16, 21, 22, 23, 24, 25, 

26, 28, 29, 30, 32, 33, 34, 35, 37, 38, 39 30 (77%) 

Metaphor   
Desktop 1, 4, 6, 7, 9, 13, 14, 21, 22, 24, 26, 28, 29, 30, 35, 38 16 (41%) 
New Technology  0 (0%) 
Mobile  0(0%) 

Anachronistic Practice  0 (0%) 
Computer Hardware 33 1 (3%) 
Computer Action 10, 27, 28, 34 4 (10%) 
Rare  0 (0%) 
Body Part 19 1 (3%) 
Physical Activity   39 (1%) 
Text 3, 4, 14, 16, 17, 18, 20, 30, 31, 36 10 (26%) 
Shape   

Abstract  0 (0%) 
Design Convention 7, 9, 10, 13, 28 5 (13%) 

Nature  0 (0%) 
Brand   

Brand Name  0 (0%) 
Logo  0 (0%) 
Brand Influence  0 (0%) 

Meta GUI  2, 10, 18, 19, 27, 37 6 (15%) 
Anachronistic object   

Existing icon  19 (49%) 
New Anachronism  0 (0%) 

Table 19 Analysis of the final set of icons. 
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6 DISCUSSION 

To discuss my findings in context, I revisit the three research questions I outlined in the introduction 

section of this chapter. I looked over current desktop operating systems and applications and assembled 

a list of 39 icons that represented plausibly anachronistic objects. Based on those icons, I set out to answer 

the following research questions: 

 RQ.10 How does production influence user-elicited interaction designs?  

 RQ.12 What icons would young adults propose to trigger computer functions currently 

associated with anachronistic icons?  

 RQ.13 How familiar are young adults with the objects represented in anachronistic icons?  

 RQ.14 How identifiable is a set of icons elicited from young adults?  

I address each of these questions in turn. In addition, I  highlight 20 anachronistic icons due for a 

redesign, I discuss the limitations of my work and identify possible directions for future work. 

 User-Generated Icons 

I conducted open-coding analysis on the entire set of 3,590 icon sketches I gathered in the lab-based 

elicitation study with 30 young-adult participants. The icon sketches proposed by participants were 

heavily influenced by physical objects. I found that 73% of all sketches represented a physical object. A 

similar number was found in the final set of 39 icons, as 77% of these icons represented physical objects, 

too.  

The use of alphanumeric characters, or “Text” as I categorized it in the coding scheme (Table 13), was 

prevalent at 26% of the final set of 39 icons. In four cases, the icons were entirely made up of text. These 

four icons were for the following functions: #17. Open date and time settings; #20. Save; #31. Open 

programs; and #36. Indicate notifications. All four icons were identified correctly in the online 

identification study and had high function agreement rates—above 0.60—except for prompt #36, which 

still had a decent agreement rate of 0.45. This is not surprising, as text icons spell out the function they 

trigger. A blatant example of using text was for function #20. Save, which was only the outlined word 

“Save,” and had a function agreement rate—or identifiability score—of 0.94. Such a choice stands in stark 
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contrast to the 3.5" floppy diskette icon so prevalent in today’s desktop interfaces and begs the question 

of whether it is time for an overhaul of modern computer iconography.  

For icons that were anachronistic by elicitation, none of them had a max-consensus score of 0.10 or less. 

In fact, five anachronistic by elicitation icons had max-consensus above 0.30, which were #1 opens a view 

to store and organize files, and applications (0.32), #5 displays system settings (0.33), #16 opens sound 

settings (0.36), #22 cuts (0.52), and #35 starts a phone call (0.37). Initially I had considered the objects 

represented in these icons—folder, engine cog, speaker, scissors, landline handset—to be plausibly 

anachronistic. I consider the anachronism of the objects depicted in the set of 39 plausibly anachronistic 

icons in the next subsection.  

New concept icons also had five icons with max-consensus scores above 0.30; they were #2 searches 

(0.35), #3 zooms (0.33), #18 opens a calendar (0.36), #30 creates a new folder (0.30), #37 opens a 

presentation application (0.35). However, there were two new concept icons with 0.10 or less max-

consensus scores, #31 opens programs (0.07) and #34 opens energy saver options (0.10). 

The new concept icons seem to be a viable update for the anachronistic icons in some cases like the 

anachronistic icon #2 searches that was represented by the anachronistic magnifying glass—7% of the 

participants never used a magnifying glass. The icon had an identifiability score of 0.48 from our young 

adults, yet they elicited a new concept icon for it that had a 0.73 identifiability score in the online 

identification study. For icon #18 opens a calendar, even though the anachronistic icon representing a 

desk calendar was identified correctly by all 30 participants and had a perfect function agreement score 

of 1.00, it had a new concept icon that had similarly high function agreement score of 0.97 in the online 

identification study. Given the fact that 18% of our young adult participants had never used a desk 

calendar, the new concept of a digital calendar seems like an appropriate update to this icon. Icon #30 

create a new folder, had the icon that represents a folder, an object that all our participants had used. The 

young adult participants updated this icon by incorporating the folder and adding a (+) sign to it. This 

update seems to have enhanced the icon given that its referent agreement score in the online identification 

study went up to 0.45.  
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New concept icons improved the identifiability scores even when the consensus on what the new icon 

should be was low. This was the case for icons #31 opens programs and #34 opens energy saver options; 

both had low agreement scores in the elicitation study of 0.70 and 0.10 respectively. The new concept 

icons had higher identifiability than their anachronistic counterparts, as #31 had an identifiability score 

of 0.01—even though the objects, a box and a compact disk, was used by all the participants—that 

identifiability increased to 0.65 for the #31 new concept icon. Icon #34 opens energy saver options that 

was represented by a light bulb had 0.47 identifiability that increased to 0.66 for the new concept icon of 

a battery.  

On the other hand, there were cases where the young adult participants elicited a new concept icon that 

was identified correctly in our online identification study, which warranted its inclusion in our final set of 

icons, but its anachronistic counterpart was more identifiable. An example is icon #37 opens a 

presentation, which had an elicitation max-consensus score of 0.35 depicting a screen showing a bar 

graph. In the online identification study, the new concept icon had a 0.29 identifiability score. The 

anachronistic icon for #37, a podium, an object that was used by all the participants, had high 

identifiability of 0.80. Another example is icon #3 zooms, represented by a magnifying glass. It had a new 

concept icon of two circles with the signs (-) and (+). This new concept icon had an identifiability score of 

0.37. Its anachronistic counterpart, the magnifying glass, had an identifiability score of 0.52 among our 

young adult participants.  

 Anachronism  

The results of my investigations culminated in a final set of icons informed by three user studies (Figure 

33). About half of the final set of icons—19 of 39—fit what I initially thought of as a plausibly anachronistic 

icon. The number of anachronistic icons that ended up in the final set is consistent with the total number 

of anachronistic icons elicited in the lab-based elicitation study with the 30 young adult participants, 

1,965 of the 3,590 total icons (55%.) Despite the fact that the 30 young-adult participants identified all 

of the 38 real-world objects represented in the plausibly anachronistic icons—25 objects were identified 

correctly by all participants, and the remaining 13 were identified by more than half of the participants—

all of the young adult participants had only personally used 16 of these objects. On average, a quarter of 

the young adults had never used the objects depicted in 23 of the 39 anachronistic icons.  
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I further explore anachronism as it relates to the set of 39 icons and divide it into three categories: (1) 

truly anachronistic icons are those that represent objects that some of my young adult participants have 

not used and proposed new concept icons to trigger their functions; (2) usable anachronistic icons are 

icons that represent objects that some of the young adults have not used but proposed icons that still 

represent the same anachronistic icon; (3) not anachronistic icons are ones which I have initially classified 

as anachronistic, but I found that at least one of our young adult participants had used the object depicted 

in the icon.  

Truly anachronistic icons are those that represent objects that some of the young adults have not used and 

proposed new concept icons to trigger their functions. There were 13 truly anachronistic icons: 

#2. searches, #3. zooms, #11. opens video chat, #17. opens date and time settings, #18. opens a 

calendar, #19. opens dictation and speech settings, #20. saves, #21. pastes, #28. copies to, #32. opens 

power settings, #34. opens energy saver options, #36. indicates notifications, and #38. opens file 

history. These New Concept Icons on average had a max-consensus rate of 0.25 in the elicitation study. 

The anachronistic icons had an average of 0.47 function agreement in the in-lab identification study. 

Their New Concept Icons had an increased average function agreement score of 0.54. 

Usable anachronistic icons are icons that represent objects that some of the young-adult participants had 

not used, but for which they proposed icons that still represented the same anachronistic icon. There were 

10 usable anachronistic icons that depicted anachronistic objects: #4. stores contact information, 

#5. displays system settings, #6. opens e-mail accounts, #10. creates a reminders list, #12. is a container 

for storing videos, #14. allows for the look-up of word definitions, #15. opens camera settings, 

#16. opens sound settings / volume, #24. measures a time duration, and #35. starts a phone call. These 

usable anachronistic icons had an average max-consensus rate of 0.26. The in-lab and online 

identification function agreement rates for these usable anachronistic icons were close at 0.66 and 0.61, 

respectively. I called these icons usable anachronistic icons because even though young-adult participants 

had never used these objects, the anachronistic icons that depict these objects are still highly identifiable. 

For example, even though 82% of my participants had never used a cog in real life for icon #5. Displays 

system settings, all 30 participants were able to identify the correct function associated with the icon. 

Also, because icon #5 had a 0.82 function agreement in the distributed identification study with the 60 
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online participants, it seems that having a cog to “display system settings” is still a good icon choice. The 

same goes for icon #16. open sound settings / volume, which is represented by a speaker. Even though 

36% of the young adults never used such a speaker in real life, the function agreement in the identification 

study with the young adults was 0.80; in the distributed identification study it was 0.73. For icon #35, 

which used a landline handset to represent the “starts a phone call” function, 29% of the participants had 

never used a landline in real life. The function agreement rate in the identification study with the young 

adults was 0.40, less than half of that for the distributed identification study, which was 0.88. For these 

three icons, I believe their high identifiability and the reason they remained anachronistic by elicitation 

could be attributed to the fact that these same icons represent the same functions in smartphone operating 

systems. So even though, on average, more than a quarter of the young-adult participants had never used 

these three objects in real life, they still perceived them to be the best iconic representation of their 

functions.  

Not anachronistic icons are icons that I initially classified as anachronistic but found that at least one of 

the young-adult participants had used the object depicted in the icon. These 16 icons were: #1. opens a 

view to store and organize files, and applications, #7. is a simple text application, #8. allows for the 

viewing of photographs, #9. creates quick notes which pin to the home screen, #13. opens an eBook 

reader, #22. cuts, #23, contains deleted files, folders, and applications, #25. opens privacy preferences, 

#26. opens email account settings, #27. manages passwords, #29. opens file explorer, #30. creates a 

new folder, #31. opens programs, #33. opens storage options, #37. opens a presentation application, 

and #39. opens a web browser. For the not anachronistic icons, the average max-consensus score in the 

elicitation study was 0.24. The in-lab identification study had a function agreement rate of 0.60, and the 

online function agreement rate was 0.49.  

I discovered that folders and scissors are items still being used by today’s young adults: all of the 30 

participants reported that they have used these physical objects. These two objects also work well as icons 

associated with the computing functions they represent: folders for #1. opens a view to store and organize 

documents, files, and applications, and scissors for #22. cuts. From the lab identification study, icon #1 

had 0.41 function agreement and icon #22 had 0.93 function agreement. Their online identifiability 
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scores were 0.52 and 0.58, respectively. These two icons are examples of icons that do not need to change 

due to a lack of identifiability. 

Even though they were not anachronistic, 8 of 16 not anachronistic icons had new concept icons, which 

indicates, to me, that our computer iconography needs updating even if some of these icons represent 

physical objects we still use. These icons were: #7. is a simple text application, #8. allows for the viewing 

photographs, #23. contains deleted files, folders, and applications, #27. manages passwords, #29. opens 

file explorer, #30. creates a new folder, #31. opens programs, and #37. opens a presentation application. 

 Identifiability of the User-Generated Set of Icons  

The set of user-generated icons that resulted from the elicitation study was highly identifiable, at an 

average function agreement rate—or identifiability score—of 0.54. In fact, despite that in the distributed 

identification study conducted using the Crowdlicit system I showed the icons alone without any context 

or labels, only five icons’ computing functions were not identified correctly. I reverted these icons to their 

original plausibly anachronistic icons in the final set of icons (Figure 33) because their anachronistic 

counterparts were identified correctly in the lab-based identification study. A single exception was the 

icon for function #19. open speech and dictation settings. It was not identified correctly in either 

identification study. Perhaps this is because the function of opening speech and dictation settings is not 

as widely used as other functions.  

The icons with the highest identifiability scores were #18. opens a calendar and #20. save, with over 0.90 

function agreement rates. Icons #18 and #20 were new concept icons that included alphanumeric text, 

which explains the high identifiability scores. Other user-generated icons with relatively high function 

agreement scores of 0.80 and above included #17. opens date and time settings, which was a new concept 

icon from the truly anachronistic group that had a 0.88 identifiability score. Icon #35. starts a phone call, 

a usable anachronistic icon, had a 0.88 identifiability score as well. These icons with high identifiability 

scores support the motivation for this work and demonstrate that user-generated icons are viable updates 

to anachronistic icons. 

The icon with the lowest identifiability score (0.10) was #21. pastes, represented by a glue bottle, which 

was a new concept icon with 0.22 proposal agreement rate among the young-adult participants. The glue 
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bottle replaced the clipboard icon, which had a 0.17 identifiability score. Clearly, further design work is 

needed to create a highly identifiable icon for the paste function.  

Other icons with relatively low identifiability scores were #27. manages passwords, at 0.17, and 

#10. creates a reminders list, at 0.18. Icon #27 was a new concept icon—a password field that could be 

found on websites—elicited with 0.28 max-consensus. It replaced a set of metallic keys, familiar 

anachronistic objects, which had a 0.47 identifiability score. This is a case where the original icon (the 

keys)—which I had initially classified as anachronistic—was more identifiable than the user-generated new 

concept icon, and probably should remain unchanged. As for icon #10, it had a usable anachronistic icon, 

that of a bulleted checklist. The young adults were able to identify it with a 0.40 function agreement rate. 

The young-adult participants had a max-consensus of 0.22 when eliciting this anachronistic icon, and 

25% of them had never used a physical “to do” checklist. In this case, I might attribute the lowered 

identifiability score to my own simplistic illustration of the icon.  

 Icons Due for a Redesign  

In this section, I highlight 20 icons currently found in desktop operating systems and applications that 

could benefit from an update as a result of this work. First, truly anachronistic icons need an update 

immediately as they represent anachronistic objects that young adults have never used and proposed new 

concept icons for. These truly anachronistic icons are: #2. searches, #3. zooms, #11. opens video chat, 

#17. opens date and time settings, #18. opens a calendar, #19. opens dictation and speech settings, 

#20. saves, #21. pastes, #28. copies to, #32. opens power settings, #34. opens energy saver options, 

#36. indicates notifications, and #38. opens file history. These icons were effectively redesigned in my 

elicitation study, the results appearing in Figure 33. 

The second set of icons that could benefit from an update in the near future is the usable anachronistic 

icons. While they are currently identifiable icons for the functions they trigger, they still represent objects 

that young adults no longer use. As a result, they might be headed towards “truly anachronistic” status 

with the passage of more time. These icons are: #5. displays system settings, #4. stores contact 

information, #10. creates a reminders list, #12. is a container for storing videos, #16. opens sound 

settings / volume, #24. measures a time duration, and #35. starts a phone call.  
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The final set of icons (Figure 33) could serve as inspiration for redesigning these icons. I generated this 

final set of icons to exhibit the results of my multi-part study, but not as a definitive redesign of the 39 

plausibly anachronistic icons that served as the basis for this work. Future elicitation studies with larger 

more diverse populations would be beneficial in informing the design of the 20 icons I highlighted in this 

section. Perhaps a distributed elicitation study—using Crowdlicit—involving end users of different 

backgrounds could inform the design of these icons to be identifiable to a wide population of potential 

users. In addition, platform-specific considerations and guidelines would be important to consider in any 

redesign effort. 

 Limitations and Future Work 

As with any study, and especially in the case of three studies, there are certain limitations. Despite the 

diversity of the 30 young-adult participants’ countries of origin, the participants were all people attending 

a major university in the United States. Most of the participants used technology quite heavily: 6–10 hours 

per day using a computer, 3–5 hours per day using a mobile device, and less than 2 hours per day using 

certain physical objects. It would be interesting to replicate this study in the future with a larger, more 

diverse set of young users.  

I utilized one of three possible techniques from Morris et al. [79] to reduce legacy bias in the elicitation 

study, which was the “production principle,” which asked the participants to sketch as many icons as they 

could imagine, rather than only one. I also discovered some statistical support that employing this 

principle did, indeed, reduce the chances for anachronism. A future study could utilize Morris et al.’s 

other legacy bias reduction principles such as “priming”—which I investigate in the “I Am Iron Man” 

chapter—or “partners.” For example, the plausibly anachronistic icons could be shown as prohibited 

examples that participants would not be allowed to propose. Or, participants could work together to 

brainstorm additional icon possibilities. My results showed that 55% of the 3,590 icons we collected and 

19 of the 39 icons I had in the final icon set were still plausibly anachronistic. By using additional 

techniques to prioritize novelty, I might reduce potential anachronism even further. The viability of an 

icon set resulting from such a study would be a question best answered by an identification study, which 

could compare that set of icons to the final set of icons I derived in this chapter (Figure 33).  
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As noted above, none of the computing functions or icons were contemplated in context by participants. 

Rather, they were always described or depicted in isolation, apart from any graphical user interface in 

which they might be used. Further validation of any icon set requires contextualizing that set in real user 

interfaces, whether visual mockups, functional prototypes, or even commercial products. Contextualized 

guessability studies can then ask participants to predict the behavior of computing systems before icons 

are clicked. Similarly, if participants are ever surprised at the computing function that results from using 

an icon, they can suggest a different, perhaps better, alternative. 

7 Summary 

In this chapter, I sought to understand young adult technology users’ perceptions of yesterday’s and 

today’s computer iconography. To this end, I conducted a multi-part study that resulted in a set of 39 

user-generated icons for common computing functions. Half of these icons were made up of new concept 

icons and the other half remained anachronistic, indicative of objects or concepts from an earlier era but 

which nonetheless still have meaning for today’s young-adult computer users. My work provides insight 

into young adults’ high reliance on physical objects to depict computer iconography. I provide a taxonomy 

of computer iconography and highlight 20 anachronistic icons in need of redesign. It is my hope that 

researchers can utilize the findings from this work to better understand the mental models and 

perceptions of today’s young-adult computer users. I also hope that user interface designers can employ 

my findings to direct their efforts at updating computer icons for the next generation of computer users. 

It is no longer the floppy disk that means “Save.” Rather, it is “Save” that is represented by a small abstract 

square.  
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Eight |  “I Am Iron Man” 
Priming with Sci-Fi Videos Improves Learnability and 
Memorability of User-Elicited Gestures 

Priming is a technique that has been proposed [79] as a way of increasing the creativity and diversity of 

proposals from  end-user elicitation studies, but to date, priming has not been investigated thoroughly in 

this context. I conduct an online distributed end-user gesture elicitation study with 167 participants, which 

had three priming groups: a no-priming control group, a sci-fi priming group, and a creative mindset 

priming group. Then, I evaluated the gestures proposed by these groups in a distributed learnability and 

memorability study with 18 participants to see if priming made a difference. I found that the user-elicited 

gestures from the sci-fi group were significantly faster to learn, requiring an average of 1.22 viewings to 

learn compared to 1.60 viewings required to learn the control gestures, and 1.56 viewings to learn the 

gestures elicited from the creative mindset group. In addition, 80% of the sci-fi-primed gestures were 

recalled correctly after one week without practice, compared to 43% of the control group gestures and 73% 

of the creative mindset gestures.  
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1 INTRODUCTION 

This chapter focuses on extending the work of Morris et al. [79] in which they point out a pitfall of 

elicitation studies they call legacy bias. This pitfall, as they define it, is when “participants in elicitation 

studies propose familiar interactions from current technologies that might not be best suited for new 

technologies’ form factors or sensing capabilities.” Morris et al. [79] proposed principles to reduce legacy 

bias in elicitation studies. One of their principles is priming, a practice from the field of psychology used 

to enhance creative thinking. The effects of priming in elicitation studies have been explored a little in 

prior work. In one example, Hoff et al. [41] found that priming results in fewer legacy gestures and 

quicker generation of ideas; however, their results were not statistically significant and they stated that 

given the typically small number of participants in (traditionally lab-based) elicitation studies, they do not 

recommend the use of priming.   

 

Figure 34. A still from the movie Iron Man 2 [48], showing the main character Tony Stark interacting with an augmented 
reality hologram interface with hand gestures. 

I utilized my methods and tools to run distributed elicitation studies efficiently to explore the effects of 

priming with a large number of participants. For this exploration, I used mixed reality (MR) environments 

as a use case due to their novelty as a technology for end users. These environments are on the cusp of 

becoming a mainstream but have yet to be widely adopted by the average technology user. I used priming 

to push beyond legacy interactions informed by desktop or mobile computing and to elicit interactions 

for an MR environment that are easily learnable and memorable. I employed priming in two ways: (1) 

viewing of sci-fi clips, (2) having a creative mindset. For the sci-fi group, I primed participants by having 

them view a montage of sci-fi films depicting characters interacting with technologies using gestures. For 
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this primer, I drew inspiration from science fiction movies such as Iron Man—the namesake of this 

chapter—which depict fascinating human-computer interactions. It is no wonder there exists a 

bidirectional relationship between sci-fi and HCI [105], where each endeavor, at its best, showcases 

brilliant new possibilities for people’s use of technology. Schmitz et al. [103], in their survey of HCI in 

sci-fi movies, reported that there exists a collaboration between filmmakers and scientists regarding the 

use of HCI in film. They mentioned that director Steven Spielberg consulted with HCI researchers to 

develop the system and interactions shown in his movie Minority Report. Larson [57] stated that sci-fi 

depictions of technologies mirror trends in real life computing. Aaron Marcus, in his article “The History 

of the Future: Sci-Fi Movies and HCI” [68], stated that sci-fi movies can be a useful material to inform 

designers of possible future technological, social, or cultural contexts. Mubin et al. [83] cited many 

examples of devices and products that have roots that can be traced back to sci-fi movies, like mobile 

phones inspired by the communicators from Star Trek, and video conferencing similar to that depicted in 

2001: A Space Odyssey. The recurring “Future Tense” section of Communications of the ACM often 

features sci-fi writers like David Brin who, in the words of the magazine, “present stories and essays from 

the intersection of computational science and technological speculation” (e.g., [20]). Not incidentally, 

David Brin also gave the ACM CHI 2002 keynote address, drawing on themes explored in his sci-fi 

writings to inspire an audience of HCI researchers. The work presented in this paper contributes to this 

body of literature by investigating the effects of using sci-fi as a primer to influence the design of future 

interactions.  

For my second primer, I  looked to the field of psychology where the concept of priming originates back 

to 1951 [59]. I followed Sassenberg and Moskowitz’s [102] practice of using a “creative mindset” to 

suppress stereotyping and encourage participants to “think different.” In two experiments Sassenberg 

and Moskowitz observed that automatic activation of stereotyping was not observed in a creative mindset. 

I conducted a between-subjects elicitation study with priming as our independent variable. I recruited 

167 participants—more than eight times the number of participants in a typical lab-based study (~20) 

[125]—from Amazon’s Mechanical Turk (mTurk) platform. I randomly assigned participants to one of 

three groups: control (no priming), sci-fi priming, and creative-mindset priming. Participants were 

prompted with 10 functions of a media player in an MR environment and were asked to propose a mid-air 
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gesture to trigger each of the 10 functions. As a result, I formulated three sets of user-elicited gestures. I 

found overlap in four gestures across all three groups. The sci-fi gesture set had only five gestures in 

common with each of the other two gesture sets. On the other hand, seven of the ten gestures in the 

creative-mindset set were identical to the control. The number of unique gestures in the sci-fi set indicates 

that sci-fi priming enhances creativity and leads to the creation of more novel gestures than no priming or 

the creative-mindset technique [102].  

I followed my elicitation study with a distributed end-user identification study with 50 new participants 

from mTurk. The identification study showed that priming had no statistically significant impact on the 

number of correctly identified gesture-function relationships of user-elicited gestures.   

I capitalized on Crowdlicit to run supervised distributed interaction-evaluation studies, expanding the 

fourth step of the DXD process, “test interactions’ quality,” by moving beyond interaction identifiability 

to include learnability and memorability. I recruited 18 new online participants for a two-part study to 

evaluate the three gesture sets. In the first part of this study, participants were randomly assigned to view 

one of the three user-proposed gesture sets (control, sci-fi, creative mindset). After viewing a video clip 

of each gesture in the set once, participants were prompted with a function and asked to perform the 

corresponding gesture they had just learned. After going through all 10 functions, participants were 

allowed to go back and view the video clips of the gestures that they got wrong, if any. I repeated this 

process until the participants learned and were able to correctly perform all 10 gestures in their set. 

Furthermore, after one week, I contacted the same participants and asked them to go through the testing 

protocol only once to assess the memorability of the gestures—without allowing them to review the video 

clips of the gestures beforehand. I found that sci-fi-primed gestures were faster to learn, as they required 

an average of 1.22 viewings to learn. Non-primed gestures required an average of 1.60 views and the 

creative-mindset primed gestures required 1.56 viewings to learn. After a single viewing, 80% of the sci-

fi primed gestures were learned compared to 65% of the gestures from the control and 58% from the 

creative-mindset sets—sci-fi gestures were learned most quickly. Additionally, sci-fi gestures had a higher 

memorability accuracy compared to the other two gesture sets, with 80% of the sci-fi gestures recalled 

correctly compared to 73% and 43% for the creative mindset and non-primed sets, respectively. 
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The work in this chapter contributes: (1) an empirical study of the effects of priming in elicitation studies, 

(2) a user-elicited gesture set for a media player in a mixed-reality environment, and (3) methods to 

evaluate the learnability and memorability of interaction designs in a distributed manner. 

2 The Effects of Priming on User-Elicited Gestures  

To evaluate the effects of priming on the learnability and memorability of user-elicited gestures, I first 

conducted a distributed elicitation study accompanied by an identification study. The elicitation study 

resulted in three gesture sets—one for each level of priming (control, sci-fi, and creative mindset). The 

identification study subsequently evaluated how guessable the gestures were in each priming group.  

 Creating a User-Elicited Gesture Set 

I conducted a between-subjects distributed elicitation study with 167 online participants to design 

gestures for a media player in an MR environment.   

2.1.1 Participants  

I recruited 167 participants in total from Amazon’s Mechanical Turk (mTurk), to provide video 

recordings of their proposed gestures in response to 10 prompts showing functions (see Table 21) of a 

futuristic media player using Crowdlicit. I followed the elicitation study with a distributed identification 

study. To do so, I recruited 50 new participants from mTurk. In both studies, each participant filled out 

a demographic survey upon completing the study. Table 20 shows the demographic information for both 

studies. Participants needed to have a device with a camera (i.e., a webcam or a smart phone) to participate 

in the elicitation study. Participants in the elicitation study were compensated $7.50 for participation in 

the half-hour study. Participants in the 15-minute identification study were compensated $3.75. I based 

the compensation on Seattle, Washington’s $15/hour minimum wage rate.  
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Demographic	 Elicitation	(N=84)	 Identification	(N=33)	

Gender	 Man	 59	 20	
Woman	 24	 13	
Non-binary	 1	 0	

Age		 Mean	(SD)	 30.69	(5.61)	 38.03	(10.39)	

Nationality	 USA	 71	 24	

	 India	 7	 4	

	 Brazil	 3	 3	

	 Canada	 1	 1	

	 Germany	 1	 0	

	 Pakistan	 1	 0	

	 Italy	 0	 1	

Do	you	own	an	MR	device?	 Yes	 15	 9	
No	 69	 24	

How	 often	 do	 you	 use	 an	 MR	
device?	

	 	

Never	 29	 14	
Daily	 2	 4	
Monthly		 20	 5	
Once	or	twice	ever	 33	 10	

Do	you	use	mid-air	gestures?	 Yes	 7	 32	
No	 77	 1	

Favorite	movie	genre	 Comedy	 19	 7	
Action	&	adventure	 15	 5	
Drama	 5	 4	
Horror	 6	 1	
Sci-fi	 18	 9	
Documentary	 7	 2	
Thriller	 10	 2	
Epic/	historical	 2	 1	
Musicals	 2	 1	
Western	 0	 1	

Have	you	seen	this	movie	before?	 Minority	Report	 39	 19	
Iron	Man	2	 62	 28	
Black	Mirror	 43	 16	
Gamer	 11	 4	
Enders	Game	 31	 10	

Table 20 Participants’ demographic information from the elicitation study with 167 participants (84 filled out 
demographics survey) and identification study with 50 participants (33 filled out the survey). 

 
2.1.2 Apparatus 

I used Crowdlicit to run the distributed elicitation and identification studies. I created video clips of 10 

functions to interact with a media player in an MR environment. The 167 online participants viewed these 

video clips as prompts to propose gestures that would trigger the functions shown in the videos. 

Participants recorded their gesture proposals using the web interface and their personal computer’s 

webcam or via the camera on their mobile device, then uploaded the footage to Crowdlicit. This process 
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resulted in 1,168 totally gestures. For each one of the ten prompts, I found the gesture with the highest 

consensus. This process resulted in 15 unique gestures across the three priming groups.  

I then used Crowdlicit again in the identification study with 50 new online participants. The 

identification study showed the video clips of the 15 elicited gestures as prompts. For each gesture, 

participants entered text descriptions of the functions they anticipated the gesture would trigger in an MR 

media player. I also captured self-reported Likert-type ratings after every gesture or function proposal. In 

addition, Crowdlicit also captured the time participants needed to submit a proposal (in seconds).  

To prime participants in the elicitation study who were assigned to the sci-fi priming condition, I created 

a short montage film from movies and TV shows like Iron Man, Minority Report, and Black Mirror. I 

created this montage film using the open catalog of gestures in sci-fi movies by Figueiredo et al. [28]. 

Their catalog8 has tags of what task is being performed in the clip (e.g., play, previous, etc.).  

2.1.3 Procedure  

Following the first four steps of The Six Steps of DXD, I conducted a distributed elicitation study and 

followed it up with a distributed identification study to produce three user-generated gesture sets from 

the three levels of Priming.  

Distributed End-User Elicitation  

The 167 participants who accepted the human intelligence task (HIT) on mTurk were directed to a 

custom webpage that randomly assigned them to one of three priming groups (control, sci-fi, and creative 

mindset). Based on the assignment, participants were automatically directed to a Crowdlicit study URL. 

This setup allowed me to organize the elicited gestures into three groups (control, sci-fi, creative 

mindset). Upon navigating to the unique Crowdlicit study link, participants were presented with 

instructions for the study explaining that they were about to watch 10 video clips of functions for a media 

player in a mixed reality (MR) environment (Table 21) and that such a system responds to mid-air 

gestures. The participants were required to propose a gesture of their choosing to trigger each of the 10 

functions depicted in the video clips. The instructions also showed a diagram instructing the participants 

 
8 http://goo.gl/XSX5fn 
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on how to position themselves in front of the camera in such a way that would exclude their face from 

showing in the recording to protect their privacy.  

 The participants in the creative mindset group were asked to provide three examples of a time they were 

creative before starting the elicitation session. I  borrowed this technique from Sassenberg and Moskowitz 

[102].  

All three variations (control, sci-fi, and creative mindset) of the elicitation study on Crowdlicit were 

identical except for the instructions section for the sci-fi group and a pre-session task for the creative 

mindset group. The instructions for the sci-fi group included a section stating: “The environment should 

respond to gestures like, but not limited to, ones shown in this video.” Below that message was a montage 

film of sci-fi clips9. I chose one clip from a tag that represents each function in our list of functions (Table 

21) and compiled them into the montage film.  

No.	 Function	

1. 	Play	a	video	

2. 	Pause	a	video	

3. 	Fast	forward	

4. 	Rewind	

5. 	Next	video	

6. 	Previous	video	

7. 	Close	a	video	

8. 	Pin	view	to	a	surface	

9. 	Bring	view	into	field	of	vision	

10. 	Activate	headtracking	

Table 21 A list of 10 functions to control a media player in a mixed-reality environment. “View” refers to the video 
element. The last three functions are specific to an augmented reality environment.  

Distributed End-User Identification 

Whereas the elicitation study enabled me to show 10 MR functions and elicit 15 unique gestures to 

trigger them, an identification study enabled me to test how guessable those 15 gestures were. The 50 

new participants who accepted the HIT on mTurk for the identification study were redirected to a custom 

study webpage created by the Crowdlicit system. The identification study had 15 unique gesture prompts. 

These gestures were the results of the elicitation study, which resulted in 15 unique gestures for the 10 

 
9 The video material for this study can be found here: http://crowdlicit.ischool.uw.edu/Crowdesign/ironmanproject.php 
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functions with overlap across the three priming levels. Figure 35 shows these gestures and which ones 

overlap. Each prompt in the identification study showed a video of a person—myself—performing one of 

the 15 gestures that resulted from the elicitation study. After viewing a video of a gesture, the participants 

were asked to propose the function they thought a system would trigger in the context of interacting with 

an MR video player.  

2.1.4 Design and Analysis  

The elicitation study was a single-factor between-subjects design, whose factor was Priming, which had 

three levels: no priming (control), sci-fi priming, and creative-mindset priming. In this study, I collected 

1,167 gesture proposals from a total of 167 online participants. Due to a server error, 12 gestures were 

not recorded from the control group, leaving the control group with a total of 381 gestures; sci-fi and 

creative-mindset groups each had 393 gestures.  

The identification study was a single-factor within-subjects design, with the same priming factor and levels 

as the elicitation study. In this study, I collected 750 function proposals from our 50 online participants. 

As a within-subjects study, the identification study showed each participant gestures from all three 

priming groups. 

I investigated the effect of Priming on the results of the distributed elicitation and identification studies 

on three dependent variables: (1) Agreement scores for proposed gestures and functions calculated using 

Equation 1. (2) Self-reported Likert-type satisfaction ratings (ease, match, enjoyment). (3) Proposal 

time—i.e., the time it took participants to come up with a gesture or a function. In addition, I explored 

subjective differences across the three user-elicited gesture sets that we created from the elicitation study. 

I  also compared identification accuracy across the three gesture sets in our identification study.  

To calculate a gesture agreement score, I used  Equation 1, which was updated in these publications 

[30,120,123]; however, due to the fact that I collected a single gesture proposal per prompt in the same 

manner as Wobbrock’s et al.’s original paper [131], I opted to use the original equation in my analysis. 

Furthermore, I used that equation to calculate function agreement in identification studies. To provide a 

sense of uniformity for this chapter’s analysis, I decided that Equation 1 is the best fit. Agreement scores 
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have an upper limit of 1.0. The upper limit represents total agreement in which all the proposals collected 

in response to a prompt match each other. 

Because agreement scores are bounded, I used a non-parametric Kruskal-Wallis test [56] to assess the 

differences in agreement scores among the three levels of Priming. I followed a significant omnibus test 

with post hoc comparisons using a pairwise Mann-Whitney U test [67], corrected with a Tukey HSD test 

[12]. To investigate differences in the ordinal Likert-type self-reported ease, match, and enjoyment 

ratings, I used mixed ordinal logistic regression [2,40]. Then, I conducted post hoc analyses on any 

significant omnibus tests using a Tukey HSD test [12].  To investigate the effect of Priming on the time 

it took participants to propose a gesture or a function, I used a linear mixed model analysis of variance 

[32,64]. I log-transformed the time response prior to analysis, as is common [63], to comply with the 

assumption of conditional normality. I followed up any significant omnibus test with a post hoc Tukey 

HSD test  [12].  

2.1.5 Results  

I identified the gesture with highest agreement for each one of the 10 functions in each of the priming 

groups (control, sci-fi, and creative mindset). If all gestures were unique, this would result in 10 × 3 = 30 

gestures, but due to substantial overlap among the groups, there were 15 unique gestures in all. These 

gestures are shown in Figure 35, and served as prompts in the subsequent identification study.  
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Figure 35 Three gesture sets for 10 functions. Functions in blue show that the same gesture among the three sets was 
proposed by the majority of participants in that group. The last three functions are specific to an augmented reality 

environment 

Function

PLAY

PAUSE

REWIND

NEXT

DISMISS

PIN VIEW TO
A SURFACE

BRING VIEW
INTO FIELD
OF VISION

HEADTRACKING

PREVIOUS

FAST
FORWARD

Control

Point

Palm

Swipe right

Close fist up

Hand to chest

Point left

Point right

Swipe left

Close fist to screen

Pinch

Creative Mindset

Point

Palm

Swipe right

Hands together

Pinch

point to head

Swipe left

Point left

Circle clockwise

Close fist up

Sci-fi

Point

Palm

Point left

Close fist to screen

Pinch

Close fist up

Pan palm

Circle counter clockwise

Circle clockwise

Swipe left
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2.1.6 User-Elicited Gesture Sets 

I compared gestures for each function across the three sets for their similarity and found that four 

functions (play, pause, pin view to a surface, and bring view into field of vision) had the exact same gestures 

across the three gesture sets (point, palm, pinch, close fist up, respectively). The sci-fi gesture set had five 

gestures in common with the control set that triggered the same function. The creative-mindset set had 

seven in common with the control set, leaving only three functions triggered by a different gesture (fast 

forward, dismiss and headtracking). The sci-fi and creative-mindset gesture sets had five gestures in 

common (the four gestures found across all three gesture sets and the gesture “circle clockwise” to trigger 

the fast forward function). 

I compared the gestures in the sci-fi group against the gestures appearing in the sci-fi montage video that 

I used as a primer to see if any of the gestures in the video were replicated by participants. The “circle 

finger clockwise” and “counterclockwise” gestures were present in the montage clip (Black Mirror clip 

under the rewind tag) and so was the “pan palm to screen” gesture (Enders Game clip under the play tag). 

Other gestures from the montage like “close fist up”, and “swipe” were present throughout all three 

gesture sets and not limited to the sci-fi group.  

2.1.7 Agreement Scores  

For the control level of Priming, the mean agreement score—the degree to which the participants agreed 

on a gesture to trigger a function—was A = .182 (SD = .077); for sci-fi, it was A = .178 (SD = .088); and 

for creative mindset it was A = .186 (SD = .084). A Kruskal-Wallis test found no statistical significance 

among these scores (χ2(2, N=30) = 0.267, n.s.).  

For the identification study, the function agreement scores were also similar across Priming levels. For 

control the mean agreement was A = .170 (SD = .094); for sci-fi, it was A = .191 (SD = .086); for creative 

mindset it was A = .173 (SD = .067). A Kruskal-Wallis test found no statistical significance in the 

differences among these scores (χ2(2, N=30) = 0.937, n.s.). 
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Figure 36.  Agreement scores for three gesture sets created under three Priming levels (control, sci-fi, and creative 
mindset).  

2.1.8 Priming Effect on Self-Reported Ratings 

I collected Likert-type ratings on a scale of 1–7 (1. Strongly disagree, 7. Strongly agree). The scales 

assessed the following statements: 1. Ease, my proposal is easy to perform. 2.  Match, my proposal is a 

good match for its intended purpose. 3. Pleasure, my proposal is enjoyable to perform. Admittedly, 

Likert-type ratings are ordinal in nature and their numeric markings (1–7) cannot be taken as scalar 

responses. That said, for illustrative purposes and for the reader’s appreciation, I report the means and 

standard deviations of the Likert-type ratings in Table 22, in addition to the median scores and 

interquartile ranges. 
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 Priming Rating Median (IQR) Mean (SD) Priming Rating Median (IQR) Mean (SD)  

E
L

IC
IT

A
T

IO
N

 

Control 

Ease 

6 (3) 5.12 (2.47) Control 

Ease 

7 (1) 6.07 (1.25) 

ID
E

N
T

IFIC
A

T
IO

N
 

Sci-fi 6 (1) 6.06 (1.19) Sci-fi 6 (2) 6.00 (1.27) 

Creative mindset  7 (1) 5.69 (2.21) Creative mindset 6 (2) 6.02 (1.27) 

Control 

Match 

6 (3) 4.97 (2.43) Control 

Match 

6 (2) 5.30 (2.15) 

Sci-fi 6 (2) 5.71 (1.29) Sci-fi 6 (2) 5.30 (2.13) 

Creative mindset 6 (2) 5.48 (2.20 Creative mindset * 6 (2) 5.87 (1.27) 

Control 

Pleasure 

5 (3) 4.62 (2.34) Control 

Pleasure 

5 (3) 4.84 (2.11) 

Sci-fi 6 (3) 5.48 (1.31). Sci-fi 5 (3) 4.86 (2.09) 

Creative mindset 6 (3) 5.08 (2.16) Creative mindset * 6 (3) 5.36 (1.40) 

Table 22. The self-reported ease, match, and pleasure scores from the 167 participants in the elicitation study and 50 
participants in the identification study. Higher numbers mean “easier,” “better matches,” and “more enjoyable,” 

respectively. *Bold font indicates statistically significant differences using mixed ordinal logistic regression [2,40] (p < .05).  

The numeric ease ratings were higher, on average, for sci-fi (6.06) compared to control (5.12) and 

creative mindset (5.69) as reported by the 167 participants in the elicitation study. On the other hand, 

the ease ratings were nearly identical across all three levels as reported by the 50 participants in the 

identification study. An analysis of variance based on mixed ordinal logistic regression indicated no 

statistically significant effect on ease ratings of Priming in either the elicitation study (χ2(2, N=1167) = 

4.41, n.s.) or identification study (χ2(2, N=750) = 3.22, n.s.).  

The numeric match ratings for sci-fi (5.71) were also higher, on average, than control (4.97) and creative 

mindset (5.48), according to the participants who proposed the gestures in the elicitation study. 

However, sci-fi (5.30) and control (5.30) match scores were similar and lower than creative mindset 

(5.87) as rated by the participants who attempted to identify the function associated with the gesture in 

our identification study. These differences were not detectably different in the elicitation study (χ2(2, 

N=1167) = 1.98, n.s.). However, the creative mindset match ratings in the identification study were 

significantly higher than the other priming groups (χ2(2, N=750) = 8.60, p < .05). Post hoc pairwise 

comparisons using Tukey’s HSD correction indicated that creative mindset vs. control (Z = 2.44, p < 

.05) and creative mindset vs. sci-fi (Z = -2.60, p < .05) were statistically significant. The sci-fi vs. control 

match ratings were not detectably different (Z = -0.14, n.s.).  

Finally, the numeric pleasure ratings had a similar outcome to the match ratings, with sci-fi gestures 

(5.48) rated higher than control (4.62) and creative mindset (5.08) gestures in the elicitation study, but 

showing no detectable differences (χ2(2, N=1167) = 3.42, n.s.). In the identification study, the creative 

mindset gestures (5.36) had significantly higher pleasure ratings (χ2(2, N=750) = 8.67, p < .05) than 
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the almost identical ratings of sci-fi (4.86) (Z = -2.457, p < .05) and control gestures (4.84) (Z = 2.60, 

p < .05). 

2.1.9 Priming Effect on Elicitation Time 

The mean time needed by participants to provide a gesture in the control group was the highest at 58.3 

seconds (SD = 59.2). The creative-mindset group was second at an average 49.3 seconds (SD = 41.8), 

and the sci-fi group had the fastest elicitation time with an average 46.5 seconds (SD = 46.1). Despite the 

effect of priming on lowering the mean elicitation time, a linear mixed-effects model analysis of variance 

indicated no statistical significance in time differences (F(2, 123.81) = 1.617, n.s.).  

As for the time needed to identify the function associated with a gesture in the identification study, the 

results were very close across all three priming groups—control: 38.0 seconds (SD = 34.6); sci-fi: 38.7 

(SD = 41.7); creative mindset: 39.4 (SD = 39.0). There were no statistically significant differences 

among these results (F(2, 14.973) =  0.70, n.s.). 

2.1.10 Priming Effect on Identifiability  

The percentage of correctly identified gestures did not differ much across the three levels of Priming. The 

control gesture set had 22.2% (SD = 41.6%) of its gestures identified correctly. The sci-fi gesture set had 

24.2% (SD = 42.8%) identified correctly, and the creative-mindset gesture set had 22.2% (SD = 

41.47%) of its gestures identified correctly by the 50 participants in the distributed identification study. 

Priming had no statistically significant effect on the chances of a gesture being correctly identified across 

the three levels, according to an analysis of variance based on mixed logistic regression [36] (χ2(2, 

N=750) = 3.417, n.s.).   
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3 Distributed Learnability and Memorability  

Of crucial importance to system designers is how learnable a set of gestures is—and once learned, how 

memorable those gestures are. In this phase of my investigation, I sought to find out whether priming 

affects gesture learnability and memorability. Accordingly, I conducted a two-part supervised distributed 

study again using Crowdlicit to evaluate the learnability and memorability of the three gesture sets I 

created as a result of the distributed elicitation study.  

 Participants  

I recruited 18 new participants using convivence and snowball sampling by advertising the study on the 

university’s Slack channels, and on social media platforms. Two of my participants failed to complete the 

demographics survey. Of the 16 participants who did complete the demographics survey, nine were 

women, six were men, and one non-binary. The mean age was 27.3 years (SD = 4.84). The participants’ 

nationalities were mostly from the United States (10/16); other nationalities included India, China, and 

Kazakhstan. Seven participants had never used an MR device, and five had only used one once or twice. 

Two participants used an MR device on a monthly basis and two others used one on a daily basis. As for 

participants’ use of mid-air gestures to interact with technologies, only two participants reported having 

used mid-air gestures to interact with a desktop music app and an Xbox Kinect.   

 Apparatus 

I used Crowdlicit, once again utilizing its web-based video recording capabilities to collect, store, and 

organize the data in our study. I used Google Meet to video-call my participants and guide them through 

the procedures of the studies. For the first part of the study, which was devoted to learnability, I created a 

custom learning  website for participants, which came in three versions corresponding to the three gesture 

sets I created as a result of our elicitation study (control, sci-fi, and creative mindset). In each version, the 

website displayed 10 videos, each depicting a gesture from the corresponding set.   

 Procedure  

Once I connected with a participant over Google Meet, I asked them to share their screen and directed 

them to the custom learning site. The page displayed all 10 videos of one of the three gesture sets shown 
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in Figure 35 in a random order. Participants were asked to view each video once and then navigate via a 

Crowdlicit-generated link to perform all 10 gestures. I used Crowdlicit to prompt participants with a 

function and asked them to record a video of themselves performing the gesture corresponding to that 

function, which they had just learned on the page with 10 videos. I monitored the video recordings as they 

were being uploaded to the Crowdlicit system and assessed their correctness. I then refreshed the custom 

learning page, removing the videos of the correctly performed gestures, leaving only videos of the 

gestures that the participant missed. Participants repeated the learning and performing process until they 

learned all 10 gestures successfully. I recorded how many times the videos had to be viewed before all 10 

gestures were learned successfully to measure gesture learnability. 

To assess memorability, all 18 participants from the learnability study were informed they would be 

contacted via Google Meet one week after the learnability session to perform the gestures again using 

Crowdlicit. Participants did not have access to the learning page to practice the videos in the interim 

period.  

 Design and Analysis  

Both the learnability and memorability studies used single-factor between-subjects designs, with a factor 

for Priming having three levels: no priming (control), sci-fi priming, and creative-mindset priming. I 

collected a total of 263 gesture trials from our 18 online participants. The learnability study had the 

following dependent variables: (1) initial learnability—the number of gestures learned after a single 

viewing of all 10 gesture videos; (2) overall learnability—the total video views needed to learn a gesture; 

and (3) learned-gesture performance time.  

I used mixed logistic regression [36] to analyze the dichotomous results of the first trial, i.e., whether a 

gesture was performed correctly or incorrectly after viewing each of the 10 gesture videos once. I carried 

out post hoc testing using Tukey’s HSD test [116,117] for multiple comparisons. For the total number 

of views required to learn a gesture, overall learnability, I used a nonparametric Aligned Rank Transform 

procedure [130], corrected with Tukey’s HSD correction [116,117]. Again, post hoc pairwise 

comparisons were conducted using Tukey’s HSD correction. For analyzing gesture performance time, I 

used the same analysis approach as in the elicitation study. 
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In the memorability study, I collected 18 × 10 = 180 gesture trials from our 18 online participants. I used 

the same analysis approach from the learnability study to evaluate two dependent variables: (1) the number 

of correctly recalled gestures, analyzed in the same manner as initial learnability; (2) the time to recall and 

perform a gesture, analyzed in the same manner as the learned-gesture performance time.  

 Results  

I evaluated the effects Priming had on the learnability of user-elicited gestures in terms of initial 

learnability, overall learnability, and learned-gesture performance time. For the effects of priming on 

memorability, I evaluated the gestures based on the number of correctly remembered gestures and 

gesture-recall time.  

 Initial Learnability 

Initial learnability is the number of gestures performed correctly (out of 10) after one viewing each of the 

10 gesture videos in each priming set. The number of learned gestures after a single viewing for the 

control set was 39 gestures (out of 60 total gestures, or 65%); for the sci-fi set it was 48 gestures (80%); 

and for the creative mindset set it was 35 (58%). These differences were marginally significant for 

Priming’s overall effect on initial learnability (χ2(1, N=180) = 5.75, p = .056). Post hoc pairwise 

comparisons using Tukey’s HSD correction indicated that creative mindset gestures were significantly 

less learnable initially than sci-fi gestures (Z = -2.36, p < .05). 

 Overall Learnability 

Overall learnability is the total number of gesture video views required to learn all 10 gestures from a given 

priming group. For the control gesture set, the mean count of viewings required to learn a gesture was 

1.60 (SD = 1.06); for the sci-fi gesture set it was 1.22 (SD = 0.45); and for the creative-mindset gesture 

set it was 1.56 (SD = 0.87). Priming had a statistically significant effect on overall learnability (F(2, 

38.5)= 3.35, p < .05). Post hoc pairwise comparisons using Tukey’s HSD correction showed that the 

difference between sci-fi and creative mindset was marginally significance (t(267) = -2.40, p = .062). 

Specifically, sci-fi gestures seemed easier to learn than creative-mindset gestures. 
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Figure 37 A boxplot of the number of viewings required to learn a gesture by Priming.   

 Memorability 

For each level of Priming (control, sci-fi, and creative mindset), I assessed the memorability of the gesture 

set—i.e., whether or not a gesture was recalled and performed correctly one week after the learning 

session, without continued exposure between sessions. Each priming condition had 6 participants (3 

conditions × 6 participants) who were asked to recall 10 gestures one week after learning them. Out of 

the 60 gestures for the control group (6 participants × 10 gestures), only 26 gestures (43%) were recalled 

correctly. For the primed groups, the percentage of correctly recalled gestures increased significantly, 

with 48 of the 60 sci-fi gestures (80%) recalled correctly, and 44 of the 60 (73%) creative mindset 

gestures recalled correctly. Indeed, Priming had a statistically significant effect on memorability (χ2(1, 

N=180) = 11.54, p < .01). Post hoc pairwise comparisons using Tukey’s HSD correction indicated that 

the control group gestures were recalled significantly less than either the sci-fi gestures (Z = 3.17, p < 

.01) or the creative-mindset gestures (Z = 2.57, p < .05).   
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Figure 38 A bar chart of the percentage of correctly remembered gestures by Priming.  

 Gesture Performance and Recall Time  

In the learnability study, the mean time to perform a gesture successfully after learning it by watching a 

video clip was 17.3 seconds (SD = 10.3) for the control gesture set; for the sci-fi gesture set it was 16.6 

seconds (SD = 11.9); and for the creative-mindset gesture set it was 16.8 seconds (SD = 12.5). These 

differences were not statistically significant (F(2, 14.97)= 0.25, n.s.).  

In the memorability study, the mean time to recall and perform a gesture from the control gesture set was 

18.8 seconds (SD = 10.6);  for the sci-fi gesture set, it was 14.0 seconds (SD = 7.3); and for the creative 

mindset gesture set, it was 13.7 seconds (SD = 6.7). These differences were not detectably different (F(2, 

14.99)= 2.19, n.s.).  
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4 Discussion  

In this section, I discuss my findings about the effects of priming across our various studies (elicitation, 

identification, learnability, and memorability).  In particular, I highlight how priming through sci-fi 

gestures seems to have had the largest effects in some of our studies. 

 Effects of Priming on User-Proposed Gestures 

Sci-fi priming had half of its gestures (5 out of 10) unique only to it. By contrast, creative mindset priming 

and no priming (control) had 7 out of 10 gestures in common. The sci-fi gesture set showed more 

cohesion, despite the gestures for each function being elicited independently. This cohesion was visible 

in functions that have inverse associations like fast-forward and rewind. The sci-fi gesture set contained 

the gestures “circle counterclockwise” and “circle clockwise.” These gestures were present in our sci-fi 

movie montage clip (Black Mirror) that I showed our participants as a primer, and they mapped to the 

same functions. The control gesture set had “point right” and “swipe right” for fast forward and rewind, 

respectively. I noticed this lack of cohesion during the learnability and memorability studies, as these 

gestures were the hardest to learn—i.e., they required the largest number of viewings.  

On average, priming seemed to increase the match and pleasure ratings of gestures, both in the elicitation 

study and in the identification study, although only creative mindset gestures were shown to have 

statistically significantly higher match and pleasure scores in the identification study. Although the results 

from the Likert-type ratings were largely non-significant, taken together, there is a trend suggesting that 

priming produces gestures that are perceived to be a better fit to their functions and more pleasurable to 

perform. Further research is needed, perhaps with a different set of participants or different types of 

priming, to confirm this trend.  

 Gestures’ Learnability and Memorability  

Sci-fi priming significantly increased the initial learnability of gestures, as 80% of the sci-fi gestures were 

performed correctly after a single viewing, compared to only 58% of creative mindset gestures and 65% 

of the control gestures. Sci-fi priming also significantly increased the overall learnability of gestures, with 

an average of 1.22 views required to learn each sci-fi gesture, compared to 1.60 views for control gestures 
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and 1.56 views for creative mindset gestures. Furthermore, both sci-fi and creative mindset priming 

resulted in gestures that were more memorable than control group gestures, with 80% of sci-fi gestures 

and 73% of creative mindset gestures recalled correctly, but only 43% of control group gestures recalled 

correctly. Thus, it seems again that priming, and sci-fi priming especially, has advantages in gesture 

learnability and memorability. Perhaps Sci-fi gestures provided a sense of familiarity that lead to their 

higher learnability and memorability.  

 Distributed Design Studies 

In this chapter, I demonstrated multiple methods of conducting distributed user-centered design studies 

typically carried out in a lab. I added two more usability metrics to the distributed interaction-evaluation 

approach I introduced in the Crowdlicit chapter: learnability and memorability. Due to the requirement 

of providing feedback in learnability studies to participants—so participants would know which gestures 

they learned and which ones they needed to review and attempt to perform again—I had to conduct the 

distributed learnability study in a supervised manner. A limitation of supervised distributed user studies 

is they are slower than unsupervised distributed studies like the elicitation and identification studies. It 

took me a few hours to recruit and collect data for the unsupervised distributed studies compared to the 

supervised studies that required multiple days to conduct—plus the one week that separated the 

learnability and memorability studies. Supervised studies, like my learnability and memorability studies, 

are hard to run in parallel like the unsupervised elicitation and identification studies. This limitation is the 

reason why my learnability and memorability studies had only 18 participants like an in-lab study—a 

number that was sufficient for the investigation in this chapter. Having multiple researchers conducting a 

supervised study could increase the number of participants. Distributed learnability and memorability 

studies enjoy other benefits of distributed studies like increased diversity of participants—in terms of both 

geographical distribution and physical abilities—and discarding physical requirements such as testing 

labs. In the Crowdlicit chapter, I reported that participants are more willing to participate in online 

studies than lab-based ones. In this chapter, I was able to capitalize on Crowdlicit to facilitate all of the 

studies, collecting, organizing and storing study data, validating this platform’s versatility. The platform 

also provided the participants with an easy-to-use interface to participate in the studies. 
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 Limitations and Future Work  

These studies aim to inform the design of future devices with users’ preferences, cutting down on the 

resources required to build, deploy, test, and adjust interaction designs. A limitation of my approach is 

that I was relying on my participants’ imaginations to interact with a system. Interacting with an actual 

system would be a different experience that takes into account gesture-recognition errors, among other 

experiences. My study only tested two types of priming: the viewing of a sci-fi montage and recalling times 

of creativity to be in a creative mindset. Priming with other sci-fi clips might produce different results and 

have a different impact on use cases other than a gesture-controlled mixed reality video player. Another 

limitation to this work with sci-fi priming is that participants could have mimicked gestures popularized 

by the movies which led to the creation of a more learnable and memorable gesture set. It is hard to tell 

from the results of this study whether the impact on the sci-fi gestures was because participants were 

primed to think creatively or mimicked the gestures from the primer.  

Future work would be to take the gesture sets recommended in this chapter and test them either in a 

usability study that mimics an actual system, like a Wizard of Oz type of study, or invest the resources to 

build an interactive prototype of a system to test those interactions. Other future work might test the 

effects of the sci-fi clips I used in this chapter on other modes of user-elicited interactions like voice 

commands or graphical interface elements like icons. Other priming approaches like having participants 

do physical activities before an elicitation session could have different effects on the mid-air gestures 

proposed to trigger the functions to control an MR video player.   

5 Summary 

In this chapter, I conducted the largest investigation, to the best of my knowledge, into the effects of 

priming on user-elicited gestures in a distributed end-user elicitation study. I evaluated the effects of 

priming by viewing science fiction clips and having a creative mindset on user-elicited gestures, with a 

novel approach of running supervised distributed learnability and memorability studies. I showed that 

priming with science fiction videos produces user-elicited gestures that are significantly faster and easier 

to learn and remember. Besides the empirical investigation into the effects of priming, the distributed 
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learnability and memorability methodological contributions, this chapter contributes a user-elicited 

gesture set for a media player in a mixed reality environment. I recommend using priming in elicitation 

studies to unlock participants’ creativity and elicit interactions that are learnable and memorable.  
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Nine |  Beyond This Dissertation  
In this chapter, I provide two examples of my work using the DXD process and CROWDDESIGN engine 

in projects that fall outside the scope of this dissertation.  

1 My Time at Apple  

During the summer of 2019, I joined Apple’s Siri advanced development group in Cupertino, CA. I was 

the directly responsible individual for a project designing multimodal interactions for a prototype of a 

future device. Due to the novel nature of the prototype, I insisted on including actual users in the design 

process. I believed that empathy—while a great starting point for design—would not be enough to 

understand how users would interact with this technology due to its futuristic nature. I wanted to take a 

user-centered design approach. Initially, I was faced with resistance from the head of research for my 

organization. During a meeting, I was able to convince them to grant me a pilot with 5 participants. After 

the pilot, I presented the results to the research group’s director. This in turn green-lit a full-scale study 

that changed the trajectory of my project from designing interactions and building a prototype to a user-

driven research approach to designing the prototype utilizing the DXD process10. At the end of the 

summer, I was granted the opportunity to present my work and explain my research to the SVP of the 

organization at Apple.  

2 DXD + Accessibility  

I am using the CROWDDESIGN engine and DXD as part of a collaborative research effort that falls 

outside the scope of this dissertation. I have been collaborating with Martez Mott (Microsoft Research) 

and Patrick Carrington (assistant professor at Carnegie Mellon University) to study how individuals in 

wheelchairs would interact with Virtual Reality (VR) interfaces. VR headsets typically require movements 

that are impossible for wheelchair users—e.g., walking around, crouching, etc. In this research project, we 

are capitalizing on the distributed opportunities offered by the CDE to gain an understanding of how 

 
10 Due to the secretive nature of the project, I was not able to use my CDE and conducted lab-based studies. However, I did follow the six steps of 
DXD.  
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individuals in wheelchairs would utilize their wheelchairs as an input device to interact with a VR 

environment. This work extends Carrington et al.’s [21] work on Chairable Computing—a research area 

that uses power wheelchairs as interfaces to interact with myriad technologies.  
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Ten |  Discussion 
In this chapter, I revisit the research questions I outlined in the Introduction chapter of this dissertation. 

In addition, I present: the advantages and disadvantages of DXD; ways to limit the effects of the 

disadvantages; my thoughts on unlocking creativity in DXD studies; my reflections on my work designing 

with the world; and in closing, future work directions I intend to pursue after my Ph.D. 

1 Answers to Research Questions  

In the Crowdlicit chapter, I answered RQ.1 (How can I expand the reach of elicitation studies beyond the 

lab and reach a larger more diverse pool of participants?) by building the Crowdlicit system and putting 

it through its paces. I used Crowdlicit to replicate a published elicitation study and surveyed the 

participants on the system’s usability.  

I answered RQ.2 (What are the requirements for a system that translates the elicitation study to run in a 

distributed fashion?) by drawing on the experience I gained conducting the in-lab elicitation study 

detailed in chapter Anachronism by Design and putting forth six requirements for Crowdlicit.  

My answer to RQ.3 (What are the benefits and drawbacks to running elicitation studies in a distributed 

fashion?) was detailed in the discussion section of the Crowdlicit chapter. I expand on this answer to 

reflect on the advantages and disadvantages of the DXD process in general in the next sections of this 

chapter. As for RQ.7 (How can I evaluate the guessability of the interaction proposals resulting from 

elicitation studies on a large scale in an efficient manner?), I formulated the End-User Identification 

method.  

In the Crowdsensus chapter, I answered RQ.4 (How can a crowd of online workers facilitate the 

similarity judgements for agreement analysis in end-user elicitation studies?) by building the 

Crowdsensus tool and testing it against expert researchers. This testing answers the next couple of 

research questions. For RQ.5 (By using the crowd, what are the benefits, if any, in terms of cost and time 

compared to the status quo use of experts’ judgments?), I found that Crowdsensus was four times faster at 

a comparable cost. And for RQ.6 (How does the quality of the results produced by the crowd compare to 
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those produced by expert researchers?), Crowdsensus matched, and in some cases provided better, 

results that individual expert researchers.  

In the Anachronism by Design chapter I answered  RQ.10 (How does production influence user-elicited 

interaction designs?) by showing that the production principle—requiring participants to provide multiple 

proposals in an elicitation study—reduces the number of anachronistic or legacy icons produced. I also 

formulated a set of icons that included 20 (out of 38 total) new concept icons (Figure 33), in turn 

answering RQ.12 (What icons would young adults propose to trigger computer functions currently 

associated with anachronistic icons?). When answering RQ.13 (How familiar are young adults with the 

objects represented in anachronistic icons?), I showed that while young adults were mostly familiar with 

the objects represented in anachronistic icons, they had never used most of the objects. That begs the 

question, would icons depicting these objects be usable for the upcoming generation of users? And 

finally, I answered RQ.14 (How identifiable is a set of icons elicited from young adults?), demonstrating 

that young-adult-elicited icons were easily identifiable.  

In the chapter “I Am Iron Man” I answered RQ.8 (How can I evaluate the learnability of the interaction 

proposals resulting from elicitation studies on a large scale in an efficient manner?) by running a supervised 

distributed learnability study. I answered RQ.9 (How can I evaluate the memorability of the interaction 

proposals resulting from elicitation studies on a large scale in an efficient manner?) by running a supervised 

distributed memorability study. From the results of the learnability and memorability studies, I showed 

that priming with sci-fi videos produces gestures that are easier and faster to learn answering RQ.11 (How 

does priming influence user-elicited interaction designs?). I answered RQ.15 (How can I create gestures 

for mixed-reality environments that are guessable, learnable, and memorable?) by running a DXD study 

eliciting gestures from users using priming techniques and evaluating the user-elicited gestures in 

distributed identification, learnability, and memorability studies.  

2 Advantages of DXD 

From the work I have presented in this dissertation and drawing on the literature of online HCI research, 

I present five advantages to conducting online design studies.  
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 A Large Pool of Participants 

 One of the benefits of online studies is the ease of recruiting a large number of participants efficiently. 

Participants can take part in the study anywhere, without the need to deal with transportation or 

scheduling a time with the research team conducting the study. For elicitation studies specifically, 

recruiting a significant number of participants to propose interaction designs is desirable. Both Morris et 

al. [82] and Nacenta et al. [86] show that interaction designs created by a larger number of people are 

favorable to those created by one or a few expert designers. Also, many published elicitation studies 

[23,25,79,93] have concluded their findings by stating that future work is required with additional 

participants and that the generalization of their results is limited due to their small sample size. Of course, 

the potential pool of participants is dependent on the recruitment methods followed by the researcher. In 

the work presented in this dissertation, I capitalized on Amazon’s mechanical Turk to reach my 

participants. While this allowed me speedy access to participants, the majority of them were from north 

America and India—an improvement still over the reach of lab-based studies. The focus of my work is to 

provide a tool that makes conducting studies online possible, the number and diversity in terms of location 

and physical abilities of the participants is only as good as the recruitment platform or method of choice.  

 A Geographically Distributed Pool of Participants  

A drawback of lab-based studies is the demographics of the participants is often WEIRD—Western, 

Educated, Industrialized, Rich, Democratic. Running research studies online has the potential to collect 

data from participants nationally and globally. Designing interactions benefits from a culturally diverse 

global pool of participants. Mauney et al. [69] found differences across cultures, specifically for symbolic 

gestures, in an elicitation study they conducted in 9 countries with 340 participants by deploying 12 

different research teams. Obaid et al. [93] cited the need for more culturally diverse participants to affirm 

their framework of user-generated human-robot interactions. Reinecke and Gajos [100] state that 

cultural diversity is needed to generalize the results of HCI research citing literature showing differences 

between western and eastern societies’ use of technology. Malizia and Belluci [66] talked about a 

challenge facing the creation of natural interactions that is “performing experimental evaluations for 
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validating gestures in multicultural and multidisciplinary environments instead of classic controlled 

experiments in laboratory settings.” 

While I did not focus on investigating cultural differences in the work presented in this dissertation, using 

The CROWDDESIGN engine allowed me to reach participants who were not local to Seattle, WA as is 

shown in Figure 39. The CROWDDESIGN engine has the potential to enable future research directions 

investigating interaction designs elicited from international participants.  

 

Figure 39 A world map highlighting the country of origin of the participants in the different studies in this dissertation. A 
country is highlighted even if a single participant reported it as their country of origin. This map does not reflect density of 

distribution.  

 Inclusivity  

It is imperative that future technologies be inclusive of people’s different abilities. The DXD process is 

meant to be an informative design approach, so for future work utilizing the DXD approach, including 

participants of diverse abilities is vital to make inclusive technologies. In addition, Zyskowski et al. [139] 

show that online crowd work is a desirable option for individuals with disabilities. While the work 

presented in this dissertation has not advanced this issue scientifically, I am already using The 
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CROWDDESIGN engine to reach participants with mobility limitations as I stated in the DXD + 

Accessibility section of the Beyond This Dissertation chapter. Of course, online HCI studies, 

specifically ones appearing in this dissertation are not all-inclusive. Participants needed to meet inclusion 

criteria such as speaking English, access to the internet, and in some cases access to computing devices 

equipped with cameras.  

 Speed  

Because online crowd workers can work unsupervised in parallel, it is possible to collect hundreds or even 

thousands of proposals in an online study in a matter of days, a process that could take years in a traditional 

lab setting. I found this to be true from my own experience running in-lab and online elicitation and 

identification studies for the work described in the Anachronism by Design chapter. It took me and a 

graduate research assistant almost six months to recruit, schedule, and run 30 participants to study the 

perceptions of computer iconography in a lab-based elicitation study. As a result of the elicitation study, 

I created a set of user-elicited icons. I tested the identifiability of that icon set with 60 online participants—

double the number of participants in the elicitation study—by running a distributed identification study 

using Crowdlicit that was completed in a single day.    

 Collective Intelligence 

Online crowds have demonstrated time and again their ability to collectively complete tasks, even creative 

ones, as shown in the Related Work chapter of this dissertation. I capitalized on online crowds’ collective 

intelligence to analyze elicitation and identification study results efficiently by increasing the analysis 

speed four fold, as described in the Crowdsensus chapter.  

3 Disadvantages of DXD  

In this subsection, I highlight four disadvantages to conducting distributed interaction design studies.  

 Missing the Personal Touch 

In addition to recording interaction proposals, researchers conducting elicitation studies often take notes 

of participants’ reactions and thoughts and sometimes ask participants to do a think-aloud practice. 
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Conducting an elicitation study online can make that practice challenging, as the researcher is not sitting 

in the same room as the participant. A disadvantage to crowdsourcing work is the issue of clarification, as 

mentioned by Horton et al. [44]. If the instructions are not clear, it is hard for participants to ask questions 

and clarify things promptly.  

 Quality Control and Safety 

The quality of crowdsourced DXD studies is vulnerable to be compromised. Spam answers to collect 

monetary rewards could be collected as some crowd workers may attempt to game the system. Online 

systems are also open to attacks. Lasecki et al. [58] mention that crowd-powered systems can have their 

outcomes maliciously manipulated. In the Crowdsensus system, I implemented same-design match, and 

timing threshold measures to combat spam answers. In the Crowdlicit system, I implemented 

randomizing prompt orders to avoid collecting uneven number of proposals for the first few prompts in 

case of participants’ drop off. I also tested timing thresholds in Crowdlicit. However, this practice was 

not as effective in detecting spam answers as it was for Crowdsensus because some legitimate answers 

were proposed within the time threshold. This led me to remove timing threshold from the Crowdlicit 

system.  

 Efficiency Over Quality  

The quality of DXD studies can face an issue of breadth vs. depth. Collecting a vast amount of data may 

diminish the ability to gain deeper insight into the motivation as to why a participant proposed a particular 

interaction. In addition, the advantages of a distributed, or crowdsourcing, approach might entice 

researchers to rely on it more often than lab-based studies. Kitture et al. [53] argue that crowd work has 

the potential to displace skilled labor, with unskilled labor tasks decomposed into smaller pieces even in 

some complex and expert tasks such as writing and product design. Running DXD with large crowds 

might displace interaction designers because crowds are faster, cheaper, and often more creative than a 

single expert.  However, I will reiterate here that the aim of DXD studies is to inform interaction designers 

of the values, abilities and preferences of their potential users so they can be reflected in their designs, 

not to replace designers. 
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 Infrastructure  

It is possible to conduct parts of the DXD process, like an elicitation or an identification study, using 

existing tools. Survey tools, for instance, allow participants to respond to a prompt with a text string or in 

some cases a video recording of themselves performing input-action proposals. However, these tools are 

restrictive and do not allow the same freedom allowed by in-person lab-based studies. Because of the 

drawbacks to utilize existing tools to conduct DXD, investments in creating a custom infrastructure had 

to be made to realize the potential of distributed interaction design fully.  

 Majority Rule 

The way elicitation studies are analyzed is by finding consensus from participants as to which action 

design should trigger a function. This consensus is reached under a majority rule. Typically, the most 

popular interaction “wins”, and the researcher conducting the elicitation study uses their best judgment 

to decide what interaction has the highest consensus. With this approach, the “winning” interaction 

might not be the most suitable, or representative interaction for all potential users of the system.  

4 Mitigating the Disadvantages of DXD 

To reflect, Table 23 distills the advantages and disadvantages of the distributed interaction design 

process. 

Advantages Disadvantages 
A	Large	Pool	of	Participants	 Personal	Connections	
A	Geographically	Distributed	Pool	of	
Participants	 Quality	Control	and	Safety	
Inclusivity	 Efficiency	Over	Quality	
Speed	 Infrastructure	
Collective	Intelligence	 Majority	Rule	

Table 23 The advantages and disadvantages of DXD 

In this section, I offer possible ways to mitigate the disadvantages of DXD.  

 Personal Connections  

The DXD process starts with Step 1: Set Up the Four Pillars of a DXD Study, which are: rules of 

engagement, a list of functions, prompt modality, and proposal modality. Having these four foundational 

elements clearly defined limits—or at least lessens—participants’ confusion and provides clear 
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instructions. In addition, it is possible to run supervised DXD studies, i.e., the researcher would be in 

contact with the participant using video conferencing software and records the session—as I demonstrated 

in the “I Am Iron Man” chapter. This practice would reduce the speed advantage and scale down the 

number of participants in a DXD study but allows for a higher level of personal connection. Supervised 

DXD studies can still capitalize on the other advantages of online studies such as the geographic and 

ability diversity of online participants. Not to mention, the ability to conduct user-centered design 

research during global pandemics.   

 Quality Control and Safety  

One way to eliminate spam answers is to conduct studies on platforms that offer personalized feedback 

other than monetary rewards for participating in an online study, such as the LabintheWild platform [100] 

as opposed to mTurk. Oliveira et al. [94] have shown that participants are motivated by learning about 

themselves and the research process. Ye et al. [136] showed that personalized feedback produces higher-

quality results than monetary compensation in crowdsourced studies.  

 Efficiency Over Quality 

Using Morris et al.’s [79] legacy bias reduction principles can enhance the quality of online participants’ 

proposals. Pyryeskin et al. [99] showed that in addition to eliciting interactions from end users, 

professional designers’ input could aid in choosing the best-performing interactions for emerging 

technologies. In their case, creating a mid-air gesture set to interact with an interactive tabletop. 

Pyryeskin et al.’s findings support my view that DXD studies do not aim to displace professional 

interaction designers with cheap inexpert users; rather, designers are needed to create the final system 

informed by the users’ proposals.  

 Infrastructure 

In this dissertation, I have demonstrated the need to and benefits of building custom tools to facilitate the 

DXD process. It is out of this need that I plan to keep The CROWDDESIGN engine available online for  

as long as possible.  
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 Majority Rule 

My work in the Crowdsensus chapter improved the drawback of reaching consensus by one or two 

researchers by utilizing the wisdom of the crowd to find the interaction with the highest consensus for a 

given function in an elicitation study. As for the suitability of the most popular interaction for all potential 

users of a system, I touch on that in the Future Directions subsection of this Discussion chapter.  

5 Unlocking Creativity in DXD  

In the Related Work chapter, in the section titled Unlocking Creativity, I stated that the literature has 

not offered strong opinions to completely discard legacy bias interactions or to recommend implementing 

them in future technologies. And I believe that in some situations, a legacy interaction could be the best 

one—based on my definition of a good interaction design, in the sense that it is memorable, discoverable, 

fits its purpose and situation, and is easy to use. That said, these measures have a subjective nature to 

them; what might be the easiest interaction for one person might not be for another due to ability 

variation, preference differences, cultural differences, differences in experience or levels of education, 

and so on.  

In the Anachronism by Design chapter, I investigated the effects of the production principle on reducing 

the proposal of anachronistic icons. I found that new-concept icons were indeed discoverable. A drawback 

to using the production principle is the increased number of proposals collected, which require additional 

resources to analyze. However, this drawback can be curbed by utilizing the Crowdsensus tool to analyze 

that data efficiently.  

In the “I Am Iron Man” chapter, I investigated the effects of priming on user-elicited gestures by using 

sci-fi videos, finding that gestures elicited from participants who were primed with sci-fi videos were 

easier and faster to learn and remember than those elicited without priming. From my work, I believe that 

Morris et al.’s [79] 3P principles to reduce legacy bias should be incorporated into the proposal elicitation 

step of DXD studies.  
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6 Reflections on Designing with The World 

In this section, I offer some reflections on my work on distributed user-centered design.  

 Cloud Computing  

I am a believer in cloud computing and web-based applications due to their flexibility and low barrier to 

use. Web-based applications work across devices without the need to write additional code, cutting down 

on development resources. From the user’s standpoint, no app installation is needed. I found great 

success developing web-based applications in the past. For example, I co-invented Dytective [101] as a 

web-based game that uses machine learning to detect the risk of having dyslexia. The web approach 

proved especially beneficial in helping us reach tens of thousands of children who had access to old 

computers that had a web browser but who probably would not have been able to access a smartphone 

app. My experience with Dytective influenced my approach to building The CROWDDESIGN engine; I 

knew I needed to create a tool easily accessible by as many potential participants as possible without 

platform or device-specific restrictions.  

 Stepping Out of the Lab 

From my work, I have arrived at the conclusion that a lot of exploratory design should not be done in labs. 

We have the technology to run distributed design and evaluation studies. Distributed user-centered 

design and evaluation leads to better technologies.   

 Looking for Black Swans 

To me, the main reason to include end users in the design process of interactive systems can be summed 

up in a single concept: Black Swans. A black swan is a term used to describe unknown unknowns. In the 

context of design, these unknown unknowns cannot be accounted for by designers without the inclusion 

of actual future users of the technology who might unearth these black swans, whether they are a physical 

ability, a mental model, or a preference. I believe empathy is the starting point of inclusive design, but 

true inclusive design cannot be achieved without the inclusion of actual users in the design process.  
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 The Axe-Maker Metaphor 

As a technologist, I view my role in the world as an axe-maker. What is an axe but a technology? 

Technology, as I see it, is an artifact that augments our abilities to aid us in achieving our goals. Just like 

the axe, any technology can be utilized for good or bad. We use it to chop wood and build shelter, burn 

fire to provide warmth, or make paper to spread knowledge—perhaps the most noble of an axe’s utilities. 

There do exist axe murderers in our world. Bad agents will utilize any tool to achieve their mischievous 

goals — an axe, a knife; tools as sophisticated as a gun or primitive as a rock. We, as computing 

technologists, are fortunate to be able to instill intelligence in our creations. That can restrict the harm 

bad agents might impose with our technology. This is why it is extremely important to understand the 

users of our technologies, their values, needs, abilities and preferences, before we build our technology. 

This is to understand what harm to them might mean, and not impose our own world views and biases onto 

them with our technologies.  

7 Future Directions 

As a research topic, distributed interaction design opens numerous interesting future directions. The 

third principle of reducing legacy bias [79], partners—the practices of eliciting interactions from a pair of 

participants rather from an individual—has yet to be explored in a distributed fashion. Future work might 

look at how pairing participants from different cultural backgrounds could impact the interaction designs 

resulting from an elicitation study.  

Another research topic of interest would be the approach to analyzing the results of an elicitation study. 

The way elicitation studies work is by recommending interaction designs with the highest consensus. The 

interaction with the highest consensus is dependent on the participants in the elicitation study. The work 

I presented in this dissertation takes steps towards increasing the diversity of participants—i.e., 

geographic distribution. However, the way the elicitation method is limited fundamentally in representing 

all its participants. Perhaps future work could look into expanding the third step of DXD “create 

interaction sets” to include creating participant personas and tying the recommendations of step six 

“recommend interaction designs” to these personas. Resulting in multiple recommended sets of 
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interactions for different types of future users rather than a one-size-fits-all approach as is the status quo 

in elicitation studies.  

As for me personally, I will primarily use The CROWDDESIGN engine to collaborate on research 

projects by reaching out to my numerous contacts at universities and research labs. I will mentor students 

and provide them access to the CDE as a platform to help answer research questions, especially those 

dealing with inclusive design, accessibility, and future technologies like mixed reality, voice-based user 

interfaces, Internet of Things devices, and AI-powered applications.  

I intend to widen the reach of the DXD approach by teaching the method at workshops at academic 

conferences like the ACM’s CHI conference and industry-focused conferences like IXDA’s Interactions. 

I also intend to give guest lectures on distributed design and to design a semester-long course based on 

the DXD process to teach at universities as an adjunct lecturer.   

Finally, I will focus some of my future research efforts on investigating distributed approaches to other 

user-centered design methods besides interaction design.  
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Eleven |  Conclusion 
In this dissertation I have demonstrated the following thesis statement:  

Using a custom-built platform to conduct Distributed Interaction Design (DXD) enables: 

creating user-elicited interactions; evaluating the guessability, learnability, and 

memorability of interaction designs; and the recruitment of participants through third-

party services in a timely manner. 

As demonstrated in chapters Crowdlicit, Crowdsensus, and The CROWDDESIGN engine, custom-

built systems enabled a distributed approach to creating user-elicited interactions. These custom-built 

systems also enabled the investigation of interactions’ guessability, learnability, and memorability as 

shown in chapters Anachronism by Design, “I Am Iron Man”, and Beyond This Dissertation. All the 

chapters mentioned above demonstrated the ability to conduct elicitation and interaction evaluation 

studies online in a timely manner.  

I hope that the work in this dissertation inspires researchers to broaden their reach beyond their physical 

labs and to reach an online pool of participants to create technologies that are more guessable, learnable, 

memorable, and ultimately usable.  
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