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ABSTRACT

COMPARING MEMORABILITY OF GESTURE SETS IN AN EXTENDED REALITY

APPLICATION

In free-form gesture sets, memorability is an important yet often under-explored metric, de-

spite evidence that the usability of interfaces improves when designed with more memorable input

gestures [1]. This study examines the memorability of three free-form gesture sets in the HoloLens

2: user-defined, elicitation-defined, and expert-defined. In addition, we examine gestures selected

by the participants using common techniques from previous elicitation studies. We found that

the user-defined gesture set was the most memorable, with an 88.57% recall rate. And was sig-

nificantly more unforgettable than the expert-defined (72.73% recall) and the elicitation-defined

(59.87% recall). This study also analyzed the user-defined gestures from this experiment. Al-

though this was not an elicitation study, many of the methods commonly used in elicitation studies

were used here. This analysis found a higher agreement rate when users were primed with a single

gesture set before creating their own and a decrease in agreement when showing them two gesture

sets beforehand. Given these results, we propose that designing systems with user-defined ges-

tures will result in the most memorable sets; however, expert-defined gesture sets are also highly

memorable and may better suit application design constraints.
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Chapter 1

Introduction

Extended Reality (XR) is a promising medium that combines real and virtual environments

to create immersive experiences, encompassing technologies such as Augmented Reality (AR),

Virtual Reality (VR), and Mixed Reality (MR) [2]. XR systems, such as the Meta Quest 3 and

Apple Vision Pro Headset, have continued to provide improved hand interaction options. One

common interaction technique in research is gesture elicitation [3, 4] to derive a gesture set where

a gesture is mapped to a referent (e.g., a command or an action). For instance, a two-finger swipe

from right to left may be mapped to translate a virtual object from its current position to the

left. While other methods exist, such as semi-structured interviews [5, 6], elicitation methodology

continues to be popular.

A key question arises from these elicitation-defined sets: Are they more memorable than previ-

ously developed sets? This question was previously asked by Nacenta et al. [7] regarding author-

defined versus used-defined gestures. The user-defined gestures in Nacenta et al. [7] were defined

as gestures created by the user and recalled by the same user. While the author-defined gestures

set was created by Nacenta and colleagues [7], these gestures complied with a set of conditions

set by the authors that were outlined in the paper [7]. However, until now, no one has investigated

whether participatory design gestures, such as those collected through gesture elicitation, are more

or less memorable than other sets.

In this particular thesis, we compare three different gesture creation types. Firstly a set that

users define for themselves during the experiment (user-defined), another using gestures from an

elicitation study conducted by Zhou et al. [8] (elicitation-defined), and finally a set designed by

interviewing experts in the field (expert-defined). This thesis expands on the work done by Nacenta

et al. [7] by examining the memorability of all three gesture sets. The work is novel given that no

one has looked at this problem to answer the question about gesture elicitation and its relationship

with memorability, nor how we created the expert data set. It is also novel as this is the first
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approach in this domain problem using augmented reality (AR) head-mounted displays. To also

look at replication, we used the user-defined set as Nacenta et al. [7] used, and for the experiment,

we used the same interface and approach described by Zhou et al. [8].

Designing gesture interfaces continues to be important, and this thesis adds to the body of

science to further understand which type of gesture design (e.g., elicitation vs. expert design) may

provide greater memorability. This thesis found that a well-defined expert gesture set provided

greater recall.
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Chapter 2

Related Work

A variety of methods for constructing gesture sets for 2D and 3D applications have been pro-

posed [8–12] and compared over the years including gesture elicitation from users, expert design

of gesture sets, allowing users to invent their own gestures, semi-structured interviews [6], and

various combinations of the above methods. This study aims to explore and expand on one spe-

cific comparison point: the memorability of three specific gesture-creation methods. Usability

of interfaces improves when designed with more memorable input gestures [1]. Therefore, iden-

tifying gestures that users can quickly and easily learn and retain is crucial for developing any

gesture-based input system.

This work focused on comparing memorability across three separate gesture sets and is in-

spired by various related studies. Technical limitations in hand tracking and computer vision have

restricted free-form gestural input from the mass market except in very limited scopes in some

devices like the HoloLens, Meta Quest, and Apple Vision Pro. However, the attractive concept

of employing a user’s hands as input for computers has proved an enticing area of research for

many [9–11, 13]. Recognition also continues to advance, as evident by improvements in hand

tracking in devices such as Meta Quest 3 hand tracking and the new Ultra Leap (version 2), which

offer sensitive finger movement detection.

Gestural input, especially for 2D gestures, has been extensively studied in the field of HCI.

In his work, Zhai et al. [14] lays out a comprehensive review of possible 2D gesture interfaces

(see also [15–17]) However, to effectively use these interfaces, gestures and gesture sets must be

designed and tested. In order to design gesture sets a variety of methods have been employed

including Proton [18], gdt [19], and $N-protractor [20]. In addition to these gesture design tools,

other methods of gesture creation have been proposed such as elicitation mentioned later in this

chapter.
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Creating gesture sets alone does not necessarily guarantee user adoption or usability of the

gestures. This is emphasized by gesture sets like the Graffiti gesture set, which Morris et al. found

that users could learn in 5 minutes [21]. Wobbrock et al. aided in this by popularizing the concept

of “guessability” for gestures [22], allowing for a method to measure each gesture individually. As

mentioned later in this chapter, there have been substantial contributions to gestural input research.

While a substantial amount of research has been done in developing methods to generate and

test gesture sets, far less has been done to compare these different methods, specifically to compare

their memorability.

2.0.1 Memorability

A notable study addressing the memorability of gestures is the research conducted by Nacenta

et al. [7] serves as a foundation for this thesis. They compared two gesture sets, namely pre-

designed (gestures defined by the authors of the study) and user-defined, along with a random

gesture set used as their control group.

In their study, two authors designed each gesture in their pre-designed set based on various cri-

teria including distinguishablity from other gestures in the set and specificity of the gestures as they

related to the actions performed. User-defined gestures in this study were created by participants

during the training phase and tested the following day.

The findings showed that user-defined gestures were significantly more memorable than both

the pre-designed and randomly-defined gestures, with recall rate of 79% for user-defined gestures,

55% for pre-designed gestures, and 25% for random gestures. The study also ran a subjective

questionnaire after the experiment was completed. This found that users generally enjoyed creating

and recalling the user-defined gesture set more than the others and that they subjectively thought

it was easier to recall later. Overall, Nacenta et al. [7] found that user-defined gestures were more

memorable and enjoyable than the other gesture sets that they were compared to in their study.

Other notable research on gesture memorability includes the work by Bau et al. [23]. This

paper focused on the development of a system meant to boost the memorability and ease of learning
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gesture sets. A similar study by Nielsen et al. [1]. aimed to create more intuitive gesture interfaces.

Additionally, Jansen [24] exploreed different methods for teaching user-elicited gesture sets to

assess the memorability of these different sets. They found that 61-71% of the gestures could be

recalled, depending on the teaching style used.

Memorability of gestures has also been studied in the field of communication. Church et al. [25]

found that when watching videos of people having conversations with both gestures and speech,

the gestures were easier to recall. In addition, speech that was paired with a gesture was also easier

for participants to recall than speech with no gestures. Gao et al. [26] explored working memory

capacity or the number of gestures that participants can hold in their working memory at one time.

They found that only 2-5 gesture command associations could be held in working memory at one

time depending on conditions.

Further research by Kühnel et al. [27] focused in discovering the ability of users to recall

smart home gestures. The gestures that the users were asked to recall in this study were elicitation

gestures collected using the work by Wobbrock et al. [9]. This study also indicated in their findings

that gestures that were more frequently requested by the system and less complex tended to be

easier for participants to recall. However, they did not report on the percentage of gestures that the

users remembered.

While this is not a gesture elicitation study like the one popularized by Wobbrock et al. [3],

many of the methods used in those studies are employed in this paper. Therefore, a brief discus-

sion of work related to elicitation studies is appropriate here. One of the most popular elicitation

methodologies, as mentioned earlier, was popularized by Wobbrock et al. [3]. This work outlined

a method for collecting proposed gestures from participants to create improved gesture sets.

This study has been built off of and developed in different studies such as in Dong et al. [10]

in creating midair gesture sets for smart TVs as well as by Zhou et al. [8] in eliciting gesture and

speech interactions in AR. Various work has also been done on priming elicitation before users

invent their gestures as in the work done by Ali et al. [11]. While our study does not follow
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the same method for collecting gestures or focus specifically on the collected gestures a post-hoc

analysis of the gestures chosen by the participants was run.

This thesis focuses on comparing the memorability of three different gesture sets, elicitation-

defined, user-defined, and expert-defined. To goal is to further our understanding of user interface

adoption and usage.
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Chapter 3

Methodology

In this study, we employed a Wizard of Oz (WoZ) methodology, where the experimenter manu-

ally executed certain actions while allowing participants to believe that the system was responding

automatically to their inputs. In the context of our experiment, participants were shown a com-

mand to execute, such as “move left,” which is referred to as a referent. The participant then

provided a gesture input corresponding to that referent. Behind the scenes, the experimenter trig-

gered the recognition of that input. For example, when a participant performed a gesture to move

a virtual object to the left, the experimenter would observe the gesture and then trigger the object’s

movement by pressing a key on the keyboard.

3.1 Participants

A total of 35 participants were recruited to achieve an effect size of 0.5. Participants were

gathered from a variety of sources including CSU mailing lists, NuiLab mailing lists, as well as

word of mouth. The participants included 17 female and 18 male with ages ranging from 20 to 60

years (Mean=25.89, SD=6.73).

3.2 Apparatus

A Microsoft HoloLens 2 was used to replicate the environment from Zhou et al.’s study [8],

which serves as the foundation for this study. Their elicitation gesture set is also used in our exper-

iment. The Microsoft HoloLens 2 is running version 22621. The AR environment was developed

using Unity Engine 1 version 2019.f.4.F1 and the Microsoft Mixed Reality Toolkit (MRTK) 2 ver-

sion 2.4.0. The computer used for development was running Windows 11 Pro 64-bit, equipped

1https://unity.com/

2https://github.com/microsoft/MixedRealityToolkit-Unity
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Figure 3.1: Picture of the experiment setup from the GoPro with one of the researchers in the subject

position (closest to the camera) and experimenter (farthest from the camera) in the frame.

with an Intel Core i9 9880H processor at 2.30GHz, 64GB of memory, and a 4095MB NVIDIA

Quadro RTX 5000 graphics card.

During the experiment, the Microsoft HoloLens 2 was connected to a Bluetooth number pad,

allowing the experimenter to trigger the different states (and their animations) of the experiment.

All video and audio of the participants’ gestures were recorded using a GoPro Hero7 Black camera

version 1.90.

3.3 Design

The study employed a within-subjects design, meaning each participant experienced all the

different conditions of the experiment. The independent variable being tested was the type of

the gesture set (Elicitation-Defined (ED), User-Defined (UD), and Expert-Defined(XD)). Between

each condition, participants took a five-minute break to draw. The purpose of these short breaks

was to prevent participants from rehearsing the gestures they had learned. Any distracting task
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Table 3.1: Latin square for determining the order of gestures each participant was presented with. Gesture

sets labeled as elicitation-defined (ED) user-defined (UD) and expert-defined (XD).

Group Block 1 Block 2 Block 3

Group 1 ED UD XD

Group 2 XD ED UD

Group 3 UD XD ED

could work, but it was important that the interim task wasn’t too similar to the gesture-learning task

to avoid interference [28]. The conditions were counter-balanced using Latin squares (Table 3.1).

The dependent variable was the number of correctly recalled gestures for each gesture set (ED,

UD, XD).

3.3.1 Gesture Sets

The study aimed to determine whether participants could better memorize and retain gesture

sets that are defined by an expert (XD: expert-defined), an individual user (UD: user-defined), or

gesture sets that are defined by a group of users in an elicitation study (ED: elicitation-defined).

Each gesture set was compiled as follows:

Elicitation-Defined Gestures

The ED gestures chosen for this study were taken with permission from an elicitation study

by Zhou et al. [8]. UD and XD gesture sets created for this study were also modeled around the

referents defined in this paper. For each referent, the “winning gestur” as defined in the paper as

the gesture with the highest agreement rate, was used as the gesture for the final elicitation gesture

set. In the case of multiple winning gestures, the gesture that best fit the gesture set as a whole was

selected, and this selection process was completed by the researchers.

Expert-Defined Gestures

For the XD gesture set, expert interviews were conducted to construct a gesture set based on

the gestures selected by experts in the field. Interviews were conducted with four experts, during

which time each referent and animation was presented to the expert who was prompted to give their
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idea of the best-fitting gesture for that specific referent. After compiling a list of gestures from each

participant, a single gesture was selected for each referent from the provided options. The gestures

in this set were selected from the pool of possible recommended expert gestures based upon the

cohesion that it had with the rest of the gesture set.

To evaluate potential experts, their backgrounds were assessed, and they were asked to provide

their Google Scholar. Experts were also required to discuss their experience with gestures and

interaction techniques, including details about relevant research and published papers.

User-Defined Gestures

The final gesture set for this study was the UD gesture set. This set was defined during the

experiment by the participant. During each training scene described in Section 3.4, participants

were asked to record a gesture they thought best fit the referent, instead of watching a training

video as done for the XD and ED sets. After the gesture was recorded they were asked to repeat

the gesture in the following scene which constituted their training on that gesture.

Each gesture set was unique to the particular participant. After the completion of the experi-

ment, the gestureschosen by the participants where cataloged and analyzed using various methods

discussed in section 4.

3.3.2 Within Subjects Study

As this experiment used a within-subjects design, each participant’s session was divided into

different blocks for training, reinforcement, and testing for each individual gesture set. In between

each of these blocks, the participant was asked to draw their favorite animal for five minutes.

Each block took the form of training and reinforcement of one of the gesture types during a single

session, and then testing in the second block followed by the training and reinforcement of the next

gesture type. This breakdown of the schedule of the blocks can be seen in Table 3.2.

The order of the gesture sets was also counterbalanced to avoid a bias towards any particular

order in which the gesture sets were introduced. The counterbalancing method used was a Latin

10



Table 3.2: Outline of the block schedule followed when administering the experiment for group 1. Gesture

sets labeled as elicitation-defined (ED) user-defined (UD) and expert-defined (XD).

Block Number Contents

Block 1 EDtrain, EDreinforce

Drawing 5 minute drawing session

Block 2 EDtest, UDtrain, UDreinforce

Drawing 5 minute drawing session

Block 3 UDtest, XDtrain, XDreinforce

Drawing 5 minute drawing session

Block 4 XDtest

square where each participant was placed into one of three groups based on their participant ID

number. These groups can be seen in Table 3.1.

3.3.3 Data Analysis

The collection of data consisted of recording the participants as they were trained and tested

on the various gesture sets. This video was recorded on a GoPro beginning immediately after

the participant consented to the experiment and ending after the final test was completed by the

participant.

Analysis of the video data collected in this experiment consisted of the researcher watching

each of the participant videos and manually verifying the correctness of each gesture. More dis-

cussion of the specific method of analysis can be found in the appendix section C. During the first

pass, the testing portions of the videos were scrubbed through, and each gesture was marked with

either a one or a zero, denoting whether the participant had correctly or incorrectly recalled the

gesture that they were being prompted for. On the second pass through the video, the experimenter

marked each gesture in the testing portion as either correct, partially correct, or incorrect allowing

for a more fine-grained analysis of the performed gestures.

All gestures in both the ED and XD gesture sets were verified by reviewing the videos that were

provided to the participant and assessing their interpretation of that gesture. This was determined

by how the participant repeated the gesture in the reinforcement scene immediately after watching

the video. This approach was necessary because some participants performed gestures that, when

11



Table 3.3: Referents and Their Matching Gestures for each Gesture creation type

Referent Elicitation-Defined Expert-Defined
Most Common

User-Defined

Create Cube

Create Two Cubes

Destroy Cube

Destroy Both Cubes

Select Cube

Select Both Cubes

Enlarge Cube

12



Table 3.4: Referents and Their Matching Gestures for each Gesture creation type

Referent Elicitation-Defined Expert-Defined
Most Common

User-Defined

Enlarge Both Cubes

Shrink Cube

Shrink Both Cubes

Move Cube

Towards Yourself

Move Cube Away

Move Cube Up

13



Table 3.5: Referents and Their Matching Gestures for each Gesture creation type

Referent Elicitation-Defined Expert-Defined
Most Common

User-Defined

Move Cube Down

Move Cube Left

Move Cube Right

Spin Cube Clockwise

Spin Cube

Counterclockwise

Rotate Cube Up
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Table 3.6: Referents and Their Matching Gestures for each gesture creation type for each gesture creation

type

Referent Elicitation-Defined Expert-Defined
Most Common

User-Defined

Rotate Cube Down

Roll Cube Clockwise

Roll Cube

Counterclockwise

15



compared to the provided videos, could potentially be identified as incorrect. However, they were

identical to how they had repeated the gesture in the earlier reinforcement scene. These gestures

were marked as correct as the participant had correctly recalled the gesture as they interpreted it,

even though it may have been incorrect compared to the initial tutorial video that was shown.

Finally, the user-defined gestures were verified by observing the video of the participant record-

ing the gesture alongside the video in which they tested the gesture.

It is worth noting that during the process of verifying the correctness of gesture responses from

participants in the testing, there were many cases in which a gesture repeated by the participant

was somewhat ambiguous as to its correctness. In all such cases, to stay consistent in the data

verification, these gestures were marked as correct as opposed to incorrect on the first pass. This

ambiguity was then corrected in the second pass through the data.

3.4 Procedure

During each experiment, participants were welcomed into the room, asked to sit at a desk, and

read the verbal consent form. Participants were seated at a desk looking at a blank wall to improve

visibility in the HoloLens 2 headset. The experimenter was seated behind and to the left of the

participant as can be seen in Figure 3.1.

After the participant provided verbal consent, the experimenter started the recording and in-

structed the participant to put on and adjust the HoloLens 2 headset. The Participant then com-

pleted the built-in eye adjustment tutorial for the HoloLens, after which the experimenter entered

the participant ID number into the application.

Participants were then guided to the initial instruction scene, where they were asked to read

aloud the written instructions. This helped the experimenter which set of gestures the participant

would start with and clarified any potential confusion. Participants also had the opportunity to ask

questions before the training period began. The application then guided them through a series of

scenes designed to teach and reinforce one of three gesture sets.
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Figure 3.2: Participant view of the application during the “destroy cube” test scene.

The first scene involved a test in which participants were asked to perform gestures to manipu-

late a simple virtual object, such as a 3D block. These manipulations included common tasks like

translation, rotation (along the x, y, z axes), creation, and destruction of objects.

The learned gesture set was then reinforced in the next scene, where the participant was pre-

sented with the same referent as the previous scene along with a cube on which they were asked to

perform the gesture. Following this pattern, each gesture that the participant had learned was im-

mediately reinforced in the following scene. This reinforcement consisted of having the participant

repeat the gesture on the shape that they were interacting with.

After completing the training and reinforcement scenes, participants encountered a stop scene,

which signaled them to inform the experimenter that they had reached the scene. Participants were

then asked to remove their headset, place it to the side, and take drawing materials located to their

left. They were instructed to draw for five minutes based on a given prompt.

An alarm signaled the end of the five minutes, and participants were asked to put the headset

back on. They confirmed whether they were still on the stop scene, and the experimenter tran-

sitioned to the next instruction scene. In this scene, participants were informed that they would

be tested on the gestures they had learned and were asked to read these instructions aloud. Any

questions were addressed before the testing scenes began.

17



Testing consisted of replaying the reinforcement scenes, which included the referent (e.g.,

“Create Cube”) and the shape on which they were asked to perform the gesture. The “destroy

cube” view of this scene can be seen in Figure 3.2.

After completing the testing, participants were automatically transitioned to the next training

and reinforcement scenes for the next gesture set. This cycle repeated until all three gesture sets

were trained, reinforced, and tested. This cycle is illustrated in Table 3.2 and in Table 3.1.
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Chapter 4

Results

To evaluate the memorability of three gesture sets, we compared the average percentage of cor-

rect recall across the three conditions. Figure 4.1 shows the recall performance across UD, ED, and

XD gesture sets. During testing, participants correctly recalled 88% (Mean=88.57, SD=11.79) of

user-defined, 59% (Mean=59.87, SD=14.31) of elicitation-defined and 72% (Mean=72.73, SD=17.71)

of expert-defined gestures. A detailed analysis of the memorability of each referent within each

gesture group can be found in Figure 4.4. Notably, there is a 22.22% increase in memorability rate

of user-defined gestures over expert-defined gestures and a 49.15% increase in memorability of

user-defined gestures over elicitation-defined gestures. Additionally, expert-defined gestures had a

22.03% higher memorability rate over elicitation-defined gestures.

To examine the relationship between gesture type and the average percentage of correctly re-

called gestures, a repeated measure ANOVA was conducted. The analysis revealed a significant

effect of gesture type on recall performance (F2,68 = 41.89, p < 0.001). Post hoc analysis using

Tukey’s Test with Bonferroni Correction demonstrated a significant effect between all three con-

ditions. Specifically, there was a large effect size between UD and ED (d = 1.548, p < 0.001),

Figure 4.1: Average percent of gestures correctly recalled per gesture type with standard error.
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Figure 4.2: Average percent correct per gesture across gesture types

a medium effect size between UD and XD (d = 0.745, p < 0.001), and a medium effect size

between ED and XD (d = −0.565, p < 0.012).

In the second pass through the testing video data, gestures were binned into correct, partially

correct, and incorrect. The results of the data collected can be seen in Figure 4.3. This analysis

showed that 86.49% of user-defined, 51.95% of elicitation-defined, and 67.4% of expert-defined

gestures were correctly recalled during testing. This difference is because some gestures marked as

correct and incorrect in the previous analysis were more accurately categorized as partially correct

with the new metric.

This second pass was also analyzed using a repeated measures ANOVA test. To run the anal-

ysis, it was necessary to get the percentage of the correct gestures for each gesture type for each

participant, to accomplish this, we considered all partially correct gestures as correct. Therefore,

this second pass ANOVA test functions as a more relaxed analysis of the gestures with all par-

tially correct gestures being categorized as correct. The results showed a significant effect of the

conditions ((F2,68 = 36.96, p < 0.001). Post hoc analysis using Tukey’s Test with Bonferroni

Correction demonstrated a significant difference between all three conditions. A large effect was
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Figure 4.3: Average percent correct, partially correct, and incorrect per gesture type

observed (d = 1.551) between UD and ED (d = 1.551, p < 0.001). A medium effect was observed

between UD and XD (d = 0.693, p < 0.002), and between ED and XD (d = −0.67, p < 0.002).

The analysis reveled a significant effect of the conditions (F2,68 = 36.96, p < 0.001). Pairwise

comparisons of the gesture types confirmed this, with significance observed for each comparison

(p < 0.002). Specifically, the Comparison of the gesture type rendered the following, UD and ED

had (F2,68 = 22.99, p < 0.001), UD and XD had (F2,68 = 11.43, p < 0.002), and XD and ED had

(F2,68 = 11.56, p < 0.002).

The memorability of each gesture across all gesture sets can be observed in Figure 4.2, using the

correct and incorrect data. For a more detailed view of each of gesture type and the corresponding

memorability of their gestures, see Figure 4.4.

4.1 User-Defined Gesture Comparisons

During the user-defined gesture phase of the experiment, each participant was asked to create

their own gestures for twenty-two referents. These referents were displayed as text that partici-
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(a) Elicitation-Defined

(b) User-Defined

(c) Expert-Defined

Figure 4.4: Average memorability of each gesture referent inside each gesture group

22



pants read before creating their gestures. As this approach is one of the methods for designing

an elicitation study [8], all of the gestures proposed by users during the user-defined phase were

collected and analyzed according to the principles of an elicitation study.

AR(r) =

∑

Pi⊆P

(

|Pi|
2

)

(

|P |
2

) (4.1)

The agreement rate (AR ) was used to measure consensus among gestures proposed by the

participants for a given referent [29], as defined in Equation 4.1. For a sample size of (35), an

agreement rate above .3 is considered high, whereas an agreement rate below .1 would be regarded

as low. If the agreement rate for a particular gesture is .3 or higher, then the majority of the

participants selected the same gesture and vice versa. In order to calculate this metric, we used

the AGATe 2.0 tool (AGreement Analysis Toolkit)3 to aid in our statistical analysis. For a more

in-depth explanation of elicitation studies and their analysis, refer to Williams et al. [4].

The agreement rates for each gesture referent are shown in Figure 4.6. Overall, the agreement

rate for all of the gestures that were selected by the participants was AR =.216, indicating a

medium level of consensus. The breakdown of agreement for each gesture across all participants

is presented in Figure 4.5. Participants were randomly assigned to different groups, as discussed

in the chapter 3, which altered the order in which the gesture sets were presented. Each group’s

agreement rate was analyzed, and the results are summarized in Table 4.6.

3Available athttp://depts.washington.edu/acelab/proj/dollar/agate.html
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Figure 4.5: Agreement rates for all referents graphed with confidence intervals.

Figure 4.6: Overall agreement rates for all groups along with separate agreement rates for each group of

participants
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Chapter 5

Discussion & Future Work

5.1 Discussion

This study found that user-defined gestures were significantly more memorable than both elici-

tation and expert-defined gestures. This result supports the finding in the work by Nacenta et al. [7]

that user-defined gestures are more easily remembered. However, the study also revealed that ges-

ture sets defined by experts were more memorable than anticipated compared to those collected

from participants using the elicitation methodology. Expert-defined gestures were only 22.22%

less memorable than user-defined gestures, whereas Nacenta et al. reported that user-defined ges-

tures were 24% more memorable than their pre-designed gesture set.

This result suggests that although user-defined gestures are significantly more memorable than

expert-defined gestures and may require slightly more training at the outset, they still have a high

rate of memorability. Therefore, this study suggests that in applications where user-defined ges-

tures are not tenable, expert-defined gestures can be implemented with only a 22.22% reduction in

memorability.

As discussed in Chapter 3, participants were assigned to different groups to randomize the

order in which they were presented with the three gesture sets. This order can be seen in Table 3.1.

Figure 5.1 displays the percentage of gestures correctly recalled and organized into these groups.

As expected, memorability is higher for the first gesture set that presented to users. For example, in

group 3 (UD -> XD -> ED), the UD gesture has the highest memorability score among all groups,

with 90.91% of gestures correctly recalled. Conversely, this group had the lowest score for ED,

with a recall rate of 51.24%.
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Figure 5.1: Percent correct, partially correct, and incorrect organized by group and gesture type

5.1.1 User-Defined Gesture Discussion

While the user-defined gestures were not considered to be an elicitation study, a more detailed

look at the agreement rate for each referent is provided in Figure 4.5 to highlight similarities and

differences with other studies. This figure shows a much higher agreement rate for the “select

cube” referent AR =.834 because most participants choose to point at the cube with their index

finger, which is expected and aligned with previous studies (e.g., [8, 30]). In contrrast, a gesture

like “Spin Cube left” has a much lower agreement rate AR =.096, indicating that the participants

created a more varied set of gestures for the referent.

5.2 Limitations of the Study and Future Work

This experiment aimed to evaluate the memorability of three gesture sets in an augmented real-

ity environment. The referents and UD gestures used in this study were adopted from the elicitation

study by Zhou et al. [8] and intended to be a sampling of gestures that would be useful in general

augmented reality tasks. While these referents and gestures succeed in their generalizability, they

are not application-specific, and thus may not fully reflect daily user experience with an AR device.

One potential future study that could be conducted is comparing user-defined and expert-

defined gestures in a specific AR application. This approach may benefit the experts by allowing
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them to design a gesture set tailored to a particular application, rather than using the generalized

gestures created for this stud.

While this experiment included elicitation-defined gestures as one of the three gesture sets,

there are various methods and approaches that can potentially be used to gather an elicitation

gesture set, and the one that was used in this study is only one of them. For example, Rodriguez

et al. used a semi-structured interview with artists for VR sketching [5]. In the future, it could

be valuable to compare the memorability of different elicitation-defined gesture sets. In addition,

understanding how gestures transfer to specific application and investigating other metrics beyond

memorability would be important areas for future research.
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Chapter 6

Conclusion

Gestural input has the potential to become one of the primary ways that we interact with tech-

nology in the future. However, to achieve widespread adoption, it is crucial to lower the barrier

to entry for these gesture sets, with an increase in memorability being a key component. This

study has found that user-defined gestures have the highest percentage of recalled gestures, with

an 88.5% recall rate.

Interestingly, this study also found that expert-defined gestures had a higher-than-expected

average recall at 72.73%. Using this data we can recommend that when designing gesture sets

for applications, developers will increase memorability and usability by allowing users to create

their own gestures. However, if the application context does not allow for user-defined gestures,

expert-defined gestures can be created with only a 22.22% decrease in memorability.

In conclusion, developers should prioritize user-defined gestural input wherever possible to

maximize the memorability of gestural input systems. However, when application constraints pre-

vent their use, well-developed expert-defined gestures can still achieve high levels of memorability,

facilitating higher user adoption. Utilizing both gesture-creation methods can help ensure higher

memorability and user acceptance of gesture-based input in future technologies.
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Appendix A

A look at the Winning gestures of used-defined

gestures in this experiment and the ones by Zhou et

al.

Table A.1 shows the winning gestures of both studies. The one on the left is the winning used-

defined gestures for this thesis study, and the column on the right is the one by Zhou et al. [8].

While comparison among elicitation studies are not valid (see reasons in [4]), this provides a look

at how the gestures do repeat in many cases when using a replication of the elicitation study. It is

also important to note that the used-defined gestures cannot be considered an elicitation study as

the objective and methodology differ from a traditional elicitation technique.
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Table A.1: Referents and Their Winning Gestures between this study used-defined, and Zhou et al. [8] study

Referent

Most Popular

User-Defined

Current Study

Most Popular

Elicited

Zhou et al.

Create Cube

Create Two Cubes

Destroy Cube

Destroy Both Cubes

Select Cube

Select Both Cubes

Enlarge Cube
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Table A.2: Referents and Their Winning Gestures between this study used-defined, and Zhou et al. [8] study

Referent

Winning Gesture

User-Defined

Current Study

Winning Gesture

Elicited

Zhou et al.

Enlarge Both Cubes

Shrink Cube

Shrink Both Cubes

Move Cube

Towards Yourself

Move Cube Away

Move Cube Up

Move Cube Down
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Table A.3: Referents and Their Winning Gestures between this study used-defined, and Zhou et al. [8] study

Referent

Most Popular

User-Defined

Current Study

Most Popular

Elicited

Zhou et al.

Move Cube Left

Move Cube Right

Spin Cube Clockwise

Spin Cube

Counterclockwise

Rotate Cube Up

Rotate Cube Down

Roll Cube Clockwise
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Table A.4: Referents and Their Winning Gestures between this study used-defined, and Zhou et al. [8] study

Referent

Most Popular

User-Defined

Current Study

Most Popular

Elicited

Zhou et al.

Roll Cube

Counterclockwise
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Appendix B

Demographic survey sent to participants after

completion of the study.
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1.

Demographic

2.

Mark only one oval.

Other:

Male

Female

Nonbinary

Prefer not to say

3.

Demographic Questionnaire
Thank you for participating in this study.  If you have any question, please contact the PI 
at fortega@colostate.edu. 

* Indicates required question

Token ID  *
Token IDs are positive integers ranging from 1 to 35 that you received in your email.

Please select your gender *

Please select you age *

7/2/24, 10:07 AM Demographic Questionnaire
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4.

Mark only one oval.

Other:

American Indian or Alaska Native

Asian

Black or African American

Native Hawaiian or Other Paci�c Islander

White

Hispanic or Latino

5.

6.

AR/VR Background

7.

Mark only one oval.

Other:

Yes

No

Don't know

Please select your ethnicity *

Current academic standing (if applicable): *

What is your major (if applicable)? *

  Have you ever used a virtual reality headset?    *

7/2/24, 10:07 AM Demographic Questionnaire
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8.

Mark only one oval.

Never

Rarely (2-3 times a year)

Sometimes (once every 2-3 months)

Often (1-2 times a month)

Weekly (1-3 times week)

Daily (4-7 times a week)

9.

Other:

Check all that apply.

Earphone with Microphone
Headset (e.g. Oculus quest, Sony PlayStation, etc..)
Hand Controllers/Joystick for VR
Keyboard
Monitor
Haptic Gloves
VR Pen
None of the above

10.

Mark only one oval.

Yes

No

Don't know

  How often do you use Virtual Reality?   *

What devices or accessories have you used with Virtual Reality? Select all that
apply  

Have you ever used an Augmented Reality headset?  *

7/2/24, 10:07 AM Demographic Questionnaire
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11.

Mark only one oval.

Never

Rarely (2-3 times a year)

Sometimes (once every 2-3 months)

Often (1-2 times a month)

O Weekly (1-3 times week)

Daily (4-7 times a week)

12.

Other:

Check all that apply.

Earphone with Microphone
Headset (e.g. HoloLens 2 etc..)
Smart Glasses (e.g. Google glasses etc..)
Keyboard
Monitor
Haptic Gloves
Hand Controllers/Joystick for AR
None of the above

13.

14.

  How often do you use Augmented Reality?   *

  What devices or accessories have you used with Augmented Reality? Select all
that apply  

*

For how long have you been involved in XR research or developing XR
applications? (if applicable)

*

Indicate the average number of hours per week you spend using computers – these
include tablets, desktop computers, laptops, and phones (personal and work
combined):  

7/2/24, 10:07 AM Demographic Questionnaire
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15.

This content is neither created nor endorsed by Google.

Anything else you would like to share with us

 Forms

7/2/24, 10:07 AM Demographic Questionnaire
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Appendix C

Discussion of strict and relaxed participant video

data analysis

During the analysis of the video data during this thesis, two separate passes through the data

were completed. The first of which was a more strict analysis in which the researcher assigned

a value of one to a correct gesture and zero to an incorrect gesture. The second pass through the

data was a more relaxed approach categorizing its gesture as correct partially correct or incorrect.

Examples of these categorizations can be found below.

C.1 Strict Analysis

During the strict analysis of the participant videos the researcher observed recordings of the

reinforcement of the gesture alongside videos of the testing portion. This side-by-side analysis

allowed the researcher to examine the correctness of each gesture as compared to the first time that

the participant performed the gesture.

This method of comparison was used because some participants during the reinforcement por-

tion immediately following the instruction video performed the gesture slightly incorrectly. If this

slightly incorrect gesture was then repeated during the testing portion it was considered correct. In

addition, if the gesture was initially repeated slightly incorrectly but was then corrected during the

testing portion the gesture was also considered correct.

Barring the two exceptions listed above all other gestures were only considered correct if the

participant performed the exact gesture from the training and reinforcement section during this

analysis.
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C.2 Relaxed Analysis

During the more relaxed analysis of the gestures, the researcher observed the reinforcement and

testing portions of the videos side-by-side following the example set in the strict analysis section.

During the gesture verification section, the researcher categorized gestures into one of three

categories based on the following factors. Correct gestures were verified following the same cri-

teria as in the strict analysis. Incorrect gestures followed the same example as correct gestures in

following the same criteria as in the strict analysis.

Partially correct gestures, however, were pulled from the preceding analysis’s correct and in-

correct gestures. These gestures were considered partially correct if they followed a similar pattern

to the gesture that was supposed to be performed but was not precisely the same gesture. For ex-

ample, if the participant was asked to perform a gesture where they were asked to pinch and rotate

a cube using only their pointer finger and thumb, keeping the remaining fingers clenched to their

palm. However, instead, they performed a pinch gesture with their thumb and remaining fingers

in a claw shape, this would be considered partially correct. This was due to the participant cor-

rectly remembering some component of the gesture, namely the pinch while forgetting the exact

performance of the gesture.

This analysis on both accounts is somewhat subjective and the researcher performing the anal-

ysis was not blind to the condition. Future work could be done to analyze this data using more

graders and machine learning techniques. As well as having the graders be blind to the condition

of the gesture they were grading.
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