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ABSTRACT
One-handed interactions on smartphone interfaces offer a prominent feature of highly
mobile inputs. Thus, the design factor of user reachability is essential to realizing the
incentive. However, the sole consideration of physical characteristics, such as hand
size and thumb length, does not fully reflect the users’ perceived choices of hand
poses and the corresponding inertia. We first conducted a 6-week questionnaire-
based study of UI rating tasks and collected 62,156 responses reflecting user pref-
erences for 3,000 clustered UIs. Our analysis of the responses shows that user per-
ceptions of smartphone UI components are divergent from their physical ability of
thumb reaches; e.g., they can reach an icon with a thumb reach, but they prefer
alternative hand poses. Accordingly, we propose a machine learning model, i.e., XG-
Boost, to predict the user’s choices of hand poses, with a reasonable prediction ac-
curacy of 64% that can be regarded as a practical preliminary evaluation tool. With
illustrative examples, our model can offer auxiliary information in the assessment of
perceived user reachability with one-handed interaction on smartphone interfaces,
which paves a path towards a computational understanding of UI designs, and such
findings can be further extended to 2D UIs in 3D worlds.

KEYWORDS
Mobile UIs, one-handed interaction, machine learning, reachability, cognitive
ergonomics.

1. Introduction

People with smartphones not only view the content on the touchscreen, but also pro-
vide inputs with such content that are regarded as clickable items (e.g., icons). One-
handed interaction, ideally, brings convenience to people who can leverage their smart-
phones to connect to the Internet. They accomplish their jobs with one hand when
standing, walking, or even riding in a taxi, leaving the other hand available for other
activities. One-handed interaction with clickable items on smartphone UIs, according
to the WIMP paradigm (i.e., Window, Menu, Icon, Pointer), allows users to preserve
a free hand for other tasks in-the-wild (Lee et al., 2019). For instance, the free hand
can interact with other people during social interaction (e.g., handshaking) or grasp
objects (e.g., an umbrella on rainy days). Therefore, a well-known mobile UI designer,
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Figure 1. Similar UIs in the K-Means Clustered Groups (a) convert into vectors, by collecting user preferences
on UIs via clustered interfaces (b). Under the premise of one-handed interaction, our model (c) can evaluate

the likelihood of highly mobile interaction with the target UIs, according to the predicted hand poses (d).

Steven Hoober, has coined the term “The Thumb Zone”, which describes the most
accessible areas (natural, stretch, and unreachable) for one-handed thumb operations
on smartphone touchscreens (Hoober & Berkman, 2011). The difficulties of accessing
certain icons, menus, and windows, lead to different hand poses, e.g., a stretch hand
pose to reach an item on the top edge of a smartphone. Accordingly, UI designers
follow the principle and keep important clickable items within the thumb zone (i.e.,
natural and stretch hand poses). Generally, the principle is to keep frequently used
items in easy-to-reach areas, while the infrequently used items are located outside
the thumb zone (i.e., unreachable). However, allocating all clickable items within the
thumb reach is challenging, under the premise that the users maintain a firm grip
on their smartphones (Tsai, Huang, Hsieh, Huang, & Hung, 2016) (Kim, Yu, & Lee,
2012). To alleviate the issue, this paper aims to explore a computational approach en-
couraging one-handed interaction on smartphones by considering the user’s preferred
hand poses.

Accordingly, the research community employs linear models, e.g., Fitts’s Law (Bi,
Li, & Zhai, 2013a), to construct relationships between the user touch performance and
the clickable items on UI layouts. Fitts’s law is a predictive model of human motion
that anticipates duration for swiftly relocating to a designated place. Fitt’s Law also
describes the touch accuracy of the user’s thumb on a small-size touchscreen (Boring et
al., 2012). Statistical models also serve similar purposes, in which users’ touches on UI
components on smartphone layouts are converted into 2D distributions of touch points
and, hence, predictive touch areas of user inputs. Meanwhile, existing studies primarily
attempt to convert the ergonomic means (e.g., thumb length and grip size) into the ease
of touch inputs on smartphones of varying sizes (Larsen, Jacobsen, Boring, Bergström,
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& Pohl, 2019; Prange, Buschek, & Alt, 2018). Similarly, a prior study converted the
hand grips and finger lengths into a parabola curve that represents the aforementioned
“The Thumb Zone” (Bergstrom-Lehtovirta & Oulasvirta, 2014).

The above approaches can robustly estimate based on smartphone layouts and users’
ergonomic factors. However, they are insufficient to explain the user’s mental mod-
els, which are complicated and fuzzy. The user perception of smartphone layouts,
i.e., the user’s mental model1, is hardly modelled by those linear and statistical mod-
els as mentioned earlier (Li, Kumar, Lasecki, & Hilliges, 2020). In brief, the mental
model refers to understanding someone’s cognitive process that plans how something
works in the real world. In the context of this paper, mental models refer to the user
perception of smartphone layouts when the planning in one’s mind goes before the
touch actions. Meanwhile, the recent approaches leveraging data analytics and ma-
chine learning demonstrate reasonable predictive powers for users’ mental models of
smartphones layouts, such as user perceptions on animations, aesthetics, and discover-
ability of UI components (Deka, Huang, Franzen, Nichols, et al., 2017; Miniukovich &
De Angeli, 2015; Swearngin & Li, 2019a; Wu, Jiang, Liu, & Ma, 2020). Nevertheless,
the user perception of an array of clickable items in UIs (equivalently, UI component
layouts) on whether a particular hand pose is suitable to the current UIs, i.e., cognitive
means of UI reachability on smartphone layouts, requires additional explorations with
alternative assessment approaches.

This paper begins with an exploratory study revealing the discrepancy between
physical factors, by defining an ergonomic metric of Thumb Reachability Scores (TRS)
for one-handed interaction, and cognitive means (e.g., user’s perception of UI compo-
nents in UI layouts). According to the 25,884 collected user choices on UIs (Section 4.2),
no less than 50% of responses deviate from the ergonomic metric of TRS, indicating
that the physical means of UI reachability, on the basis of TRS, are not the absolute
answer. Additionally, a separate collection of 30,261 user preferences regarding hand
positions reveals that people have a preference for two-handed engagement rather
than one-handed interaction when it comes to high TRS user interfaces (Section 4.3).
A follow-up study of pose preference across 6,011 sequential UIs (Section 4.4) shows
the user’s pose inertia (for example, using the same hand poses in different UIs) and
their tendency to stick to their two favourite poses while interacting with a series of
UIs. The above disagreements between ergonomic factors and cognitive means show
the necessity of evaluating UI components in UI layouts (i.e., an array of clickable
items in UIs) based on the users’ perceived choices of hand poses. By leveraging the
62,156 user responses collected from UI rating tasks, we confirmed that the perceived
choices primarily rely on individual UIs, instead of sequential UIs. Accordingly, we
extracted 21 features, on the basis of UI components, and built up a machine learn-
ing model using XGBoost – XGB (T. Chen & Guestrin, 2016). Our collected user
responses, demonstrated by XGB, enable the hand choice assessments, and inform the
UI designers about the likelihood of one-handed interaction with mobile UIs.

The primary contribution of the paper is three-fold. First, we study the user pref-
erence for three hand poses (one-handed and one-thumb, two-handed and two-thumb,
and two-handed and one-thumb) on smartphone UIs. On the basis of 62,156 responses
among 3,000+ clusters of similar UIs (31,948 UIs in total), our analytics sheds light
on UI reachability from the cognitive perspective of UI component layouts, on top of
physical characteristics, albeit only three hand poses (Kirhenstein, 2019) are consid-
ered. Second, the discrepancy between physical and perceived choices of hand poses

1https://www.nngroup.com/articles/mental-models/

3



reveals aspects related to mental models of hand pose choices. Accordingly, our pro-
posed XGB-based predictive model illustrates the potential of indicating the perceived
choices of hand poses: either one-handed or two-handed interactions. The model con-
siders 21 extracted features, and achieves a reasonable prediction accuracy (F1 score
= 0.64) for individual UIs. Third, our data analytics and XGB model not only serve
as a groundwork for UI auditing of user convenience with one-handed interaction,
and allow UI designers to become more knowledgeable about whether the users will
maintain one-handed interaction with the newly designed UIs.

The structure of the paper is as follows: Section 2 presents the interaction design
of one-handed operations and the existing works on AI-assisted interface auditing.
Section 3 explains our data collection pipelines and the details of three UI rating
tasks. Next, Section 4 provided in-depth data analytics of the collected data, as the
justification for modelling hand poses and pose changes based on the user perception.
Accordingly, Section 5 describes feature extraction and establishes machine learning
models. Finally, Section 6 discusses the results of model performance, and its implica-
tions for the existing knowledge of UI reachability.

2. Related Work

This section discusses the importance of user mobility on smartphone interfaces, and
the existing solutions addressing the reachability of icons and menus on smartphone
interfaces with one-handed and one-thumb operations.

2.1. Interaction Techniques for One-handed and one-thumb operations

The existing literature primarily considers one-handed and one-thumb operations as
the preferred options for interacting with target icons and menus on smartphone in-
terfaces with high levels of user mobility, where another hand is reserved for other
tasks in the physical environment, such as holding a handrail or working tools (Lee et
al., 2020). Some icons and menus at the hard-to-reach (Tsai et al., 2016) and unreach-
able (Kim et al., 2012) positions enforce the user to switch into two-handed operations
by scarifying the user mobility. To reserve one-handed operations, commercial solu-
tions, e.g., Apple’s iPhones, shift the upper half of the user interfaces down to the
lower half after double-tapping the home button.

Moreover, various research prototypes enable users to reach targets (e.g., icons and
menus (Lai & Zhang, 2015)) on smartphones with the convenience of one-handed
and one-thumb operations (Yu, Huang, Hsu, & Hung, 2013), considering multitudi-
nous input modalities, e.g., detecting head movements by a smartphone rear cam-
era (Voelker, Hueber, Corsten, & Remy, 2020), exerting touches (Boring et al., 2012)
or press (Corsten, Lahaye, Borchers, & Voelker, 2019; Suzuki, Sakamoto, Sakamoto,
& Ono, 2018) on touchscreens, edges areas (Quinn, Lee, Barnhart, & Zhai, 2019), and
the back of the smartphones (Corsten, Daehlmann, Voelker, & Borchers, 2017; Le,
Bader, Kosch, & Henze, 2016), in either portrait (Hakka, Isomoto, & Shizuki, 2019)
or landscape (Borah & Sorathia, 2019) modes. Apart from the interaction techniques
for easier access to the hard-to-reach and unreachable icons and menus on smartphone
touchscreens, another important aspect is to allocate the icons and menus within the
comfortable zones inside UIs that are easily accessible by one-thumb interaction.

Despite the fact that various techniques have been proposed for enhancing single-
handed reachability on touchscreens, they ignore the impact of UI designs on reach-

4



ability. In fact, maximized reachability should not be a concern when the targets on
touchscreens are within the proximity of the user’s hand. Therefore, this study focuses
on the relationship between UI components in layout design and reachability.

2.2. Quantifying the ease of reaches

The majority of the existing works have only paid attention to the physical contexts
of the users. Ergonomic factors have been deployed to indicate the user tiredness of
particular postures for certain tasks, for instance, the easiness of reaching some loca-
tions on touch surfaces (Salazar, Henze, & Wolf, 2016). The difficulties of reaching a
target on a touch surface are quantified by anthropometric data, i.e., the users’ motion
and their maximum reaches (Toney & Thomas, 2007), while biomechanical simulation
evaluates the relationship between muscle activation and effective user throughput of
one-handed touch operations on smartphones in long-term usage (Bachynskyi, Palmas,
Oulasvirta, Steimle, &Weinkauf, 2015). Fitts’s Law concerns the pointing performance
of certain targets, such as icons and menus, based on the target width and the travel
distance (Bi, Li, & Zhai, 2013b), which can estimate the user’s pointing errors on
smartphone interfaces (Wobbrock, Cutrell, Harada, & MacKenzie, 2008). However,
we consider these ergonometric measurements as some relatively indirect indicators of
quantifying the reachability of an individual UI component, instead of UI components
as a whole. Specifically, each metric usually focuses on one interaction element on the
touchscreen at a time. Thus, the metrics neglect the layouts or the relative positions
among the targets. Another prior study (Buschek, Auch, & Alt, 2015) quantifies the
touch behaviours on individual clickable items inside websites and layouts, and pre-
dicts the touchpoint distribution on three types of clickable items, including list entries,
images with captions, and links in the text. The work reveals that users did rather
reach as far as necessary to hit the target comfortably, and further demonstrates the
discrepancy between the designers’ expected touch behaviours and the users’ mental
models, albeit with limited types of clickable items being considered. Due to failing
to capture the arrangement of UI components on a touchscreen, ergonometric mea-
surements cannot be used for the holistic evaluation of UIs. In contrast, our work
attempts to provide such evaluation on the basis of the user’s perceived preference for
UI components in a layout design.

Prior studies on the reachability of touchscreen interfaces mainly consider the hand
dimensions (Larsen et al., 2019; Prange et al., 2018) and the finger lengths (Yoo,
Yoon, & Ji, 2015). The physical context of the user’s hands constructs comfortable yet
functional zones on smartphone touchscreen in 2D areas (Le, Mayer, Bader, & Henze,
2018) as well as 3D space (Hasan, Kim, Ahlström, & Irani, 2016), implying the easiness
of reaching the target contents with various gestures such as pointing and dragging
operations (Sarcar et al., 2019). Besides, the kinematics of the gripping hand have
established more sophisticated models. A quadratic formula named Parabolic Motion
Trajectory (Bergstrom-Lehtovirta & Oulasvirta, 2014) estimates the thumb coverage
on various touchscreen sizes, and hence decides the maximum extent of reaching var-
ious icons and menus on smartphones, where the ways of holding a smartphone can
impact the user performance, such as tapping precision and errors (Lehmann & Kipp,
2018). Additionally, other physical factors such as the changes of hand grips (Neg-
ulescu & McGrenere, 2015), grip shift (Eardley, Roudaut, Gill, & Thompson, 2017),
body gestures (Eardley, Roudaut, Gill, & Thompson, 2018b) and movements (Eard-
ley, Roudaut, Gill, & Thompson, 2018a), as well as the form factors of the touch-
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screens (Girouard et al., 2015; Pecchioli, Dubois, Irani, & Serrano, 2019) impact the
ease of reaching clickable items on mobile UIs.

Despite all the physical measurements in prior studies, the reachability issues of the
smartphone interfaces with the user’s cognitive perspective have not been sufficiently
addressed. The classical model of users’ cognitive loops, namely the Model Human
Processor (Card, Newell, & Moran, 1983), proposes a useful approximation for under-
standing and estimating users’ actions and reactions to the user interfaces, albeit not
the exact modelling of how the brain works. That is, the users have to make decisions
on certain interfaces about how to respond, before the motor system (i.e., thumb(s)/
hand grip(s)) carries out the actions and reactions. Our work intends to address the
reachability issue of smartphone interfaces by considering the user’s hand poses under
the cognitive dimension.

2.3. AI-assisted Interface Auditing

The classical models, such as Fitts’s and Hick’s Laws and their variants (Bi et al.,
2013a; Cockburn, Gutwin, & Greenberg, 2007), offer relatively robust estimations of
human performance in theoretical or mathematical models. However, these models are
less adaptive to realistic environments, and have limited ability to provide analytical
insights (Li et al., 2020). In contrast, the data-driven and crowd-powered programmatic
methods for interface designs serve as an alternative to scientifically integrating human
behaviours into the design process, and subsequently assessing the smartphone inter-
faces in multitudinous dimensions without costly user tests (Deka, Huang, Franzen,
Nichols, et al., 2017). The programmatic methods on the basis of large-scale data an-
alytics (Deka, Huang, Franzen, Hibschman, et al., 2017) and crowd-powered design
guidance (Y. Chen, Pandey, Song, Lasecki, & Oney, 2020; Xu, Huang, & Bailey, 2014)
enable automatic auditing of smartphone and web interfaces. The existing approaches
show diversified goals and metrics, including gestural performance (Deka, Huang,
Franzen, Nichols, et al., 2017), time perception (Huhtala, Sarjanoja, Mäntyjärvi, Iso-
mursu, & Häkkilä, 2010), visual search performance (Yuan & Li, 2020), inconsistencies
between UI design and actual implementation (C.-F. R. Chen et al., 2017), visual clut-
ter to visual learnability (Oulasvirta et al., 2018), aesthetics (Miniukovich & De Angeli,
2015), visual affordance (Swearngin & Li, 2019a), brand understanding and impres-
sions (Wu, Kim, Li, & Ma, 2019), user engagement (Wu et al., 2020), to name but
a few. The above programmatic methods are capable of handling both quantitative
and qualitative user-oriented goals and metrics with their specific goals. Nonetheless,
relevant studies are rarely found considering both user mobility and user perception of
hand poses on smartphones. Thus, our work demonstrates the potential of modelling
the user’s reaction (i.e., hand pose choices) to smartphone interfaces before the users
move their thumbs in the physical world. To the best of our knowledge, this paper
is the first effort to investigate how to leverage the UI dataset and machine learning
algorithms to understand the users’ perceived choices of hand poses (i.e., reachability
issues) among smartphone interfaces.

3. User Study and Data Collection

We first conducted a 6-week user evaluation and collected user responses to the mo-
bile UIs. This section describes the designs of experimental tasks and user feedback
collection on the mobile UIs.
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3.1. Design of Our Study

We employ a UI repository named Rico dataset (Deka, Huang, Franzen, Hibschman, et
al., 2017) that contains 72k UI layouts, 6,372 user interaction traces (UIT), and corre-
sponding vectors trained from autoencoder embeddings. Rico dataset was selected be-
cause of its comprehensiveness in mobile UI collection. Accordingly, our questionnaires
include the UIs from the Rico dataset, and our research focuses on user perceptions
of the UIs built on such a basis due to its comprehensiveness through including many
varying UIs. This allows us to observe the user’s choices in achieving mobility with
single-handed and right-handed operations (Ko, Hwang, & Liang, 2016) for a longer
UI sequence. Considering some individual UIs are highly similar (and thus their UI
layout vectors) within the 72k pool of UIs, we apply k-means to cluster all 72,103 UI
layout vectors into 3,000 groups based on the pairwise Euclidean distance between UI
vectors. Within each group, we extract around 10 examples that are closest to the
mean vector within the group, totaling up to 31,948 individual UIs, which become
the dataset for our study. The clustering can effectively reduce computation complex-
ity, and save effort in user evaluation by eliminating highly similar UIs and retaining
those that are representative of the entire UI dataset. Figure 1(a) shows four k-means
clustered groups, each of them carrying five UI examples. We can see the UIs are
similar in layouts within each group but distinct across groups. Thus, it implies that
k-means provide the subsets of UIs that are representative of the original population.
We further exclude the UI sequences if any UI hierarchy has less than three UIs. This
allows us to observe the user’s choices in achieving mobility with single-handed and
right-handed operations (Ko et al., 2016) for a longer UI sequence.

We use content-agnostic similarity heuristics to include UIs in our dataset. As a
result, our dataset has a total of 31,948 individual UIs and 6,011 UITs in our study.
Accordingly, we design three UI rating tasks and host them on Amazon Web Ser-
vices, to study users’ perceived convenience in UI component layouts, on the basis of
single- and right-handed smartphone usage. The UI component layouts refer to the
‘tappable’ UI components in a UI (Swearngin & Li, 2019a), such as buttons, spinner,
and listviews. We keep this term of UI component layout(s) in Sections 3 and 4.

The UI rating tasks are held on web interfaces. The reasons for deploying the UI
rating tasks on web interfaces are as follows. Based on the classical theory of the
Model Human Processor (Card et al., 1983), human users first make cognitive efforts
to plan the user interaction before the corresponding physical actions are executed on
an interface. Therefore, our study focuses on the cognitive aspect of reachability in the
user’s planning, namely perceived reachability. The perceived reachability should be
free of restrictions on the choice of the external medium (i.e., web or mobile interfaces),
as the UI component layouts do not vary across devices. Deploying the tasks onto
web interfaces distinguishes our study from the classical ergonometric-driven approach
towards reachability. We did our utmost to dismiss the physical measurements, as
one of the confounding factors, that interfere with our measurements for perceived
reachability, focusing on the clickable items in an overall UI layout. On the other hand,
we observe an increasing number of mobile UIs studies leveraging web interfaces as
experimental platforms (Deka, Huang, Franzen, Hibschman, et al., 2017; Li, Bengio, &
Bailly, 2018; Swearngin & Li, 2019b), due to the ease of deployment and the relatively
higher compatibility across various devices than the counterparts of having a tangible
device per user.
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3.2. Participants

Afterwards, we recruited 17 participants (p) from our campuses (Āge: 19.65; (19 –
23, σ=1.25)). Additionally, all the participants have at least five-year experiences
of smartphone usage (Ȳ=6.48, σ=3.43), which leads them to a reasonable level of
technology literacy and hence confidence in understanding the widgets, notifiers, as
well as commonly available user interaction in the UIs from the Rico dataset (Deka,
Huang, Franzen, Hibschman, et al., 2017). They responded to the three tasks within six
weeks, with the divisions – Task 1: 10p; Task 2: 8p; and Task 3: 10p. Their smartphone
sizes range from 67.1 mm to 80 mm in width (W̄=72.4, σ=5.06), 135 mm to 168
mm in height (H̄=150.56, σ=10.46). The span length of their right hand, i.e., the
distance between the tip of the thumb and the tip of the index finger (Figure 5(right))
when stretched horizontally, ranges from 160 mm to 185 mm (s̄=175.77, σ=9.21).
The index finger length of their right-hand ranges from 70 mm to 100 mm (d̄=82.32,
σ=8.29). The grasp position when holding the smartphone, i.e., the distance between
the bottom of the smartphone and the thumb metacarpal joint, ranges from 30 mm
to 86 mm (r̄=50.07, σ=13.30). The thumb orientation, i.e., the angle between the
proximal phalanx of the thumb and the metacarpal bone of the thumb while holding
the phone, ranges from 111◦ to 155◦ (ō=131, σ=12.13). The anthropometric properties
of the 17 participants are used for the construction of Thumb Reachability Scores to
be introduced in Section 4.1. On the basis of informed consent and truly voluntary,
one extra course credit (P), with no discrete grades (e.g., A–F), was distributed as the
certificate for their participation.

3.3. Task Design and Collected Data

In all three tasks, participants were asked to judge the perceived reachability of UIs.
The tasks aim to collect the user’s perceived ease of interacting with the most click-
able items on the UI(s) when adopting particular pose(s) among the candidate UIs.
The study follows the regulations of the GDPR and the IRB of our universities. All
user-generated data was de-identified and password-protected, and the participant
information will be deleted after the completion of the project.

We consider the UI component layouts in individual UIs and sequential UIs, as
the information being received by users (Kim & Lee, 2018; Picard, 2000) for the
users’ decision of their hand pose choices, in which the hand pose choices consists of
the selection of hand poses and the occurrence of pose changes. We, therefore, collect
participants’ responses in terms of pose choices for both individual and sequential UIs.
During all tasks, the participants were informed about the reference smartphone model
of Samsung Galaxy Note 4 (resolution: 1440 × 2560 pixels; and physical dimensions:
153.5 mm (l) × 78.6 mm (w) × 8.5 mm (h)). The information was displayed every
time after the login pages, with comparable references to other popular smartphone
models, including iPhones SE/ 7/ 7plus/ XS, and so on.

3.3.1. Task 1

Task 1 aims to understand the user perception of one-handed reachability; thus, the
options of two-handed reachability were excluded. Thus, the task allows users to judge
the layouts and compare the difficulties of one-handed reachability among items (e.g.,
icons, menus, and windows). The results offer us a baseline of the difficulties of em-
ploying one-handed interaction on particular UIs, which may offer evidence of further
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Figure 2. Task 1 Interface: ranking the UIs in terms of the ease of one-handed reachability (only one one-

handed hand pose is considered): Three interfaces (top) and Questionnaire (bottom).

considering user perception, on top of the physical ability of thumb reaches. As such,
in Task 1 (Figure 2), we asked the participants to rank the UIs in terms of the ease of
one-handed interaction with most of the clickable items on three different layouts. In
other words, no two-handed hand poses were being considered for the task. The 1st
rank UI (leftmost) refers to the one that gives the most convenience to the users, while
the 3rd rank (rightmost) refers to the least convenient option. We collected 25,884 re-
sponses to the 3-UI sequences. It is also important to mention that the participants
did not know the aforementioned ranking, computed by Thumb Reachability Score
(TRS) (to be described in Section 4.1), during the task.

3.3.2. Task 2

The design of Task 2 aims to understand the preference of hand poses when they
encounter one particular interface. Thus, three options for hand poses, including (1)
one-thumb, (2) two-thumb, and (3) two-handed but involving one-thumb, were shown
to the users. By collecting the user preference on hand pose, we can verify the diffi-
culties of one-handed reachability and user preference on hand poses. The results also
help us to reinforce the need to develop computational models for suggesting hand pose
choices based on user perceptions. In Task 2 (Figure 3), we present users with a single
UI and ask them to pick one of the three poses that gives them the most convenience
in interacting with most of the clickable items on that particular UI. The hand pose of
two-handed but involving one-index finger is omitted, as we found, in our pilot study,
that users make indistinguishable choices between one-thumb and one-index under
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Figure 3. Task 2 Interface: hand pose selection for an individual UI: An interface (Left) and Questionnaires

(Right).

two-handed scenarios, as both hand poses are characterized by a supporting hand. We
collected 30,261 responses regarding the user preference for hand poses on individual
UIs. That is, ∼10 responses link to one UI cluster among the ∼3000+ k-mean cluster.

3.3.3. Task 3

The goal of Task 3 is to investigate whether any relationship exists between the user’s
hand poses and the sequential UIs. We attempt to check whether the users view each
UI independently or not. Therefore, the task displayed a series of UIs, and the users
gave responses as the selected hand poses. The results will impact the design of the
computational model in Section 5. In Task 3 (Figure 4), we assess the participants’
responses to the sequences of UI interaction trace. The participants were asked to pick
hand pose(s) among those three (the identical hand poses being described in Task 2,
on the bottom right of the screen). The participants chose a hand pose that gave them
the most convenience in interacting with most of the clickable items on each of the UI
layouts in the sequence, i.e., considering multiple UIs in the sequence. We collected
6,011 responses of sequential UIs by employing 6,011 UIT.

4. Observations among the user choices of hand poses

This section explains the observation of the collected responses. We generalize single-
handed user behaviours with clickable items in the large set of UI layouts. Accordingly,
the collected dataset of perceived reachability gives justifications for building our pre-
dictive model (Section 5).
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Figure 4. Task 3 Interface: selecting hand poses for multiple UIs in sequential order (e.g., 14-length sequential

UIs in this figure), extracted by the UIT generated by Rico (Deka, Huang, Franzen, Hibschman, et al., 2017):

Sequential Interfaces (top) and Questionnaire (bottom)

4.1. Preamble: Thumb Reachability Scores

Since our participants’ responses are regarded as the perceived ease of reachability
of particular UIs, we first attempt to grab the big picture of the user’s perceived
choices. Then, we investigate any divergence between such perceived choices and their
physical reachability, named thumb reachability score (TRS) originated from the study
in (Bergstrom-Lehtovirta & Oulasvirta, 2014).

Our baseline of TRS is explained as follows, which is compared to the perceived
choices in the next section. As shown in Figure 5, the key idea of TRS is to estimate
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Figure 5. (Left) Measurements of physical thumb reaches, (Middle) Parabola for Thumb Functional Area,

sourced from (Bergstrom-Lehtovirta & Oulasvirta, 2014), and (Right) the measurement of a user’s hand between

the tip of the thumb and the tip of the index finger.

the thumb coverage by computing a parabola, i.e., the estimated functional area of
the thumb (Bergstrom-Lehtovirta & Oulasvirta, 2014). That is, the hand parameters
of users serve as the hard fact to depict the functional area of the thumb physically
on a mobile UI. The area below the parabola is regarded as the reachable area with
one-thumb interactions, while the remaining areas above the parabola are classified
as unreachable. Accordingly, the UI components in a mobile UI are represented by
the physical-context value named TRS. We acknowledge that the binary classifica-
tion of areas as ‘reachable’ and ‘unreachable’ could be overly simplistic. It might not
capture the real nuances of the user experience, which needs gradations or ranges
to represent different levels of ease or difficulty in reachability.By substituting the
results from (Bergstrom-Lehtovirta & Oulasvirta, 2014) and obtaining ay=-0.013,h=-
15.996,ak=-0.257,bk=64.655, and the averaged results from our participants’ statistics
of s=175.77 mm,d=82.32 mm, we derive Eq. 1, with x and y being the coordinates
of the phone along with the height and width dimension respectively. ‘s’ indicates the
span of the user’s hand, and ‘d’ refers to the length of an index finger. ak and bk are the
estimated coefficients, and ay as the curvature. Next, we apply Eq. 1 into our dataset
to assess the UI component layouts, with the average grasp position of 50.07 mm from
the bottom of the smartphone to the thumb metacarpal joint, and the average thumb
orientation of 110◦ between the proximal phalanx of the thumb and the metacarpal
bone of the thumb. Finally, TRS measures the proportion of UI-component pixels of
an interface laying underneath the parabola curve against the total number of pixels
from all clickable items on the same interface. TRS is perceived as the percentage of
thumb reachability (Eq. 2), where bi stands for the total number of pixels for the ith

UI component on an interface, while the binary-valued ˆri,j stands for whether the jth

pixel of the ith UI component lies beneath the parabola curve of the interface (value
1) or not (value 0). N refers to the total number of clickable items on a UI, and T
refers to the total number of pixels in a UI component. Thus, the normalized value of
TRS [0,1] reflects the user’s accessibility in a UI with one-handed operations, where 1
represents the best thumb reachability for a UI component layout on an interface as
all clickable items are under the parabola curve, or vice versa.

fy(x) = ay(x+ h)2 + s− d(1 + ak)− bk = −0.013(x− 15.996)2 + 49.951 (1)
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TRS =

∑N
i=1

∑T
j=1 ˆri,j∑N

i=1 bi
(2)

4.2. Analysis of User Responses in Task 1: UI Ranking with a Fixed Pose

From the collected 25,884 users’ ranking of UIs in Task 1 (Section 3.3.1), we study the
ease of single-handed (right-handed) interaction considering all clickable items in an
individual UI.

4.2.1. Confusion Types

Under the consideration of one-handed interaction on mobile UIs, we study the ranked
UIs by comparing the collected user preferences (i.e., perceived choices of hand poses)
and the computed TRS (i.e., theoretical physical reaches), defined as Confusion Types
(CT). The parabola curve (Bergstrom-Lehtovirta & Oulasvirta, 2014) represents the
TRS-supported rank. Meanwhile, CT arises once the mismatch between users’ cog-
nitively preferred rankings and the TRS-supported rank exists. To make Confusion
Types (CT) easier to understand, we first consider the three UIs that are ranked in
ascending rankings based on TRS, leading to a CT choice of ‘123’. Therefore, the ideal
case of the user’s perceived choices should follow the same order, and hence no con-
fusion in the user’s ranking has been found. This means that the user ranks the UIs
completely aligned with the physical context of thumb reachability, i.e., ascendingly
ordered TRS of the UI sequence in {1,2,3}.

Nevertheless, the most occurred CT is ‘213’ (33.9%), i.e., the participants reversed
the ranking between the 1st and 2nd UIs inside the ascendingly TRS-ranked UI se-
quences. The 2nd (CT ‘123’, 20.9%) and 3rd (CT ‘132’, 16.1%) ranked CTs follow. The
orders of ‘213’ and ‘132’ represent adjacently reversed ranking, indicating the physical
contexts of TRS show sight discrepancy from the user’s perception of UI components
in UI layouts. CTs ‘321’ and ‘231’ (14.4%) reveal more significant deviations from the
physical context TRS, with the ranking shift by two positions. Figure 6(left) summa-
rizes the counts of position shifts among aggregated CTs.

4.2.2. Quantification of Ranking Discrepancy

Furthermore, we quantify such reversed rankings, defined by Sum of Score Difference
(SSD) in each CT, as follows. We analyze all ascendingly ranked sequence UIs being
employed in the interfaces of Task 1. The ascending score sequences are manipulated
as in Eq. 3, where S(ui) and S(ui+1) represent the TRS for the UIs ranked at i and
i+1, respectively. Since each score difference must be positive, the re-arranged form of
Eq. 3 quantifies the sum of differences in TRS between UIs in every three-sequenced
UIs.

SSD =

2∑
i=1

S(ui+1)− S(ui) = S(u3)− S(u1) (3)

Figure 6(right) visualizes the distribution of SSD in each shift type of aggregated
CT groups. We find a remarkable trend: 1) the CTs with higher counts tend to have
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Figure 6. Statistics of Position Shifts of TRS-preferred ranking (1XX = CTs ‘123’ and ‘132’; X1X = CTs

‘213’ and ‘312’; XX1 = CTs ‘231’ and ‘321’) – (left) The Counts; (right) SSD of all CT groups.

a larger SSD in their UI sequences; 2) the range of the SSD has been decreasing with
the popularity of CT, highlighting the fact that the more subtle the TRS differences
between UIs within the sequences, the more likely confusion might occur. Additionally,
we take a closer examination into the SSD between reversely ranked UIs, i.e., the
reference CT ‘123’ is excluded. The SSD in CT ‘213’ is the lowest among other CTs,
illustrating why CT ‘213’ has a more significant number of counts among all CTs. The
increasing trend in the SSD in Figure 6(right) complies with the decreasing trend of
CT counts in Figure 6(left) and provides quantitative explanations for the trend of
occurrence in Figure 6(left).

4.2.3. The Key Implication

To conclude, a significant number of user responses reflects the ranking reverse of
one position, e.g., CTs, ‘213’. However, only 21% of user responses follow the TRS-
ranked ‘123’ under the physical-context of TRS. The general trend shows that CTs
with higher counts have higher SSDs than their counterparts with lower SSDs. Our
findings highlight the discrepancy between human perception of UI component layouts
and the physically formulated TRS (i.e., sole reliance on the physical metric of thumb
length). This implies that the TRS derived from (Bergstrom-Lehtovirta & Oulasvirta,
2014) can only partially serve as an indicator of single-handed thumb reachability on
UIs, as it misses the user’s perception about the UIs before executing thumb reaches.
As such, in terms of UI design, both means of user perception and physical metrics
should be considered holistically.

4.3. Analysis of User Responses in Task 2: User Preferred Poses in a UI

According to the collected 30,261 user preferences on the three hand poses in Task
2 (Section 3.3.2), we examine the pose choices in single-handed and two-handed in-
teraction with the most clickable items on the UI in the dataset. Figures 7(left) and
(right) depict the popularity of three hand poses and the relationship between UIs’
TRS and the popularity of the hand poses. Decreasing preference across Poses 1 to
3 occurs (Figure 7(left))– 65% of participants prefer Pose 1 (single-handed), which is
significantly more than that of Pose 2 (20%, two-handed and two-thumb) and Pose 3
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Figure 7. The counts of hand poses (1 – 3) were chosen by the participants (left) and the boxplot for TRS

scores of three hand poses (right).

(15%, two-handed and one-thumb). Pose 2 is more popular than Pose 3, as the partic-
ipants attempt to maximize the utility of two-handed interactions, considering the left
hand in Pose 3 acts only as a supporting hand, instead of an actor for interacting with
the UI. Accordingly, we investigate the thumb reachability score (TRS) distributions
for each pose. Under the definition of TRS values normalized within 0 and 1, most
UI-component pixels in a UI with Pose 1 are under the coverage of the physical repre-
sentation of the parabola curve (Bergstrom-Lehtovirta & Oulasvirta, 2014) (Figure 5),
while UIs with Poses 2 and 3 mean the UI-component pixels are hard to reach and
hence trigger two-handed interaction. Intuitively, the UIs with Pose 1 should reflect
higher TRS than Poses 2 and 3.

However, this intuition does not hold. Pose 1 ( ¯TRS1= 0.41, σ1 = 0.241) is lower than
Poses 2 ( ¯TRS2= 0.44, σ2 = 0.227), and show a similar score to Pose 3 ( ¯TRS3= 0.41,
σ3 = 0.222). Among the TRS distribution for each pose (Figure 7(right)), Pose 2 un-
expectedly owns the highest score distributions, instead of Pose 1. The phenomenon
indicates that the computed TRS from the predictive formula does not completely
dominate the choice of hand poses, i.e., not capturing the user’s (cognitive) perception
of thumb reachability. Importantly, the UIs, matched with the two-handed interac-
tion of Pose 2, result in unaligned high TRS, which serve as additional evidence for
the existence of discrepancy between perceived choices to UI component layouts and
physical reachability.

Although the TRS score aims to quantify how thumb-friendly a UI should be, TRS
does not sufficiently address two aspects. First, TRS employs a binary classification
of UI-component pixels into either above or under the parabola, but fails to consider
the relative positions of clickable items within an individual UI; Second, TRS neglects
the effect beyond UI component layouts, e.g., the user’s habits and their preference
for hand poses. Therefore, the most popular pose (Pose 1), despite its lower TRS
(Figure 7(right)), implies other considerable factors in the hand poses, perhaps the
user’s habits to the overall UI component layouts in a UI (More details in Section 4.4).
In other words, the participants select Pose 1 even though some clickable items are
less convenient to reach with one-handed interaction.

15



4.4. Analysis of User Responses in Task 3: Pose Preferences on
Sequential UIs and User Habits

While Sections 4.2 and 4.3 focus on the analysis of pose preferences on individual
UIs, this section attempts to strengthen our understanding of such divergences in
hand poses (perceived vs. physical) from the perspective of user habits. To this end,
we attempt to examine the dynamics by which the user interacts with a sequence of
UIs, i.e., the impacts of UI component layouts in sequential UIs on the user’s pose
preferences. We also investigate any relationship between the preferred hand pose on
individual UIs and the user habits caused by sequential UIs. As the Rico Dataset only
offers sequential UIs and corresponding user interaction traces in the same application,
our findings below cannot reflect the user interactions when a user switches from one
application to another.

Figure 8. (left) Popularity of Pose Sequences that shows the (co-)occurrence of hand poses in sequential
UIs of varying lengths; for instance, 1,2 indicates that users with only Poses 1 and 2 can accomplish the

interaction with one particular set of sequential UIs. Among the pose sequences, 1, 2, and 1,2 are the most

popular options; and, (right) Distribution of Sequential UI length indicates the counts of sequential UIs in
varying lengths, ranging from 3 to 14. The statistics show that the participants interacted mostly with the

sequential UIs of 3 – 9 lengths.

4.4.1. Does the inertia of hand poses exist?

By leveraging the 6,011 sequences collected in Task 3, we start the analysis by mining
the most Frequent Itemset (FIS) in pose sequences with apriori algorithm (Huang,
Chen, Wang, & Chen, 2000). FIS indicates a combined option of hand pose(s) to ac-
complish a series of user interactions on a sequence of UIs. For instance, {1} indicates
that hand pose 1 can accomplish the interaction throughout a sequence of UIs, and
{1,2} indicates hand poses 1 and 2 are sufficient to interact with a sequence of UIs
(Figure 8(left)). Quantitatively, ’support ’ refers to the percentage of the time, in the
entire sequence dataset, that an FIS appears. We identify the most popular pose se-
quences during the user’s interaction with a UI sequence. Figure 8(left) shows only
those FIS with support greater than 20%. And Figure 8(right) illustrates the distribu-
tion of UI sequence lengths. It is important to note that the FIS has a non-repetitive
property, which does not allow duplicating itemsets and relationships among items
across itemsets. Thus, each element will only appear once in any FIS. For example,
FIS {1} refers to the existence of Pose 1 in any sub-sequences of at least one or more
consecutive UI(s). Figure 8(left) has shown that the most frequent FIS is {1}, indi-
cating the prevalence of single-handed smartphone usage. With the support of nearly
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90%, the FIS {1} is the most prevalent across all UI sequences of varying lengths. The
support values of {1}, {2}, {3} are in descending popularity, which aligns with the re-
sults in Section 4.3 (Figure 7(left)), with the remarkable evidence of that {1,2} ranks
over {3}. The users prefer to fully utilize their thumb(s) from the operating hand(s)
to achieve the greatest ease with the interaction with most clickable items inside UIs.

Figure 8(left) also shows that the FIS containing more elements tends to have signif-
icantly lower support, with the following two key implications. First, the participants
do not change their pose frequently across UI sequences of varying lengths. Either
consecutive UIs tend to be very similar, perhaps due to the industry practices, or the
inertia of in-use hand pose exists, i.e., the user is reluctant to change poses, albeit the
user’s thumb can only barely reach the target without the maximal comfort of physical
reaches. Second, most participants in the studies tend to maintain one or two most
preferred poses, with a low preference for employing all three poses in a sequence.

4.4.2. How does the length of sequential UIs impact the hand poses cognitively?

Figure 9. Pose-Change Probability Distribution represents the relationship between the length of sequential

UIs and the probability of triggering the switch(es) of hand poses, in which the faded bubble means a lesser

chance of switching hand poses, while a bubble of solid colour represents a higher chance of switching hand
poses. For example, at the length of 4, the four bubbles describe the number of pose changes among the

transitions between the four consecutive UIs, representing probabilities for switching 0 (no changes) – 3 poses

(0/3, 1/3, 2/3, and 3/3 from the bottom to the top along the y-axis) in a 4-length UI sequence. Among all
the sequential UIs of varying lengths, it is obvious that pose changes are unavoidable, especially in lengthy

sequential UIs. However, the solid colours of the bubbles at the bottom shed light on having no pose changes,

in case the UIs consider the users’ abilities.

Next, we further examine the effects of the length of UI sequences. Figure 9 presents
the probability of changing poses at UI sequence length [3,14]. Each probability, rep-
resented by a bubble, is computed by Eq. 4, measuring the frequency of the user will
alter poses across a set of UIs, where ui stands for a UI at position i, and yi represents
whether a user alters one’s hand pose between two subsequent UIs ui and ui+1. Q(ui)
represents a user’s pose at ui.

P (posek→j) =

∑N−1
i=1 yi
N − 1

, yi =

{
1 Q(ui+1) ̸= Q(ui)
0 else

(4)
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Within the normalized score [0,1], 0 refers to maintaining the same pose from the
beginning to the end in an interaction trace with a particular UI sequence, while 1 in-
dicates that the user’s pose will change upon every new UI in the trace, indicating the
user inconvenience caused by altering hand poses across UI sequences. A more trans-
parent bubble indicates a lower count of the probability the bubble is representing,
and vice versa. For example, at the length of 3, three bubbles describe the number of
pose changes among the transitions between three consecutive UIs, representing prob-
abilities for switching 0 – 2 poses (0/2, 1/2, 2/2, from the bottom to the top along
the y-axis) in a 3-length sequence. The three bubbles have comparable transparency,
indicating these three probabilities are approximately equally likely to occur. It is im-
portant to note that the UI sequences with length [¿8] show bubbles of faded colours
over 0.9 probability. Thus, a lengthy UI sequence is less likely to trigger pose changes
for every UI interstice (i.e., from one UI to another). In other words, users with real-
life applications have less tendency to change their hand poses for each UI. This can
be explained by long sequential UIs that usually stay on a similar interface, e.g., an
additional button or menu on top of the existing interfaces. On the contrary, the UI
sequences with length [≤8] demonstrate more solid colours, i.e., shorter UI sequences
are more likely to trigger high numbers of pose changes. It is worth mentioning that we
inspected some samples of UI sequences in our datasets and spotted similarity among
UIs in a sequence (to be discussed in Section 4.4.3).

4.4.3. What causes lesser switching of hand poses in longer UI sequences?

Figure 10. Based on the normalized score TRS, we compute (left) Inter-sequence Scores (SAS) to examine the

averages of TRS scores in sequential UIs of varying lengths. SAS further reveals the distribution of TRS, in which
lengthy sequences tend to have a centered distribution between 0.2 and 0.8. On the other hand, (right) Interstice
(Intra-sequence) Scores (SIS) depict the dynamics (changes of values) among UIs in sequences of varying lengths,

which indicates lengthy sequences own similar designs and hence less varied physical reachability.

In order to verify that UIs in longer sequences adopt similar designs and thus lead to
lower switching occurrences, we inspect the TRS of UIs in each sequence and visualize
the results in Figure 10. TRS can implicitly define the layouts or interaction tasks in
a UI (Bergstrom-Lehtovirta & Oulasvirta, 2014). Thus, multiple TRS for sequential
UIs can be considered as a reference for the changes in physical requirements of user
interaction. Intuitively, the high variance of TRS in a sequence, in general, reflects
sudden changes in layouts or interaction tasks within the sequential UIs and, hence,
triggers pose changes. Therefore, we propose Sequence Average Score (SAS) and Se-
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quence Interstice Scores (SIS) to evaluate the averaged values of TRS in UI sequences
of varying lengths and the changes of TRS values in UI sequences, respectively.

We define the SAS in Eq. 5 as a measure of the average TRS for each UI in a
sequence. S(ui) refers to the TRS of ui, which is the UI at the ith position in a
sequence. N is the length of the entire sequence. The normalized measure of SAS
allows the comparison of the UI sequences of various lengths. Figure 10(left) indicates
that the range of SAS is reversely proportional to the sequence length [3,14]. That is,
shorter UI sequences tend to have highly polarized SAS values (e.g., 3-length: ¯SAS=
0.446, σ= 0.169). Reversely, longer UI sequences tend to have narrower SAS ranges
than the shorter counterparts, and concentrate at relatively lower SAS (e.g., 14-length:
¯SAS= 0.394, σ = 0.093). Figure 10(left), however, only reflects the SAS dispersion in

UI sequences.
To reinforce the above findings, another metric – SIS (Eq. 5), measures the average

value of the absolute TRS difference of all UIs within a sequence of UI transitions (i.e.,
Interstice), where notations, as defined previously, are applicable here. Figure 10(right)
shows the distribution of SIS at UI sequence length [3,14]. We observe a decreasing
trend of SIS (i.e., the average differences in TRS between UIs in a sequence) as the
length of UI sequence increases (e.g., 3-length: ¯SIS= 0.261, σ = 0.240; 14-length:
¯SIS= 0.217, σ = 0.1). Considering both the SAS and hence SIS, UIs in longer se-

quences tend to have a similar design, due to their similar TRS values, and therefore
trigger a lesser number of pose switching. The implication is counter-intuitive to the
(rejected) speculations that the number of pose switching is directly proportional to
the UI sequence length.

SAS =

∑N
i=1 S(ui)

N
, and SIS =

∑N−1
i=1 |S(ui+1)− S(ui)|

N − 1
(5)

Figure 11. Distribution of in-sequence UI Positions: Ranks (x-axis) indicate the occurrence of hand poses at
a particular UI position in sequential UIs, while Counts (y-axis) refer to the breakdown of hand pose choices (in

percentages). We observe that no significant difference exists between hand pose choices and their occurrences
in sequential UIs of varying lengths, serving as evidence of omitting the potential effects of sequential UIs on

the choices of hand poses.
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4.4.4. Are there any impacts of UI positions in sequential UIs to hand poses?

Finally, we inspect the effect of UI positions in a sequence, as follows. We hypothesize
that the UI positions in a sequence do not influence the user’s pose preference. We
observe constant patterns across the orders in Figure 11 – Pose 1 (23,128 counts) is
overwhelmingly larger than that of Pose 2 (9,871 counts) and Pose 3 (7,766 counts).
Such consistency in patterns implies the UI positions (i.e., the order) within a sequence
show no significant effects of UI positions on the hand pose preference. Remarkably,
one-handed interaction (Pose 1, 4,166 counts) appears more frequently, as the 1st-
position UI in the sequences, than the alternatives of two-handed interactions (Pose
2, 1,047 counts; and Pose 3, 798 counts). One of the key reasons leading to the highest
count of Pose 1 can be accounted for by the influence of user habit, i.e., the pose of
initialization or ‘warm-up’ in their daily app’s usage (Ko et al., 2016).

4.5. A Summary of Key Findings

By summarizing the key findings as discussed above, we justify the design rationale
for the proposed predictive models of hand poses. In Sections 4.2 and 4.3, we clearly
observe the discrepancy between physical context TRS and the perceived hand poses
in individual UIs. As proposed by Nielsen Norman Group, a mental model describes
“What users believe they know about a UI strongly impacts how they use it. Mismatched
mental models are common.”

In the context of this paper, the mental model highlights the gap between the full
information inherited in the UIs and the perceived information by the users. In other
words, the physical layouts, reflected by TRS, represent full information, while users
leverage their own perceived information to analyze the UIs. The first implication of
our findings for existing knowledge is that, by examining the crowdsourced data, we
detail the relationship between TRS and the user’s cognitive choices on individual and
sequential UIs for one-handed interactions. According to our results, the perceived
hand poses deviated from the TRS, representing a gap between the users’ mental
model and the external medium embedded in the physical contexts of UIs. As such,
we connect all key findings in Section 4.4, offering insights into the gap and its validity
in sequential UIs.

The second implication is that while thumb length and grip sizes support TRS’s
justifications, the existing theory oriented to physical ability ignores the user’s habit
or pose preferences as well as the inertia of in-use hand poses. A phenomenon of hand-
pose inertia exists (Section 4.4.1), in which users attempt to complete a sequence of
UIs with a limited set of hand poses. For instance, Pose 1, Pose 2, Poses 1 and 2, and
Pose 3 are the most popular combinations (in descending order), as depicted by the
Frequent Itemset (FIS). Also, as shown in Section 4.4.2, the occurrences of hand pose
changes decrease in longer sequential UIs. Next, we further examine the TRS among
sequential UIS of varying lengths (Section 4.4.3). The external medium, i.e., physical
context TRS, demonstrates decreasing values of averaged TRS (SAS) and narrowing
ranges of TRS (SIS) when sequential UIs become more lengthy. The above findings
have confirmed that, under the scenarios of sequential UIs, the gap between a physical
layout and a mental model remains valid.

More importantly, the next implication reflects our key question: ’ Do we need al-
ternative predictive modelling between individual and sequential UIs? ’. As revealed
in Section 4.4.4, we do not observe a significantly different breakdown of hand pose
choices in varying sequential UIs. That is, the occurrence of hand poses is independent
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of the UI order (UI position in a sequence of UIs). However, we note that alternative
predictive models for sequential UIs will become necessary if the breakdowns are dif-
ferent in certain UI position(s) (i.e., the ‘Rank’, x-axis in Figure 11). Thus, we can
apply the same predictive model to both individual and sequential UIs.

5. Predicting Perceived Pose Reachability – the Predictive Model

The findings in Section 4 depict that the users choose the hand poses and perceived
pose reachability differently from the physical context TRS. The user habits, and the
inertia among hand poses, in particular, lead to such differences. The detailed investi-
gation of the inertia in sequential UIs of varying lengths demonstrates that the users
do not change pose frequently in a lengthy UI sequence. Albeit the inertia exists, our
findings also help us to understand that the order of UIs in a sequence does not sig-
nificantly influence user choices. As such, a predictive model at the level of individual
UIs is sufficient to account for the user choices of hand poses and, hence, the perceived
pose reachability. The predictive models in this section are solely built on the perceived
choices of hand poses, instead of the physical context TRS. It is important to note
that the previous section only serves as a piece of evidence for the necessity of the
proposed predictive model. Accordingly, this section outlines the designs of our pre-
dictive model, in which component-based feature engineering and XGBoost(T. Chen &
Guestrin, 2016) Classifier leverages the collected user responses on the basis of the Rico
datasets. Generally, XGBoost is often used because of its exceptional performance on
extensive datasets and complicated tasks. XGBoost was chosen because of its nature
as an ensemble learning methodology, whereby it amalgamates the forecasts of several
feeble learners (decision trees) to generate a potent, resilient, and precise predictive
model. The use of this collective approach often surpasses the performance of individ-
ual models, resulting in a decrease in overfitting and an enhancement in generalisation.
Thus, we develop classification models for predicting a user’s pose preference over UIs.
We further consider the UI Components (Table 1) as the key features that trigger user
behaviours. Thus, our model, supported by XGBoost’s decision tree, aims to check the
existence of certain UI components that will lead to the user’s choice of hand poses.

5.1. Data Description

We employed the data collected in the previous sections, i.e., the 30,242 UIs sub-
sampled from the Rico dataset (Deka, Huang, Franzen, Hibschman, et al., 2017) and
our collected participant feedback. As described in Section 3.3.3, we showed the UIs
to 17 participants who rated the UIs, and we classified the hand poses into two classes:
one-handed (Pose 1) and two-handed (Poses 2 and 3). The distribution of one-handed
and two-handed is 65% (19,640 UIs) and 35% (10,602 UIs), respectively. We utilized
the dataset for training a binary classifier to predict the preferred hand pose. We first
transform the UIs into component-based embedding and then deploy the tree-based
classification method. Table 1 depicts the UI components, and the details are available
in the next paragraph.
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Table 1. Association map of UI Components and Class name, with UI Components as shown in Figure 2

(Appendix): the table lists the top-20 most common UI Components in the Android Mobile UIs, while the

‘Other’ at the bottom include all the rest of UI Components with lesser occurrences exhaustively in the
Android Mobile UIs.

UI Component Associated Class Name
Button Button, AppCompatButton, ToggleButton

Card View CardView, SquareCardView, RippleCardView
Text View TextView, AppCompatTextView, FontTextView
Tab View TabLayout#TabView, TabPageIndicator#TabView
Web View WebView, AdWebView, HtmlBannerWebView
Grid View GridView, HeaderGridView, DynamicGridView
Toolbar Toolbar, ToolbarButton
Spinner AppCompatSpinner, Spinner, CustomSpinner
Slider Slider, SliderButton, SliderAdView

Menu Item View ActionMenuItemView, NavigationMenuItemView
List View ListView, ExpandableListView, ObservableListView
Image View ImageView, AppCompatImageView, NetworkImageView
Image Button ImageButton, AppCompatImageButton
View Group ViewGroup, ViewGroupWithContextInfo
Checkbox AppCompatCheckBox, CheckBox, QCCheckBox

Radio Button RadioButton
Edit Text EditText, AppCompatEditText, TextInputEditText

Linear Layout LinearLayout, SquareLinearLyout, ForgroundLinearLayout
Relative Layout RelativeLayout, PercentRelativeLayout, SquareRelativeLayout
Frame Layout FrameLayout, SquarbleFrameLaout

Other e.g., SwitchCompat, and other components not listed above.

5.2. Feature Extraction

For the feature extraction part, we first identify a set of UI component types. The
criteria of component type selection are based on the occurrence of the component
in the Rico dataset (Deka, Huang, Franzen, Hibschman, et al., 2017) that consists of
more than 72k UI screens and metadata. The main idea of feature extraction is asso-
ciating the occurrence of UI components with the hand pose choices through a series
of examinations in the decision trees of the XGBoost model (Figure 1, Appendix).
Thus, the metadata describes UI components in a layout, and further includes the box
coordinate and component class name. As the original metadata has a huge number
of classes, we clustered the class names into a smaller number of classes. As a result, a
total of 21 UI component types are defined, including 1) BUTTON, 2) CARD VIEW,
3) MENU ITEM VIEW, 4) TAB VIEW, 5) WEB VIEW, 6) GRID VIEW, 7) TOOL-
BAR, 8) SPINNER, 9) SLIDER, 10) LIST VIEW, 11) TEXT VIEW, 12) IMAGE
VIEW, 13) IMAGE BUTTON, 14) VIEW GROUP, 15) CHECKBOX, 16) RADIO
BUTTON, 17) EDITTEXT, 18) LINEAR LAYOUT, 19) RELATIVE LAYOUT, 20)
FRAME LAYOUT and 21) OTHER. Table 1 matches the UI components with the
associated class names. Figure 2 in the Appendix also shows examples of the 21 types
of UI components. When certain associate class names exist (available in the Rico
dataset), the XGBoost model can record the occurrence of UI components in a mobile
UI. Then, each UI and metadata were transformed into a one-dimensional vector with
a size of 21 that represents the occurrence of the aforementioned component types.
Each scalar value represents the occurrence count of the component in the UI. As such,
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Figure 12. The confusion matrix during the training phase under four metrics: During the training phase:

the values of precision, recall and f1-score for one-handed interaction are 0.78, 0.84, and 0.81, while the values of
precision, recall and f1-score for two-handed interaction are 0.65, 0.57, 0.61. These result in an overall accuracy

of 0.75 and an F1-score of 0.71.

we regard the UI components as the features. The occurrence count of the component
in the UI, through the model supported by decision trees, will lead to the classification
of the hand poses.

5.3. Classification Model

We utilize the XGBoost classifier (T. Chen & Guestrin, 2016) to address the classifi-
cation problem of hand pose mapping to UIs. XGBoost (XGB) is a decision tree-based
ensemble machine learning algorithm. The XGB classifier owns two classes: one-handed
interaction (hand pose 1) and two-handed interaction (Aggregation of hand poses 2
and 3), where the hand poses 1 – 3 originated from the user evaluation in Section 3.
We first transformed the UIs and metadata into numerical embeddings according to
the aforementioned feature engineering method. Then, we separated the dataset into
80% for training and 20% for testing. Since the dataset is imbalanced, its distribution
is around 65% one-handed (Pose 1) and 35% (Pose 2). Therefore, we chose to use the
random oversampling method (Chawla, Bowyer, Hall, & Kegelmeyer, 2002) to avoid
biased situations. After cleaning and preparing the dataset, we separated the training
dataset into ten portions and conducted k-fold cross validation to validate the gen-
erality. We observed that the model performance between different folds performed
similarly during the procedures (Figures 12 and 13). This implies that the model does
not over-fitting to any specific portion of our dataset. Thus, we proceed to the model
evaluation with the testing dataset.
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Figure 13. The confusion matrix during the testing phase under four metrics: During the testing phase: the

values of precision, recall and f1-score for one-handed interaction are 0.73, 0.80, and 0.77, while the values of
precision, recall and f1-score for two-handed interaction are 0.57, 0.48, 0.52. These result in an overall accuracy

of 0.69 and an F1-score of 0.64.

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1− score =
2 ∗ Precision ∗Recall

Precision+Recall
=

2 ∗ TP
2 ∗ TP + FP + FN

(6)

Evaluation metrics of the UI Hand Pose Prediction Problem

5.4. Prediction Accuracy

We regard the prediction of hand poses in UIs as a classification problem. We con-
sider four metrics: Accuracy, Precision, Recall, and F1-score, as shown in Eq. 6, to
evaluate the performance of the proposed model. The XGboost classifier with train-
ing dataset reaches 75% accuracy and 71% f1-score, while the classifier with testing
dataset achieves 69% and 64% f1-score. Due to the skewed distribution of the col-
lected hand poses, the current model works better with predicting the one-handed
interaction (80%) than the two-handed interaction (48%). The full details of the four
metrics for training and testing phases are available in Figures 12 and 13, respectively.
Furthermore, we take a closer examination of the decision trees in the XGB models.
But its decision process is highly complicated (Figure 1 in Appendix), and hence, we
employ an alternative – logistic regression, to assist the explanations.

Figure 14 visualizes the coefficients of UI components to the prediction of hand
poses. The positive values of coefficients demonstrate the positive correlation to the
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preference for two-handed interaction, while the zero and negative values of coefficients
imply the preference for one-handed interaction. In general, 17 out of 20 types of UI
components can induce two-handed interaction. We find that two classes of UI compo-
nents, namely Slider and Edit text, demonstrate significantly larger coefficients than
the rest of the UI components. Whenever the Slider or the Edit text occurs in a UI, the
model will generate a high likelihood of two-handed interaction. Slider requires con-
tinuous touches (i.e., rubbing) on the touchscreen, and one-handed interaction makes
difficult thumb movements, while Edit text calls the soft keyboard and hence triggers
two-handed interaction. Spinner, Gridview, Webview and Menuview, usually trigger
clickable items widely distributed in a UI, which turn two-handed interactions into a
more accessible choice. For instance, Spinner will trigger exploded views of clickable
items vertically. Apart from these two components, we find that other components,
such as Spinner, Grid view, and Menu item, also significantly influence the classifica-
tion of perceived user reachability into two-handed interactions.

Additionally, once Toolbar and Viewgroup are spotted in a UI, one-handed inter-
actions are likely to appear in predictive results. Intuitively, under the current UI/UX
practice, Toolbars are usually located at the upper screen position, while Viewgroup is
a bulky item spreading across a significant area in the touchscreen. And the physical-
context measurements would define such interactive UI components as unreachable and
hence mistakenly detriment to the reachability score (e.g., TRS). Nevertheless, such UI
components do not turn the perceived user reachability into two-handed interaction,
for the following key reasons. These UI components enable users to perform scrollable
interaction on touchscreens (i.e., swipe actions) on the collection of information. As
such, a user with a thumb manages to explore the exploded items in the collection
of information. Conversely, the scrolling process will be interrupted if another thumb
is also touching the screen, not to mention the occluded views on such large-size UI
components. On the other hand, Toolbars, usually located at the upper-right or -left
corners of a UI (e.g., a navigation bar), are usually regarded as some auxiliary oper-
ations or optional functions. Therefore, users would consider the minimal necessity of
reaching such top positions, and give perceived hand poses of one-handed interaction
that are sufficient to interact with the rest of the UI components.

5.5. An illustration of the XGB-based Auditing of UI Reachability

Mobile applications are no doubt deployed in various scenarios, for instance, holding
a handrail inside a train or carrying a shopping bag in urban areas. Considering such
in-the-wild scenarios, users prefer to interact with smartphone UIs with one hand. The
UI designer should consider the aforementioned use case as the mobility constraint in
the UI design, i.e., Design for Mobility. The proposed XGB model can reveal that
the user will interact with a UI via either one-handed or two-handed interaction. Our
predictive model would be beneficial to UI designers by revealing UIs that suffer from
mobility due to two-handed interactions. The predictive results can serve as a design
clue to re-arrange the UI components in a layout. The UI designer, with such design
clues, can improve user mobility accordingly.

Figures 15 and 16 illustrate prediction results of perceived reachability in individual
UIs. It is important to note that the green boxes pinpoint the UI components in
the example UIs. In the first row, True Label indicated the user preference being
collected in the 6-week user evaluation. Remarkably, the True Labels in Figures 15
and 16 are 1 and 2, representing one-handed and two-handed interactions chosen by
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Figure 14. The Visualization of the Weighting of UI components by Logistic Regression. Starting from the

top to bottom, they are Linear Layout, Relative Layout, Menu Item View, Frame Layout, Tab View, Card
View, Web View, Grid View, Toolbar, Spinner, Slider, List View, Text View, Image View, Image Button, View

Group, Button Checkbox, Radio Button, Edit Text and Other(s).

the participants. The second and third rows depict the probability of two classes for
either one-handed or two-handed interaction. The bottom row illustrates the predicted
results, in which the numbers [1 or 2] in the colours of green or red refer to either correct
or incorrect predictions – ‘does the prediction match with the True Label?’.

Generally speaking, most illustrated UI examples contains Toolbar and Viewgroup,
but the predictive model generates different classification. UIs with True Label of 1
(Figures 15), at first glance, present multiple items physically beyond the thumb reach
(on the basis of Parabolic Motion Trajectory (Bergstrom-Lehtovirta & Oulasvirta,
2014)). However, users precept the remaining UI components in such UIs as scrollable
items and hence maintain one-handed yet one-thumb interactions. In contrast, UIs with
a True Label of 2 contain interactive components that require precise taps to select
such components beyond the thumb’s reach. As shown in Figure 16, the rightmost
three UIs have icons at upper-left positions, while the leftmost three UIs contain
numerous smaller items, triggering two-handed operations for the tap-and-select. In
the leftmost UI, miniature UI components are at the upper-right corner to navigate
to the next article (i.e., the arrow), while the next UI (the second) contains arrays of
UI components on the right-hand side.
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Figure 15. Five UI examples (with True Label = 1, one-handed interaction) were audited by the proposed
XGB model.

6. Discussion

By examining the perceived thumb reachability data, we detail the relationship be-
tween TRS and the user’s perceived choices on individual UIs for one-handed interac-
tions. TRS, albeit its rationales behind thumb lengths and grip sizes, achieves binary
classifications of Parabolic Motion Trajectory (Bergstrom-Lehtovirta & Oulasvirta,
2014), overlooks the user’s habit or pose preferences on individual UIs and neglects
the inertia being triggered by sequential UIs. We do not intend to disprove the prior
models supported by such physical-context approaches. Instead, we introduce an al-
ternative assessment of UI reachability motivated by the above cognitive means. The
predictive model of hand poses attempts to evaluate UI reachability before the physical
actors of hands and thumbs work on the UIs. Supported by our analytics in Section 4,
the models highlight the importance of the user perception as well as the perceived ease
of interaction with most UI components in individual UIs, i.e., considering UI compo-
nents in a layout as user affordance (Gaver, 1991; Petersen, Rasmussen, & Trettvik,
2020). The models also broaden our knowledge of UI reachability at the cognitive
phase (i.e., reveal aspects possibly relevant to mental models), and works complemen-
tary with the existing physical-context assessments (Girouard et al., 2015; Le et al.,
2018; Pecchioli et al., 2019; Prange et al., 2018). Combining cognitive and physical
evaluation could offer us a more comprehensive understanding of user-centered UI
designs for one-handed interactions.

The benefit of machine learning-based modelling of human perceived choices on UI
reachability is multi-fold. First, through learning from the crowdsourced UIs (Deka,
Huang, Franzen, Hibschman, et al., 2017) and our user response data, the models
naturally capture the priors that humans have made perceived choices on UIs on the
basis of UI components in layouts. In terms of user interaction with UIs, the captured
priors allow us to distinguish the convenient designs that allow one-handed interactions
on smartphones. The extracted features of UI components on the UIs could inform
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Figure 16. Six UI examples (with True Label = 2, two-handed interaction) were audited by the proposed

XGB model.

the interaction designers to understand how the users think about their designs of
new applications, i.e., the cognitive means of a UI. It is important to note that XGB
models, with a strong capability of extracting the features of UI components, have
been extensively employed in the banking and finance industrial sectors. Our works
consider the user perceptions of UIs as an entire interaction task and the corresponding
UI components, in which the decision trees in XGB can parse the likelihood of the hand
pose happening in UIs. Second, when the UI becomes more complicated, e.g., numerous
UI components at irregular positions, the abstract user perception among multiple
clickable items (or buttons) in a UI cannot be simply represented by a single metric
or multi-criteria heuristics. Third, the prior works do not support modelling abstract
perceived choices for user interactions with mobile UIs. In contrast, the promising
capacity of data analytics and machine learning enables us to easily leverage intrinsic
clues between the user’s choices and the spatial relations among UI components in a
layout.

It is well-recognized that the static equations and mathematical programmings (Bi
et al., 2013a; Wobbrock et al., 2008) provide the outstanding property of interpretabil-
ity (Reinecke & Gajos, 2014). Machine learning models, in general, lack the above prop-
erty in spite of their superior ability of feature engineering (Yuan & Li, 2020), e.g.,
user perceptions of UIs. In this paper, we analyzed the user perception of the UI layout
on an individual level. We build our models according to a grounded theory leveraging
such generalized user perceptions (e.g., SSD for individual UIs and FIS for sequential
UIs). Thus, rather than building deep learning models in an opportunistic manner,
our machine learning approach, on the basis of UIs big data analytics, can be viewed
as a justified tool for predicting hand pose choices to discover UI design paradigms of
one-handed interaction, and to advance UI reachability research. It is expected that,
in real-life scenarios, UI Designers, with our findings and proposed models, can under-
stand the user perceptions of UI components inside smartphone layouts. Accordingly,
they can build UIs that encourage one-handed interaction at the cognitive phase. For
instance, UI designers can do several trials regarding the arrangement of UI compo-
nents on a smartphone. More specifically, our model, without recruiting real users, can

28



assess the UIs to see if users find one-handed or two-handed interaction convenient,
as the model can give early indications about the user’s pose choices. In other words,
UI designers, during the design phases of smartphone UIs, can perform a preliminary
evaluation with the benefits of saving time and reducing financial burdens caused by
recruiting human participants and, hence, user studies. Next, the proposed tool of
our work can be further combined with other existing tools, e.g., TRS (Bergstrom-
Lehtovirta & Oulasvirta, 2014). UI designers can leverage ergonomic tools or other
traditional evaluation methods simultaneously, which can better guarantee the align-
ment of one-handed interactions on smartphone layouts in both cognitive and action
phases. A practical and illustrative example is the implementation of single-handed
interactions across a range of frequently used interfaces for users in the workforce en-
gaged in daily commuting. In the public transportation system, users need one hand
to carry items or hold a handrail. Thus, the UI design with our proposed model owns
the competitive advantage by allowing better user experiences.

Several limitations exist in this work. First of all, we notice that the current dataset
only reflects three types of hand poses, while smartphone users may have more diver-
sified hand poses, e.g., two-handed interaction, involving multiple fingers on one hand
and another hand as the support. More importantly, our dataset is collected by judg-
ing the ranking of UIs purely on sight and interpretation, leading to decoupling the
ranking of UIs from a physical context. The combined models of the physical context
of TRS and user perception will become an interesting direction.

Despite our analysis successfully establishing the cues between UI components in
layouts and users’ perceived reachability, our model results have limited explainability
of the predictive results. It is important to communicate the design issue at the level
of UI-component pixels, and pinpoint the design suggestions to the practitioners. We
also acknowledge that such explainability is essential to building trust between the
predictive model and the designers. In the first stage, the explainability can be done
by offering multiple new samples that cover various classes of inputs and visualising
how the variations of input parameters lead to a different classification.

In addition, our study only focuses on the quantitative results from the data analyt-
ics and the proposed predictive model, while the qualitative feedback (trust, usability,
mental loading, etc.) from the designers has not yet been investigated. But still, the
machine learning model of XGB offers reasonable accuracy of the user pose choices for
UIs, serving as a valuable reference of UI reachability towards the cognitive dimension.
Additionally, the predictive poses for individual UIs could produce unambiguous yet
inexpensive design clues to the practitioners. Opportunities for balancing conflicting
choices through extended optimization strategies should be considered.

On the other hand, it is also preferable to scale up the data collection process to
cover more participants, further enhancing the generality of our study, at the expense of
higher demand for resources. Our current participants are primarily young people, and
we have to broaden the participants’ age range. Also, our existing dataset encounters
a skewed distribution, leading to reduced predictive power in two-handed interaction
and thus deteriorating overall prediction accuracy (i.e., F1 score).

Moreover, the original dataset (Deka, Huang, Franzen, Hibschman, et al., 2017)
only contains Android UIs. However, no less than 25% of users using iOS smartphones
exist in the consumer market. If a dataset can capture UIs from both Android and
iOS, the coverage of our study regarding perceived user reachability would be more
promising. In other words, a comprehensive study should not neglect this significant
population of smartphone users who deal with the iOS interfaces daily, which leads to
more inclusive and applicable findings to a broader market. For instance, the interface
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designs of iOS may induce users to judge their potential actions. Finally, the current
assessment primarily relies on the UI components’ statistics. Suppose multi-channels of
UI features and characteristics are included in our assessment, such as the coordination
of UI components and the types of applications and user contexts. In that case, the
model performance will result in improved performance as well as more detailed design
cues.

7. Conclusion and Future Work

While the physical context of thumb reachability has been extensively studied for
one-handed interaction, our work adds to the body of literature by modelling user’s
perceived choices on mobile UIs. We have made the first attempt at the acquisition
of users’ perceived reachability. Our data analytics of users’ choices on UIs preference
confirms that human perception of UI components in layouts should be considered
separately from the physical characteristics (in terms of TRS) (Bergstrom-Lehtovirta
& Oulasvirta, 2014). We further offer insights into the perceived pose choices on indi-
vidual UIs and their potential reasons, led by the inertia among sequential UIs. Based
on the observations from the analytical analysis, our modelling work provides design
cues of perceived choices of hand poses, in terms of understanding how users respond
to UIs on smartphones. The reasonable degree of model predictability establishes a
significant connection between UI component layouts and perceived reachability, and
thus, we have made a novel contribution by uncovering such a relation. The resultant
machine learning model can serve as an auditing tool for designers to conveniently eval-
uate individual UIs and UI sequences without running expensive user testing. Without
the user testing that is usually time-consuming, the proposed model can alert the de-
signer regarding certain interfaces triggering inconvenient interactions. The shortened
implementation time brings a more agile application development cycle. Thus, our
contribution leads to a more cost-effective and responsive design workflow and simul-
taneously promotes mobile UI designs.

There are several directions for future work. For example, although XGB serves as a
use case for the collected user responses, there is still room for improvement in model
performance, e.g., feature extraction. We can expand the capability of the models and
consider any intrinsic relationships between UI components, for instance, by modelling
a graph neural network. In addition, we currently only focus on the prediction of hand
poses. We can extend the models to give designers suggestions on reducing pose changes
by visualizing the potential issues and considering the weightings of UI components
with finer granularity, e.g., at the pixel level.
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8. Appendices

Figure 1. The decision trees in the proposed XGB model: The numbers ranged from F1 – F21 follow the UI
components in Table 1.
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Figure 2. Illustrative examples for the 20 types of UI components (1 – 20, referring F1-F20 in Figure 1),
while the type 21 (other) is not displayed as it is a collection of various UIs not included in the types 1 – 20.
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