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Figure 1: Exemplary contact maps of a smartphone held during Typing, Calling, and Gaming (left) and aggregated frequency
maps across all participants (N=23) (right). Left-hand contacts are shown in pink and right-hand contacts in blue, with saturation
indicating individual fingers, and the darkest tone marking the palm. Each subfigure depicts the smartphone’s back plus its
left, top, right, and bottom edges. Thermal imaging was used to capture heat signatures from the fingers and palms.

Abstract

The way users hold a smartphone depends on the interaction task,
yet little is known about the fingers’ engagement with the device’s
surfaces beyond the touchscreen. Such an understanding not only
opens up opportunities for novel on- and off-screen interactions, but
also the device’s possible physical affordances. We present a study
(N=23) that examines the hands’ physical engagement with the
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smartphone beyond the touchscreen across nine mobile interactions.
Grasps were annotated from photographs, and contact regions were
captured using residual heat traces from grasping the device. Our
findings show that fingers and palms adopt a variety of support roles
and postures when engaging with the smartphone’s back and side
edges. The hand-contact maps reveal distinct patterns, differing
in contact frequency and placement. This work contributes an
empirical characterisation of hands’ back and edge engagement,
highlighting design opportunities for future smartphone usage
extending beyond the touchscreen.

CCS Concepts

« Human-centered computing — Touch screens; Empirical
studies in interaction design; Mobile phones; Mobile devices;
Smartphones.
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1 Introduction

Smartphones are central to everyday digital interaction and rely
on continuous handheld operation, unlike stationary laptops or
wrist-worn fitness trackers and smartwatches. This places multi-
ple, simultaneous demands on the hands’ physical engagement
to facilitate precise touch input [11, 33, 53], avoid unintentional
contact with the screen [44], stabilise the device while physically
encumbered [48, 49], while minimising the risk of accidental drops.
These demands are further shaped by the portable nature, as smart-
phones are used across dynamic contexts, including walking [50],
running [57], or while being in the car [47]. Even without active
interaction, smartphones are often held in the hand, affecting mul-
titasking [51], highlighting the persistent embodied dimension of
smartphone use throughout the day.

To better understand embodied aspects of smartphone use, prior
work has examined device stabilisation [40], postural coordina-
tion [20, 27], or micro-movements that improve reachability [18].
Other works explored how supporting fingers perform device mo-
tion gestures and actively contribute to the interaction [75] or
back-of-device (BoD) techniques, including finger gestures [60],
pressure-based input [15], or characterisation of finger range of
motion [35]. Despite these advances, we still lack a detailed ac-
count of (1) smartphone grasps and how the supporting fingers
adapt their posture and engagement across interaction tasks and (2)
contact points, describing where the users’ fingers actually contact
the device beyond the touchscreen. This research gap suffers from
methodological challenges of visual occlusion, which hides the
contact points with the device behind bent or overlapping fingers
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during the interaction. This renders external sensors insufficient
and demands complex and expensive sensing hardware augmenting
the device’s surface to capture touch through pressure arrays [32]
or capacitive technology [21, 52]. As a result, prior research has
largely relied on ethnographic observations, limiting grasp char-
acterisation to high-level one- or two-handed variants [39] and
preventing capture of detailed contact points. Mapping accurate
hand-device contact remains challenging, with existing approaches
relying on projected 3D tracking data [35] or 2D visual mapping of
fingertips [38]. A more precise account of hand-device engagement
could reveal design opportunities that support touchscreen interac-
tion alongside grasp and contact patterns, while accommodating
broader physical demands of everyday smartphone use.

This paper deepens the understanding of how users’ hands in-
teract with smartphones beyond the touchscreen by addressing:
(RQ1) How do users’ fingers and palms engage with the smartphone
beyond the touchscreen? and (RQ2) Where do users’ fingers and
palms contact the smartphone beyond the touchscreen? We con-
ducted a user study with 23 participants performing nine everyday
mobile tasks. Grasp configurations were analysed from multi-view
video frames, and hand-device contact areas were captured via
thermal imaging of residual heat. We found that fingers and palms
adopted different support roles and postures, adjusting the grasp to
accommodate touch input. The labelled contact maps reveal task-
specific patterns in contact frequency and finger-side engagement,
extending prior work [35, 38]. Joint analysis on grasps and contact
areas provides a multi-faceted view of how fingers interact with
the back and edge surfaces.

Contribution Statement:

The contribution of this work is threefold. First, we contribute an
empirical understanding of hand-smartphone grasp configurations
and contact patterns on the smartphone’s back and side edges for
nine interaction tasks. Second, we contribute a dataset, consisting
of 1023 labelled thermal images (23 participants x 9 interaction
tasks x 5 smartphone sides) depicting hand-smartphone contact
regions through residual heat traces. Third, we extended an existing
technique for grasp detection of non-digital objects to an electronic
device and discussed the benefits and constraints for capturing
contact regions via heat traces. The combination of grasp character-
isation and contact patterns provides a multi-angled view into how
users’ hands physically engage with the smartphone, opening up
opportunities for novel multimodal interactions on- and off-screen.

2 Related Work

In this paper, we examine how the hand supports, stabilises, and en-
gages with the back and side edges of a smartphone across diverse
interaction tasks, addressing a gap in understanding interactions
beyond the touchscreen. By situating our study within existing re-
search on smartphone grasps, hand placement and back-of-device
interfaces, we demonstrate how patterns of grasp and contact com-
plement prior work.

The dataset is enclosed in the supplementary material and publicly available
on GitHub https://github.com/CarolinStellmacher/Datatset- of- Grasp-and-Contact-
Patterns- Across-Mobile-Interactions.git
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2.1 Physical Interaction Between Hands and
Smartphone

Work on the physical relationship between hands and smartphones
has largely centred on grasp types and the small adaptive move-
ments that occur during use. While grasp taxonomies are well
established for general objects, smartphone-specific classifications
remain sparse. Ahn et al. [3], for instance, extend an object grasp
taxonomy by including only a single smartphone grasp, underscor-
ing the lack of systematic coverage for mobile devices. Beyond
such static classifications, studies show that users fluidly adapt how
they hold devices to suit form factors and input modalities. When
interacting via touchscreen rather than physical keyboards or styli,
people tilt and rotate the device to improve reachability, with these
micro-adjustments increasing as screen size grows [17, 18]. Prior
ergonomics work shows that prolonged smartphone use and poor
posture can lead to hand pain [6], highlighting the need to under-
stand how handling distributes physical load. Body posture further
modulates stability and movement. Hand adjustments intensify
from standing to sitting to lying down [20], and lying on one’s
side yields the most secure, least mobile grip [27]. Related work on
microgestures performed while holding an object reinforces that
the hand rarely remains static during interaction [59]. Most prior
work stops at broad grasp categories or general descriptions of
small hand adjustments. Because individual fingers are hard to see
and measure on a phone, we still lack task-dependent models of
per-finger configurations; our study targets this gap.

2.2 Contact Patterns Between Hands and
Smartphones

Complementary to grasp dynamics, several studies examine where
and how the hand comes into contact with the device. Early work by
Kim et al. [30] explored back-of-device grip patterns using painted
gloves to detect hand positioning. Le et al. [38] mapped rear contact
with heatmaps and reported that only a small fraction of the back
surface is typically touched, with the index and middle fingers com-
monly contacting the centre, the ring and little fingers supporting
the lower third, and the lower palm contributing a substantial num-
ber of touches. Lee et al. [39] further showed how task type, device
width, and hand length shape grasp, reach zones, discomfort, and
muscle activation during rear interaction. Studies of comfortable
reachable areas for one-handed back-of-device interaction indicate
that the index and middle fingers are particularly suited for BoD
input in static portrait use [35], and PalmTouch demonstrates that
the palm can serve as an additional, purposeful input modality [34].
Recent work identifies accidental back touches during one-handed
use, outlining safe regions and noting the fewest incidents on 5” de-
vices [37, 76]. Despite these insights, much of this literature isolates
specific scenarios (e.g., static one-handed posture [35]), focuses
on a single finger [77], or considers only a narrow set of mobile
interactions [38]. Moreover, prior work concentrates primarily on
the flat back of the device, leaving edges, which frequently con-
tribute to support and stabilisation, underexplored. Research on
BoD input systems provides additional clues about natural resting
positions and movements of fingers and palm (e.g., see-through or
pressure-augmented techniques) [13, 15, 36, 60, 72], as well as on-
case and on-surface sensing with commodity phone sensors [79],
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yet these efforts primarily target novel input rather than document-
ing contact patterns. Consequently, comprehensive accounts of
how full-hand contact varies across activities and grip variations,
and how these contacts influence device support, are still lacking.

2.3 Detecting Grips and Contact

Touching and manipulating objects underpins most interactions,
but because hand-device contact is largely hidden, external sen-
sors struggle to capture it in detail. Consequently, grip detection
has been extensively studied, with numerous real-time and offline
solutions for general objects and, in particular, smartphones.

One approach is to sense the device itself, using overlays such
as pressure arrays [32], or capacitive sensing [21, 52]. A second ap-
proach leverages built-in sensors, combining touchscreen, inertial
data, and vibration to classify hand posture and grip pressure [23].
More recent work utilises front-facing camera corneal reflections
to detect grip with ~85% accuracy and no extra hardware [81]. A
third approach moves sensing to the hand via sensor gloves [65]. Fi-
nally, external-camera sensing has relied on patterned smartphone
cases [38], or ML-based recognition of grasp postures [31].

While a variety of methods investigated these approaches, a
few specific techniques were more widely utilised also for exper-
iments, or for creating databases of object grasping information,
showing reliability and empirical validation. A common method
used for grasp detection is motion tracking. OptiTrack systems are
often employed for capturing small finger movement [35, 58], or
for capturing posture on top of just the grasp, as was done for the
GRAB dataset [67]. Motion tracking using IMUs in combination
with depth and standard video cameras was also used for creating
a richer dataset [55]. Using motion capture (MoCap) is convenient
for comprehensive, diverse datasets as it provides spatially accu-
rate data and supports automated extrapolation. However, these
advantages come at the cost of expensive equipment, complex phys-
ical setups, and substantial analysis pipelines. In addition, contact
points on the flat surface of the device are only approximated, re-
ducing accuracy. Another method with a similar balance to motion
tracking uses EMG signals and machine learning to classify grasp
types, originally for prosthetics [5] and later combined with sen-
sors such as cameras [78]. In contrast, some studies, including on
phones [14], use manual video coding, which is easy to set up but
requires substantial manual effort.

For our study, we chose thermal imaging, which offers a simple
setup while directly capturing contact areas rather than inferring
them [68]. Although the images require manual encoding, they
clearly visualise contact and are easy to interpret and integrate
into digital workflows [25], which will become even more relevant
as Al gradually offers more reliable and accessible image analysis
tools. Our approach was particularly inspired by the ContactDB
dataset, which used thermal imaging to create 3D contact meshes
for household objects [9].

3 User Study

The goal of our user study was to examine how mobile interactions
shape the way users hold a smartphone. To do so, we invited par-
ticipants to perform nine common interaction tasks, during which
we visually recorded their hand grips. Immediately after the task,
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Table 1: Nine interaction tasks performed during the study.

Interaction Task App Used in the Study

1. Scrolling (and reading) News articles in mobile browser

2. Typing (a text message) ~ Google Chat

3. Calling Google Meet

4. Gaming Hill Climb 2 (Racing Game, landsc.)
5. Video YouTube (Nature Video, landsc.)

6. Map Google Maps

7. Volume Physical side button

8. Photo (back camera) Camera App

9. Selfie (front camera) Camera App

we collected hand-smartphone contact by using a thermal camera,
capturing heat traces transferred onto the smartphone’s surface
during use. Using this data, we investigated their (1) grasp and (2)
contact patterns to derive insights on how the hands physically
engage with the smartphone beyond the touchscreen.

3.1 Selection of Interaction Tasks

We applied a two-step process to select realistic, representative
smartphone interactions for our study. First, we collected common
use cases from literature, considering global smartphone usage [62],
commonly used apps [12], and their generational differences [4,
10], as well as use contexts [71]. From this, we identified "Social
Media", "Info Search", "Reading", "Messaging", "Calling", "Gaming",
"Watching a Video", "Map Navigation", "Listening to Audio", and
"Taking a Photo" as central use cases for our study.

Secondly, we mapped these use cases to interaction tasks. "Social
Media", "Info Search", and "Reading" were grouped into a single
task, "Scrolling", as they all primarily involve scrolling and reading.
Notably, this interaction task does not induce rapid grasp changes,
unlike menu navigation or button presses, which was important
for reliably capturing residual-heat contact areas.

We added two tasks for taking a photo, "Photo" and "Selfie", to
distinguish between back- and front-camera use. For audio listen-
ing, which involves minimal direct contact, we used changing the
volume via the physical side button, represented by the task "Vol-
ume", to ensure measurable contact. The final set of interaction
tasks (see Table 1) was chosen to elicit natural grasp variations
across device orientations, hand use, and on-body locations (e.g.,
held to the ear for calls), reflecting everyday smartphone use.

3.2 Design & Measurements

The study employed a within-subject design with all participants
performing the same set of nine mobile interaction tasks (indepen-
dent variable; summarised in Table 1). The interaction tasks were
presented in random order, with short breaks of 1-2 minutes. As we
were interested in how users hold the smartphone, we collected two
main measures (dependent variables): grasps and hand-smartphone
contact areas. Additionally, we measured participants’ hand sizes
and collected information on their demographic backgrounds and
smartphone usage.

3.2.1 Hand Size & Handedness. At the beginning of the study, we
used a measuring tape to assess the distance from the wrist crease
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Figure 2: Setup and materials used in our user study: (a)
Sitting arrangement with couch, pillows, three GoPro cam-
eras with tripods and a heating pad with which participants
warmed up their hands during tasks. (b) Set up to capture the
heat residue left on the smartphone, comprising a thermal
camera, a clamp to hold the smartphone, a neoprene insu-
lating glove, and a cool pad to remove the thermal traces for
the next task. (c) The Google Pixel 7 with a silicon case.

(proximal end) to the tip of the middle finger of both hands, a
common measurement for hand size in HCI [9, 35]. In addition, we
recorded participants’ self-reported dominant hand.

3.2.2  Hand Grasps. Video recordings of three GoPro cameras from
three perspectives (front-facing and two overhead views on the left
and right sides) captured participants’ hands holding the smart-
phone during the interaction tasks. Static images of the grasps,
extracted from these videos, were later used for analysis.

3.2.3 Hand-Device Contact. Consistent with previous research on
objects with varying geometries [9], a thermal camera was used
to record heat maps of the back and four sides of the smartphone
immediately after each task. These recordings captured the residual
heat transferred from the participant’s hand to the device during the
interaction. Because the participant’s hands covered the device’s
surface during use, heat maps could not be derived in real time and
were, therefore, obtained only post hoc.

For sufficient and reliable heat transfer and retention, we took
multiple measures: participants warmed both hands for 1-2 minutes
prior to each task using a 60 °C heating pad, and continued the
interaction task and grasp for 30 seconds. Warming participants’
hands also ensured dexterity comparability and removed any con-
founding factor caused by the variance in hand temperature. We
used the same smartphone for all participants to keep surface and
thermal properties consistent. For the study, the thermal camera
recording the heat residue on the smartphone was calibrated to cap-
ture temperatures ranging from 25 °C to 37 °C, covering the average
temperature range across the human hand of 27.0 to 33.4 °C [70].
The ambient temperature of the temperature-controlled study room
remained at a constant 21 °C.
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Table 2: Percentage of the employed smartphone orientation and the number and type of hands used to support the device
during the interaction task, across all participants (N=23). Additionally, absolute numbers for one-handed support performed
with the non-dominant hand are presented. Here, values are a subset of the corresponding one-handed support proportion.

One-Handed  Two-Handed One-Handed One-Handed Non-dom.
Portrait Landscape Support Support Support - Left  Support - Right Hand

Scrolling  100.0% - 69.6% (n = 16) 30.4% 18.8% 81.3% 1(6.3%)
Typing 100.0% - 43% (n=1) 95.7% 100.0% - 1(100%)
Calling  100.0% - 100.0% (n = 23) - 19.0% 81.0% 2(9.5%)
Gaming - 100.0% - 100.0% - - -
Video - 100.0% 8.7% (n = 2) 91.3% 50.0% 50.0% 1(50%)
Map 100.0% - 56.5% (n = 13) 43.5% 76.9% 23.1% 6 (46.2%)
Volume 100.0% - 87.0% (n = 20) 13.0% 10.0% 90.0% 0
Photo 43.5% 56.5% 13.0% (n =3) 87.0% - 100.0% 0
Selfie 100.0% - 82.6% (n = 19) 17.4% 22.2% 77.8% 2 (11.1%)

3.24 Demographic Information and Smartphone Usage. At the end
of the study, participants completed a questionnaire, assessing de-
mographic information, smartphone usage, and experience.

3.3 Apparatus

All participants used the Google Pixel 7 (155.6 mm x 73.2 mm x 8.7
mm, 197 g, see Figure 2c¢), fitted with a commercially available soft
silicone case. Its dimensions and mass closely align with the most
widely reported smartphone profiles worldwide (height 150-160
mm, weight 150-200 g), making it a representative of a typical
contemporary smartphone?. Using a single smartphone and keeping
the screen size and physical dimensions consistent, we were able
to isolate the effects of different mobile interactions on grasps and
contact areas while maintaining consistent heat-residue retention.
For collecting contact data, we used the Trotec IC 080 L thermal
camera, which was mounted on a tripod, positioned overhead, fac-
ing down at a table (see Figure 2b). A clamp, fixed to the tabletop
with tape and within the camera’s field of view, held the smart-
phone upright to capture the heat traces along the side edges. The
thermal camera’s video feed was recorded via OBS Studio, which
was running on a laptop connected to the camera via cable. We
later extracted images from the videos for the heat map analysis.

3.4 Procedure

The study was reviewed by the ethics board of the University of
St. Gallen and was exempt from a formal full review. We conducted
the study in accordance with local ethical guidelines, and partici-
pants provided written consent after receiving a brief verbal expla-
nation about the study’s purpose, task, and data collection. Addi-
tionally, participants received a 10€ compensation.

After the initial introduction and consent collection, we recorded
participants’ hand sizes. Participants were then seated on a couch
(see Figure 2 (a)), reflecting a comfortable and natural environment
for smartphone usage. Participants briefly familiarised themselves
with the experimental smartphone and its physical shape before
returning the device and placing both hands inside the heating pad.
The study conductor wore a neoprene insulating glove throughout

Zhttps://scientiamobile.com/the-importance- of-knowing-physical-device-
dimensions

the experiment to prevent direct skin contact when handling the
device and to avoid unintentional heat transfer. Radiating body
heat did not produce any heat traces.

For each task, the study conductor prepared the smartphone by
launching the corresponding app (see Table 1) and removing resid-
ual heat traces visible through the thermal camera, using a standard
cool pack. Participants were then informed about the upcoming
task and instructed to hold the device as they would naturally do,
to elicit intuitive grasps. To initiate the task, participants removed
their hands from the heating pad and grasped the smartphone.

Participants were allowed to sit in any posture that felt most
natural to them while using the smartphone. This design choice
reflects our aim to observe how users intuitively hold and grasp their
devices under realistic, everyday conditions. By not constraining
seating posture, we were better able to capture grasp and contact
patterns as they naturally occur, rather than imposing an artificial
behaviour that may not generalise to real-world usage.

After each task, the study conductor retrieved the smartphone
and brought it to the thermal camera setup right next to the couch
(see Figure 2 (b)), where they captured the heat residue on all five
sides, stabilising the phone in a clamp to record the edges. During
this time, participants returned their hands to the heating pad. This
procedure was repeated for all nine tasks and lasted ~25 minutes.
The experiment concluded with a demographic questionnaire that
participants completed on a laptop. The experiment lasted about
40 minutes in total (~8 min introduction & hand measurement, ~25
min tasks & thermal recording, ~7 min demographic questionnaire).

4 Findings

We present the findings from our qualitative inquiry and the results
of our quantitative analysis. We report participants’ demographics
and smartphone use, and characterise hand grasps. Contact patterns
are reported regarding hand-device and finger-phone-side contacts,
contact frequency, and placement on smartphone sides.

4.1 Participants, Hand Sizes & Handedness

The study involved 23 participants (aged 23-36, M = 29.0, SD = 3.5,
with f =12 and m = 11). We recruited 24 participants, but excluded
one data set due to a recording error. The majority of participants
had used mobile devices (earlier mobile phones or smartphones)
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Figure 3: Grasp variations illustrating how fingers and palms supported and held the smartphone in our study.

for 16-20 years (56.5%), while smaller groups reported 11-15 years
(30.4%) or 6-10 years (8.7%). Subjective self-rated experience with
mobile phones was high (M = 4.2, SD = 0.7, min = 3, max = 5). Re-
garding smartphone cases they use on their personal smartphones,
most participants reported using silicone (69.6%) or hard plastic
(21.7%) cases, while one participant reported not using a case at
all and another specified another type (vinyl sticker). When asked
to indicate their three most common smartphone activities, par-
ticipants most often selected messaging (73.9%) and social media
(56.5%), followed by information search online (43.5%), listening to
audio (30.4%), and taking photos (30.4%). Reading (21.7%), watch-
ing videos (21.7%), and map navigation (17.4%) were chosen less
frequently, while calling (4.3%) and other activities such as online
dating and gaming (8.7%) were rare.

Most participants were right-handed (n = 21; 91%), with two
left-handed. The average right-hand size was M = 17.8 cm (SD =
1.3, min = 15.5, max = 22), while the average left-hand size was
M =17.4cm (SD = 1.3, min = 15, max = 21.5). On the 5-item Likert
scale “T held the phone during the study as I hold my own phone”
(1=Strongly Disagree to 5=Strongly Agree), participants reported
high agreement (M = 4.6, SD = 0.5). When asked why their grip
might differ, participants most often pointed to differences in the
size and shape of the device, but also mentioned the context of use
(e.g., posture or task) and study-related effects (e.g., being filmed,
leaving heat signatures).

4.2 Smartphone Grasps

We analysed 207 grasps (23 participants x 9 tasks) quantitatively
and qualitatively to understand how hands physically engage with
the smartphone across nine interactions (RQ1). For each grasp, we
extracted static images from the GoPro videos capturing partic-
ipants’ hand postures. Posture characteristics were qualitatively

analysed via an iterative open-coding procedure in line with Bland-
ford et al. [8], using the MaxQDA data analysis software. Two
authors performed an initial round of open coding on two data sets
each, covering 17.39% of the overall data (4 out of 23). One author
then completed the remaining data sets to characterise postures.

4.2.1 Quantitative Results of Smartphone Orientation, Support Grasps,
and One-handed Support. Results are summarised in Table 2. Device
orientation was kept consistent within each task, and almost all
participants used the same orientation per task. Only the Photo task
is split roughly evenly between portrait and landscape, reflecting
natural variation in back-camera use. This freedom to choose their
own grasp ensured that any measured effects of interaction on the
device could be attributed to the task itself rather than variations
in device handling.

Regarding the number of hands used to grasp the smartphone,
Calling was consistently one-handed, and Gaming was consistently
two-handed. The other tasks varied, but most exhibited a clear trend
toward either one- or two-handed support, except Map, which was
split between both. In most cases where the smartphone was sup-
ported only by one hand during the interaction, participants showed
aclear tendency to use either their left or right hand. Cross-checking
the supporting hand with reported handedness showed that using
the non-dominant hand when using only one hand to support the
device was less frequent. An exception was the Map interaction,
in which nearly half of the one-handed support cases (6 (46.2%))
used the non-dominant hand to support while the dominant hand
provided touch input.

4.2.2  Qualitative Findings on Finger Configurations. To understand
how users’ hands physically engage with the smartphone, we char-
acterised the support roles adopted by the fingers and palm to
stabilise a secure grasp while enabling touchscreen input and oper-
ation of side-mounted buttons.
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Figure 4: Fraction of participants placing their fingers or palm on the smartphone’s back and side edges across tasks. R1-R5 is
used for the Right Thumb-Little Finger, L1-L5 for the Left Thumb-Little Finger, and RPa/LPa for Right/Left Palm.

Table 3: Frequency of hand contact on the smartphone’s back
and four side edges across interaction tasks. Higher frequen-
cies are encoded by stronger colour saturation.

Back Left Right Bottom Top

Calling 419% 30.0% 19.2% 89%  0.0%
Gaming 45.7% 14.7% 11.6% 14.7% 13.4%
Map 493% 19.2% 21.8% 9.6% 0.0%
Photo 36.9% 213% 18.2% 15.1% 7.6%
Scrolling 51.0% 18.9% 21.4% 8.7% 0.0%
Selfie 46.0% 18.6% 19.5% 158%  0.0%
Typing 535% 19.7% 19.2% 75%  0.0%
Video 453% 19.2% 12.6% 12.1% 10.7%
Volume Up | 43.7% 26.6% 21.4% 7.9%  0.4%
Mean 45.9 20.9 18.3 11.2 3.7
SD 4.98 3.32 4.64 3.73 5.44
MIN 36.9 7.5 14.7 11.6 0.0
MAX 53.5 15.8 30.0 21.8 134

Supporting Roles of Fingers and Palms. Findings are illustrated
in Figure 3. Two prominent roles involved supporting the smart-
phone’s back or bottom. For back support, we observed three pat-
terns. First, participants placed a stretched index finger flat on the
surface, typically near the centre or opposite edge, sometimes ac-
companied by the middle, ring, and little fingers. Second, fingers
were curled on the back, which was most common in two-handed
grasps, involving the index, middle, ring, and/or little fingers. In
some cases, we observed the index, ring, or middle finger wrapping
around the edge at their interphalangeal joints and contacting the
back only with their upper segment/tip. In landscape mode, similar
wraps occurred around the top corners. Third, arched fingers cre-
ated a near-continuous contact along their length, forming a gentle
bridge over the back surface. This occurred mainly in two-handed
grasps and occasionally in one-handed grasps using the index or
middle finger. Supporting the smartphone’s bottom often involved
the thumb or little finger in both one- and two-handed grasps. Par-
ticipants varied this placement between a flat thumb along the
bottom edge, a thumb oriented approximately orthogonally to the
edge, and a curled or stretched little finger (e.g. Selfie or Calling)
positioned diagonally across the edge.

Supporting the side edges depended strongly on the grasp type.
In one-handed grasps, the device was typically pinched between the
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thumb on one side and the middle, ring, and little fingers wrapping
around the opposite side. The thumb was placed either flat along
the edge, flexed to contact with the tip, or the device rested on
the thenar eminence (the mound at the base of the thumb). In
two-handed grasps, the purpose of maintaining an upright device
orientation was especially evident. In landscape orientation (e.g.,
Video), the thumb frequently supported the bottom edge while the
index or middle finger stabilised the top edge or corners. In rare
two-handed cases during Selfie and Photo, two participants placed
a thumb on the slightly protruding front lip of the protective case to
support the device while avoiding unintended touchscreen contact.
The way the palm supported the device differed from finger
roles. The palm served more as a platform, with bottom edges and
corners nested into the central palmar crease or the lower thenar
region. In a symmetrical two-handed landscape grasp, the device
was clamped between both palms with minimal finger contact.

Role of Wrist Support. We also observed that entire grasps sta-
bilised the device at distinct tilt angles relative to the screen-normal
(the vector orthogonal to the touchscreen), implying varying loads
and contact pressures on the fingers. We categorised these angles
as recline (0-45°), upwards (45-85°), forward (~90°), forward with
rotation (~90° plus rotation), and downward (>90°). Recline was
predominant, followed by upward and forward, and was observed
multiple interaction tasks. During Calling, participants frequently
adopted a forward-with-rotation posture to hold the device to the
ear, producing a lateral weight shift and increased pressure on the
supporting finger along the downward-facing side edge. Downward
angles were rare and observed only when taking overhead Selfies.

Beyond Finger Support. In some grasps, certain fingers did not
contribute to support at all as they were used for touch input or to
press the side-mounted button. In two-handed grasps, the thumbs
and index fingers commonly operated the screen. In one-handed
grasps, the index finger and/or thumb handled both for touchscreen
input and the side button. In one case, the middle finger was used
to press the button. Some fingers rested in mid-air, mostly the little,
ring, and occasionally the middle finger. These fingers were either
comfortably flexed (often touching each other) or splayed like a
fan while the remaining fingers clasped the device. During Video,
thumbs also occasionally hovered above the screen. Such “surplus”
fingers were not observed in one-handed grasps. We also observed
instances where support extended beyond the hands. In one-handed
Calling, the device was pressed against the ear and adjacent facial
areas, with occasional additional contact from hair or spectacles.

4.3 Contact Patterns

To determine where participants’ hands come in contact with the
smartphone beyond the touchscreen (RQ2), we captured thermal
images depicting temperature-based handprints from which we de-
rived contact maps. To do so, we manually extracted frames of the
smartphone’s back and side edges from the thermal camera’s video
recording, yielding 1032 images. Three instances were missed dur-
ing data collection (expected 1035 = 23 participants x 9 interaction
tasks x 5 device sides), but visual inspection of the correspond-
ing grasp photographs confirmed that no finger contact occurred
on these surfaces. We registered and aligned images within each
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Figure 5: Confusion Matrix for predicting the task from the
contact map.

smartphone-side set using standard image-processing techniques
in Python. We then employed the Segment Anything Model 2 (SAM
2) [54] to automatically segment thermal handprints and pre-detect
contact regions, which were stored as masks in an XML file. Finally,
we imported the images and the corresponding XML mask files into
the Computer Vision Annotation Tool (CVAT, https://www.cvat.ai/)
to manually refine the masks and label them by finger type and
palm, cross-referencing the multi-angle grasp photographs. Re-
finement involved removing wrongly detected masks that did not
contain residual heat, creating missing masks, editing the shape
of masks , and merging masks that had been incorrectly split. The
supplementary material includes the full dataset of 1032 thermal
images, their finger and palm annotations, contact maps per partic-
ipant (see Figure 6), and accumulated contact maps per interaction
task (see Figure 7). For compactness in this section, we use R1-R5
for the Right Thumb-Little Finger, L1-L5 for the Left Thumb-Little
Finger, and RPa/LPa for Right/Left Palm.

4.3.1 Hand Contacts Beyond the Touchscreen. All smartphone sides
experienced touch contact with the hands. The frequency of how of-
ten each smartphone side was touched across interactions is shown
in Table 3. The Back surface accounted, on average, for nearly
half of hand contacts. Both side edges exhibited lower frequencies,
though similar to each other. By contrast, the Bottom and Top were
contacted infrequently. Notably, no participant placed their hands
on the smartphone’s top edge during the six interactions Calling,
Map, Scrolling, Selfie, Typing, and Volume change.

4.3.2  Finger Contacts Beyond the Touchscreen. To understand the
role of each smartphone side for each interaction task, Figure 4
presents the proportion of participants placing each finger or palm
on the back and side edges. Descriptive statistics are provided in
the supplementary material.

Across tasks, the back contact dominated, particularly for the
right hand. During Scrolling and Map, contacts from R2 to RPa were


https://www.cvat.ai/

Understanding How Mobile Interactions Shape Grasp and Contact Patterns Beyond the Touchscreen

similarly frequent on the back, whereas Video and Calling showed
greater variability in which fingers contacted the back. Multiple-
side occurrences reflect either inter-participant diversity in grasp
or simultaneous contact with several sides. In Selfie, the right palm
often touches the Back, Right, and Bottom edges, consistent with
cradling the bottom-right corner. For fingers, multi-sided occur-
rences suggest wrapping around the edges. Although the Top was
rarely contacted in most tasks, it was more prominent in Gaming,
Video, and Photo. Patterns of one- vs two-handed support were
also evident as one-handed tasks (Scrolling, Calling, Volume, Selfie)
showed minimal left-hand contact, whereas two-handed tasks dis-
played more balanced left-right engagement.

We also checked the statistical difference between the frequency
of each side being used. As the data was non-normally distributed,
we used the ARTool package Wobbrock et al. [73], applying the
aligned rank transform procedure, abbreviated as ART, since para-
metric ANOVA was inappropriate. Analyses were run in R 4.5.2 and
RStudio 2025.09.2, packages current as of November 2025. The main
effects and two-way interaction effects are reported in Appendix A.

The ART found a significant main effect of Task (F(7,154) =
73.79, p<0.001), of Phone side (F(5, 10032) = 786.64, p<0.001), and of
Finger on whether this was used (F(11,10032) = 305.40, p<0.001).

The ART found a significant interaction effect of Task X Phone
side (F(35,10032) = 42.74, p<0.001), of Task X Finger on used
(F(77,10032) = 35.16, p<0.001) and of Phone side X Finger on used
(F(41,10032) = 113.27, p<0.001).

Finally, the ART found a significant three-way interaction ef-
fect of Task X Phone side X Finger on used (F(287,10032) = 13.11,
<0.001; see Figure 4). There is no clearly distinguishable pattern for
this three-way interaction effect. Therefore, we turned to machine
learning approaches to see how well finger contact can predict
tasks in the next section.

4.3.3  Predicting The Task from Hand Contact. We were interested
in how well we could predict the task from the finger contacts
using our dataset of 1032 labelled thermal images. For each partic-
ipant and task, we computed the mean use proportion for every
Finger X Phone side pairing, then pivoted to a wide feature vec-
tor per participant—task, filling missing pairings with zeros. We
performed grouped v-fold cross validation stratified by participant
(v = min(5, #participants)) to avoid leakage across participants.
On each training split, we fit an XGBoost multiclass classifier (R
package version 3.1.1.1; objective=multi:softmax, num_class
equal to the number of tasks, max_depth=5, eta=0.1, 500 boost-
ing rounds). Labels were encoded as 0...K — 1 for training, and
predictions were mapped back to task labels for evaluation on the
held-out participants. Averaged over folds, accuracy was 0.525,
macro F1 was 0.515. Results indicate hand contact patterns pro-
vide modest discriminative information (52.5% accuracy vs. 12.5%
chance), but substantial confusion between visually similar tasks
(photo/video) and functionally similar tasks (gaming/video) sug-
gests contact alone is insufficient for reliable task classification.
Figure 5 shows the confusion matrix.

4.4 Contact Maps

Based on the labelled masks, we plotted the contact patterns of
finger and palm placement on each side of the smartphone for each
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interaction task and participant. Figure 6 shows exemplary contact
maps combining all sides of the smartphone. Left-hand contacts are
depicted in pink, right-hand contacts in blue. Individual fingers are
distinguished by increasing saturation within each colour range,
with the palm represented by the darkest tone. All contact maps
of 1032 phone sides and participants’ combined contact maps are
included in the supplementary material.

Contact maps containing only blue or pink mark one-handed
grasps (e.g., Scrolling). If both colours are present, the smartphone
was held with both hands (e.g., Photo or Gaming). The shape of
the contact region indicates which part of the finger made contact
and the angle at which the finger met the surface. Smaller, round
spots on the back surface denote contact with the fingertip, with
a steeper angle (e.g., the dot on the right edge in Scrolling). Small
but elongated points on the back indicate contact with the finger
pad, suggesting a flatter angle (e.g., bottom two drops in Typing).
This difference is particularly evident in the contact areas at the
centre of the device’s back in Video (drop-shaped) and Gaming
(more elongated and larger size). Large elongated regions show
contact along the finger length (e.g., Typing), while indentations in
their contours reveal individual phalanges (e.g., Typing, Map).

The placement of contact points also provides insights into how
the smartphone was held. A rectangular region in the bottom corner
of the back side that reaches onto the adjacent side edge (e.g., in
Scrolling and Calling) typically indicates palm contact when the
device is supported one-handed. In the Gaming task, the elongated
contact regions on the back, which extend from the outer edge
towards the centre, and the contact regions on the short edges,
suggest a two-handed grasp where the short edges sit inside the
palms. Smaller dots on the back surface cut off by the edge, but
continued on the side edge, show how these fingers wrapped around
that smartphone edge.

Patterns in Contact Maps. To assess patterns in participants’
hand-placements across interaction tasks, we computed aggre-
gated contact maps (see Figure 7). Across tasks with portrait device
orientation, the uppermost portion of the smartphone’s back re-
mained largely free of contact (Scrolling, Typing, Calling, Map,
Photo, and Selfie), while palm contacts concentrated on the lower
half along one or both side edges. Variations in patterns become ev-
ident through the location of high-frequency regions. Map showed
higher contact frequency closer to the top than Typing, which was
more confined to the lower half. Calling exhibited strong accumula-
tions near the lower parts of both edges. The centre of the back was
generally sparse, apart from a narrow band just above the vertical
midpoint where the index finger was often placed. Volume showed
a similar edge-focused pattern, consistent with high palm contact.

In landscape tasks (Gaming, Video), contact covered more of
the back overall yet remained lighter near the upper edge. While
both interactions elicited a two-handed grasp, the contact patterns
differ regarding the touch points in the centre of the back surface.
Video commonly featured a distinct central fingertip support point,
whereas Gaming showed two prominent, elongated regions indica-
tive of full-length finger contact.
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bottom edge of the smartphone.

5 Discussion

Our user study examined how users’ hands engage with smart-
phones beyond the touchscreen across nine mobile interaction tasks,
focusing on (1) grasp characteristics and (2) the hand-smartphone
contact patterns. We discuss how our findings deepen our under-
standing of mobile interactions beyond the touchscreen, and their
implications for future smartphone design, its physical shape, and
opportunities for novel haptic interface designs. We also reflect on
using thermal imaging to capture hand contact with a smartphone
and discuss implications for future research.

On-Screen Interactions Shape Off-Screen Finger Support. Our find-
ings show distinct behaviours in participants’ grasps across differ-
ent mobile interactions, illustrating how fingers and palms engage
with the smartphone beyond the touchscreen (RQ1). The quanti-
tative grasp results highlight interaction tasks that include both
hands: Typing, Gaming, Video, and Photo. In the case of Typing,
both thumbs often interact with the keyboard at the bottom of the
screen, naturally cradling the device between both hands. Gaming,
Video, and Photo were all predominantly performed in landscape
mode, which includes both hands for a secure enough grip. In con-
trast, interactions performed in portrait mode were more likely
to elicit one-handed device support, which was often the case for
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Figure 7: Accumulated contact pattern for all interaction tasks. Image for landscape use for the photo interaction is included in
the supplementary material. Left-hand contacts are shown in pink and right-hand contacts in blue. Each individual subfigure
shows the back of the smartphone as well as the left, top, right, and bottom edge of the smartphone.

Scrolling, Calling, Selfie, and Map. Touch input was then either
performed by the same support hand holding the device or by the
second, unencumbered hand. For Map, however, the distinction
between one-handed and two-handed support was less clear. Here,
half of the participants who supported the device during map ex-
ploration with one hand used their non-dominant hand, which was
more frequent compared to other interactions. Since one-handed
multitouch gestures for exploring a mobile map are more complex
and involve multiple fingers, participants might have prioritised
their dominant hand for this more demanding on-screen task.

We found distinct finger roles and postures when holding the
smartphone, providing a deeper distinction in smartphone grasps
compared to high-level grasp categorisations in prior research [39].
Most roles stabilised the device between different surfaces, e.g.,

supporting the back via flat, curved, or arched fingers to maintain
the screen-facing orientation, supporting the bottom edge via the
palm or little finger to prevent downward slip, or supporting the
device’s side by clamping the device between palm and fingers of
the same hand in one-handed use to maintain an upright orienta-
tion. Grasping behaviour often involved fingers wrapping around
multiple smartphone surfaces, such as both index fingers wrap-
ping around the side edges onto the back in a two-handed grasp.
While our work highlights the complexity and variety in finger
configurations across different interaction tasks, future research
needs to examine how other factors, such as interface layout, hand
size, device dimensions, or wrist support, further influence why
fingers are employed the way they are to contribute off-screen to a
successful mobile interaction on-screen.



CHI *26, April 13-17, 2026, Barcelona, Spain

On-Screen Interactions Shape Off-Screen Contact. While grasp
characteristics demonstrate how fingers support the smartphone,
contact patterns illustrate where fingers and palms contact the de-
vice beyond the touchscreen (RQ2). Our findings highlight distinct
spatial-frequency patterns (see Figure 7) across mobile interactions
and device orientations. Individual distinctions were observed in
placement, local frequency, and extent of the contacted surface.

Portrait usage commonly exhibited contact accumulations along
the side edges, adjacent regions of the back, and the upper centre
of the back, with no contact on the top edge and the top area of the
back. Interactions with more widespread coverage suggest a higher
number of fingers supporting the device off-screen to complete the
interaction task on-screen. For example, Typing was predominantly
performed in a two-handed support grasp, leaving both thumbs
free for touch input, with the remaining fingers producing contact
patterns spreading across the entire lower two-thirds of the back.
In contrast, tasks eliciting more one-handed support grasps, e.g.,
Scrolling or Selfie, show more no-contact areas, suggesting that
these mobile interactions with their specific on-screen input re-
quired overall less physical engagement for successful completion.
Widespread contact also suggests greater variance in participants’
finger placements, which could apply in the Volume task. Here,
higher spatial variance in contact points suggests that participants
used their own grasp strategies to push the side button, indicating
that the smartphone’s form factor does not afford a clear, prominent
way to do so. In contrast, Calling produced small and distinctly
located contact regions with high contact frequency, suggesting
that participants applied similar grasps for this task.

Contact patterns of interactions performed in landscape mode,
e.g., Gaming and Video, also exhibit a widespread contact surface
produced by mostly two-handed grasps. A distinct difference be-
tween these two interactions can be observed in the contact patterns
of the left and right hands in the centre of the smartphone’s back.
While touch contacts caused by both hands can be separated in the
middle for Gaming, contact points of both hands in Video overlap.
As Gaming required more touch input on the front screen, both
hands might have been positioned in a way to provide both thumbs
enough range of motion for the touch input on the front. In contrast,
watching the video required the device to be held, without active
touch input. Here, hands might have been pulled more back to keep
the touchscreen free, causing fingers to overlap in the back.

Hands Establish Little Contact With the Smartphone During the
Interaction. Hands actually make little contact with the handheld
device (see blank areas in Figure 6). The flat, rectangular smart-
phone is, thereby, mostly stabilised through a few discrete contact
points. This may threaten grasp stability, eliciting the observed
techniques, such as using the little finger to support the bottom
edge or clamping both edges with one hand. Such techniques may
place additional strain on the hand, potentially causing stress pain
to the thumb and fingers [6]. Additionally, a global market size of
2.50 billion in 2024 for phone grips like pop-sockets, ring grips,
or strap grips [2] suggests that users still need additional grasp
assistance. Moreover, our analysis of two-handed grasps revealed
fingers that did not touch the device at all, either because they
were stacked or resting in mid-air, contrasting full-finger contact
grasps of other everyday objects, such as bottles or flashlights [9].
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We argue that the smartphone’s shape should be reevaluated to
better accommodate the human grasp. Alternative designs could
afford a more ergonomic wrap through an expanded body, similar
to other handheld devices such as game controllers, television re-
motes, or computer mice. Prior work capturing hand-device contact
on a computer mouse highlighted the hand’s near-full contact and
ergonomic wrap [21]. Another design feature might also offer an
expanded, gently contoured back for resting and bracing the fin-
gers. A more secure grasp might offload support complexity from
individual fingers, replace external accessories and even reduce
issues such as thumb reachability [26].

Advancing Mobile Input and Output Through Spatial Contact Pat-
terns. Understanding where users’ hands commonly contact the
device can also inform interactions beyond the touchscreen. Pre-
vious back-of-device (BoD) techniques [7, 60, 72] increase input
bandwidth by shifting interaction to the device’s back, e.g., to miti-
gate the Fat Finger or the Occlusion Problem. Our results further
support the back as a viable input surface, with 37 —54% of the touch
contacts occurring there (see Table 3). However, while prior work
established baselines only for a one-handed grasp regarding finger
placements [38] and finger reachability [35], our findings show
that finger postures and placements vary across users, interaction
tasks, and device orientations, highlighting additional factors and
surfaces to consider. These nuances can inform surface gestures
tailored to specific tasks, the involved fingers and their placement
to extend input to frequently contacted edges. For instance, the
right and left edges experienced around 19 — 30% of hand contacts
(see Table 3), e.g., caused by R1, R3, R4 and R5 for Calling or L2,
LPa, R2 and RPa for Typing (see Figure 4).

Contact patterns can equally inform the design of future hap-
tic interfaces in smartphones. Highly frequented areas highlight
meaningful locations for haptic actuators, enabling local and direc-
tional sensations that go beyond the current device-wide vibration
feedback. Such spatial haptics could, e.g., augment on-screen mo-
tion or support more expressive experiences in mobile games and
videos [61]. Prior work has explored actuated pins on the phone’s
long edge [28]. Building on our findings, such haptic actuators
could be placed on the more frequently used short edges to re-
inforce left-right movements or provide haptic cues to augment
content beyond the touchscreen. As smartphones are increasingly
used in immersive environments (e.g. [29, 64]), spatial haptics could
further enhance spatial interactions.

Keeping Out of Contact Zones. Highly frequented contact regions
also indicate where hardware components that are disrupted by
direct skin contact should not be placed. The common no-contact
zones in portrait mode, e.g., the top edge or upper back during
Scrolling, Typing, or taking a Photo, support the current placement
of components such as the camera or flashlight. In contrast, the
bottom edge is heavily contacted across all mobile interactions, yet
it typically hosts the speaker, microphone or charging port. This
placement may disrupt natural grasps, for instance, when users
shift their supporting finger to avoid covering the speaker while
watching a video or playing a game in landscape mode. Similarly,
a plugged-in cable occupies the centre of the edge. Our contact
patterns offer insights for a user-centred reevaluation of component
placements. For example, cable-based charging could be moved to
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the top edge where no contact occurs, using a right-angle connector
so the cable runs down the back of the device.

Thermal Imaging as an Accurate and Feasible Method for Post-Hoc
Hand-Device Contact Detection. Thermal imaging has previously
been used to capture grasp and contact patterns on objects of varied
geometry [9]. We extend this technique to smartphones and reflect
on its methodological feasibility, including overcoming visual occlu-
sion, establishing ground truth, and ensuring ecological validity. We
discuss its current limitations and implications for future research.

A core challenge in studying smartphone grasps and contact
patterns is visual occlusion. External cameras are insufficient due
to bending and overlapping fingers, and the smartphone itself block-
ing the view. Our study demonstrated the feasibility of recording
hand-smartphone contact after the interaction by capturing the
residual heat traces left on the phone’s surface. The captured data
contained accurate and detailed handprints with clearly distinguish-
able fingers and contour indentations. In addition, the heat residues
revealed the exact shape and size of contacts and contact regions
that extend over multiple sides. Heat signatures of the internal
active components did not confound detection, as they appeared
weak and diffuse. Thermal imaging, therefore, provides an accurate
benchmark, as it registers only heat transfer from actual direct skin-
to-surface contact. In contrast, pressure-sensing [32] or capacitive
sensing [21, 52] offer lower spatial resolution and can register un-
wanted hover or near-touch. Techniques relying on the projection
of 3D data, such as MoCap [55] or OptiTrack [35, 58], only infer
contact from intersecting 3D models, which cannot capture the ex-
act size and shape of direct skin contacts and are prone to clipping
errors, negatively impacting accuracy. Another advantage of ther-
mal imaging is that it does not require modifications to the device’s
surface. Users feel the smartphone’s actual surface rather than addi-
tional capacitive or pressure-sensing layers, such as force-sensitive
sensors or capacitive tape. Unlike MoCap setups, it requires no
markers or gloves that might alter finger movement and natural
grasping behaviour.

Nonetheless, as no real-time contact detection is possible, it is
best suited for empirical studies of contact patterns and the con-
struction of datasets to inform mobile interaction design. While
batch pre-processing of thermal images supported automatic mask
segmentation and labelling, the final refinement still required sub-
stantial manual work. However, given the consistent spatial con-
straints of left- and right-hand layouts, this effort could be reduced
by training a dedicated detection model. As thermal imaging cap-
tures only fingers in direct contact with the smartphone, fingers
not touching the device, such as those stacked or resting in mid-
air, are omitted. To capture these cases, thermal contact detection
should be combined with photographic imagery of the hands to
include non-contact fingers. Hand pose detection could then be
assisted by automated 3D reconstruction models [22]. Moreover,
it is important to ensure micro-movements do not affect observed
contact areas. For validation, one author reviewed the video record-
ings and counted pose changes, i.e., changes of the hand pose or
configuration, and regrasps, i.e., behaviours where the participant
would briefly change contact of one or more fingers with the phone.
We confirmed that the majority of trials (94.20%) did not exhibit
micro-movements, whereas in the 12 trials (out of 207) where either
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a pose change or a regrasp occurred, the behaviour was of short
duration (< 1 second). Therefore, micro-movements were unlikely
to influence the overall contact, which lasted for at least 30 seconds.

Finally, with the growing availability of low-cost thermal cam-
eras, thermal imaging is an accessible and affordable alternative
for HCI researchers. As smartphones and other handheld devices
continue to evolve, thermal imaging offers a reliable tool for eval-
uating future device dimensions and form factors based on direct
touch during the interaction. For instance, with a new generation
of flip phones [63], a new set of affordances is introduced [56] that
requires more manual engagement with the device. In such cases,
grasps and contact patterns are heavily impacted by folded and
unfolded states. Thermal imaging enables the assessment of direct
contacts when navigating this novel setup of multiple touchscreens.

5.1 Future Work

We labelled contact regions as fingers or palms. Because their con-
tours show distinct features (e.g., indentations in finger outlines),
future work could further segment these regions to estimate fin-
ger—surface angles and infer hand posture. Such higher-resolution
contact data could improve task and grasp prediction, complement
prior work on handedness detection [42], and support better real-
time UI adaptation to enhance touch input [19, 84]. For example,
detecting device tilts and rotations could drive vertical or horizontal
UI shifts to improve reachability and reduce micro-movements [19].

Future work on thermal imaging could examine whether contact
pressure can be inferred from contact-area size or temperature vari-
ations within a region, as higher temperatures may indicate greater
pressure. The limited thermal decay window also constrains how
long traces remain visible. In our dataset, only a rare case, typically
when the little finger rested on the phone’s bottom edge, showed
weak traces, which we verified via photographs. Future studies
could mitigate this by using a case that provides a continuous
perimeter surface beyond the touchscreen.

Further research should examine how device specifications and
external smartphone accessories (e.g., grip straps) affect finger/palm
roles and contact areas. Similarly, studies on human factors should
investigate hand sizes, fingernail length [16].

As foldable smartphones enter the mass market, future work
should examine how their changing form factor affects finger place-
ment on folded vs. unfolded surfaces, extending prior work on
flip-phone folding interactions [74]. Likewise, growing use of smart-
phones and tablets as interaction devices in immersive environ-
ments [1, 29, 41, 43, 45, 46, 64, 66, 69, 80, 82, 83] raises new demands
on form factor, input, and multisensory feedback.

5.2 Limitations

Although the sample (N = 23) is reasonably gender-balanced, age,
disability, and hand dominance may influence the results. Younger
participants may move faster or more precisely, while older or more
motor-impaired participants may show slightly reduced dexterity
and adopt alternative grips. Although the sample was modest and
right-hand-skewed, it provided enough variation to reveal clear
patterns. Broader diversity in digital literacy and mobile experience
could further enrich the analysis. Overall, the sample supports
robust, broadly generalisable insights into phone handling.
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We used a single fixed-size smartphone to isolate activity-driven
patterns. While the dimensions of the Pixel 7 render the device
as representative of contemporary smartphones, prior work [35]
indicates that variations in device size can influence thumb reach
and grip preferences. However, the use of this typical form factor
provides a stable reference point for interpreting the interaction
behaviours observed for most of the current smartphones. To con-
trol task behaviour, we selected specific apps. Because app layouts
influence touch input (e.g., location or frequency), they may also
affect grasp and supporting behaviour. As our chosen apps use
common Uls for their respective tasks, the dataset is sufficiently
robust for the nine interaction tasks studied. However, other tasks
and apps may elicit additional grasp variations in future work.

Our exploratory attempt to predict the task from hand contact
patterns clarifies the limits of what can be inferred from grip alone,
achieving modest accuracy (52.5%) across 8 tasks. The limited dis-
criminative power suggests that while contact patterns reveal where
hands engage with devices, they provide too little information to
reliably infer what users are doing. Future work combining thermal
contact detection with real-time sensors (accelerometer, gyroscope,
touchscreen input) could enable more robust grasp-aware inter-
faces. While the predictive performance was modest, this result is
informative: the substantial overlap of contact patterns across tasks
indicates that sensing contact on the back and sides of the device,
in isolation, is a weak cue for inferring the current activity. This
suggests designers should treat hand contact as one signal among
several, not a standalone input for task recognition.

Participants were not instructed to adopt a fixed seating position
but could choose a natural, comfortable posture, enhancing ecologi-
cal validity by reflecting everyday phone use. Prior work shows that
body posture shapes hand-device interaction, engaging different
muscle groups and joint postures, and thus altering grip stability
and device movement [18, 24]. Our approach, therefore, captures
grasp and contact behaviour in realistic settings while also intro-
ducing variability in muscle activation, grip type, and interaction
patterns. We regard this variability as a feature reflecting real-world
heterogeneity, though future studies could experimentally control
posture to more precisely isolate its effects on grasp behaviour.

6 Conclusion

In this paper, we studied grasps and hand-device contact patterns on
the smartphone’s back and four side edges for nine interaction tasks
to build a better understanding of mobile interactions beyond the
touchscreen. We found that the fingers and palms adopt different
support roles while adapting the hand posture to the touch input.
Contact regions of where the hands physically touched the device
were captured through thermal heat traces on the smartphone’s
back and four side edges. The labelled contact maps show distinct
patterns across interaction tasks, differing in the spatial distribu-
tion of high/low contact frequency and finger-side engagement.
Through the combination of characterising smartphone grasps and
contact patterns across common mobile interactions, our findings
extend the current understanding of how users’ hands physically
engage with a smartphone beyond the touchscreen, providing new
insights for future designs of multimodal mobile interactions.

Stellmacher et al.

Open Science

The dataset is enclosed in the supplementary material and avail-
able on GitHub: https://github.com/CarolinStellmacher/Datatset-
of-Grasp-and-Contact-Patterns- Across-Mobile-Interactions.git.
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Post Hoc Results for Main and Interaction
Effects

r completeness, we report the main and two-way interaction

effects. Given the significant three-way interaction effect, we rec-

og

nize that the main effects and the two-way interaction effect are

conditional and difficult to interpret independently. We used Holm
correction.

A

.1 Main Effects

A post-hoc test found no significant differences for used for Task.

Post-hoc results for Phone side are shown in Table 4.

Table 4: Post-hoc comparisons for independent variable
Phone side and dependent variable used. Positive Z-values
mean that the first-named level is sig. higher than the second-
named. For negative Z-values, the opposite is true. Effect size
reported as rank-biserial correlation (r).

A
To

Comparison Z p-adjusted r

Back - Bottom 23.1880  <0.001 0.26
Back - Left 18.4655 <0.001 0.21
Back - Right 20.0145 <0.001 0.22
Back - Top 26.6941 <0.001 0.32
Back - Unknown 17.2130  <0.001 0.36
Bottom - Left -5.1283  <0.001 0.06
Bottom - Right -3.6134 <0.001 0.04
Bottom - Top 4.6539  <0.001 0.06
Bottom - Unknown 45108 <0.001 0.09
Left - Top 9.5983  <0.001 0.12
Left - Unknown 7.3428  <0.001 0.15
Right - Top 8.1642 <0.001 0.10
Right - Unknown 6.5148  <0.001 0.14

Post-hoc results for Finger are shown in Table 5.

.2 Two-Way Interaction Effects

aid interpretation of the two-way interactions, we plot the mean

finger presence with bootstrapped 95% confidence intervals. Specif-
ically, Figure 8 shows Task by Phone side (collapsed over Finger),

Figure 9 shows task by Finger (collapsed over Phone side), and
Figure 10 shows Phone side by Finger (collapsed over Task), corre-
sponding to the factors used in the reported models.
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Table 5: Post-hoc comparisons for independent variable Finger and dependent variable used. Positive Z-values mean that the
first-named level is sig. higher than the second-named. For negative Z-values, the opposite is true. Effect size reported as

rank-biserial correlation (r).

Comparison Z p-adjusted r

L1-L2 -10.5862  <0.001 0.17
L1-L3 -7.8819  <0.001 0.13
L1-14 -4.3311  <0.001 0.08
L1-LPa -4.7819  <0.001 0.08
L1-R2 -14.2798  <0.001 0.24
L1-R3 -11.1138  <0.001 0.18
L1-R4 -12.7614  <0.001 0.22
L1-R5 -6.8926 <0.001 0.11
L1 -RPa -12.9606  <0.001 0.21
L2-14 5.3882 <0.001 0.10
L2-15 6.8766  <0.001 0.13
L2 -LPa 5.5571 <0.001 0.10
L2-R1 9.7250  <0.001 0.17
L2 -R2 -3.5364 0.0097 0.06
L2-R5 3.5364  0.0093 0.06
L3-L5 4.4356  <0.001 0.08
L3-R1 7.1359  <0.001 0.12
L3-R2 -6.1255 <0.001 0.11
L3-R3 -3.0943  0.0434 0.05
L3-R4 -5.1649  <0.001 0.09
L3 - RPa -4.8625 <0.001 0.08
L4-R1 3.7807  0.0041 0.07
L4-R2 -8.7223  <0.001 0.16
L4-R3 -5.8645 <0.001 0.11
L4-R4 -7.6957  <0.001 0.15
L4 - RPa -7.5315 <0.001 0.14
L5-R2 -10.2107  <0.001 0.19
L5-R3 -7.3529  <0.001 0.13
L5-R4 -9.1078  <0.001 0.18
L5-R5 -3.5425 0.0099 0.06
L5 - RPa -9.0200  <0.001 0.16
LPa - R1 4.1679  <0.001 0.07
LPa - R2 -9.0935 <0.001 0.16
LPa-R3 -6.0623  <0.001 0.10
LPa - R4 -7.9632  <0.001 0.15
LPa - RPa -7.8305 <0.001 0.13
R1-R2 -13.2614  <0.001 0.23
R1-R3 -10.2302  <0.001 0.18
R1-R4 -11.8927  <0.001 0.22
R1-R5 -6.1886  <0.001 0.11
R1-RPa -11.9984 <0.001 0.21
R2 -R5 7.0727  <0.001 0.12
R3-R5 4.0416  0.0014 0.07
R4 -R5 6.0580 <0.001 0.11
R5 - RPa -5.8097 <0.001 0.10
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Figure 8: Mean finger presence by task and phone side, collapsed over Finger, with bootstrapped 95% confidence intervals.

o1 e |4 R1 e R4
e |2 L5 e R2 e R5
e |3 LPa ® R3 @ RPa

o 05
2 .
D 04
g ° 0. i o.
2 03 0 ° - b ) °
g o { 1 0 i . .
£ 02 : ° . ) i ° i
c ° ‘e * . .
® ®
S 0.1 ¢ * . : % - . >
0.0
O O R O O 4 O 0O
$ $ @ 9 $ A\ N &2
& (g,@ ¢ N %0«0\\ i K ¥
Task

Figure 9: Mean finger presence by task and Finger, collapsed over phone side, with bootstrapped 95% confidence intervals.
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Figure 10: Mean finger presence by phone side and Finger, collapsed over task, with bootstrapped 95% confidence intervals.
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