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Abstract. As wearables become smaller and more capable, their in-
tegration into everyday life introduces new design challenges. Current
placement strategies are often shaped by laboratory assumptions and
algorithmic constraints rather than real-world, context-dependent use.
It remains unclear whether designs evaluated in controlled settings ad-
equately reflect users’ everyday needs, routines, and preferences. To ad-
dress this gap, we collect empirical data on how people carry wearables in
daily life, providing a systematic investigation of placement preferences
across contexts and routines. We developed a multilingual questionnaire
to characterize real-world wearable placement practices. Responses from
n=300 participants recruited through common research channels reveal
how wearable usage patterns vary across users and contexts. Based on
these findings, we propose user-centred guidelines for sensor placement
and examine how they align with assumptions in related work. This
study contributes to the development of more inclusive, adaptable, and
context-aware wearable systems.

1 Introduction

Wearable technology has become increasingly ubiquitous, offering features sup-
porting health monitoring, fitness tracking, and communication. Continued ad-
vancements in miniaturization and computing-power driven by trends such as
Moore’s Law [46], are enabling the creation of devices that are smaller, more
powerful, and more seamlessly integrated into daily life [I2, [63]. However, the
success of these technologies hinges not only on functionality but also on how
individuals choose to integrate them into their lived experiences. While Human-
Computer Interaction (HCI) and Personal Informatics (PI) research has previ-
ously focused on (user perceptions of) visualisation design (e.g. [10, B]), what
user interactions look like with PI tools (e.g. [43, [19]), and motivations behind
using wearable devices and their embedded metrics (e.g. [42] 54]), it remains
under-explored how users’ preferred wearing locations change throughout the
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day, and how cultural norms and individual preferences influence these choices.
Furthermore, there is a lack of understanding on users’ motivations for carrying
choices, and their perceived accompanying usability implications.

Individuals exhibit diverse perceptions of their bodies, influencing how they
adopt and use wearable technology, and vice versa (e.g. [18] 60, [69] [70, [13]).
Where users wear their technologies on their bodies are shaped by social norms
(e.g. fashion trends), environmental constraints (e.g. climate), personal prefer-
ences, age, and body shape (e.g. [I5]). This heterogeneity makes it challenging to
generalise findings from limited studies to broader populations. Although Zea-
gler [78] provided a set of guidelines for the positioning of on-body wearable
through literature, it is fully constructed based on the anatomical, physiological,
and perception compatibility. Still, there is a lack of empirical HCI knowledge
on cross-cultural preferences, hindering the development of user-centred wear-
able designs that are comfortable, effective, socially acceptable, and adaptable
to diverse contexts. The importance of adaptive health systems has also been
echoed in prior work (e.g. [41} [I7, [59]), though it remains under-explored how
to design such systems in an effective manner, both from a hardware and soft-
ware perspective. Consequently, there is a discernible disconnection between the
requirements of inclusive design practices and the state-of-the-art wearable de-
vices. In a field where each millimetre and gram counts in making wearables as
comfortable as possible, designing wearables for a multitude of wearing locations
can affect the device’s usability.

Accurate on-body localization of wearable devices remains a persistent chal-
lenge for algorithmic models, particularly in the domain of Human Activity
Recognition (HAR) [I5]. Although deep learning approaches have shown promis-
ing performance when utilizing data from a single or limited number of de-
vices [23], 34 [75], their effectiveness is highly dependent on sensor placement [I5]
61]. Therefore, there is a need to understand contextual wearable habits among
users to provide tailored experiences. Although some works focus on personal
device interaction and usage ( Busso et al. [6]), broader information is needed,
including extended demographic categories and other aspects of interaction that
affect sensor signals, such as device position.

As a first step in the direction of contextually informed design, we collected
and analysed guidelines published in the past, combined their recommendations,
and localized places for potential improvement. Then we conducted a survey
among the participants recruited through typical research channels, with the
alm to acquire insights from a wide array of wearable users on how they wear
their devices and in what contexts. Furthermore, given the challenges posed by
domain variability [8,[61], our survey highlights demographic differences (e.g. age,
gender, country of origin and residence, level of influence by parents) of collected
sample, thereby supporting the refinement of algorithms for broader applicability
in real-world scenarios. From our findings, we derived a set of guidelines to inform
the design of more inclusive and effective wearable technologies.

To this end, we make the following contributions: (1) a synthesis of past
guidelines for wearable designs; (2) an empirical survey with n = 300 valid
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responses conducted in four languages through typical research channels in mul-
tiple countries; (3) insights into key user attributes influencing bodily wearable
placement habits; and (4) design considerations for more inclusive designs of
future wearable developments.

2 Related Work

Here, we review related work on previously conducted studies on mobile phone
carrying behaviour and past hardware design guidelines for wearables.

2.1 Mobile Phone and Smartwatch Carrying Habits across Gender
and Cultural Differences

Prior work has extensively studied mobile phone carrying behaviour across cul-
tures. A large pre-smartphone study by Cui et al. [IT] across 9 countries and over
1,500 participants found strong gender and cultural differences, with women pri-
marily using bags and men favoring trouser pockets [11]. Hand-carrying was also
common in cities such as Delhi, Seoul, Jilin, and Los Angeles [I1], though device
form factors have since changed significantly with smartphones.

Health-related work by Szyjkowska et al. [66] (approx. 600 participants in
Poland) linked intensive phone use with increased symptoms such as headaches
and fatigue, but did not consider broader user experience or perceived utility.
Gender-focused studies further highlight carrying differences: Redmayne [52]
found that among fewer than 200 women, 86% carried phones off-body (e.g.,
hand 58%, pocket 57%), while Zeleke et al. [79] studied 356 men and examined
carrying positions in relation to RF-EMR risk perception. These works high-
light demographic differences but do not generalize across device types such as
wearables or tablets.

Smartwatch research extends this perspective into longitudinal usage. In a
200-day study of 50 students, Jeong et al. [31] identified distinct user groups
(work-hour, active-hour, and all-day wearers), showing strong context depen-
dence. More generally, wearable design must consider proxemics, movement, and
comfort constraints 78] [25], including risks of device wear, discomfort [62], and
motion restriction [67].

Large-scale sensing datasets combine self-reports and passive data for be-
havioural modeling. Early work such as MDC [35] captured smartphone mobility
and communication, while newer datasets like EgoADL [64], SmartUnitn2 [37],
and Quwantify [73] integrate multimodal sensing and experience sampling. Cross-
country datasets such as DiversityOne [6] and GLOBEM [74] further enable gen-
eralization across populations. However, most datasets remain limited in demo-
graphic coverage and rarely capture device-body placement, despite its impact
on sensing quality.

Prior surveys highlight persistent underrepresentation of non-WEIRD pop-
ulations in mobile and wearable computing [77, [29]. While recent PI research
increasingly addresses inclusivity for marginalized groups [47, [30, 20} [44], [7], this
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Size & Weight Needs to fit different body types & weight needs to be distributed evenly on flesh and not on extremities.

Reachability Placement within natural reach of users' hands.

Physical Proxemics Must be within user’s perceived body.
Placement
Placement Same Areas across adults, low movement & flexibility place.
Human Movement Must allow freedom of movements.
Biometric Sensing Place sensors on the strongest & most accessible target signals points
pulse -> wrist
respiration -> chest
Sensing Placement C i ion Cy Gestures Forearm, Shoulders, Head

Balance Intensive Tasks Lower Back, Thighs, Ankles
Locomotion Tasks Thighs, Shanks, Lower Back
Asymmetric Tasks Upper Arm, Hips
Obiject Manipulation Tasks Forearms, Hands

Full Body Rotation Tasks Pelvis, Chest, Ankles

Fig. 1. Synthesis of wearable hardware design guidelines from past research.

focus is often limited to data visualization and metrics rather than hardware
placement or form factor design [3] 42].

Building on this, our study examines real-world carrying habits across mul-
tiple wearable types, including smartphones and smartwatches, based on partic-
ipants recruited through standard research channels.

2.2 Past Guidelines on Hardware Design of Wearables

Prior work has proposed several guidelines for wearable hardware design, sum-
marised in

Gemperle et al. [25] introduced 13 early design principles covering placement,
comfort, sizing, and adjustability, emphasizing human-centred design across body
types. However, these guidelines remain broad, largely ignoring real user habits
and being limited by the technological context of their time.

Building on this, Zeagler [78] extended wearable design guidance with body
maps linking sensor placement to activity and context, and discussed aspects
of social acceptability (e.g., avoiding sensitive body regions 78], p. 155]). While
comprehensive, this work still does not incorporate how users actually wear
devices in practice, which may lead to mismatches between assumed and real
sensor locations and reduce data reliability.

A longitudinal study by Jeong et al. [31] examined smartwatch usage across
50 participants over 200 days, identifying distinct usage patterns and deriving
UX implications. The study revealed real-world issues not considered in design
(e.g., charging inconvenience), but was limited by sample size and device speci-
ficity.

More recently, Ray et al. [51] proposed the Where to Wear (W2W) frame-
work, using simulation to identify optimal IMU placements for motion capture
across six activity types. Although it accounts for motion noise, it does not
consider incorrect or non-ideal placements that reflect real user behaviour.
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Overall, while existing guidelines provide valuable design direction, they are
rarely validated against diverse real-world populations. Their generalisability
across demographic groups and typical user samples remains unclear, raising
concerns about how well they reflect actual wearable usage and data collection
conditions.

3 Methodology

Our inquiry was guided by two research questions:

— RQ1: How are on-body placements for wearable technologies influenced by
user attributes?

— RQ2: How do contextual factors influence users’ on-body wearable place-
ments?

The first research question examines the influence of user demographics (e.g.
age, gender, education) on the storage of wearable devices. The second question
considers how contextual factors, such as time of day, activity, or environment,
impact storage behaviour. Together, these questions investigate how context
affects user behaviour.

To answer those questions, we conducted a demographically unrestricted,
online questionnaire. Our study was approved by the ethics board of the primary
researcher’s affiliation.

In addition, the study is guided by a third research question:

— RQ3: To what extent are assumptions about user characteristics, found in
prior research, accurately represented?

Through this research question, we examine which assumptions have been
used in prior research, what types of guidelines exist, and how these relate to
real-world data. To this end, we conducted a synthesis of related work (Sec-
tion and compared these findings with the results of our survey. In partic-
ular, we focused on identifying similarities, differences, and the extent to which
assumptions are transferable to real-world contexts.

3.1 Survey Content

Our survey was offered in several languages (English, French, German and Pol-
ish) to mimic the way studies are performed in international groups that are
taking advantages from different cultures and countries.

The time to complete the survey ranged from 2 minutes 40 seconds to 27
minutes 19 seconds, with an average duration of 9 minutes 32 seconds. The sur-
vey was divided into four sections, as seen in (1) smartphone usage;
(2) smartwatch usage; (3) other wearable devices, and (4) demographic ques-
tions. The first and second sections of the questionnaire had the same structure,
differing only in the type of device being addressed. For each device, partici-
pants were asked where they typically carry it. For each reported location, they
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Fig. 2. Flowchart depicting the structure and contents of the questionnaire used in the
study.

were then asked during which times of the day or night (e.g. at home, outside,
while sleeping) they use that placement, as well as how tightly the device fits
and how close it sits to the skin. The third section followed the same structure
but was designed to repeat automatically, allowing participants to report addi-
tional wearable devices as desired. In the forth section, demographic questions
are asked.

3.2 Participants

As described in the introduction, considering realistic wearable placement dur-
ing the design phase is essential. Failure to do so may result in user discomfort,
as well as misleading assumptions and, ultimately, flawed findings. Therefore, in
this work, we examine whether the populations typically recruited for scientific
experiments exhibit device-carrying habits that align with prior work and exist-
ing guidelines. If these guidelines fail to accurately represent even this commonly
studied population, their applicability to the wider general public is likely to be
even more limited.

In scientific research, participant recruitment is commonly conducted via
mailing lists, advertisements in public spaces, and word of mouth; accordingly,
we used these channels as well. Participants were compensated by being entered
into a raffle with prizes totalling 200 euros.

In total, n = 449 participants were recorded, of which we included n = 300 in
our final analysis. Reasons for exclusion included failing to complete the survey
or to provide valid answers to mandatory fields. The gender distribution of our
sample consisted of 150 females (50%), 141 males (47%), 3 non-binary (1%), 1
other (0.33%), and 5 who preferred not to share (1.67%). The participants were
between the ages of 18-80, with the age distribution skewed toward the younger
generation (M = 31.9, SD = 12.12; see .

Besides basic demographic information, we also asked participants about
their background, such as highest achieved education, handedness, country of
residence, and occupation, to collect insights into whether contextual and envi-
ronmental factors influenced their wearable use.

In our survey, most participants were right-handed (n = 268), some left-
handed (n = 23), and only a few ambidextrous (n = 9). Our sample had the
following education levels: 21 (7%) practical, 52 (17.33%) high school, 96 (32%)
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Fig. 3. Distribution of age of participants
grouped by gender.

bachelor’s, 104 (34.67%) master’s, and 27 (9%) PhD degrees. The reported types
of occupations were divided into the categories presented in

Participants originated from various countries, including Germany, Poland,
Rwanda, the United States, India, Egypt, France, Japan, Australia, China, Swe-
den, and Indonesia (the distribution among countries has been removed for re-
view anonymization).

Among participants of the survey, 153 (51.00%) reported living in the city,
135 (45.00%) in the countryside, and 7 (2.33%) in towns. Additionally, 5 (1.67%)
participants reported living in a few types of settlements at the same time, likely
reflecting the travelling nature of their work.

In our sample, 289 participants (96%) used smartphones, 92 (31%) smart-
watches, 83 (28%) earphones, 18 (6%) headphones, 11 (4%) location trackers, 4
(1%) cardiac monitors, 2 (1%) tablets, 2 (1%) smart rings, 2 (1%) smart glasses,
and 1 (0.3%) Coros poﬂ It is important to note that some participants reported
using more than one device at a time.

* https://coros.com/coros-pod2
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Table 1. Number of participants by occupation type and gender; see Section [3.3] for
the inclusion criteria.

Occupation type Total participants Female participants Male participants

Medicine & Health 67 31 35
Computer Science 66 21 40
Humanities 33 27 6
Science 33 15 18
Engineering 33 9 24
Business & Economy 27 22 3
Education 14 9 5
Blue collar 11 4 7
Administration 12 10 1
Technicians 3 1 2
Architecture 1 1 0

3.3 Analysis

To identify associations between demographic characteristics of our sample and
wearable device usage patterns, we employed an automated exploratory data
analysis approach. It is important to note that all percentage data reported in
this paper were calculated by dividing the number of occurrences of interest by
the total number of participants.

Data Preprocessing & Filtering Prior to testing, categorical variables were
consolidated where appropriate to improve statistical power and interpretability.
We filtered out conditions that lacked sufficient responses to ensure the gener-
alisability of our findings. For instance, for the Device, we first combined the
categories earphones and headphones due to their similar purpose and usage.
We then included only smartphones, smartwatches, and earphones in our analy-
sis, as these were the only devices representing more than 10% of all responses.

For the Gender, only data from participants identifying as male or female
were included, as the number of other reported answers were too low to draw
any meaningful conclusions.

To analyse the influence of country while maintaining the full dataset, we
used the Human Development Index 2025 (HDI) [49]. The HDI ranges from 0
to 1 and categorizes countries based on multiple dimensions, such as ‘long and
healthy life’, ‘knowledge’, and ‘decent standard of living’). It is updated each
year by the World Health Organization (WHO). Depending on the HDI value,
countries are divided into four categories: Very High (>0.800), High (0.700 -
0.799), Medium (0.550 - 0.699), and Low (<0.550). Most participants in our
survey reported having grown up in Very High HDI countries (n = 187, 62.8%),
followed by Medium HDI countries (n = 102, 34.2%), with only a few raised in
High HDI countries (n =9, 3.2%).

To obtain a more complete picture, we also analysed how many participants
currently live in countries within those categories. The general trend remains
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similar, although 30 participants moved to countries in a higher HDI category
and one person moved to a country in a lower HDI category (see for
the distributions).

During the analysis of time-related wearing patterns, we examined only the
categories: Active time, During work hours, Sport, While in bed, and Outside, as
other times were not reported frequently enough to yield statistically meaningful
results when dividing the data by different demographic variables. Some of those
times were congregated from other responses of participant, thus:

— Active time: was created by combining two categories: While not in bed
and During the day as those both describe a time that is spend actively
doing tasks ranging from leisure, through house chores to work

— QOutside: was combined from on the way, outside, travelling, using public
transport as all of them combine notion of travelling in vehicles or being
outside.

4 Results

This section presents the findings from our study, focusing on how user de-
mographics—such as age, education, work background, country of origin and
residence, and social influences (e.g. parents, friends, environment)—affect wear-
able device usage, on-body placement, and usage time. We explore how these
demographic factors interact with time-of-day and context to shape placement
behaviour across daily routines.

4.1 Demographic Influence

Age. Across all age groups, smartphone was the most commonly used wearable
device. However, age-specific placement patterns emerged. Younger participants
(under 28 years) showed a stronger preference for earphones and were more likely
to carry their smartphones in hand. Older individuals—especially women—were
more likely to store their smartphones in purses or bags. Smartwatches were
typically worn on the left wrist regardless of age, although younger users showed
more placement variability.

Gender. Gender significantly influenced both device usage and placement. For
smartphones, men primarily used front pants pockets throughout the day (33.9%
men in opposition to 5.37% women), while women preferred back pants pockets
or waist-level jacket pockets (14.1% and 9.73%, respectively). During work hours
and physical activity, women tended to store their phones in purses (4.36%) or
backpacks (3.69%), whereas men continued to use front pants pockets (16.1%)
or held the phone in hand. At night, both genders reported holding the phone
in hand, likely indicating active use in bed rather than passive storage.
Earphone use patterns were similar across genders during the day and while
exercising. However, storage preferences differed: men favoured pants pockets,
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Fig. 5. Bar plot showing the distribution of smartphone carrying locations by time
of day and gender; see Section [3.3] for the inclusion criteria. For each time period,
percentages were calculated separately as the number of responses for each location
category divided by the total number of study participants.

while women preferred purses and waist-level jacket pockets. Both used back-
packs for storage. Smartwatch use showed comparable trends, most participants
wore them on left wrist (28.6% of women, 41.9% of men), particularly during
active or sport periods, with few choosing alternative placements.

Education. Educational background had little direct effect on device place-
ment, with differences largely reflecting occupation and age. During active time,
smartphones were mainly carried in front pants pockets by Bachelor’s, Master’s,
and PhD holders (20.1%,17.5%, and 17.1%), while high school graduates more
often used back pockets (16%) or held them in hand (15%).

Earphones were typically worn during work and sport but stored elsewhere
during active time. Smartwatches were predominantly worn on the left wrist
across all education levels, especially among Master’s (40%) and Bachelor’s grad-
uates (29.4%).

Occupation. Smartphone placement varied by occupation and activity. Medi-
cal and health professionals mainly used front pants pockets during work (42.9%)
and active time (34.4%). Computer scientists preferred front pants pockets (36.4%
work, 34.9% active) and in-hand use (25.4%). Engineers also relied on front pants
pockets (46.2% work, 31.2% active) with frequent hand use (28.1%). Scientists
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Fig. 6. Bar plot showing the distribution of earphones carrying locations by time of day
and gender; see Section [3.3] for the inclusion criteria. For each time period, percentages
were calculated separately as the number of responses for each location category divided
by the total number of study participants.

split usage between front (33.3%) and back pockets (24.2%), while humanities
and business participants showed more varied storage, including backpacks, jack-
ets, and purses.

Earphone placement followed similar occupation-dependent patterns. Health
professionals used front pants pockets (36.4%), backpacks (27.3%), and jacket
pockets (27.3%). Computer scientists preferred front pockets (33.3%) and back-
packs (28.6%), with frequent in-ear use at work. Humanities and business par-
ticipants relied mainly on backpacks (42.9-55.6%) and purses (33-50%), while
scientists used backpacks (33.3%) and jacket pockets (16.7%).

Smartwatches were consistently worn on the left wrist across occupations,
especially during active time (computer science 85.7%, engineering and health
80%) and sport (health 83.3%, humanities 100%), with stable usage also during
work and in-bed contexts.

HDI and Country of Origin. Participants from very high HDI countries
owned more devices (Meanvery high ap1r = 1.92 vs Meanyedium upr = 1.57) and
showed more diverse placement behaviours. During active time, they used front
pants pockets (24.5%), but also back pockets (20%), jacket pockets (16.5%), in-
hand use (15.5%), and backpacks (11.5%). Medium HDI participants were more
uniform, mainly using front pants pockets (42.9%) and in-hand storage (28.6%).
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Smartwatches were mostly worn on the left wrist, especially during active
time (very high HDI 92.9%, medium HDI 69.2%) and sport (very high HDI
93.8%, medium HDI 75%), with stable usage across work and in-bed contexts.
Earphone placement showed similar differences: very high HDI participants used
backpacks (34.8%), front pants pockets (21.7%), and jacket pockets (19.6%),
while medium HDI participants preferred front pockets (35.7%) and backpacks
(28.6%). Hybrid participants showed mixed behaviours across contexts, including
backpacks, purses, and in-ear use (up to 28.6%).

Participants who moved from medium to very high HDI contexts exhibited
intermediate, hybrid patterns, with increased variability during work and sport.
Higher device ownership was more common in very high HDI groups, particularly
among Master’s graduates and computer scientists.

Device Ownership. Most participants owned two wearable devices, a pattern
strongest among urban residents, highly educated individuals, and those in very
high HDI countries. Participants in technical and humanities fields also tended
toward multiple devices. In contrast, individuals from medium HDI countries
or with bachelor’s degrees more often owned a single device. Among those who
moved to higher HDI contexts, Master’s graduates and computer scientists were
more likely to own three devices. Within this subgroup, women more frequently
reported three to four devices, while men typically owned two to three.

Urban vs. Rural Differences. Urban and rural participants showed similar
primary smartphone placement, with front pants pockets most common during
active time (City: 22.4%, Country Side: 38.1%) and work (City: 33.9%, Country
Side: 41.9%). Urban users more often held phones in hand during active periods
(24.3%) and in bed (87.5%), indicating higher direct device interaction. Rural
participants more frequently used backpacks and purses, especially during sport
(Backpack: 13.6%, Purse: 9.1%) and outdoor activities (Backpack: 20%, Purse:
20%).

Smartwatch placement was consistent across groups, with left-wrist domi-
nance in urban (Active: 87.5%, Sport: 86.7%) and rural users (Active: 72.7%,
Sport: 100%). Earphone use varied by context: urban participants used them
throughout the day, storing them in backpacks (Active: 25%, Work: 35.3%) or
front pockets (Active: 25%, Work: 11.8%), while rural participants mainly used
them during sport and outdoor activities, often relying on backpacks or in-ear
use (Backpack: 14.3%, Ears: 28.6%).

4.2 Contextual Influences Across the Day

Device placement varies strongly across daily contexts, with activity type be-
ing the primary driver. This creates a clear distinction between active-use loca-
tions (hand, ears) and passive storage (pockets, bags, furniture), which is further
shaped by demographic differences and informs HAR sensor placement consid-
erations.
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Fig. 7. Bar plot showing the distribution of device carrying locations by time of day.
Percentages were calculated separately for each time period as the number of responses
for each location category divided by the total number of study participants.

Active Time Habits During Active Time, smartphones are mainly carried
in front pants pockets (29.6%), followed by in-hand use (18.3%), waist-level
jacket pockets (12.7%), backpacks (9.97%), and purses (8.86%). Earphones are
primarily stored in backpacks (29.9%), front pockets (20.7%), or jacket pockets
(16.1%), indicating intermittent use. Smartwatches remain predominantly on the
left wrist (86.8%).

During Work Hours Habits At work, smartphones are most often in front
pants pockets (37.4%), followed by backpacks (13.6%), back pockets (13.1%),
in-hand use (11.7%), purses (12.1%), and jacket pockets (8.25%). Earphones are
mostly stored rather than worn, commonly in backpacks (28.3%), pockets, or
purses, with limited in-ear use (10%). Smartwatches remain on the left wrist
(89.5%), supporting continuous monitoring.

Outside Activity Habits During outdoor activities, smartphones are mainly
placed in jacket pockets (26.5%) or backpacks (24.5%), with smaller shares in
front pockets (12.2%), purses (12.2%), and back pockets (10.2%). Earphones are
more frequently worn in the ears (23.8%), supporting communication and media
use. Smartwatches remain consistently on the left wrist (90.2%).

Sport and Exercise Habits During sport, smartphones are split between
front pants pockets (22.0%) and in-hand use (23.2%), with additional storage in
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purses (17.1%) and jacket pockets (19.5%). Earphones are often worn in the ears
(23.8%) or stored in pockets and backpacks, reflecting active media use. Smart-
watches remain on the left wrist (90.2%), serving as primary activity trackers.

While in Bed Habits In bed, smartphones are mostly held in hand (76.1%)
or placed nearby (e.g., purses, 10.9%), reflecting pre-sleep usage. Earphones are
typically worn continuously for media or sleep content. Smartwatches remain on
the left wrist (92.9%), supporting passive monitoring such as sleep tracking.

5 Contextualizing Results in Culture and Society

Wearable and device placement is shaped by social, occupational, and envi-
ronmental factors rather than random choice. Gendered clothing, professional
requirements, and living environments influence which body locations are practi-
cal, explaining why theoretically optimal placements often differ from real-world
usage.

Gender Differences Gender strongly affects available storage options. As
shown by Diehm and Thomas [I4] and Townsend [68], men’s trousers generally
provide larger and more numerous pockets than women’s clothing. Consequently,
women rely more on handbags, jackets, or backpacks, producing a broader dis-
tribution of device locations and a more uniform heat map. Men predominantly
use front pants pockets, making this the most common placement overall despite
greater variability among women.

Occupation and Professional Context Occupation further influences place-
ment through functional requirements. Mobile professions such as medicine,
construction, and technical trades favor secure, accessible locations, primar-
ily front pants pockets (over 33% of participants), supported by standardized
uniforms with gender-neutral pockets. In contrast, knowledge-based professions
show greater variation, including desks, furniture, and handheld use; over 28% of
engineers reported holding their smartphone while working. Earphone use sim-
ilarly reflects workplace norms, being common in computer-based jobs but less
S0 in occupations requiring continuous situational awareness.

Living Environment Living environment also affects device placement. Stud-
ies by Fan et al. [21], Christiana et al. [9], and Pelletier et al. [48] show that rural
residents engage more in manual and household activities, encouraging storage in
backpacks, purses, or on nearby surfaces. Urban users interact with their phones
more frequently, with 24.3% carrying them in hand compared to 11.9% of rural
residents, reflecting commuting and navigation habits.
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Summary Overall, gendered clothing, occupational demands, and living envi-
ronment explain much of the gap between optimal sensor placements and ev-
eryday practice. Rather than fixed body locations, device placement reflects a
balance between comfort, accessibility, social norms, and clothing constraints,
highlighting the need for context-aware wearable sensing algorithms.

6 Design Considerations for Usable Wearables

Based on the findings, we distilled a few recommendations to remember about
while creating a new wearable device or designing an experiment with users.

6.1 Design Consideration 1: Adjust Sensor Placement to the Time
of Day and Activities Performed

Mapping algorithmically recommended body locations to reported device us-
age identifies practical placements that balance signal quality, anatomy, and
usability. The following recommendations summarize suitable placements across
common daily contexts.

Active Time. As Active Time spans most waking activities, no single location
fits all situations. Nevertheless, the wrist (via a smartwatch) is the most con-
sistent primary placement. For smartphones, the waist-level jacket pocket,
back pants pocket, or front pants pocket provide stable, practical alter-
natives. Although mapped from different anatomical regions, front and back
pockets exhibit similar pelvis-coupled motion, making both effective for daily
sensing. Together, wrist and pocket-level placements offer robust coverage while
remaining comfortable and socially acceptable.

Work Hours. During work, the wrist remains the preferred location for continu-
ous monitoring. Smartphones are best carried in front or back pants pockets,
particularly in occupations requiring mobility. Where clothing or workplace poli-
cies limit these options, waist- or chest-level jacket pockets or nearby desks
can serve as temporary locations. This combination balances signal continuity,
accessibility, and workplace constraints.

Outside Activity. For outdoor activities, the wrist remains the primary location.
Secondary placements include front or back pants pockets and waist-level
jacket pockets, which maintain stable trunk motion while allowing easy ac-
cess. Earphones provide complementary sensing for calls or audio but are not
suitable as stand-alone sensors.

Sport and Ezercise. During exercise, the wrist is the most reliable placement
because of its stability and widespread smartwatch use. Smartphones may be
briefly held in the hand but are better stored in a waist-level pocket dur-
ing activity. This combination supports multimodal sensing without restricting
movement.
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While in Bed. During rest, the wrist remains optimal for continuous physiolog-
ical and sleep monitoring. Smartphones are frequently used in hand before sleep
for activities such as reading, messaging, or watching media, before being placed
on nearby furniture. Consequently, the wrist is the preferred sensing location,
while the hand and bedside furniture reflect realistic interaction and temporary
storage patterns.

In summary, although temporal and activity contexts significantly in-
fluence user habits, wrist placement appears consistently across all the
activities and time periods we analysed. Therefore, if the application al-
lows, we recommend sticking to that placement. For other activities, we
recommend careful consideration of stakeholders’ needs.

6.2 Design Consideration 2: No Uniform Device Placement across
Users

Our findings show that demographic factors, including gender, age, education,
and culture, significantly influence how users carry wearable devices. For exam-
ple, men predominantly use front pants pockets, while older users exhibit more
consistent placement patterns.

Researchers developing wearable devices or training Human Activity Recog-
nition (HAR) models typically either (1) use an existing public dataset or (2)
collect a new one. Although new datasets provide greater experimental control,
they are costly and time-consuming [40] [53]. Recruitment often relies on STEM
student populations, introducing demographic biases in gender and age [22].
Public datasets are similarly biased, frequently over-representing young, male,
STEM-affiliated participants [22], limiting the generalisability of wearable de-
signs and HAR models.

These biases can lead to unrealistic placement assumptions. For example, Leng
et al. [36] designed an emotion recognition system using IMUs in the front pants
pocket, a location often unsuitable for women. Likewise, Liu et al. [39] proposed
a wearable for monitoring eating behaviour in older adults despite not includ-
ing older participants; its chest placement beneath the breast may also reduce
comfort for women. Similarly, a panic attack detection system uses chest-worn
sensors that may conflict with women’s undergarments [55]. Finally, an activity
recognition system based on headphone microphones may see limited adoption
as many users now prefer earbuds [76].

To ensure real-world relevance, we recommend that future wearable de-
signs consider diverse carrying preferences. Avoid defaulting to place-
ments optimised for a limited subset of users, and instead design for
flexibility and inclusivity across genders and age groups.
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6.3 Design Consideration 3: Smartphone Availability During Sports
and Throughout the Day

Our findings show that smartphone placement varies by gender and context.
Men commonly carry phones in front pants or jacket pockets, whereas women
often use purses or backpacks. During sports and some daily activities, users may
not carry smartphones at all, creating gaps in sensing coverage. This variability
challenges systems that assume consistent on-body smartphone availability.

Leng et al. [36] acknowledge limitations caused by relying on specific body
locations that may be inaccessible or uncomfortable. For example, placing a
smartphone in the front pants pocket may reduce adoption and affect perfor-
mance when carried elsewhere. To avoid smartphone dependence, Bian et al.
[4] combine a smartwatch with a custom earable for activity recognition. How-
ever, the earable relies on electrostatic sensors unavailable in standard earbuds,
potentially limiting adoption, as users may prefer their own audio devices or
find continuous wear uncomfortable. A shoe-mounted device improves move-
ment recognition during sports [28], but our findings suggest such devices (e.g.,
Coros Pod) are rarely used outside sport-specific contexts. Similarly, [45] ac-
knowledge that their multi-sensor audio-motion system is impractical for every-
day use, highlighting the trade-off between recognition accuracy and real-world
wearability.

We recommend avoiding the assumption that smartphones are always
carried on the body. People often set their phones aside during physical
activity, at home, at work, or in social situations, which can lead to data
gaps or missed interactions. Systems that rely solely on smartphones for
sensing may miss important moments. Complementary wearables can
help ensure more consistent data collection across a wider range of ev-
eryday contexts.

6.4 Design Consideration 4: Align with Users’ Dominant Wrist
Preferences

We found that most users wear smartwatches on their non-dominant wrist (typ-
ically the left), regardless of age or gender, due to comfort, ease of use, and
minimal interference with daily activities. Systems requiring the dominant wrist
may disrupt these habits, reducing comfort and adoption.

Scholl et al. [57] require a smartwatch on the dominant (right) wrist, which
may conflict with user preferences and reduce long-term compliance. Similarly,
the wrist-worn systems proposed by Villa et al. [71] and Aiba et al. [I] may face
adoption barriers unless they integrate with existing smartwatch ecosystems. Our
findings suggest that ignoring established wrist preferences can hinder usability.

More adaptable approaches include the energy-aware system by [32], which
uses smartwatch-compatible wrist sensors, although it does not consider wrist
dominance. Emotion-tracking systems [2] 50} 27] also leverage standard smart-
watch form factors, supporting comfort and long-term use. Likewise, Searle et al.
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[58] collect data using a commercial smartwatch to enable real-world deployment,
while Li et al. [38] use a compact sensor bracelet that can be worn comfortably
alongside a smartwatch.

To promote adoption, wrist-based systems should respect dominant
wrist-wearing habits, offer wrist-agnostic designs, or ensure compatibility
with prevailing smartwatch ecosystems.

6.5 Design Consideration 5: Evolving User Preferences Driven by
Fashion and Technology Trends

Wearable device placement evolves with fashion, lifestyle, and technology. Our
findings show that older users maintain more consistent placement habits, whereas
younger users adapt more readily to changing trends.

Comparing our results with earlier studies highlights these shifts. In 2007, Cui
et al. [II] found that 14% of men used belt clips, compared with just 1.9% in
our study. Likewise, 11.5% of women carried phones in hand or around the neck
in 2007, whereas today 40% carry them in hand and none around the neck.
Phone placement in skirts, previously reported by 16.5% of women, has also
disappeared. Some behaviours remain stable: both our study and Zeleke et al.
[79] found that men commonly carry phones in front pants pockets at work,
outdoors, and in vehicles. Nevertheless, these habits may change with evolving
device designs, clothing, and cultural norms. Emerging sensing approaches, in-
cluding conductive textiles [26], cosmetic-based sensing [5], and skin-compatible
3D-printed wearables [16], support seamless integration into daily life. However,
as fashion continues to evolve, both sensing technologies and their algorithms
must remain adaptable.

Therefore, designers should avoid relying solely on historical norms or
current standards. Instead, they must consider how emerging trends and
generational differences may influence user behaviour over time. Wear-
ables should be designed with flexibility and adaptability in mind, en-
suring long-term usability across diverse and evolving contexts.

6.6 Design Consideration 6: Build Benchmarks that Reflect
Real-World Device Placements

Wearable sensing benchmarks, particularly for HAR, often assume fixed or re-
searcher defined device placements (e.g., front pants pocket or wrist). While this
simplifies data collection and model development, it overlooks how users nat-
urally carry devices. As early as 2015, Schlogl et al. [56] emphasized the need
for in-the-wild studies to obtain representative data. Our findings support this,
showing that gender, age, fashion, and comfort strongly influence device place-
ment.
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This mismatch between controlled benchmarks and real-world behaviour can
reduce model performance and generalisability. Some datasets already address
this issue by including multiple on-body positions, better reflecting natural us-

age [65] [24].

To support fairer and more effective model evaluation, we recommend
that future benchmarks prioritize capturing these real-world variations.
This includes allowing participants to place devices where they typically
would and annotating those locations. Benchmarks should also strive for
demographic diversity to capture the full spectrum of carrying habits.
Doing so will lead to more inclusive, realistic, and robust wearable sens-
ing systems.

6.7 Limitations

While our study builds on prior guidelines and addresses gaps in the literature,
several limitations should be acknowledged. Although the dataset includes 300
valid responses, it is insufficient for robust statistical analysis across intersecting
demographic variables. Combining attributes such as country, education, and
gender results in small subgroup sizes, limiting fine-grained comparisons. Con-
sequently, our analyses identify general trends and indicative subgroup patterns
rather than definitive conclusions.

The dataset also reflects demographic and geographic biases introduced by
recruitment. Many participants were affiliated with universities, and respondents
were concentrated in regions connected to the authors’ professional networks. As
a result, the sample largely represents the typical WEIRD (Western, Educated,
Industrialized, Rich, and Democratic) research population [29].

As with all questionnaire-based studies, our findings are subject to recall
and social desirability biases [2, 33]. Participants may misreport behaviours,
and terms such as "during the day"” or "outside” may be interpreted differently
across cultures. Open-ended responses helped capture additional practices but
cannot compensate for the sample imbalance.

Finally, the study is cross-sectional and cannot capture how wearable habits
evolve over time. Longitudinal studies would help distinguish persistent be-
haviours from short-term trends and better understand changes in wearable use.

Despite these limitations, our study provides an empirical overview of wear-
able placement practices across gender, occupation, and limited cultural back-
grounds, offering a foundation for future research and more context-aware wear-
able design.

7 Conclusions

Wearable technologies are becoming increasingly integrated into everyday life,
yet their effectiveness depends on where and how people actually wear and carry
them. Through a multilingual survey and a synthesis of prior work, we examined
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wearable placement habits across the typical research participant population and
compared them with assumptions underlying existing designs. Our results reveal
clear differences across gender, age, lifestyle, and cultural background. For ex-
ample, men predominantly store smartphones in front trouser pockets, whereas
women more often use handbags, backpacks, or jackets. Smartwatches are typi-
cally worn on the non-dominant wrist, reflecting established watch-wearing con-
ventions. These findings motivate context-aware sensor placement recommenda-
tions that better match real-world routines and activities.

Our work highlights the importance of accounting for user diversity when
designing wearable systems. We encourage future research with more diverse
participant populations, longitudinal studies, and qualitative or mixed-method
approaches to better understand the factors shaping wearable use. More broadly,
we advocate engaging diverse users early in the design process and avoiding
assumption-driven designs based on dominant user groups. By demonstrating
the variability in wearable practices even within the research participant popula-
tion, this work provides a foundation for more inclusive, context-aware wearable
technologies.

Ultimately, wearable systems should adapt to people—not the
other way around.




Bibliography

[1] T. Aiba, T. Arakawa, M. Nishigaki, T. Mori, and T. Ohki. Magserea: Fin-

gerprinting magnetic field of specified area with wearable sensors. In Ad-

junct Proceedings of the 26th International Conference on Mobile Human-

Computer Interaction, pages 1-6, 2024. https://doi.org/https://doi.

org/10.1145/3640471.3680238.

H. Benitez-Silva, M. Buchinsky, H. Man Chan, S. Cheidvasser, and J. Rust.

How large is the bias in self-reported disability? Journal of Applied Econo-

metrics, 19(6):649-670, 2004. https://doi.org/https://doi.org/10.

1002/jae. 797

M. Bentvelzen, J. Niess, and P. W. Wozniak. Designing reflective derived

metrics for fitness trackers. Proceedings of the ACM on Interactive, Mobile,

Wearable and Ubiquitous Technologies, 6(4), Jan. 2023. https://doi.org/

10.1145/3569475. URL https://doi.org/10.1145/3569475,

[4] S. Bian, R. Strahinja, P. Schilk, C. Marc-André, S. Cortesi, K. Dheman,
E. Reinschmidt, and M. Magno. Earable and wrist-worn setup for accurate
step counting utilizing body-area electrostatic sensing. In Companion of the
2024 on ACM International Joint Conference on Pervasive and Ubiquitous
Computing, pages 904-910, 2024. https://doi.org/https://doi.org/
10.1145/3675094.3678468.

[5] R. Boldu, M. Wijewardena, H. Zhang, and S. Nanayakkara. Maghair:
A wearable system to create unique tactile feedback by stimulating only
the body hair. In 22nd International Conference on Human-Computer
Interaction with Mobile Devices and Services, pages 1-10, 2020. https:
//doi.org/https://doi.org/10.1145/3379503.3403545!.

[6] M. Busso, A. Bontempelli, L. J. Malcotti, L. Meegahapola, P. Kun, S. Di-

wakar, C. Nutakki, M. D. R. Britez, H. Xu, D. Song, et al. Diversity-

one: A multi-country smartphone sensor dataset for everyday life behav-
ior modeling. Proceedings of the ACM on Interactive, Mobile, Wearable
and Ubiquitous Technologies, 9(1):1-49, 2025. https://doi.org/https:

//doi.org/10.1145/3712289.

P. Carrington, K. Chang, H. Mentis, and A. Hurst. “but, i don’t take steps™

Examining the inaccessibility of fitness trackers for wheelchair athletes. In

Proceedings of the 17th International ACM SIGACCESS Conference on

Computers & Accessibility, ASSETS 2015, page 193-201, New York, NY,

USA, 2015. Association for Computing Machinery. ISBN 9781450334006.

https://doi.org/10.1145/2700648.2809845. URL https://doi.org/

10.1145/2700648.2809845.

L. Chen, Y. Zhang, and L. Peng. Metier: A deep multi-task learning based

activity and user recognition model using wearable sensors. Proc. ACM

Interact. Mob. Wearable Ubiquitous Technol., 4(1), mar 2020. https://

doi.org/10.1145/3381012. URL https://doi.org/10.1145/3381012.

[2

—_

3

=

=)


https://doi.org/https://doi.org/10.1145/3640471.3680238
https://doi.org/https://doi.org/10.1145/3640471.3680238
https://doi.org/https://doi.org/10.1145/3640471.3680238
https://doi.org/https://doi.org/10.1145/3640471.3680238
https://doi.org/https://doi.org/10.1002/jae.797
https://doi.org/https://doi.org/10.1002/jae.797
https://doi.org/https://doi.org/10.1002/jae.797
https://doi.org/https://doi.org/10.1002/jae.797
https://doi.org/10.1145/3569475
https://doi.org/10.1145/3569475
https://doi.org/10.1145/3569475
https://doi.org/10.1145/3569475
https://doi.org/10.1145/3569475
https://doi.org/https://doi.org/10.1145/3675094.3678468
https://doi.org/https://doi.org/10.1145/3675094.3678468
https://doi.org/https://doi.org/10.1145/3675094.3678468
https://doi.org/https://doi.org/10.1145/3675094.3678468
https://doi.org/https://doi.org/10.1145/3379503.3403545
https://doi.org/https://doi.org/10.1145/3379503.3403545
https://doi.org/https://doi.org/10.1145/3379503.3403545
https://doi.org/https://doi.org/10.1145/3379503.3403545
https://doi.org/https://doi.org/10.1145/3712289
https://doi.org/https://doi.org/10.1145/3712289
https://doi.org/https://doi.org/10.1145/3712289
https://doi.org/https://doi.org/10.1145/3712289
https://doi.org/10.1145/2700648.2809845
https://doi.org/10.1145/2700648.2809845
https://doi.org/10.1145/2700648.2809845
https://doi.org/10.1145/2700648.2809845
https://doi.org/10.1145/3381012
https://doi.org/10.1145/3381012
https://doi.org/10.1145/3381012
https://doi.org/10.1145/3381012
https://doi.org/10.1145/3381012

22

191

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

J. Sorysz et al.

R. W. Christiana, E. D. Bouldin, and R. A. Battista. Active living environ-
ments mediate rural and non-rural differences in physical activity, active
transportation, and screen time among adolescents. Preventive medicine
reports, 23:101422, 2021. https://doi.org/https://doi.org/10.1016/
3 .pmedr.2021.101422,

S. Consolvo, D. W. McDonald, T. Toscos, M. Y. Chen, J. Froehlich, B. Har-
rison, P. Klasnja, A. LaMarca, L. LeGrand, R. Libby, I. Smith, and J. A.
Landay. Activity sensing in the wild: A field trial of ubifit garden. In Pro-
ceedings of the SIGCHI Conference on Human Factors in Computing Sys-
tems, CHI 2008, page 1797-1806, New York, NY, USA, 2008. Association for
Computing Machinery. ISBN 9781605580111. https://doi.org/10.1145/
1357054.1357335. URL https://doi.org/10.1145/1357054.1357335.
Y. Cui, J. Chipchase, and F. Ichikawa. A cross culture study on phone carry-
ing and physical personalization. In Aykin, N. (ed.), Usability and Interna-
tionalization. HCI and Culture, UI-HCII 2007, Lecture Notes in Computer
Science, volume 4559, pages 483-492, Heidelberg, Germany, 2007. Springer,
Springer. https://doi.org/10.1007/978-3-540-73287-7_57.

K. M. Culhane, M. O’connor, D. Lyons, and G. Lyons. Accelerometers in
rehabilitation medicine for older adults. Age and Ageing, 34(6):556-560,
2005. https://doi.org/https://doi.org/10.1093/ageing/afil192.

A. D’Adamo, M. Roel Lesur, L. Turmo Vidal, M. M. Dehshibi,
D. De La Prida, J. R. Diaz-Duran, L. A. Azpicueta-Ruiz, A. Viljamée,
and A. Tajadura-Jiménez. Soniweight shoes: Investigating effects and per-
sonalization of a wearable sound device for altering body perception and
behavior. In Proceedings of the 2024 CHI Conference on Human Factors in
Computing Systems, CHI 2024, New York, NY, USA, 2024. Association for
Computing Machinery. ISBN 9798400703300. https://doi.org/10.1145/
3613904.3642651. URL https://doi.org/10.1145/3613904.3642651.

J. Diehm and A. Thomas. Women’s pockets are inferior, Aug. 2018. URL
https://pudding.co00l/2018/08/pockets/. Accessed: 2025-10-22.

S. D. Din, A. Hickey, N. Hurwitz, J. C. Mathers, L. Rochester, and A. God-
frey. Measuring gait with an accelerometer-based wearable: influence of
device location, testing protocol and age. Physiological Measurement, 37
(10):1785, 09 2016. https://doi.org/10.1088/0967-3334/37/10/1785.
URL https://dx.doi.org/10.1088/0967-3334/37/10/1785!

T. Duente, M. Schrapel, J. Schulte, N. Janfen, I. Al-Azzawi, K. C. Demir,
and M. Rohs. A touch of gold-spraying and electroplating 3d prints to create
biocompatible on-skin wearables. In Adjunct Proceedings of the 26th Inter-
national Conference on Mobile Human-Computer Interaction, pages 1-7,
2024. mttps://doi.org/https://doi.org/10.1145/3640471.3680227,
T. Ekhtiar, A. Karahanoglu, R. Gouveia, and G. D. Ludden. Chang-
ing health goals with personal informatics. In Proceedings of the 2025
ACM Designing Interactive Systems Conference, DIS 25, page 2867-2883,
New York, NY, USA, 2025. Association for Computing Machinery. ISBN
9798400714856. https://doi.org/10.1145/3716336.3735813. URL
https://doi.org/10.1145/37156336.3735813.


https://doi.org/https://doi.org/10.1016/j.pmedr.2021.101422
https://doi.org/https://doi.org/10.1016/j.pmedr.2021.101422
https://doi.org/https://doi.org/10.1016/j.pmedr.2021.101422
https://doi.org/https://doi.org/10.1016/j.pmedr.2021.101422
https://doi.org/10.1145/1357054.1357335
https://doi.org/10.1145/1357054.1357335
https://doi.org/10.1145/1357054.1357335
https://doi.org/10.1145/1357054.1357335
https://doi.org/10.1145/1357054.1357335
https://doi.org/10.1007/978-3-540-73287-7_57
https://doi.org/10.1007/978-3-540-73287-7_57
https://doi.org/https://doi.org/10.1093/ageing/afi192
https://doi.org/https://doi.org/10.1093/ageing/afi192
https://doi.org/10.1145/3613904.3642651
https://doi.org/10.1145/3613904.3642651
https://doi.org/10.1145/3613904.3642651
https://doi.org/10.1145/3613904.3642651
https://doi.org/10.1145/3613904.3642651
https://pudding.cool/2018/08/pockets/
https://doi.org/10.1088/0967-3334/37/10/1785
https://doi.org/10.1088/0967-3334/37/10/1785
https://dx.doi.org/10.1088/0967-3334/37/10/1785
https://doi.org/https://doi.org/10.1145/3640471.3680227
https://doi.org/https://doi.org/10.1145/3640471.3680227
https://doi.org/10.1145/3715336.3735813
https://doi.org/10.1145/3715336.3735813
https://doi.org/10.1145/3715336.3735813

[18]

[19]

[20]

[21]

[22]

23]

[24]

[25]

[26]

Beyond the Pocket 23

H. Elsayed, M. Weigel, F. Miiller, M. Schmitz, K. Marky, S. Gilinther, J. Rie-
mann, and M. Mihlhduser. Vibromap: Understanding the spacing of vi-
brotactile actuators across the body. Proc. ACM Interact. Mob. Wearable
Ubiquitous Technol., 4(4), Dec. 2020. https://doi.org/10.1145/3432189.
URL https://doi.org/10.1145/3432189.

D. A. Epstein, A. Ping, J. Fogarty, and S. A. Munson. A lived informatics
model of personal informatics. In Proceedings of the 2015 ACM Interna-
tional Joint Conference on Pervasive and Ubiquitous Computing, UbiComp
2015, page 731-742, New York, NY, USA, 2015. Association for Computing
Machinery. ISBN 9781450335744. https://doi.org/10.1145/2750858.
2804250. URL https://doi.org/10.1145/2750858.2804250.

D. A. Epstein, N. B. Lee, J. H. Kang, E. Agapie, J. Schroeder, L. R. Pina,
J. Fogarty, J. A. Kientz, and S. Munson. Examining menstrual tracking
to inform the design of personal informatics tools. In Proceedings of the
2017 CHI Conference on Human Factors in Computing Systems, CHI 2017,
page 6876-6888, New York, NY, USA, 2017. Association for Computing
Machinery. ISBN 9781450346559. https://doi.org/10.1145/3025453.
3025635, URL https://doi.org/10.1145/3025453.3025635.

J. X. Fan, M. Wen, and L. Kowaleski-Jones. Rural-urban differences in
objective and subjective measures of physical activity: findings from the
national health and nutrition examination survey (nhanes) 2003-2006. Pre-
venting chronic disease, 11:E141, 2014. https://doi.org/10.5888/pcd11l.
140189.

N. C. for Science and E. S. (NCSES). The stem la-
bor force: Scientists, engineers, and skilled technical work-
ers, May 2024. URL https://ncses.nsf.gov/pubs/nsb20245/

representation-of-demographic-groups-in-stem.

V. Fortes Rey, S. Suh, and P. Lukowicz. Learning from the best: Con-
trastive representations learning across sensor locations for wearable ac-
tivity recognition. In Proceedings of the 2022 ACM International Sym-
posium on Wearable Computers, ISWC 22, page 28-32, New York, NY,
USA, 2022. Association for Computing Machinery. ISBN 9781450394246.
https://doi.org/10.1145/3544794.3558464. URL https://doi.org/
10.1145/3544794.3558464.

K. Fujinami. On-body smartphone localization with an accelerometer.
Inf., 7:21, 2016. URL https://api.semanticscholar.org/CorpusID:
16085805.

F. Gemperle, C. Kasabach, J. Stivoric, M. Bauer, and R. Martin. Design
for wearability. In Digest of Papers. Second international symposium on
wearable computers (cat. No. 98EX215), pages 116-122, 1998. https://
doi.org/10.1109/ISWC.1998.729537.

R. Gowrishankar, C. S. Leite, H. Mauranen, and Y. Xiao. E-static sensors:
Leveraging triboelectricity for enabling gesture-based interactions with ev-
eryday textiles. In Adjunct Proceedings of the 27th International Confer-
ence on Mobile Human-Computer Interaction, pages 1-8, 2025. https:
//doi.org/https://doi.org/10.1145/3737821.3749576


https://doi.org/10.1145/3432189
https://doi.org/10.1145/3432189
https://doi.org/10.1145/3432189
https://doi.org/10.1145/2750858.2804250
https://doi.org/10.1145/2750858.2804250
https://doi.org/10.1145/2750858.2804250
https://doi.org/10.1145/2750858.2804250
https://doi.org/10.1145/2750858.2804250
https://doi.org/10.1145/3025453.3025635
https://doi.org/10.1145/3025453.3025635
https://doi.org/10.1145/3025453.3025635
https://doi.org/10.1145/3025453.3025635
https://doi.org/10.1145/3025453.3025635
https://doi.org/10.5888/pcd11.140189
https://doi.org/10.5888/pcd11.140189
https://doi.org/10.5888/pcd11.140189
https://doi.org/10.5888/pcd11.140189
https://ncses.nsf.gov/pubs/nsb20245/representation-of-demographic-groups-in-stem
https://ncses.nsf.gov/pubs/nsb20245/representation-of-demographic-groups-in-stem
https://doi.org/10.1145/3544794.3558464
https://doi.org/10.1145/3544794.3558464
https://doi.org/10.1145/3544794.3558464
https://doi.org/10.1145/3544794.3558464
https://api.semanticscholar.org/CorpusID:16085805
https://api.semanticscholar.org/CorpusID:16085805
https://doi.org/10.1109/ISWC.1998.729537
https://doi.org/10.1109/ISWC.1998.729537
https://doi.org/10.1109/ISWC.1998.729537
https://doi.org/10.1109/ISWC.1998.729537
https://doi.org/https://doi.org/10.1145/3737821.3749576
https://doi.org/https://doi.org/10.1145/3737821.3749576
https://doi.org/https://doi.org/10.1145/3737821.3749576
https://doi.org/https://doi.org/10.1145/3737821.3749576

24

[27]

28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

J. Sorysz et al.

M. K. Grzeszczyk, A. Lisowska, A. Sitek, and A. Lisowska. Decoding
emotional valence from wearables: Can our data reveal our true feelings?
In Proceedings of the 25th International Conference on Mobile Human-
Computer Interaction, pages 1-6, 2023. https://doi.org/https://doi.
org/10.1145/3565066.3608698.

M. Hardegger, L.-V. Nguyen-Dinh, A. Calatroni, D. Roggen, and G. Troster.
Enhancing action recognition through simultaneous semantic mapping from
body-worn motion sensors. In Proceedings of the 2014 ACM international
symposium on wearable computers, pages 99-106, 2014. https://doi.org/
https://doi.org/10.1145/2634317.2634323.

J. Henrich, S. J. Heine, and A. Norenzayan. The weirdest people in the
world? Behavioral and brain sciences, 33(2-3):61-83, 2010. https://doi.
org/https://doi.org/10.1017/S0140525X0999152X.

Z. Ibrahim, N. Nurain, and J. Clawson. Tracking during ramadan: Exam-
ining the intersection of menstrual and religious tracking practices among
muslim women in the united states. In Proceedings of the 2024 CHI Confer-
ence on Human Factors in Computing Systems, CHI 2024, New York, NY,
USA, 2024. Association for Computing Machinery. ISBN 9798400703300.
https://doi.org/10.1145/3613904.3642374. URL https://doi.org/
10.1145/3613904.3642374.

H. Jeong, H. Kim, R. Kim, U. Lee, and Y. Jeong. Smartwatch wearing
behavior analysis: A longitudinal study. Proceedings of the ACM on In-
teractive, Mobile, Wearable and Ubiquitous Technologies, 1(3), Sept. 2017.
https://doi.org/10.1145/3131892, URL https://doi.org/10.1145/
3131892l

J. Korpela, K. Takase, T. Hirashima, T. Maekawa, J. Eberle,
D. Chakraborty, and K. Aberer. An energy-aware method for the joint
recognition of activities and gestures using wearable sensors. In Proceedings
of the 2015 ACM International Symposium on Wearable Computers, pages
101-108, 2015. https://doi.org/https://doi.org/10.1145/2802083.
2808400.

M. D. Krohn, A. J. Lizotte, M. D. Phillips, T. P. Thornberry, and K. A. Bell.
Explaining systematic bias in self-reported measures: Factors that affect the
under-and over-reporting of self-reported arrests. Justice Quarterly, 30(3):
501-528, 2013. https://doi.org/https://doi.org/10.1080/07418825.
2011.606226.

P. Lago, M. Matsuki, K. Adachi, and S. Inoue. Using additional train-
ing sensors to improve single-sensor complex activity recognition. In Pro-
ceedings of the 2021 ACM International Symposium on Wearable Com-
puters, pages 18-22, 2021. https://doi.org/https://doi.org/10.1145/
3460421 .34804211

J. K. Laurila, D. Gatica-Perez, I. Aad, J. Blom, O. Bornet, T. M. T. Do,
O. Dousse, J. Eberle, and M. Miettinen. From big smartphone data to world-
wide research: The mobile data challenge. Pervasive and Mobile Comput-
ing, 9(6):752-771, 2013. https://doi.org/https://doi.org/10.1016/j.
pmcj.2013.07.014.


https://doi.org/https://doi.org/10.1145/3565066.3608698
https://doi.org/https://doi.org/10.1145/3565066.3608698
https://doi.org/https://doi.org/10.1145/3565066.3608698
https://doi.org/https://doi.org/10.1145/3565066.3608698
https://doi.org/https://doi.org/10.1145/2634317.2634323
https://doi.org/https://doi.org/10.1145/2634317.2634323
https://doi.org/https://doi.org/10.1145/2634317.2634323
https://doi.org/https://doi.org/10.1145/2634317.2634323
https://doi.org/https://doi.org/10.1017/S0140525X0999152X
https://doi.org/https://doi.org/10.1017/S0140525X0999152X
https://doi.org/https://doi.org/10.1017/S0140525X0999152X
https://doi.org/https://doi.org/10.1017/S0140525X0999152X
https://doi.org/10.1145/3613904.3642374
https://doi.org/10.1145/3613904.3642374
https://doi.org/10.1145/3613904.3642374
https://doi.org/10.1145/3613904.3642374
https://doi.org/10.1145/3131892
https://doi.org/10.1145/3131892
https://doi.org/10.1145/3131892
https://doi.org/10.1145/3131892
https://doi.org/https://doi.org/10.1145/2802083.2808400
https://doi.org/https://doi.org/10.1145/2802083.2808400
https://doi.org/https://doi.org/10.1145/2802083.2808400
https://doi.org/https://doi.org/10.1145/2802083.2808400
https://doi.org/https://doi.org/10.1080/07418825.2011.606226
https://doi.org/https://doi.org/10.1080/07418825.2011.606226
https://doi.org/https://doi.org/10.1080/07418825.2011.606226
https://doi.org/https://doi.org/10.1080/07418825.2011.606226
https://doi.org/https://doi.org/10.1145/3460421.3480421
https://doi.org/https://doi.org/10.1145/3460421.3480421
https://doi.org/https://doi.org/10.1145/3460421.3480421
https://doi.org/https://doi.org/10.1145/3460421.3480421
https://doi.org/https://doi.org/10.1016/j.pmcj.2013.07.014
https://doi.org/https://doi.org/10.1016/j.pmcj.2013.07.014
https://doi.org/https://doi.org/10.1016/j.pmcj.2013.07.014
https://doi.org/https://doi.org/10.1016/j.pmcj.2013.07.014

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Beyond the Pocket 25

Z. Leng, M. Jung, S. Hwang, S. Oh, L. Zhang, T. Plotz, and K. Kim.
Emotion recognition on the go: Utilizing wearable imus for personalized
emotion recognition. In Companion of the 2024 on ACM International
Joint Conference on Pervasive and Ubiquitous Computing, pages b37-544,
2024. https://doi.org/https://doi.org/10.1145/3675094.3678452.
X. Li, M. Rodas-Britez, M. Busso, and F. Giunchiglia. Representing habits
as streams of situational contexts. In International Conference on Advanced
Information Systems Engineering, pages 86—92. Springer, 2022. https:
//doi.org/https://doi.org/10.1007/978-3-031-07478-3_7.

Z. Li, S. Cheng, W. Wang, and M.-L. Zhang. (re-) connecting with
nature in urban life: Engaging with wildlife via ai-powered wearables.
In Adjunct Publication of the 24th International Conference on Human-
Computer Interaction with Mobile Devices and Services, pages 1-5, 2022.
https://doi.org/https://doi.org/10.1145/3528575. 3551435

M. Liu, S. Suh, B. Zhou, A. Gruenerbl, and P. Lukowicz. Smart-badge: a
wearable badge with multi-modal sensors for kitchen activity recognition.
In Adjunct Proceedings of the 2022 ACM International Joint Conference
on Pervasive and Ubiquitous Computing and the 2022 ACM International
Symposium on Wearable Computers, pages 356363, 2022. https://doi.
org/https://doi.org/10.1145/3544793.3560391.

Z. Liu, Y. Cao, L. Cui, J. Song, and G. Zhao. A benchmark database
and baseline evaluation for fall detection based on wearable sensors for the
internet of medical things platform. IEEE Access, 6:51286-51296, 2018.
https://doi.org/10.1109/ACCESS.2018.2869833.

M. B. Loerakker. Empowering users through feedback-adaptive personal
informatics tools to support wellbeing and self-compassion. In Proceedings
of the Extended Abstracts of the 2026 CHI Conference on Human Factors
in Computing Systems, CHI EA 2026, New York, NY, USA, 2026. Associ-
ation for Computing Machinery. ISBN 9798400722813. https://doi.org/
10.1145/3772363.3799188. URL https://doi.org/10.1145/3772363.
3799188l

M. B. Loerakker, T. Jarsve, J. Niess, and P. W. Wozniak. The frame-
work of the lived experience of metrics: Understanding the purposes and
activities of self-tracking metrics. In Proceedings of the 2025 CHI Confer-
ence on Human Factors in Computing Systems, CHI 2025, New York, NY,
USA, 2025. Association for Computing Machinery. ISBN 9798400713941.
https://doi.org/10.1145/3706598.3713650. URL https://doi.org/
10.1145/3706598.3713650.

M. B. Loerakker, E. Stefanidi, J. Niess, T. Effmeyer, and P. W. Woz-
niak. Give and take: Perceptions of a conversational coach agent in
fitness trackers. Proceedings of the ACM on Human-Computer Interac-
tion, 9(5), Sept. 2025. https://doi.org/10.1145/3743718. URL https:
//doi.org/10.1145/3743718.

X. Lu, J. E. Powell, E. Agapie, Y. Chen, and D. A. Epstein. Unpacking
the lived experience of collaborative pregnancy tracking. In Proceedings
of the 2024 CHI Conference on Human Factors in Computing Systems,


https://doi.org/https://doi.org/10.1145/3675094.3678452
https://doi.org/https://doi.org/10.1145/3675094.3678452
https://doi.org/https://doi.org/10.1007/978-3-031-07478-3_7
https://doi.org/https://doi.org/10.1007/978-3-031-07478-3_7
https://doi.org/https://doi.org/10.1007/978-3-031-07478-3_7
https://doi.org/https://doi.org/10.1007/978-3-031-07478-3_7
https://doi.org/https://doi.org/10.1145/3528575.3551435
https://doi.org/https://doi.org/10.1145/3528575.3551435
https://doi.org/https://doi.org/10.1145/3544793.3560391
https://doi.org/https://doi.org/10.1145/3544793.3560391
https://doi.org/https://doi.org/10.1145/3544793.3560391
https://doi.org/https://doi.org/10.1145/3544793.3560391
https://doi.org/10.1109/ACCESS.2018.2869833
https://doi.org/10.1109/ACCESS.2018.2869833
https://doi.org/10.1145/3772363.3799188
https://doi.org/10.1145/3772363.3799188
https://doi.org/10.1145/3772363.3799188
https://doi.org/10.1145/3772363.3799188
https://doi.org/10.1145/3772363.3799188
https://doi.org/10.1145/3772363.3799188
https://doi.org/10.1145/3706598.3713650
https://doi.org/10.1145/3706598.3713650
https://doi.org/10.1145/3706598.3713650
https://doi.org/10.1145/3706598.3713650
https://doi.org/10.1145/3743718
https://doi.org/10.1145/3743718
https://doi.org/10.1145/3743718
https://doi.org/10.1145/3743718

26

[45]

[46]

[47]

48]

[49]

[50]

[51]

[52]

[53]

[54]

J. Sorysz et al.

CHI 24, New York, NY, USA, 2024. Association for Computing Machin-
ery. ISBN 9798400703300. https://doi.org/10.1145/3613904.3642652,
URL https://doi.org/10.1145/3613904 .3642652.

M. Mirtchouk, C. Merck, and S. Kleinberg. Automated estimation of food
type and amount consumed from body-worn audio and motion sensors. In
Proceedings of the 2016 ACM International Joint Conference on Pervasive
and Ubiquitous Computing, pages 451-462, 2016. https://doi.org/https:
//doi.org/10.1145/2971648.2971677.

G. E. Moore. Cramming more components onto integrated circuits. 38(8):
114-117, Apr. 1965.

J. Niess, P. W. Wozniak, Y. Abdelrahman, P. ElAgroudy, Y. Abdrabou,
C. Eckerth, S. Diefenbach, and K. Knaving. ‘i don’t need a goal’: Attitudes
and practices in fitness tracking beyond weird user groups. In Proceedings
of the 23rd International Conference on Mobile Human-Computer Inter-
action, MobileHCI 2021, New York, NY, USA, Sept. 2021. Association for
Computing Machinery. ISBN 9781450383288. https://doi.org/10.1145/
3447526.3472062. URL https://doi.org/10.1145/3447526.3472062.
C. Pelletier, N. White, A. Duchesne, and L. Sluggett. Work, travel, or
leisure: comparing domain-specific physical activity patterns based on rural—
urban location in canada. BMC Public Health, 23(1):2216, 2023. https:
//doi.org/https://doi.org/10.1186/s12889-023-16876-1.

U. N. D. Programme. Human development index (hdi) — data cen-
ter. https://hdr.undp.org/data-center/human-development-index#
/indicies/HDI, 2025. Accessed: 2025-10-21.

C. Y. Qin, J.-H. Choi, M. Constantinides, L. M. Aiello, and D. Quercia.
Having a heart time? a wearable-based biofeedback system. In 22nd Inter-
national Conference on Human-Computer Interaction with Mobile Devices
and Services, pages 1-4, 2020. https://doi.org/https://doi.org/10.
1145/3406324.3410539.

L. S. S. Ray, B. Zhou, and P. Lukowicz. W2w: A simulated exploration
of imu placement across the human body for designing smarter wearable.
In Proceedings of the 2025 ACM International Symposium on Wearable
Computers, pages 170-176, 2025. https://doi.org/https://doi.org/
10.1145/3715071.3750417.

M. Redmayne. Where’s your phone? a survey of where women aged 15-
40 carry their smartphone and related risk perception: A survey and pi-
lot study. PLoS one, 12(1):€0167996, 2017. https://doi.org/10.1371/
journal.pone.0167996.

A. Reiss and D. Stricker. Creating and benchmarking a new dataset for
physical activity monitoring. In Proceedings of the 5th international confer-
ence on pervasive technologies related to assistive environments, pages 1-8,
2012. https://doi.org/https://doi.org/10.1145/2413097.2413148.
J. Rooksby, M. Rost, A. Morrison, and M. Chalmers. Personal tracking
as lived informatics. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems, CHI 2014, page 11631172, New York, NY,
USA, 2014. Association for Computing Machinery. ISBN 9781450324731.


https://doi.org/10.1145/3613904.3642652
https://doi.org/10.1145/3613904.3642652
https://doi.org/10.1145/3613904.3642652
https://doi.org/https://doi.org/10.1145/2971648.2971677
https://doi.org/https://doi.org/10.1145/2971648.2971677
https://doi.org/https://doi.org/10.1145/2971648.2971677
https://doi.org/https://doi.org/10.1145/2971648.2971677
https://doi.org/10.1145/3447526.3472062
https://doi.org/10.1145/3447526.3472062
https://doi.org/10.1145/3447526.3472062
https://doi.org/10.1145/3447526.3472062
https://doi.org/10.1145/3447526.3472062
https://doi.org/https://doi.org/10.1186/s12889-023-16876-1
https://doi.org/https://doi.org/10.1186/s12889-023-16876-1
https://doi.org/https://doi.org/10.1186/s12889-023-16876-1
https://doi.org/https://doi.org/10.1186/s12889-023-16876-1
https://hdr.undp.org/data-center/human-development-index#/indicies/HDI
https://hdr.undp.org/data-center/human-development-index#/indicies/HDI
https://doi.org/https://doi.org/10.1145/3406324.3410539
https://doi.org/https://doi.org/10.1145/3406324.3410539
https://doi.org/https://doi.org/10.1145/3406324.3410539
https://doi.org/https://doi.org/10.1145/3406324.3410539
https://doi.org/https://doi.org/10.1145/3715071.3750417
https://doi.org/https://doi.org/10.1145/3715071.3750417
https://doi.org/https://doi.org/10.1145/3715071.3750417
https://doi.org/https://doi.org/10.1145/3715071.3750417
https://doi.org/10.1371/journal.pone.0167996
https://doi.org/10.1371/journal.pone.0167996
https://doi.org/10.1371/journal.pone.0167996
https://doi.org/10.1371/journal.pone.0167996
https://doi.org/https://doi.org/10.1145/2413097.2413148
https://doi.org/https://doi.org/10.1145/2413097.2413148

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

Beyond the Pocket 27

https://doi.org/10.1145/25566288.2557039. URL https://doi.org/
10.1145/2556288.2557039.

J. Rubin, H. Eldardiry, R. Abreu, S. Ahern, H. Du, A. Pattekar, and
D. G. Bobrow. Towards a mobile and wearable system for predicting
panic attacks. In Proceedings of the 2015 ACM International Joint Con-
ference on Pervasive and Ubiquitous Computing, pages 529-533, 2015.
https://doi.org/https://doi.org/10.1145/2750858.2805834,

S. Schlogl, J. Buricic, and M. Pycha. Wearables in the wild: Advocating
real-life user studies. In Proceedings of the 17th international conference on
human-computer interaction with mobile devices and services adjunct, pages
966-969, 2015. https://doi.org/https://doi.org/10.1145/2786567.
2794312.

P. M. Scholl, M. Wille, and K. Van Laerhoven. Wearables in the wet lab: a
laboratory system for capturing and guiding experiments. In Proceedings of
the 2015 ACM International Joint Conference on Pervasive and Ubiquitous
Computing, pages 589-599, 2015. https://doi.org/https://doi.org/
10.1145/2750858.2807547.

B. L. Searle, D. Spathis, M. Constantinides, D. Quercia, and C. Mascolo.
Anticipatory detection of compulsive body-focused repetitive behaviors with
wearables. In Proceedings of the 23rd International Conference on Mobile
Human-Computer Interaction, pages 1-15, 2021. https://doi.org/https:
//doi.org/10.1145/3447526.3472061],

I. Song, K. Lee, J. Cho, A. Rapp, and H. Hong. Constructing everyday well-
being: Insights from god-saeng (god) for personal informatics. In Proceed-
ings of the 2026 CHI Conference on Human Factors in Computing Systems,
CHI 2026, New York, NY, USA, 2026. Association for Computing Machin-
ery. ISBN 9798400722783. https://doi.org/10.1145/3772318.3790766.
URL https://doi.org/10.1145/3772318.3790766.

D. Spelmezan, A. Hilgers, and J. Borchers. A language of tactile mo-
tion instructions. In Proceedings of the 11th International Conference on
Human-Computer Interaction with Mobile Devices and Services, Mobile-
HCI 2009, New York, NY, USA, 2009. Association for Computing Machin-
ery. ISBN 9781605582818. https://doi.org/10.1145/1613858.1613896.
URL https://doi.org/10.1145/1613858.1613896.

S. Suh, V. F. Rey, and P. Lukowicz. Tasked: Transformer-based ad-
versarial learning for human activity recognition using wearable sensors
via self-knowledge distillation.  Knowledge-Based Systems, 260:110143,
2023. ISSN 0950-7051. https://doi.org/https://doi.org/10.1016/j.
knosys.2022.110143| URL https://www.sciencedirect.com/science/
article/pii/S0950705122012394.

S. Sullivan. Designing for wearables: Effective UX for current and future
devices. O’Reilly Media, Inc., 2016.

H. Sun, Z. Zhang, R. Q. Hu, and Y. Qian. Wearable communications in 5g:
Challenges and enabling technologies. IEFE Vehicular Technology Maga-
zine, 13(3):100-109, 2018. https://doi.org/10.1109/MVT.2018.2810317.


https://doi.org/10.1145/2556288.2557039
https://doi.org/10.1145/2556288.2557039
https://doi.org/10.1145/2556288.2557039
https://doi.org/10.1145/2556288.2557039
https://doi.org/https://doi.org/10.1145/2750858.2805834
https://doi.org/https://doi.org/10.1145/2750858.2805834
https://doi.org/https://doi.org/10.1145/2786567.2794312
https://doi.org/https://doi.org/10.1145/2786567.2794312
https://doi.org/https://doi.org/10.1145/2786567.2794312
https://doi.org/https://doi.org/10.1145/2786567.2794312
https://doi.org/https://doi.org/10.1145/2750858.2807547
https://doi.org/https://doi.org/10.1145/2750858.2807547
https://doi.org/https://doi.org/10.1145/2750858.2807547
https://doi.org/https://doi.org/10.1145/2750858.2807547
https://doi.org/https://doi.org/10.1145/3447526.3472061
https://doi.org/https://doi.org/10.1145/3447526.3472061
https://doi.org/https://doi.org/10.1145/3447526.3472061
https://doi.org/https://doi.org/10.1145/3447526.3472061
https://doi.org/10.1145/3772318.3790766
https://doi.org/10.1145/3772318.3790766
https://doi.org/10.1145/3772318.3790766
https://doi.org/10.1145/1613858.1613896
https://doi.org/10.1145/1613858.1613896
https://doi.org/10.1145/1613858.1613896
https://doi.org/https://doi.org/10.1016/j.knosys.2022.110143
https://doi.org/https://doi.org/10.1016/j.knosys.2022.110143
https://doi.org/https://doi.org/10.1016/j.knosys.2022.110143
https://doi.org/https://doi.org/10.1016/j.knosys.2022.110143
https://www.sciencedirect.com/science/article/pii/S0950705122012394
https://www.sciencedirect.com/science/article/pii/S0950705122012394
https://doi.org/10.1109/MVT.2018.2810317
https://doi.org/10.1109/MVT.2018.2810317

28

[64]

[65]

[66]

[67]
[68]

[69]

[70]

[71]

[72]

J. Sorysz et al.

K. Sun, C. Xia, X. Zhang, H. Chen, and C. J. Zhang. Multimodal daily-life
logging in free-living environment using non-visual egocentric sensors on
a smartphone. Proceedings of the ACM on Interactive, Mobile, Wearable
and Ubiquitous Technologies, 8(1):1-32, 2024. https://doi.org/https:
//doi.org/10.1145/3643553.

T. Sztyler and H. Stuckenschmidt. On-body localization of wearable devices:
An investigation of position-aware activity recognition. 2016 IEEE Inter-
national Conference on Pervasive Computing and Communications (Per-
Com), pages 1-9, Mar. 2016. https://doi.org/10.1109/PERCOM.2016.
7456521. URL http://ieeexplore.ieee.org/document/7456521/. Con-
ference Name: 2016 IEEE International Conference on Pervasive Computing
and Communications (PerCom) ISBN: 9781467387798 Place: Sydney, Aus-
tralia Publisher: IEEE.

A. Szyjkowska, E. Gadzicka, W. Szymczak, and A. Bortkiewicz. The risk
of subjective symptoms in mobile phone users in poland—an epidemiological
study. International journal of occupational medicine and environmental
health, 27:293-303, 2014. https://doi.org/https://doi.org/10.2478/
s13382-014-0260-1.

A. R. Tilley. The measure of man and woman: Human factors in design.
John Wiley & Sons, 2001.

K. Townsend. Pockets: An intimate history of how we keep things close.
Booklist, 119(22):7-9, 2023.

L. Turmo Vidal, A. Tajadura-Jiménez, J. M. Vega-Cebrian, J. Ley-Flores,
J. R. Diaz-Durén, and E. Marquez Segura. Body transformation: An ex-
periential quality of sensory feedback wearables for altering body percep-
tion. In Proceedings of the Eighteenth International Conference on Tan-
gible, Embedded, and Embodied Interaction, TEI 2024, New York, NY,
USA, 2024. Association for Computing Machinery. ISBN 9798400704024.
https://doi.org/10.1145/3623509.3633373. URL https://doi.org/
10.1145/3623509.3633373.

L. Turmo Vidal, J. M. Vega-Cebrian, M. C. Valdez Gastelum,
E. Marquez Segura, J. Ley-Flores, J. R. Diaz Duran, and A. Tajadura-
Jiménez. Body sensations as design material: An approach to design
sensory technology for altering body perception. In Proceedings of the
2024 ACM Designing Interactive Systems Conference, DIS 2024, page
25452561, New York, NY, USA, 2024. Association for Computing Machin-
ery. ISBN 9798400705830. https://doi.org/10.1145/3643834.3660701.
URL https://doi.org/10.1145/3643834.3660701.

S. Villa, J. Niess, B. Eska, A. Schmidt, and T.-K. Machulla. Assisting
motor skill transfer for dance studentsusing wearable feedback. In Pro-
ceedings of the 2021 ACM International Symposium on Wearable Com-
puters, pages 3842, 2021. https://doi.org/https://doi.org/10.1145/
3460421 .3478817.

D. Wang, J. Weng, Y. Zou, and K. Wu. Emotracer: A wearable physiological
and psychological monitoring system with multi-modal sensors. In Adjunct
Proceedings of the 2022 ACM International Joint Conference on Pervasive


https://doi.org/https://doi.org/10.1145/3643553
https://doi.org/https://doi.org/10.1145/3643553
https://doi.org/https://doi.org/10.1145/3643553
https://doi.org/https://doi.org/10.1145/3643553
https://doi.org/10.1109/PERCOM.2016.7456521
https://doi.org/10.1109/PERCOM.2016.7456521
https://doi.org/10.1109/PERCOM.2016.7456521
https://doi.org/10.1109/PERCOM.2016.7456521
http://ieeexplore.ieee.org/document/7456521/
https://doi.org/https://doi.org/10.2478/s13382-014-0260-1
https://doi.org/https://doi.org/10.2478/s13382-014-0260-1
https://doi.org/https://doi.org/10.2478/s13382-014-0260-1
https://doi.org/https://doi.org/10.2478/s13382-014-0260-1
https://doi.org/10.1145/3623509.3633373
https://doi.org/10.1145/3623509.3633373
https://doi.org/10.1145/3623509.3633373
https://doi.org/10.1145/3623509.3633373
https://doi.org/10.1145/3643834.3660701
https://doi.org/10.1145/3643834.3660701
https://doi.org/10.1145/3643834.3660701
https://doi.org/https://doi.org/10.1145/3460421.3478817
https://doi.org/https://doi.org/10.1145/3460421.3478817
https://doi.org/https://doi.org/10.1145/3460421.3478817
https://doi.org/https://doi.org/10.1145/3460421.3478817

(73]

[74]

[75]

[76]

[77]

(78]

[79]

Beyond the Pocket 29

and Ubiquitous Computing and the 2022 ACM International Symposium
on Wearable Computers, pages 444-449, 2022. https://doi.org/https:
//doi.org/10.1145/3544793.3560409,

C. D. Wilson-Mendenhall, P. Condon, W. Hasenkamp, G. MacKerron, K. S.
Quigley, and L. F. Barrett. The qwantify app dataset: A remote experience
sampling study of desire, emotion, and well-being. Frontiers in Psychology,
13:1054292, 2022. https://doi.org/https://doi.org/10.3389/fpsyg.
2022.1054292.

X. Xu, X. Liu, H. Zhang, W. Wang, S. Nepal, Y. Sefidgar, W. Seo, K. S.
Kuehn, J. F. Huckins, M. E. Morris, et al. Globem: Cross-dataset general-
ization of longitudinal human behavior modeling. Proceedings of the ACM
on Interactive, Mobile, Wearable and Ubiquitous Technologies, 6(4):1-34,
2023. https://doi.org/https://doi.org/10.1145/3569485.

H. Yang, H. Yu, K. Sridhar, T. Vaessen, I. Myin-Germeys, and A. Sano.
More to less (m21): Enhanced health recognition in the wild with reduced
modality of wearable sensors. In 2022 44th Annual International Confer-
ence of the IEEE Engineering in Medicine & Biology Society (EMBC),
pages 3253-3256. IEEE, 2022. https://doi.org/10.1109/EMBC48229.
2022.9871472.

K. Yatani and K. N. Truong. Bodyscope: a wearable acoustic sensor
for activity recognition. In Proceedings of the 2012 ACM conference on
ubiquitous computing, pages 341-350, 2012. https://doi.org/https:
//doi.org/10.1145/2370216.2370269.

S. Yfantidou, M. Constantinides, D. Spathis, A. Vakali, D. Quercia, and
F. Kawsar. Beyond accuracy: A critical review of fairness in machine learn-
ing for mobile and wearable computing. arXiv preprint arXiv:2303.15585,
2023.

C. Zeagler. Where to wear it: Functional, technical, and social consider-
ations in on-body location for wearable technology 20 years of designing
for wearability. In Proceedings of the 2017 ACM International Sympo-
sium on Wearable Computers, ISWC 2017, page 150-157, New York, NY,
USA, 2017. Association for Computing Machinery. ISBN 9781450351881.
https://doi.org/10.1145/3123021.3123042. URL https://doi.org/
10.1145/3123021.3123042.

B. M. Zeleke, C. Brzozek, C. R. Bhatt, M. J. Abramson, F. Freudenstein,
R. J. Croft, P. M. Wiedemann, and G. Benke. Mobile phone carrying loca-
tions and risk perception of men: A cross-sectional study. PLoS one, 17(6):
e0269457, 2022. https://doi.org/10.1371/journal.pone.0269457.


https://doi.org/https://doi.org/10.1145/3544793.3560409
https://doi.org/https://doi.org/10.1145/3544793.3560409
https://doi.org/https://doi.org/10.1145/3544793.3560409
https://doi.org/https://doi.org/10.1145/3544793.3560409
https://doi.org/https://doi.org/10.3389/fpsyg.2022.1054292
https://doi.org/https://doi.org/10.3389/fpsyg.2022.1054292
https://doi.org/https://doi.org/10.3389/fpsyg.2022.1054292
https://doi.org/https://doi.org/10.3389/fpsyg.2022.1054292
https://doi.org/https://doi.org/10.1145/3569485
https://doi.org/https://doi.org/10.1145/3569485
https://doi.org/10.1109/EMBC48229.2022.9871472
https://doi.org/10.1109/EMBC48229.2022.9871472
https://doi.org/10.1109/EMBC48229.2022.9871472
https://doi.org/10.1109/EMBC48229.2022.9871472
https://doi.org/https://doi.org/10.1145/2370216.2370269
https://doi.org/https://doi.org/10.1145/2370216.2370269
https://doi.org/https://doi.org/10.1145/2370216.2370269
https://doi.org/https://doi.org/10.1145/2370216.2370269
https://doi.org/10.1145/3123021.3123042
https://doi.org/10.1145/3123021.3123042
https://doi.org/10.1145/3123021.3123042
https://doi.org/10.1145/3123021.3123042
https://doi.org/10.1371/journal.pone.0269457
https://doi.org/10.1371/journal.pone.0269457

	Beyond the Pocket: A Large-Scale Survey on User Preferences of Bodily Placements of Wearable Technology

