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ABSTRACT
Wearable technology for physical activity promotion is a frequent
research topic within HCI and health, and researchers have docu-
mented that much of our knowledge is sourced from understanding
the needs of populations from college educated, racially privileged,
Western backgrounds. However socioeconomic class, a core com-
ponent for how people perceive physical activity, wearables, and
even wearable studies, has not often been contended with. In this
critical discussion of the literature, incorporating examples from
over 30 deployment studies involving wearables and over 70 other
related works, we investigate how socioeconomic class shows up in
study design and identify how class cultures are embedded in the
design of wearable technology. We hypothesize that common study
components related to time and activity type engenders high SES
class cultures and ultimately risk creating intervention generated
inequalities. We discuss the implications of ignoring class such as
further perpetuating inequities in subsequent waves of wearable
device maturity.
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1 INTRODUCTION
In the last decade and a half, personal informatics as a discipline,
and wearables as design tools, have seen steady growth in interest
in commercial, computing, and medical spaces alike. Though the
personal informatics tag does not necessarily signify specific data
content to be tracked, by and large a most common association
is with physical activity (PA), sleep, and bio-signals such as heart
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rate [33]. The wearable devices which track this data via automated
sensors are increasingly gaining traction, with upwards of 490
million units shipped in 2022 alone [70]. Research done in this space
broach awide variety of pain points ranging from aesthetics [24, 54],
long term adherence [23, 73, 119], and use patterns [25, 34, 49, 107],
to outpatient tracking [14, 79, 86], wellness [22, 47], and more.
However, although there is a large diversity of applications for
research, the same cannot be said for the research populations at
the center of these studies.

In personal informatics research and design, by and large there
is a pattern of centering privileged and homogeneous participant
groups such as ‘WEIRD’ participants (Western, Educated, Indus-
trialized, Rich, and Democratic) [85], ignoring the needs of people
with disabilities (e.g., wheelchair users) [16], and presuming that
people desire subjective well-being goals like weight loss [109].
This limited focus creates a gap in understanding because it limits
the generalization of findings, and even more-so, the predominant
narrative for how people use these systems, and how we should
go about designing personal informatics systems, then becomes
invariably based on the experiences of the dominant population.
Although researchers have frequently mentioned limitations in pop-
ulation demographics [85], not many personal informatics studies
have directly investigated research limitations with socioeconomic
status (SES) as a primary dimension. As this is a discipline which is
predicated on learning personal patterns and optimizing collected
data, by excluding class as a use variable, we are losing crucial con-
siderations for wearables device design, and ultimately, worsening
health disparities.

Social class in particular is an important metric because it is
one of the determining factors for how one can move through the
world, comes to understand themselves, their status’ and social
norms [28]. And it is widely reported that SES is a determinant for
health access and outcomes, with poor health outcomes being most
prevalent amongst persons of lower socioeconomic status [128].
Due to socioeconomic realities such as a lack of, or limited access,
to proper health resources and education, medical discrimination,
or even the prevalence of geopolitical discrimination such as food
deserts [129], persons of a low SES positionality are most suscep-
tible to obesity [74] or other illnesses like heart disease [72, 102].
There also exist correlations between SES and exercise decisions,
sleep patterns, and other general health outcomes [91, 122]. All of
these factors relate to data points which are centered in the design
of wearables devices (heart rate, physical activity, food, and sleep
tracking, etc.). Ultimately, as wearables have been proposed as a
technology intervention for managing health and well-being [138],
there are tangible health (and design) implications at stake. As
we move toward an era where an increased number of healthcare
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systems and workplace programs develop close partnerships with
consumer wearable companies, which has already begun [82], we
will potentially begin to see healthcare tracking interventions that
were designed with voices which do not adequately address di-
verse population needs. This is an unfortunately common trend
among digital health interventions, which pose a risk of creating
intervention generated inequalities [127].

In systematically reviewing the mobile health (mHealth) litera-
ture in HCI, Stowell et al. explicitly point out that “there is a need
for research that teases apart the broad categ[ory] of ‘low-SES’... to
identify how mHealth tools can effectively address the needs of diverse
subgroups” [116]. We begin to answer this call by examining how
wearables, as an example of mHealth technology, intersect with the
needs of low-SES groups.

In this paper, we present a critical discussion regarding HCI and
Medical wearables studies and how they interact with, or come to
understand socioeconomic class (culturally and fiscally), in the style
of an argument or opinion contribution [135]. Our goal in discussing
this literature was to get an understanding of how socioeconomic
class cultures are/or are not engendered in our design of wearables
studies and the development of design recommendations for the
space. To achieve this, we evaluated common research study design
choices related to time subjectivity and activity type, and postulate
on theories on class, time, and identity. We draw specific examples
of how time and activity type are characterized from over 30 HCI
and Medical deployment studies of novel or commercial wearable
devices, with additional insight around class trends from over 70
other studies involving wearables. We use these examples to frame
critical perspectives regarding how study decisions endemic to our
discipline can impact how class shows up overtly and covertly both
in the design features of wearable technology and the class diversity
of the study populations.

From this critical discussion, we contend:
• There should be a more focused entanglement with socioeco-
nomic class as a framework for understanding research design
outcomes. Without doing so, we incite a missed opportunity for
understanding the way socioeconomic cultures and politics color
the way we interpret and even come to collect health data.

• Time based requirements which are central to wearables studies
can be population limiting. Unique adherence components like
device wear time, physical activity requirements, study length,
and other more hidden work, require extensive effort on the
part of the participant. Therefore, working class populations who
have less discretionary time and who are more susceptible to time
based disruptions, could be less likely to be able to participate in
our research studies.

• Physical activity types available on devices are indicative of mid-
dle and higher socioeconomic class cultures. We find that the
emphasis on leisure-based activities such as walking, both re-
duces the value individuals of low-SES background can derive
from wearables, as well as underestimates the level of activity of
people who do manual labor.

Beyond pointing out the ways in which class shows up as an invisi-
ble metric and the limits of study and technology affordances, we
provide a few suggestions for moving the field forward. First, we

suggest that strategies frequently leveraged in clinical trials, such as
periodic incentives, could be adapted to increase participation of so-
cioeconomically disadvantaged groups.We also suggest that a move
away from analysis techniques that require adherence to wearing
a device, and more toward a holistic understanding of non-use, can
provide opportunities to more deeply understand how efficacy is
impacted by class. We finally point to intersections between class
and wearables use which warrant deeper investigation in HCI, such
as understanding needs and opportunities for wearables to support
the manual labor workforce toward their physical activity goals.

2 THEORIES ON CLASS
Our understanding of class builds on socio-temporal, intersectional,
and time centered theoretical contributions. We first describe those
trends before examining how they relate to wearables studies.

2.1 Time, Labour, and Culture As Modes of
Contention

We will frame class, and the accompanying discussion, in two ways.
First, we will examine socioeconomic class as it relates to the ac-
tual state of one’s earnings and associated labor. We base this on
a categorization that places income, educational attainment, and
occupation on a scale [5, 60]. Therefore, where socioeconomic sta-
tus, ‘SES’, is notated, we refer to this materiality of socioeconomic
class. We frame the discussion in this way in order to dispel societal
limitations or lack thereof, for people by SES and what this means
for their potential capacity to engage in common constructions
of wearables research studies. In this case, SES is used to describe
trends in access, sorted by the range of literal capital that an indi-
vidual holds as both an independent person and as part of a group
of people in similar conditions.

Class is also represented as a multi-layered cultural and material
concept which encompasses the way people maneuver through
“society”, and the way that “society”, interacts with them, as both
an extension of their ownership of capital, and the subsequent
positionalities which are created as a result of these temporalities.
We broadly ruminate on the way “cultures” are understood and
how they are directly associated within the broader social status
for which they are either enticed or shunned (or something in
between), and how these same understandings of a specific “culture”
can be translated to other similar contexts [13], p18. Therefore, we
view class positionality as one significant factor for how people
come to participate and understand culture, inspired by frameworks
in [13, 88, 105].

We employ these social class distinctions because they are far-
spreading, and even exist within circumstances which on the sur-
face may seem universal. By example, something as unassuming as
the music genre one primarily listens to or is most familiar with,
is directly tied to the social and economic background of the lis-
tener [125]. The distinction between SES, and class as a culture,
serves to offer a more complex conversation about the multiplicities
of class and how it impacts the way we interact with research and
physical activity.
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2.2 Why is Class Important?
Socioeconomic class is one identity marker which we can use to un-
derstand more vividly how one experiences the world at all phases,
including psychologically and socially [78]. Therefore, although
there are a few competing interests which help to contextualize
why class is such a crucial metric for evaluation, we choose to focus
on two which are especially complex, the first is culture.

Culturally, there are unique beliefs and practices that are gen-
erally imbued by social class. These core beliefs can impact how
persons from particular socioeconomic class backgrounds navigate
their identities, and engage with the world and systems which are
not indicative of their class. For example, those from the middle
class are said to champion active independence, personal delegation,
and adopt a self-starter view on life [29, 108, 114]. In these cases,
the self is the pillar. On the other hand, what is central to working
class survival is community building and interdependence [114],
which can make it harder for working class persons to assimilate
into conditions which promote middle to upper class behaviors,
such as the corporate workplace [114]. As personal informatics
is largely founded on observations from users with access to dis-
cretionary income, time and higher education [19], the cultural
foundation of device and research design is largely indicative of
high-SES perspectives.

The second is time. Time is another analysis element for un-
derstanding the relationship between societal dimensions such as
health outcomes, as socioeconomic class has correlations to how
time is boxed and valued [106]. One’s access to “discretionary time”,
periods of time where one is free to determine how to use it, largely
becomes unstable the lower the income [46]. Lower income work-
ers are more likely to face difficult labor conditions like irregular
work schedules or being beholden to practices such as “just in time
scheduling” [50]. Just in time scheduling is a practice of providing
shift hours on short notice, often fluctuating by week. This poses
difficulties for scheduling important events, child care, medical vis-
its, etc. and places persons in a state of constant time instability [50].
Such class conditions are transmutable and are even considerable
factors for whether one engages in regular exercise, with those who
are time poor less likely to participate in physical activity [110] or
self report health status’ [106]. These realities can also influence
research participation, which we will further explore within the
unique context of wearables intervention studies.

2.3 Class and HCI
The HCI research community is seeing an increasingly non-white,
working class HCI audience [35, 116, 137]. As a result, some re-
search has emphasized a need to consider identity in the process,
such as race, education, and gender in technology design [103].
In the greater HCI research community, there have been a few
efforts to contend with socioeconomic class. Although this is not
an exhaustive list, class has served as an analysis tool in evaluat-
ing family technology use and monitoring differences by SES and
ethnicity [40], how unhoused teens engage with information tech-
nology [136], hiring [20, 21], and labor [76] by socioeconomic class.
In many instances, socioeconomic class is used as an inter-sectional
boundary for a larger formula which usually includes race and

gender. For example, in reviewing the impact of mHealth technolo-
gies on vulnerable populations in the U.S., Stowell et al. consider
vulnerable groups to be of low-SES, racial/ethnic minorities, and/or
individuals with disabilities [116].

In other cases, the conversation on class and research studies
transgresses tangentially, particularly through considering partic-
ipant compensation. In these instances, researchers from other
disciplines have conducted comprehensive literature reviews on
common compensation reporting metrics, evaluated the ethical
implications of these patterns, and express a desire for the de-
velopment of purported best methods [68, 71, 90]. Therefore, the
conversation largely is centered on establishing transparency on
compensation practices and the line between coercion and incen-
tive. Mainly class is circumvented and the emphasis is more so on
replicability of research projects and the ethical implications of
non-reporting for the larger research space, such as in this system-
atic review of how participant compensation is reported (in HCI)
by Pater et al. [92]. What is missing notably, is a nuanced exchange
about how current class standing and class cultures affect someones
agency to participate in a study dependent on the compensation
structures that are in place.

Within the personal informatics discipline, there has been en-
tanglement with socioeconomic class, but these studies tend to
be the minority, with many saying as much. For example, of 83
mHealth interventions targeted towards vulnerable populations,
like low-SES individuals, Stowell et al. identify just two which lever-
age wearable fitness trackers [116]. Similarly, Huh et al. identified
just 13 papers which identify barriers and facilitators to adoption
of consumer health informatics technology by underserved popula-
tions, of whichmost examined patient-facing portals or educational
tools, rather than wearables [58].

There have been studies which more directly provoke our target
populations and their perspectives on general wearable use. For
example, Holko et al. [57] conducted a survey study of patients of
federally qualified health centers around the U.S., where they learn
that most participants positively answered the question, “whether
participants would like a fitness tracker”. Some of those who did
not reasoned that it was because they did not find trackers to be
helpful, among other reasons like not being able to commit to daily
use, a lack of knowledge, and general disinterest.

There are also a few intervention studies which lie at the inter-
section of wearables and class. Take for example, this 2019 study by
Saksono et al., where the objective was to understand how families
can reflect on past fitness tracker activity data to support future
physical activity. What makes this paper particularly unique, is
both that the families studied were from low-SES backgrounds
(alongside being racial minorities), and had family histories of obe-
sity [100]. Another paper, also by Saksono et al., describes a two
month wearable deployment study conducted with families in “low-
SES neighborhoods” from a North-Eastern city in the U.S. [99]. The
primary data analysis focuses on the social, emotional, and environ-
mental relationships between PA and wearables use choices. These
two studies offer a glimpse into tracking as a community effort.

Similarly, Cruz et al. [26] describe an interview study conducted
with economically disadvantaged, minoritized participants, living
in “high crime” areas. The purpose of the study was to probe their
perceptions of wearables device use, and notably they found that
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participants emphasized neighborhood walkability and vulnerabil-
ity to crime as contention points for investigation, similar to medi-
tations in the 2018 and 2019 papers by Saksono et al. [26, 99, 100].

While these lines of research have helped introduce class and
race perspectives to personal informatics and HCI more broadly,
there is space for an even more expansive view on class, which
discusses other more granular influences on device use and study
participation. We add to this literature and this conversation by
discussing some of the reasons for how the way we design our
studies contributes to this critical lack. We surface a more nuanced
perspective which regards class as more than a fiscal and access
measurement, but also as a phenomenon which has temporal and
cultural dimensions. This is a necessary junction to address in order
to provoke a critical discussion about what this may mean for the
field, the data that we collect, and the knowledge we produce.

3 APPROACH TO UNDERSTANDING TRENDS
IN THEWEARABLES LITERATURE

In support of understanding how the wearables literature contends
with aspects of socioeconomic class, our aim is not to identify or
prescribe a systematic and holistic account of the HCI and Health
research discipline. Rather, our goal is to identify key areas which
should be considered zoneswhere socioeconomic class has potential
crucial bearing on study population, participation outcomes, and
general device use. In doing so, we aim to follow Erete et al.’s call
on the HCI community to be self-reflective of how we go about
interacting with participants when designing around margins like
class [35].

This paper is formed in alignment with the style of argument or
opinion papers within HCI which have attempted to self-critique
and observe trends [135]. One such relevant example is Fit4Life, by
Purpura et al. [93], where authors argue that there is pressing need
to rethink persuasive technology (PT) frameworks – challenging
the prevailing sentiment regarding behavior change in the PT field.
In another example of a critical reflection pieces, Hekler et al. [55]
describe avenues for intertwining behavioral theory with the de-
sign and research of “behavior change technologies”. The authors
construct an analysis on what we can assume is an observation of
behavioral technology literature, intermixed with their previous
knowledge of social science behavioral theory, but in lieu of pulling
from large bodies of literature, they discuss their observations us-
ing single papers as the examples. Similarly, other authors use
examples from a rich literature field to critique research practices
around various topics such as sustainability [30], critical design [9]
or gender [65]. Although the topics are different, what makes these
papers similar is that the authors are interested in providing critical
perspectives on a subject within HCI, often about research methods
and research focus, through highlighting trends, engaging with
theory, observing potential implications, and offering suggestions.
Our methods are inspired by these kinds of contributions. We invite
future work to systematically examine how the research literature
on wearables has entangled with aspects of SES and class, such
as trying to estimate the average amount of time required to par-
ticipate in an intervention given study procedures and physical
activity expectations.

3.1 Process for Engaging Examples
Regardless, although our goal was not to systematically analyze the
literature, we did have a procedure for collecting and documenting
examples to base our engagement. The basis of this procedure is
in alignment with Rapid Reviews, which aim to be structured and
rigorous but are not exhaustive of all relevant literature [52]. We
began with an initial search of the ACM digital library for the
keywords “personal informatics”, and “physical activity” for full
papers published between January 2015 and December 31, 2022.
The purpose of this initial search was to develop our inclusion and
exclusion criteria, and to finalize a consistent rubric of data points
for which we would base our analysis.

3.1.1 Inclusion Criteria. From this initial search which elicited 292
results, we read 12 of the top most cited papers to help us create
the following inclusion criteria:
• Studies should have deployed physical devices for a period of
time, with a focused intent on the lived experience of wearable
use. Interview, survey, and lab studies were therefore excluded
as they did not rely on the deployment of novel or commercial
wearables.

• Studies which solely discussed mobile or desktop ‘wearable’ ap-
plications were excluded. Take this 10 month in the wild study
of “Habito”, a self-developed Google Play mobile application, by
Gouveia et al. [49] which we initially read for the review. It was
excluded as it did not describe a deployment and it did not in-
volve a physical tracker. As mobile application sensing is mainly
supported through GPS tracking and accelerometer sensing, ac-
curacy is often contingent on the phones relative position on
the body, thereby limiting best use case to walking, running, or
the like [64]. As our dialogue will already center this step count
phenomenon, our perspective can still be used to entangle with
the realities of mobile app, sensing based tracking applications.

• Studies had to have a central focus on physical activity, there-
fore any which primarily focused on other tracking domains like
sleep tracking or food tracking were outside of scope. This is
because the relationship between SES, access, and sleep, or some
other tracking focus, is vastly different enough that the central
considerations should be addressed independently. For example,
a food study with economically disadvantaged participants may
bring forth a different focus in dimension due to implications of
barriers like food deserts, which would not necessarily hold the
same criticality or perspective in a dialogue on sleep or physi-
cal activity. However, studies which assessed behavior change,
weight loss, or psychiatric outcomes, for example, were included
if the actionable procedure for assessing and achieving these goals
was physical activity in conjunction with tracker use. We see
examination of class dimensions around other tracking goals as
a valuable opportunity for future work.

• Studies should have been published 2015 or later. This date range
is in alignment with development maturity of wearable sensing
technology and general public interest. For example, the first
Apple Watch was released in April 2015 and in that same time
frame, Fitbit had largely moved from producing clip-worn to
wrist-worn devices. Thus, our date criteria only excluded a few
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potentially relevant studies, as most studies we observed pre-2015
involved mobile wearables, like in the case of UbiFit garden [24].

• Only full papers were included, published abstracts, works in
progress, or others of similar persuasion, were excluded.

3.1.2 Assessment Rubric. After establishing these criteria from
the initial search of the ACM library, we developed a rubric for
gathering objective information about a personal informatics study
and its components. By assessing each with the same rubric, we
were able to get a more stable view of areas where socioeconomic
differences could prove important for study and design outcomes.
We began each paper review with a short annotation of the overall
objective of the study and other contextual information, and then
we assessed the following themes:
• The first bucket, Recruitment, consisted of two questions, “From
where/how are participants acquired?”, and “What are the require-
ments for selection?” Our hopewas to contextualize participant de-
mographics, especially in cases where such information was not
directly reported. This choice was supported by literature [126]
which suggests that inclusion and exclusion criteria, alongside
recruitment methods [61, 77], can help to indicate participant
background. For example, exclusion criteria on the basis of one’s
access to technology, can be indicative of a participants edu-
cational background or socioeconomic class [123]. Ultimately,
although the data was collected, our findings on recruitment were
excluded from the centralized focus of our paper as it is already
often discussed as a point of contention for representation and
inclusivity in studies like [126].

• The second bucket, Device consisted of a multi-layered response
mechanism with the high level question: “Did the participant pos-
sess a wearable device prior to study participation?” Supplemental
questions were triggered dependent on the yes or no response. If
yes, we evaluated this in context with that studies’ goals and par-
ticipant data (if available). If no, we were interested in whether
the devices were provided by the research team, purchased for
the study by the participant, or acquired by some other means.
For example, if the research team provided the wearables, the sup-
plemental question would be “At the conclusion of the study, who
keeps the device?” With these lines of inquiry, we hoped to trace
whether there was consistency in how devices were acquired, as
we were aware of studies where devices were given wearables
as compensation, as well as as studies where participants were
required to have their own devices for enrollment. As we were
not sure of the prevalence of either, this line of questioning was
crucial for establishing more context on prevalence. Furthermore,
we hoped to get a more implicit view of participant demographic
and/or level of access or other such subtle, yet important data.
These two Device and Recruitment were particularly useful for
contextualizing participant demographics in studies where such
data was not explicitly reported.

• The last buckets were Compensation, Time, and Activity. With
Compensation, the high level question, “Are participants compen-
sated, if so, how?”, fed into lower level answers which we used to
report compensation type, amount, and any other relevant data
such as periodic incentives. We also used this data to compliment
the device section, in determining whether the device was the

compensation. The Time bucket was used to collect exact infor-
mation on study length and physical activity time adherence.
We were interested in how long a study lasted and how long
participants were to participate in daily (or weekly, dependent
on study adherence requirements) physical activity. If a study did
not quantify physical activity adherence, that was noted. Lastly,
we traced the type of activities that participants were expected
to perform and the evaluation criteria for the goal of a study
within the Activity theme. For example, we highlighted whether
participants were instructed to track steps through walking or
to track other activities, say swimming. We also took note of
studies where physical activity adherence was up to individual
participant discretion. We generally also held space for ‘miscella-
neous’ text descriptions for any other important details which
could provide further context to the above themes, and/or help
us to get a more complete understanding on how researchers
used the data they collected.

After we finalized our rubric, we removed any papers from our ini-
tial search of the ACMwhich did not meet the criteria, and collected
the final batch of papers from an existing corpus of HCI andMedical
venue studies, and a repository of peer-reviewed publications which
discussed the use of Fitbit devices hosted by Fitabase [36]. The per-
sonal informatics paper browser [32] companion to the Epstein et
al. systematic review of the personal informatics literature [33], was
attractive because it includes around 500 papers pulled from ACM,
IEEE Xplore, and PubMed, with the keywords “self-tracking”, “per-
sonal tracking”, “quantified self”, and “personal informatics”, among
other criteria. As this repository only included papers published
2019 and earlier, we engaged with Fitabase repository for papers
published until May 2023.

We characterize our discussion with more than 30 papers within
these criteria and color the work with more than 70 other related
personal informatics works. Although the corpus is not comprehen-
sive of the entire physical activity wearable space, we already have
ample confidence to believe that the central basis of this discussion,
that the space is lacking in low SES participation and design
considerations which include them, is both valid and myriad
as there have been studies (as outlined earlier) which discuss the
existence of shortcomings of our discipline in that regard.

4 CHARACTERIZING CLASS IN WEARABLE
STUDIES

Our research team comes into the paper with two respective knowl-
edge points. One researcher came to the topic with a rich under-
standing of the sociotechnical literature on class, race, and gender,
and how these realities color technology use and design. The other
came in with a decade of experience designing and deploying HCI
studies in personal informatics leveraging wearables, but with lim-
ited exposure to the literature which discusses the impacts of class
on technology use. Collaboratively, over the course of reading and
discussing the literature described above, the two researchers de-
veloped a shared understanding of the aspects of class typically
ignored by wearables research, including many ways in which
the researcher with prior experience designing and deploying for
wearables had ignored class in their prior studies.
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Informed by our respective experiences in the topic, we do not
intend for our critical discussion to be systematic, as it is nearly
intractable to identify and label every HCI and Medical wearable in-
tervention study. We bring up specific examples of research studies
as examples of trends that we have observed in the field, rather than
critiques on the researchers or the methodology of any particular
study. Thus, from our analysis, we have identified two larger dimen-
sions, Time and Activity Type, for which we consider how class can
inform the use and design of wearable tracking technology. We will
wrap up our observations of how class has been contended with in
wearables studies by pointing to positive examples of papers which
effectively contend (in some manner) with our pain points.

4.1 Time
In this section, we will discuss time as a dimension of concern,
which will be the basis of our later discussion. The following vari-
ables are areas of concern both independently and in relation to
each other. This means that although the variables have their own
impacts on study participation, they coexist functionally within the
larger structure of the intervention study. We evaluate four distinct
areas in which time, as it exists as an entity of SES, can impact
participation in wearables intervention studies:
• Length of Study: We evaluate the longitudinal dimensions of
intervention studies.

• PA (Time) Requirements: We analyze how researchers design
physical activity adherence.

• HiddenWork: We contextualize potential hiddenwork resulting
from study participation.

• Compensation: We identify trends in how participants are com-
pensated or otherwise incentivized for enrolling in intervention
studies.

4.1.1 Length of Study. HCI researchers have often questioned the
necessary study length to abide by when a new technology is being
deployed or tested for efficacy [66, 67]. It’s not uncommon for wear-
ables intervention studies to be long, many studies can be more or
less anywhere between six weeks [18, 39, 131, 132], ten to twelve
weeks [87], or even five months or more [53, 62]. Some studies such
as Nyrop et al. [86] allow varying weeks in intervention, depen-
dent on participant needs or health status such as week in cancer
treatment. Long studies are not unique to wearable intervention
studies, and the HCI research community regularly discusses the
merits of long-term deployments towards answering certain kinds
of research questions [67]. However, study length is particularly
notable in the space of PA wearables because of how much these
studies emphasize adherence, or sustained engagement with the
device and the intervention over its course [119]. More unique to
wearables, researchers can directly monitor this adherence through
the use of a device. Often as a result, adherence itself is a common
evaluation goal with studies frequently comparing level of engage-
ment of an intervention to a baseline condition, wear time and
steps taken. Although this is not an exhaustive list, we observe that
adherence is a common study goal, used to evaluate or measure
device abandonment [73], change in weight [15, 62, 97], changes in
PA participation time [132], PA reflection, and others.

Additionally, we sometimes observe an increase in participation
expectation over the duration of the study such as in Thorndike et
al. [121]. In another example, Abrantes et al. [1], there was a 4,500
step a day goal at the onset of the study, accompanied by a 500-step
increase by week in intervention. In other cases, certain time points
also elicited non-PA activities such as interviews.

4.1.2 PA Time Responsibilities. Within wearables studies, partic-
ipants typically have time responsibilities related to their partici-
pation, including wear time or the completion of PA for a certain
duration. The time burdens of participation therefore extend beyond
direct contact with the researchers. These timed physical activity
requirements are in addition to other study responsibilities typical
of field deployments such as interviews, daily diarying, capturing
video, photo, or audio, group activities, and more. What is more
unique to wearables is that these expectations often span a great
portion of the intervention (e.g., continuous or near-continuous
monitoring), as opposed to ad-hoc interaction with the intervention
decided on by the participant. For example, a mobile app interven-
tion might encourage or require daily use, but when to engage is
typically at the discretion of the participant and the engagement is
relatively brief.

With device deployments, often there are expectations for partic-
ipants to engage in a timed minimum of PA. An example of a timed
PA requirement could be 250 minutes of PA a week [97] or no more
than 300 [131]. Typically, the expectation is that participants would
adhere to this requirement daily or weekly and in some studies
such as Losina et al. [75], participants who increased minutes could
gain a ten dollars a week incentive.

There also sometimes exist device usage and wear requirements,
where participants are required to wear the Fitbit all day or dur-
ing waking hours, [42, 43, 62, 87, 121]. In some cases, researchers
only consider a valid wear day one where a participant wears the
device for a specified amount of time, for example more than eight
hours [1]. This means that for the days which participants did not
have the device on for the specified minimum, the wearable data
was not included in the overall analysis. While exclusion of certain
days may not (or may) impact their overall participation adherence
or eligibility for compensation, they reduce the impact that partic-
ipants who face time burdens can have on our understanding of
people’s use of wearables.

4.1.3 Hidden work. There are also invisible labors attached to
timed PA responsibilities and study adherence in general. Hidden
or invisible work relates to labor that is made invisible under the
pretense of a larger, more direct labor activity [112], it is the work
that one is invariably inducted to enact as an effect of some larger
labor context. Hidden work in this context, is the unintended im-
pact of, unexpected modification to, or unannounced consequences
of, participation in a wearables intervention study. Essentially, we
look to the components of a study which may not be immediately
obvious as being characteristic of labor, or time burdening.

There are dozens of areas where invisible labors can manifest
in an intervention study. An example of a smaller scale invisible
labor is the charging and maintenance of a wearables device. A few
Apple Watch models for example require a charge after 18 hours of
use [3], which has been discussed as a reason for lapsing in use [34].
For a study which requires a minimum wear time, this means users
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are expected to maintain and charge the device daily. While other
wearable devices might have longer battery life, like multiple days,
the hidden labor may not be lessened but become less periodic.
Additionally, even if one were to use a sensing app on their phone,
mobile phone sensing applications tend to drain phone batteries
more quickly, which requiresmore charging than usual [80]. Hidden
labor can even exist in the travel and transportation to facilities for
PA, in the adjustment of child care, or even in the warm up, cool
down, and recovery from physical activity.

4.1.4 Compensation. It is not necessarily surprising that there is
a considerable lack of compensation reporting in studies of wear-
ables, considering that in a systematic review of HCI “user” stud-
ies, Pater et al. found that nearly 85% of papers did not report
compensation [92]. In that paper, they discuss a need to investi-
gate compensation structures in order to standardize compensation
practices. However, what is interesting about wearables studies,
generally, when figures are reported it was unclear whether the
compensation was determined based on effort or time. Even more
so, the compensation structure of wearable deployment studies is
more complex because the decisions and implications of compen-
sation go even more in hand with other design choices like study
length and adherence. Devices introduce an interesting dichotomy
because in theory, they are a type of compensation which could
prove beneficial beyond the study.

Unsurprisingly, in our search, researchers either do not report
compensation structures or have unclear language surrounding it.
Whether this indicates that participants were not compensated,
or they were, but the figures are unreported, is unclear. Some
studies solely compensate participants with the wearables devices
themselves. In these cases, where participants were provided wear-
ables for study use, only two explicitly reported that participants
were “gifted” the devices[73, 79]. In other scenarios, participants
purchased the devices for study use but were not otherwise com-
pensated [98]. Thus, regardless of a participants intent or capability
to use a wearables device, this is their sole material incentive. When
cash or gift card figures were reported, payments are typically under
thirty dollars [75, 81]. A small part of studies like [18] participants
were compensated over 50 dollars. And of the studies conducted
in conversation with low-SES participants [99, 100], they were
compensated at an outlier rate of one hundred dollars.

4.2 Activity Type
The activity type dimension surrounds the type of activities that
are centered in intervention studies and wearables device tracking
generally. Within this section, we will investigate the current trends
in wearables study activity types mainly:
• Activities Assessed: We meditate on the common PA types
which studies emphasize adherence.

• Detection Capability: We gather varied insight into device de-
tection accuracy as conveyed in academic and industry research
studies.

• Workplace and Sedentary Labor Contexts: We report com-
mon circumstances for labor contexts of intervention studies.

4.2.1 Activities Assessed. Studies have primarily analyzed step
count or walking over other forms of PA. Although a few stud-
ies have a more fluid requirement for participants, allowing them
to engage in PA as they see fit [48, 73], its fairly common for step
count data to be a primary point of analysis [39, 42, 63, 73, 75, 79, 98–
100, 121, 132]. In a few cases, walking is a secondary point of analy-
sis, with the intervention being a supplemental tool for achieving a
more primary goal like weight loss [15, 62]. Additionally, similar to
PA minutes, some studies define step count goals for participants
such as 10,000 steps a day [18, 97].

4.2.2 Detection Accuracy. Within wearables marketing [2, 37, 89],
there is a collected effort to emphasize the tracker’s unique capabil-
ity to collect data which one could not aggregate (as effectively) on
their own. However, the proficiency at which wearables can track
different forms of PA has come into question as there are difficulties
in accurately tracking exercises which do not necessarily increase
heart rate or have “easily tracked movement” [134]. Therefore, of
the activities which can be tracked, some are not supported as ef-
fectively as others [69], because the quality of the movements are
more challenging to identify from these sensors. Activities which
are closer to those which share similar mechanics to walking, are
more likely to be included in the automatic list of tracked activities,
and also easier to track, such as being on a stair climber or running.
On the research side, advances in human activity recognition have
suggested that wearables could be further used for detection of
other activities involving arm or hand movements, like jumping
jacks or sit-ups [83], with frequent efforts to improve accuracy and
diversify capabilities.

In some studies where researchers relay participants’ observa-
tions on the efficacy and/or feasibility of step counting, we regularly
observe sentiments regarding detection accuracy. For example, in
Cruz et al. [26], they note participant perceptions that their material
reality did not afford the safe accommodation of (leisure) walking
in the place that is presumed to be most convenient: the home
(neighborhood). Others, in accessibility literature [16], found that
there are significant challenges in wearable tracking for individuals
who do not have the capability to take steps. As wearables are
accelerometer based and usually wrist or hand worn for the pur-
pose of step counting, the general sensor type and overall activity
sensing proficiency proved impractical as there was not clarity on
whether pushing is accounted for on wearables.

In a 2008 study by Consolvo et al. [24] they contend that the
more diverse activity tracking affordances available, the more users
engaged in diverse activities. Even so, although there are more
options today for participants to select different activities, they are
still calculated within the framework of step count. Thus, regardless
of being able to support multiple kinds of activities [25], goal setting
and achievement are still translated to step count equivalents. This
was a point of concern for some users in Cauchard et al. [18] who
desired to track other PA activities but were discouraged because
the device reinforced step counting. Some research even expressed
participant perceptions on the devices focus on step counting [23,
47, 54, 73, 107]. Therefore to best optimize device use, many felt
they had to change their activities to encourage step counting or
find ways to manipulate the wearable into detecting the motions
from the non-step activity they were partaking in.
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Although these use cases do not represent identical issues, they
call into question the perceived ease of access of step counting
and even its accuracy. Here, you have different communities who
without inspecting their potential commonalities in background,
bring extra thoughts about the way in which wearables fit into
their lives. Their perspectives on the surface seem different, but
ultimately the sentiments are similar, in that although they are
interested in engaging with the tool, the material shortcomings of
the sensing (cannot calculate wheelchair movements accurately) or
the design considerations (centering leisure walking as a PA metric)
does not allow for them to do so optimally.

4.2.3 Workplace and Sedentary Labor Contexts. There is a research
focus in personal informatics where intervention studies are done
in workplace settings, with participants recruited from a work site
usually to observe PA behavior change. This is understandable as
workplace wellness programs are common and often associated
with insurance or company gifts [22]. However, of the papers writ-
ten in these settings, its not atypical for them to be in sedentary
work environments [18, 24, 47, 48, 75, 121], or with sedentary stu-
dents in college [81]. In these settings, researchers look to team
building and incentives, in addition to the device, as a mechanism
for inspiring an increase of PA.

Yet it is also important to note that we did not find any workplace
studies performed in manual labor environments. From our vantage
point, there is not a large consideration for physical activity done
in manual labor. Contexts which could provide unique insights into
activity tracking, such as forklifting, package handling, waitressing,
construction work, and other jobs which employ physical labor
tend not to be the focus of the literature, despite the working class
being the majority of workers in the U.S. [45]. An employee who
carries hundreds of pounds of woodstock a day or heavy luggage
at the airport, is participating in physical activity but if we are to
inspect the activities highlighted by Fitbit or Apple Watch, these
are not explicitly found. This has socioeconomic implications, as
persons of a lower socioeconomic class are more likely to partake
in occupation based physical activity then all other groups [10].

4.3 Positive Examples from the Literature
Amidst the critique, we did find studies where researchers centered
class perspectives as part of recruitment, analysis, or framing of
participant experiences. These examples are undoubtedly not the
only papers which center class perspectives, but are rather exem-
plars we believe are worth holding up as ways that researchers can
contend with class as they design studies and report on findings.

As mentioned earlier, Saksono et al. [99, 100] do much work in
terms of low-SES demographic inclusivity and perspective center-
ing. Noteworthy examples from these works include describing
class-specific challenges associated with use of wearables, such
as neighborhood walkability. These studies were also at the high
end of financial compensation for study participation, which helps
offset the time expectations of the studies. An interview study by
Niess et al. [85], examined differences (and similarities) in perspec-
tive between “Western, Educated, Industrialised, Rich, Democratic
(WEIRD)” fitness tracker users from America and Europe, and those
of Arab Egyptian ethnicity and nationality. Their decision to con-
trast Egyptian participants was in direct response to the distinct

lack of non-western voices in the common lexicon of fitness tracker
related research. They found notable differences in perspectives
between the two groups regarding varying topics related to fitness
tracker use, notably about the prioritization of specific metrics.
Studies like these which make demographic a central part of analy-
sis, make it much easier to trace the subjectivity of user experience
in data findings because we can contextualize interactions within
the lines of our participants independent experiences, and those of
larger socio-cultural significance.

In another case, frequent support and communication with par-
ticipants was a central part of a deployment study by Abrantes et
al. [1] with women both enrolled in an alcohol and drug partial pro-
gram and also managing depression. Aligning with recommenda-
tions around how to engage with running studies with marginalized
populations [35], researcher support helped maintain and build rap-
port with the women. Researchers conducted phone sessions, held a
pre-study informational coaching session on resources, device use,
and best practices for incorporating study requirements into their
daily lives. There were also 30 minute, bi-weekly, in-study phone
calls to discuss participants PA and device use and other counseling
topics, and to generally provide assistance as needed. This form of
focused study design is more in line with an SES-conscious practice,
designed to help overcome barriers around long term retention
and low technology literacy. However, there exists a tension in
that the frequency of these check-ins may introduce further time
requirements related to participation, which may not align with
other needs of low-SES individuals. As it is unclear the SES of these
participants, we cannot further extrapolate these tensions.

Although few and far between, some researchers reported par-
ticipant yearly salary, like in this workplace study by Wentz et
al. [131], and Saksono et al. [100] where they reported class based
demographic inclusion criteria (less than $21,979 annually). It is
more often that studies described participant occupations, by listing
or summarizing them (such as in a table [18]) or explicitly stating
that participants engaged in sedentary work practices [47]. while
studies predominantly understood the needs of sedentary workers
who work 9-5 jobs, reporting this context is helpful for surfacing
the availability of PA as a leisure activity and participant access to
discretionary time. Additionally when salary or income is provided,
there is useful context which is produced. For example, high salary
could suggest the opportunity to purchase the equipment needed
for certain types of physical activities, and suggests that high study
compensation may not be needed for sustained engagement.

Lastly, there were a few studies which contained unique research
metrics that differed from numerical data, such as this study by
Miragall et al. [81] where “enjoyment” of PA participation was a
secondary analysis. Among early commercial wearables, the now-
defunct Nike+ Fuel Band used a unique measure of “Fuel” to ab-
stractly refer to exercise as measured across different kinds of ac-
tivities, rather than translating sensor data to “Steps” [133]. While
perhaps less human-interpretable, this measure had the advantage
of being scalable to different kinds of activities.

5 DISCUSSION
In the previous section we examined intervention trends on Time
and Activity Type. With Time, we discussed study length, PA time
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requirements, hidden work, and compensation correlating both
with typical study adherence guidelines andwith activity type.With
Activity Type, we reflected on the cultural contexts which tracking
is usually situated and how design choices affect perceptions of
device capability. From our evaluation, we surface that a common
activity centered in wearables studies is by and large step count.

In the following sections, we will explore the implications of
these findings on the inclusion of socioeconomically disadvantaged
users and provide suggestions for future considerations.

5.1 Implications of Time and Participation on
Lower Socio-Economic Persons

A study’s length does not necessarily hold the brunt of the burden
for the current socioeconomic landscape of HCI studies. Longitudi-
nal studies are not necessarily more burdensome than others simply
by their nature of being longer in length. It is the content of the
study which determines the relative burden of participation. These
participation time burdens cannot only affect inclusivity but also re-
tention. By and large a consistent narrative surrounding low study
participation of persons from economically disadvantaged or ethnic
minority groups are about difficulties in recruitment and mistrust of
researchers by community members [101]. Although it is true that
persons who are of a lower SES are often missing from the health
research populations as a result of siloed recruitment strategies, it
is also important to note that with successful inclusively design,
attrition rates can be improved such as in [118]. However, not much
of the HCI intervention research domain focuses on the retention
of said populations, or even the development of research studies
which account for complex life circumstances.

The latter, retention, is a crucial piece of the puzzle in regards to
longitudinal studies. In general, researchers have had trouble with
attrition for communitymemberswho are low-SES due to instability
in life conditions. This could be due to something as innocuous
on the surface as a change of contact information, systemic such
as a lack of agency to free time, or ultimately personal, like the
prioritization of normal day to day responsibilities [12, 118]. In
clinical trials which are also longitudinal in nature, researchers
working with low-SES populations note drop offs by week, with
trouble maintaining contact as time goes on [12, 118]. Although
these studies were done in the general medical context, some of the
reasons for attrition directly correlate to time, which is a variable
wearable intervention studies are founded upon (PA, wear time).

In a multi-month studies where participants are given a wearable
device to track daily or weekly data, in addition to other specified
study requests, a participant must have access to discretionary time.
Our studies are long, require increased effort, and the introduction,
or increasing, of physical activity. These sorts of study require-
ments can prove more significantly impractical for working class
persons, as often times their labor is within the margin of the rest or
leisure of white collar workers. This impedes upon one’s ability to
have true agency on their schedules [105], p66, and in the context
of wearables studies, this could limit their ability to fully engage
with recruitment processes or study requirements. In many cases,
working class people spend their free time sedentary as due to the
physical demands of their occupations [94], this means that it is not
rare for working class persons to feel the “materialization” of labor

on their physical bodies [105], p70. Therefore, if we frame physical
activity as a thing which must be done in our free time, we must
account for the nuances of leisure time. And it is not that there
is an inherent disinterest from members of these communities, as
underrepresented populations tend to have the same amount of
interest in participation as the common study demographics, and
in some instances even more [56].

What is true, however, is that in the case of low-SES populations
whose class positionalities most directly necessitate extensive time
to generate money and resources for their immediate survival, the
trade-off for participation looms more potently. Study components
such as forms of low cash, “experience” based, or other types of
compensation (e.g., a gifted wearable), can be deterrents to join-
ing or completing a research study for low-SES communities –
assuming that the study recruitment methods even reach them. We
suspect that even if participation presents potential greater benefit,
these benefits may not be sufficient enough to justify accommo-
dation within the material conditions of one’s day-to-day reality.
We hypothesize that if a household does not readily have access
to discretionary funding, the advantage for partaking in a months
long study cannot solely be for altruism. Low compensation is a
trade off people from higher SES backgrounds can choose to make.

5.2 Implications of Activity Type on Wearables
Design

Traditionally, wearables leverage a mixture of accelerometers and
heart rate sensors for detection [8, 69, 120] as the advent of wear-
ables device design included a focused effort to introduce pedometer
based tracking. Therefore, step count as the central tracking mea-
surement for wearables is connected to the history of pedometers
in the early 2000’s conceptualizations of personal informatics. In
that era of wearables research, pedometers were the chosen track-
ing devices due to their perceived usability and purported ease for
tracking walking movements. Yet, as early as 2008, [25] researchers
expressed the shortcomings of sensing with pedometers and sug-
gested the need for either improvement of the apparatus or for the
development of new devices to create a more comprehensive PA
tracking foundation.

Today, researchers and commercial agents alike continue to hail
walking (step counting) for its diversity of engagement cases [14]
and its low barrier to entry [104]. Within this framework, 10,000
steps is widely advertised as the metric by which a healthy person
should strive for daily. This step count goal is said to provide bene-
fits such as improved cardiovascular health, mental health, potential
weight loss, and weight management, among other things [124].
However, the legitimacy of the 10,000 step a day metric has also
been countered. In some spaces [84, 96], it has been argued that
steps a day as low as 4,400, or a few thousand steps over, provide
nearly the same benefits as the 10,000. In time metrics, 30 minutes
a day of exercise is considered to be enough for a healthy adult
to support much of the same things that 10,000 steps a day is pur-
ported to provide [11]. Yet, what these figures signify are more
than suggestions for health improvement, they embody a larger
sociopolitical dynamic.
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There are three ways we choose to evaluate step count, and sub-
sequently step count goals, as engendering middle and upper class
cultures. The first, calls into question step counting as a reflection
of health literacy. The second, surrounds centering physical activity
as leisure. The third, unpacks how focusing on step count limits
device use.

First, daily step count goals are not necessarily common knowl-
edge. In wellness culture and the popular lexicon of fitness tracking,
they float around freely as these communities are largely evoca-
tive of middle to upper class lifestyles and cultures which are more
likely to have a higher health literacy [115]. However, what appears
to be common knowledge, is not so common when investigating
health education and awareness. In thinking of personal health and
how ones behavior impacts it, although not exhaustive, this literacy
is more likely to be lacking in lower SES and minoritized contexts
and can affect information recall, [6], mortality [117], increased
hospital admission [7], and general health outcomes.

In Wardle [130], a UK study performed on personal perceptions
regarding different health related topics such as leisure PA, life
expectancy, dietary choices, amongst other things, they found asso-
ciations between lower socioeconomic status and a reduced aware-
ness for how ones lifestyle choices affects their overall health. They
also found a significant portion of working class individuals were
often very present in mind and behavior, not often thinking of the
future. When contending with devices such as wearables which
center behavior change and reflection, one’s capacity to understand
the significance of the data and the behavior change that should
go alongside it, is crucial. Thus, when a participant is presented
with a step count total, or a heart rate number, how do they begin
to interpret what this means for their health? Researchers such
as Saksono et al. [100] and Lazar et al. [73], discuss participants’
limited capacity to reflect on the usefulness of the unprocessed data
collected which then makes it difficult to decide next steps.

In designing tracking technology which requires that partici-
pants interpret data on their own volition, this brings forth dis-
parities in who can optimize device data. And in the case where
devices are used in the medical context, as mentioned earlier, there
exist correlations between limited health literacy and information
recall. Information/Instructional recall is important for sufficiently
understanding and following physician suggestion.

Secondly, low-SES groups are less likely to participate in leisure
based physical activity [44, 110], but this does not mean that per-
sons of a lower socioeconomic class are necessarily largely seden-
tary [111]. According to Besser & Dannenberg [11], the working
class living in urban areas are more likely to walk for transportation
more than 30 minutes a day, in addition to being most likely to
participate in workplace PA [27]. The framing of PA outside of
these contexts marks a shift from the previous century where PA
was largely defined as a work related activity [113]. We suggest
that by framing step count as the activity for which all activities are
based, we are creating a limited frame by which a user can develop
a broad understanding of their physical activity patterns and habits.

Additionally, we also note that more modern commercial wear-
able devices often include detection capabilities for other kinds of
PA including swimming, biking, rowing, diving, and golf [4, 41].
While research studies on PA wearables tend not to center these,

we note that many of these activities have particularly high re-
quirements with regards to equipment (e.g., a bike or elliptical, a
rowing machine, golf clubs) and physical space (e.g., to a swimming
pool, a golf course) which result in these activities not permeating
across class cultures. This is another barrier for low-SES persons
as participation in specific sports types changes by socioeconomic
class, with high SES persons significantly more likely to play in
racquet based and club based sports due to the relative cost par-
ticipation [31, 95]. Disparities also exists by youth sport [59]. The
investment of resources that are going into detecting these activity
types and designing complete and compelling experiences around
them, points to a deepening reinforcement of wearables serving
leisure purposes and favoring individual versus community-based
activities. While it is hard to explicitly prescribe detection capa-
bilities which would be beneficial to low-SES individuals, some
recreational exercise activities with low indices of inequality in-
clude strength training [95]. Beyond these, as we discuss later, we
see a particular need to consider detection of activities associated
with manual labor.

5.3 Broader Implications of Ignoring Class in
Wearable Studies

A clear intent of our critical discussion is to argue for researchers to
more consciously consider class when designing wearable studies
for physical activity promotion. We can speculate on a variety of
reasons as to why there may not be a focused effort on people
of lower socioeconomic background in studies of wearables. It
could be that researchers have tried to reach communities but
have not been able to due to various historical reasons such as
mistrust of researchers. However, HCI researchers have written
about suggested best practices [35, 126, 127] for navigating the
recruitment of these hard-to-reach populations. It could be that
because personal informatics is often associated with middle class
wellness, there is a belief that economically disadvantaged people
do not have interest in using wearables. However, studies have
found that these groups are more interested in device use than
not [57]. There are many other concerns or limitations that may
prevent researchers from considering class in their studies, some
legitimate. Even so, as part of arguing for greater consideration, we
further unpack the short- and long-term consequences of ignoring
class in wearables studies.

As wearables becomemore entrenched in the patient process and
become even more ubiquitous within the technological ecosystem,
there is incredible potential for researchers in the space to create and
perpetuate Intervention Generated Inequalities (IGIs) [127]. Veinot
et al. discuss that health technology interventions can generate
inequality if they are “more accessible to, adopted more frequently by,
adhered to more closely by, or more effective in socioeconomically ad-
vantaged groups such as those withmore resources or education” [127].
Our critical discussion surfaces that the wearable, when designed
with the goal of physical activity promotion, is well on the way
to generating inequality. Veinot et al. [127] label four distinct ar-
eas through which inequalities can precipitate: access, adoption,
adherence, and effectiveness. Our critical discussion particularly
surfaces that low-SES individuals might face barriers to adherence
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stemming from time-based expectations, and poor effectiveness
rooted in limitations surrounding activity type.

What is specifically unique about the potential for wearables to
cause IGIs, is that in addition to being the intervention in health
promotion, both in our studies and in the wild, the devices them-
selves are often used to measure the success of other interventions.
For example, ownership of a wearable is the first stage of the in-
tervention, the use of that wearable to promote some part of ones
health, is the second stage. This means that owning a device is an
intervention in and of itself and having access to personal data
could provide another level of knowledge that cannot be neces-
sarily obtained without it. In leveraging the use of a wearable
as an outcome measure for research, we are deepening our
understanding for how to support health promotion – but
for people of high-SES background. Therefore, if the device as
it stands is not useful or usable by economically disadvantaged
groups, they are now missing out on health interventions which
could have otherwise been leveraged. Or worse, our research could
perpetuate that a novel health intervention is beneficial, while miss-
ing out on the context that this benefit only exists for high-SES
individuals.

We have arguably reached the first wave of technological ma-
turity of wearables. As subsequent waves of the technology
come into center, it will become even harder to play catch-up
in designing wearables which fit the needs of lower-class
individuals. The possibilities for the next generation of mass scale
medical technology could be with tracking devices [138] but with-
out sincere contemplation now, we will be forced to reform later. If
we do not instead attack the problem in its relative technological
infancy, there could be yet another generation of people at risk of
being further victim to health disparities because of their socioeco-
nomic backgrounds. As devices mature, the way we conduct our
studies, analyze our data, and disseminate findings, will continue
to place people of low SES at another significant disadvantage to
which they already are.

6 MOVING FORWARD
The barriers to intervention study participation for persons who
are economically disadvantaged could be mitigated through the
thoughtful design of more equitable studies. There are some easier
and more practical adaptations we can consider introducing, which
have been proven to be effective in establishing high retention rates
for economically disadvantaged research populations. One such
example is the periodic incentive [12, 38, 118]. Retention of low
SES participants of clinical trials is more likely to be higher in cases
where researchers provide small incentives to study participants.
Small incentives like groceries and gift cards or cash bonuses, are
useful for enhancing motivation, increasing health visits, and gener-
ally improving study adherence. In addition, these incentives are not
by their nature necessarily coercive [51]. Incentives are only a part
of the larger piece of inclusive design where successful retention
of low-SES populations necessitates that researchers intentionally
create an environment concerned with building community, con-
stant communication and feedback, and an overall concerted desire
to learn the needs of the population [118, 126]. Additionally, the
use of incentives is not new to personal informatics as it has been

used in intervention studies [75], but its application for retention
of low-SES populations could be explored more.

Other more difficult solutions can be reframed in the way we
analyze data and come to accept adherence. Expectations such as
a minimum of eight hours of wear time severely limit the com-
prehensive understanding of in-the-wild use of wearables devices
and privileges certain behaviors. By framing the research analysis
around meeting certain number thresholds, we are missing out
on gaining a more layered analysis on the non-quantifiable cir-
cumstances of any individuals PA/tracking data. Thus, participant
tracking patterns such as those related to non-use, prove oppor-
tunistic for a deeper interrogation of the efficacy of a wearable
intervention. There’s more to the story than step count numbers as
observed by [79, 86] and we see an opportunity to reflect on which
requirements are most necessary for understanding design needs.

We recognize that these time based issues exist both within the
wearables study experience and independent of it. We acknowledge
that there are systemic limitations that can affect one’s ability to
participate and that as researchers we cannot necessarily control all
of the institutional barriers that exist in timed dimensions. However,
we can investigate how our own processes and practices (further)
burden participants and reflect on how to engage these analyses in
developing new frameworks.

In regards to activity type, we point to expanding frameworks on
how physical activity can be conducted and researched. Although
there is concerted advertising of tracking capabilities as being com-
prehensive of ones exercise reality, it is crucial that we take into
active consideration other manners by which one can be physically
active, aside from step count. Through the placement of fitness
trackers in wellness culture, we are missing out on designing tech-
nology which is illustrative of a broader PA reality. One of the key
instances for design consideration should be the manual workplace.

Looking to the manual labor work-forces to understand how
labor and PA correlate could be fruitful as there is a bevy of ob-
tainable knowledge regarding PA as it functions within the larger
socio-temporal reality of a workplace. Through this workplace
broadening, we place ourselves in a position to better understand
how this form of PA impacts groups and individuals’ perceptions of
their own health, their behavior change goals, and whether or how
they see technology supporting those goals. Situating studies in
this context could even help to inspire new ways of sensing move-
ment on an engineering level, such as recognizing when heavy
objects are lifted or repetitive motions undertaken. Such consid-
erations might require radically rethinking the physical design of
wearables to account for what might be detectable via different
sensing modalities. For example, e-textiles or smart clothing [17],
like gloves, might be better suited for detecting the repetitive lifting
of heavy boxes. Advancing these sorts of sensing techniques could
go a long way towards increasing the utility of physical activity
wearables across class. However, creating distinct class-correlated
wearable devices, separated by labor contexts, has the potential
to reinforce some of the more cultural divides surrounding class
cultures. Regardless, we see these questions as useful for HCI’s
activity recognition community to contend with.

Finally, we call on the community to report participant demo-
graphics, specifically salary. By keeping these data figures out of
reported demographics, we are placing SES as an invisible data
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piece. If we are not identifying the source of the voices that support
our findings, we risk continuing to make socioeconomic class a
neutral data point. It is not enough to report salary only when we
are working with vulnerable populations and doing so implies that
anything outside of that socioeconomic reality is the norm. Addi-
tionally, when perspectives of low-SES individuals are not a part of
a study, we encourage the community to reflect on what aspects of
the findings may or may not apply to that demographic (e.g., in a
Limitations section). It is also not enough to not engage with the
implications of the perspectives of the economically advantaged in
their lived-in experiences with the study and device. We implore
the field to engage with these concepts, and at a minimum, report
the salaries of their participants so we have a more complete picture
of who design implications might apply to.

All in all, much like any instances of cultural entrenchment,
patterns and habits over time are presumed to be natural and
thus become more of a de-facto representation of naturalistic real-
ism, rather than patterns and techniques which were created and
through some process of assimilation, never delineated from [13].
This implies a systemic reality of our discipline which by design
extends into a mode of replication of societal realities during study
making, which can be limiting. In the grand scheme of wearables
research, there must be an opening for a broader conceptualization
of how it looks to collect participant physical activity data which
takes into serious consideration the complexities attached to such
data.

7 CONCLUSION
After critically reviewing literature on wearables interventions, we
find that class in both the capital and cultural sense is often largely
ignored as a pivotal metric of the self. We offer an analysis of areas
where low-SES class barriers are possibly overlooked, and we do
this though the lens of two primary dimensions with bearing on
SES outcomes, Time and Activity type. We contribute suggestions
for the prevention of the continued perpetuation of inequities in
these sorts of interventions. Ultimately, we implore the field to
consider this dialogue and reflect on the conversation as it applies
to your own personal work. We see opportunities for researchers
involved in all stages of the wearables creation and evaluation
process, ranging from those focused on activity recognition, to
those using wearables as a tool for measuring health outcomes of
an intervention, and anything in between, to participate in this
reflection.
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