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ABSTRACT
The sedentary lifestyle increases individuals’ risks of developing
chronic diseases. To support individuals to be more physically ac-
tive, we propose a mobile system, MotionShift, that presents users
with step count data alongside contextual information (e.g., loca-
tion, weather, calendar events, etc.) and self-reported records. By
implementing and deploying this system, we aim to understand
how contextual information impacts individuals’ sense-making on
sensor-captured data and how individuals leverage contextualized
data to identify and reduce sedentary activities. The findings will
advance the design of context-aware personal informatics systems,
empowering users to derive actionable insights from sensor data
while minimizing interpretation biases, ultimately promoting op-
portunities to be more physically active.

CCS CONCEPTS
• Human-centered computing → Interface design prototyp-
ing.
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1 INTRODUCTION
Sedentary behaviors refer to activities that involve a very low en-
ergy expenditure (metabolic equivalents [MET] < 2.0) [16], mostly
sitting and lying down [24]. The sedentary lifestyle is one of the
major causes of several chronic conditions (e.g., obesity [29], cardio-
vascular disease [15, 35], and diabetes [29]). While the CDC recom-
mends 150 minutes of physical activity per week for maintaining
physically active [1], only 23% of Americans meet this guideline
[13, 30]. More than 15% of adults are physically inactive [2] with a
notable disparity between races and ethnicities (i.e., 31.7% of His-
panics, 30.3% of non-Hispanic blacks, and 23.4% of non-Hispanic
whites).
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Despite the fact that few mobile tracking tools attempt to assist
people in reducing sedentary behaviors [11], tracking sedentary
behavior itself can be challenging due to its heterogeneity. It may
be hard to distinguish sedentary activities from others with merely
sensor-collected data. For instance, sedentary and stationary be-
haviors have similar data representations (e.g., low step counts),
but a stationary behavior is not necessarily a sedentary behavior
[24]. Passive sitting (e.g., playing video games) and active sitting
(e.g., working on a seated assembly line) both result in low step
counts, but both are stationary behaviors with different levels of
energy expenditure [24]. Additionally, individuals perceive their
energy consumption differently across various activities, making
it challenging to identify sedentary behaviors. Both playing video
games and working in front of a computer are screen activities [24]
but have different levels of mental energy consumption [6], which
can hardly be assessed by sensors.

Moreover, even if one’s sedentary time is identified, whether
individuals can reduce it remains questionable and highly depends
on context. Sedentary behaviors such as working in the office,
having a meeting, and taking a rest after work may be different in
nature in terms of how people can actually get rid of them. People
can stand by their desks while working in the office to avoid sitting
too long [24]. But in most cases, people wouldn’t be able to stand
up during an in-person meeting [20]. Prior study shows that there
is an ambiguity in people’s understanding of sedentary behaviors
(e.g., whether to attribute resting activities like sleep as sedentary
behavior) [14]. People may want to rest between different events
and after work by lying, reclining, and sitting. Those activities are
reflected as sedentary behaviors in the tracking data, but people
need those activities to regain energy.

Reflecting on tracking data [3] has been found to help individuals
make sense of their activity trends and patterns [9, 17, 26, 33, 34].
However, many self-report tools are not designed to capture the
context of sedentary behavior [21]. When people are looking at
their activity tracking data (e.g., step counts), it’s hard for them
to recognize sedentary behaviors, nor can they tell if they can be
more physically active at those times. Individuals in the previous
study expressed their interests in reflecting on their active-inactive
patterns to improve their physical activity level accordingly [20].
By identifying when they are most active, individuals are able to
decide the right time to engage in physical activities [4]. Though
prior study shows that presenting individuals their physical activity
data with contextual information helps improve the amount and
quality of reflection [4], they also pointed out that not all those
actions are feasible: some actions are hard to change, and some
require long-term decisions [4]. Even though the data captured by
sensors can be considered objective, its meaning should be inter-
preted within the context where it’s collected [25]. Previous study
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Figure 1: Proposed Design of MotionShift

highlights that missing contextual information makes it hard for
people to interpret their physical activity tracking data [31] and
leads to biased conclusions [32]. Also, to interpret sedentary behav-
ior, there might be other data forms needed apart from contextual
data. Ng et al. argue that data should be tracked and interpreted
within its internal and external context [23]. Prior research suggests
combining subjective and objective measurements to provide infor-
mation in the context of sedentary behavior [12]. Prince et al. also
argue that future studies should complement objective measures
with self-reported measures to assess sedentary behavior [27].

To sum up, previous studies suggest providing additional infor-
mation (e.g., contextual information, subjective measurement, etc.)
to assist people in investigating the nuance of sensor-collected data,
especially in the context of tracking sedentary activities. In this
proposed study, we raise the following research questions:

(1) How does contextual information impact the way individuals
interpret sensor-captured data (i.e., step counts)?

(2) How does contextualized data (e.g., weather, location, cal-
endar events, etc.) support individuals in identifying and
reducing sedentary periods in their daily lives?

To address those questions, we proposed a mobile tracking sys-
tem, MotionShift, as a probe to understand individuals’ practice in
tracking, identifying, and reducing their sedentary behaviors. By
learning from users’ experience using the system, we aim to exam-
ine individuals’ sense-making on objective tracking data with other
contextual information provided. Specifically, we want to under-
stand how individuals interpret the nuances in visually similar data
points. We hope the insights from this study can be generalizable
to other fields (e.g., the use of sPGD in PTSD treatment [22]) that
treat sensor-collected objective data as the primary data form and
highlight the needs of reflecting on it.

2 RELATEDWORKS
Combining contextual information with activity tracking data has
long been studied in the HCI community. When presented with
physical activity data and contextual information, individuals can
make connections between them and be more aware of their ac-
tivities [18]. Early literature points out that not tracking context
can a pitfall for Q-selfers [8]. Echoing this insight, many personal
informatics systems explore ways to present users their tracking
data with contextual information. Liang et al. [19] visualized one’s
sleep data with other contextual factors to help users explore the
correlation between them. Bentley et al. [5] collected a variety of
factors (e.g., step count, sleep, weight, etc.) from sensors and pre-
sented them to users with contextual data (e.g., weather, location,
calendar, etc.). Findings from this study show that this combination
leads to better self-understanding and behavioral change. Later
research [28] treats clinical data (i.e., blood glucose level) as the
primary data type and leverages contextual information (e.g., mood,
food, type of day) to help patients find trends.

Though sensor-collected tracking data is often considered the
primary data type and subject to interpretation with contextual
information, it may not be intuitive or reliable in many scenarios
and can lead to biased conclusions. Liang et al. [19] demonstrated
that tracking data may fall short in revealing sufficient insights
when users maintain a consistent daily life pattern. Users may also
abandon their tracking routine for a variety of reasons (e.g., seeing
no values in tracking, etc.) [10], leaving gaps in their data. When
users are away from their tracking devices, such missing data points
may be misleading regarding their actual activity level [5]. More-
over, whether users can change their behavior using the knowledge
they gained from tracking data remains uncertain. Liang et al. [19]
pointed out the gap between individuals’ intentions of behavior
change and taking real actions, as the situation could be affected by
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factors that are not controllable. This uncertainty appears to be one
of those factors that keep users from carrying out their physical
activity plans [33]. Luo et al. [20] conducted a study where they
developed a break prompt system to encourage people to move
more at work, showing that users’ receptiveness for prompts highly
depended on the context. Apart from those external barriers, people
also face internal barriers that can impede them from conducting
physical activities (e.g., lack of motivation [36], physical or mental
exhaustion [33], etc.). Lastly, people’s perceptions towards their
activity level can vary (e.g., different preferences for sleeping qual-
ity [19]), calling for a personalized way to assist individuals in
interpreting their activity data.

Pantzar and Ruckenstein [25] argue that the meaning of sensor-
captured data is tied with contexts where it’s collected, coining the
concept of “situated objectivity.” Following this path, we propose
to further investigate how contextual information could be better
leveraged to assist individuals in making sense of their sensor-
collected tracking data and reduce interpretation bias.

3 METHODOLOGY
In this study, we will develop a mobile app as a technology probe
to understand how individuals can identify and reduce their seden-
tary behavior based on the step counts data with other contextual
information provided.

3.1 System Design
In response to Li et al. [18]’s call for creating systems that allow
people to easily draw connections between their physical activity
and contextual information, the app, MotionShift, aims to assist
individuals’ sense-making with those data. The goal is to help users
identify the sedentary time slots and try to turn those times into
active times. It will feature a tracking-report-reflection flow that
has been tested in the prior study [34].

3.1.1 Tracking. The app will run in the background to collect users’
step counts along with other contextual information (e.g., location,
weather, etc.) on an hourly basis. We will implement an experi-
ence sampling method that’s similar to Checkpoint-and-Remind
[7]. That’s to say, if there are calendar events in the user’s schedule,
the app won’t bother to get step count data from sensors, assuming
those are events that do not add meaning to sensor-collected data
(e.g., the time for having a meeting typically won’t be considered
as a time that the user can be more physically active). For the time
slots that don’t associate with any calendar events and have no
step counts, the app will mark those time slots and wait for users to
update what they have done afterward. Such a tracking process will
result in different types of visualization, which we will elaborate
on in the following section.

3.1.2 Day/Week Views. Users’ step count data will be highlighted
as the primary data type. The app will visualize step count data in
calendar views (i.e., a day view and a week view). Depending on the
threshold set by users regarding how many steps per hour count
into active hours, the time blocks will be colored differently (Fig. 1a).
To better illustrate potential patterns in sedentary behavior, the app
will have a weekly view that presents the visualization based on step
counts for the past 7 days. On both the day view and the week view,

users can click into each color block, which represents an activity,
to view further contextual information (Fig. 1b). Additionally, users
can refine their records by manually indicating if the activity is a
reducible sedentary activity or not (Fig. 1c).

3.1.3 Report. As mentioned in section 3.1.1, there will be blank
space on users’ calendar view, meaning that there were no step
counts nor calendar events during the time. For those time slots,
users can choose to make up for their records. By clicking on those
time slots (Fig. 1d), the user can provide more information regarding
what they have done and determine if this time slot is a reducible
sedentary time (Fig. 1e). Once again, contextual information will be
provided on top of the screen to help users recall what happened.

3.1.4 Reflection. Lastly, the app will offer users an overview of
their data (Fig. 1f). On the summary page, the app will present
users their weekly total sedentary time vs. active time. It will also
summarize data into a chart for users to see trends in the data.

3.2 User Study
Once the app is ready to be deployed, we will recruit 16–20 partici-
pants who are willing to monitor their sedentary time and improve
their physical activity level. We are particularly looking for par-
ticipants (e.g., students, athletes, etc.) who are going through life
changes so they will need to make sense of their data in differ-
ent contexts (e.g., relocation, change of routines, etc.). We imagine
participants’ diverse lifestyles will add interesting data points re-
garding their interpretation of contextual information.

Participants will be using this app for 4 weeks and attending
interviews at the beginning, middle point, and end of the study.
The first interview aims to understand participants’ lifestyles and
their personal characteristics. The second interview will simply
serve as a middle check-in point. And we will use the last interview
to learn participants’ experiences using the app, especially how
they could make sense of their active-sedentary activities using
step counts as the primary data type and interpret it along with
other contextual information. We will quantitatively analyze the
change of participants’ physical tracking data (e.g., step counts)
and qualitatively analyze the interviews.

4 EXPECTED CONTRIBUTION
This study will tackle the critical fact that sensor-collected data has
been widely used as the primary data type for HCI research, while
its meaning is subject to the situated context. We plan to investigate
how individuals make sense of their step count data with contextual
information annotated to identify the time when they can be more
physically active. Potential insights from this study will shed light
on how contextual information can be presented to individuals to
reduce bias in interpreting sensor-collected data.
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