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Smartwatches enable not only the continuous collection of but also ubiquitous access to personal health data. However,
exploring this data in-situ on a smartwatch is often reserved for singular and generic metrics, without the capacity for further
insight. To address our limited knowledge surrounding smartwatch data exploration needs, we collect and characterize desired
personal health data queries from smartwatch users. We conducted a week-long study (N = 18), providing participants with an
application for recording responses that contain their query and current activity related information, throughout their daily
lives. From the responses, we curated a dataset of 205 natural language queries. Upon analysis, we highlight a new preemptive
and proactive data insight category, an activity-based lens for data exploration, and see the desired use of a smartwatch for
data exploration throughout daily life. To aid in future research and the development of smartwatch health applications, we
contribute the dataset and discuss implications of our findings.
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1 INTRODUCTION

Smartwatches have become highly capable and increasingly independent devices, equipped with a wide range of
sensors, computational power, network capability, and various interaction modalities (e.g., touch and speech).
Due to their wrist-worn form factor, people wear smartwatches during most of their waking hours, collecting
extensive personal data in a variety of daily activities (e.g., while jogging, working, or on-the-go). Smartwatches
have the potential to provide their users with immediate access to personal and situated insights drawn from the
collected data. As a first step to realizing such potential, we set out to explore personal health data queries people
look to ask directly on their smartwatch throughout daily life.

Prior works on personal health data and the mechanisms to support data exploration through visualization
and interaction have largely been studied for desktop [13, 27] and smartphone [41] devices. These studies
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often focus on a longer form of data exploration, which a smartwatch is not ideally suited for. Focusing on the
smartwatch, research that has influence on personal health data exploration has been mainly conducted under
two domains: (1) understanding the needs and preferences of smartwatch users as it pertains to their personal
health data [1, 8, 35, 36, 51] and (2) data visualization [1, 5, 11, 29, 49, 52] and interaction [50] techniques to
mitigate the limitations caused by the reduced smartwatch screen size. However, we still lack a broader empirical
understanding of the data query needs of smartwatch users, especially within the in-situ and daily contexts in
which a smartwatch is used.

Our use of smartwatches throughout daily life [56, 69] is likely to influence the type of information and
exploration desired. Unlike typical data exploration on smartphones or desktop applications, smartwatches
warrant unique and complementary forms of in-situ data exploration, potentially with spoken queries. Ideally,
these queries could allow for new forms of accessing information, which could provide greater benefit for a
smartwatch user along their personal health journey. We note, throughout this work our use of the term data
exploration refers to this envisioned form of use for smartwatches, enabling queries that are lightweight and
transient as compared with longer-form data exploration. To exemplify this, we provide a single brief scenario of
a self-tracker Charles, who collects personal health data on his smartwatch. While out for a walk, Charles feels
as though he is getting some great exercise, and asks his smartwatch whether he is walking faster than on his
previous walk; he is, so Charles keeps up the pace and is excited to further explore his performance over the last
few months later in the day. In this scenario, while Charles is walking, he briefly seeks a lightweight query of his
personal health data, beyond what is currently capable on today’s devices, directly on his smartwatch, which in
turn can be seen to influence his current activity.

To understand, and begin to support, a broader level of in-situ data exploration on a smartwatch, our work
aims to first learn the exploratory queries that smartwatch users desire throughout their daily lives (i.e., what data
queries are meaningful to users). We additionally look to better understand any implications of being in-situ (i.e.,
when/where data exploration is conducted). Finally, we reflect on the mechanisms used by participants to submit
their personal health data queries (i.e., how exploration can be undertaken on a smartwatch). More specifically,
we focus on the following two research questions. RQ1: What exploratory queries do smartwatch users have of
their collected personal health data, as desired throughout their daily lives and on their smartwatch? RQ2: How
does being in-situ play a role in influencing personal health data queries of smartwatch users?

To answer these research questions, we conducted a week-long study with Apple Watch users (N = 18), and
concluded with a final interview. Throughout the week, we elicited desired queries from participants that would
allow them to better explore and have access to their collected personal health data on their smartwatch. Using
a custom built data collection application, participants reported responses throughout their daily lives, which
included a natural language query and current activity information. We learned that participants not only looked
to utilize their smartwatch for data exploration temporally surrounding a tracked physical activity [1], or in-situ,
but also found it beneficial to use the smartwatch throughout daily activities for immediate and often discrete
exploration. Furthermore, we highlight a new Preemptive and Proactive insight category, and find expanded
Current Status as well as Contextual insight categories when compared to previous works [1, 12, 13, 45]. Finally,
in addition to seeking information through temporal filtering, participants often looked to explore their data
through an activity-based lens.

The key contributions of this work are twofold. C1: An empirical study to capture queries and in-situ factors
that pertain to personal health data exploration on smartwatches. We provide a dataset of the 205 natural language
queries captured through our study'. C2: A qualitative and quantitative characterization of the queries sought by
smartwatch users and in-situ factors that influence their personal health data exploration on their smartwatch.

https://smartwatch-personal-health-data-queries.github.io/
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Through the analysis of the reported responses, we discuss implications for the design of future smartwatch
health applications that can provide a more unique and complementary form of personal health data exploration.

2 RELATED WORK

In this section, we cover related work in the areas of: (1) general personal health data exploration, (2) smartwatch
usage behavior, (3) the smartwatch as a tool for personal health data collection and exploration, and (4) in-situ
data collection methods.

2.1 Personal Health Data Exploration

Exploring personal health data to gather insight into one’s personal health journey has long been a goal of
quantified selfers [14]. More recently, this exploration has become common place for a more general population,
largely due to the broader access to and improved performance of data collection tools and mobile health (mHealth)
applications. Typical data exploration on non-wearable devices often involves longer interaction cycles, and thus
can be considered as the primary action being performed. mHealth applications on devices such as smartphones,
tablets, and desktops often allow for visual elements, overviews, filtering, and interaction with personal health
data, enabling personal and unique insight and broader understanding of the data [2, 13, 25, 27, 41]. In contrast,
smartwatches can be used within daily activities (e.g., working, walking/running, shopping, while in transport),
where the activities are a person’s primary focus with desired data exploration being secondary [4]. These
contexts of use require a lightweight and transient form of data exploration for immediate reactionary insight [1]
and quick information needs [4]. This form of smartwatch data exploration can then be seen as complementary,
yet equally important to drive daily decisions and insights, to the aforementioned typical data exploration on
non-wearable devices. We envision the smartwatch, taking benefit from its body-worn and readily-accessible
nature, to be a device that can provide this lightweight and transient style of data exploration, anytime and
anywhere. To provide increasingly appropriate and unique personal health information on a smartwatch, we aim
to understand what queries people have and the contexts surrounding these queries.

2.2 Smartwatch Usage

In recent years, research has abundantly explored the usage scenarios of smartwatches and fitness trackers
[28, 38, 46, 53, 56, 69, 70]. Within these works, smartwatches are generally used for time checking, notifications,
and activity tracking. In addition, these types of usage are highly discrete in their nature on a smartwatch [53],
and take place in many locations and during many different day-to-day activities [56, 69]. Focusing on activity
tracking, as this provides us with personal health data, Chun et al. [16] found that activity tracking was the second
highest smartwatch use case, with smartwatch interaction eclipsing that of a smartphone during times of activity
and multi-tasking (i.e., while in-situ). Due to the on-body location, in-situ interactions with the smartwatch can
happen with relative ease [38]. Furthermore, while the majority of smartwatch interactions have been found to
be less than 5 seconds long [56, 69], activity and workout interactions can be longer with interactions in the 5 to
10 seconds range [42, 69] and have been found to increase up to 18 seconds on average [56].

Usage typically declines over a period of time for both activity trackers [18, 20, 30] and smartwatches [48, 53, 63].
This decline in use is mainly due to the mismatch of expectations/goals and actual offerings [18, 20, 30], inadequate
support for goal setting [30], and limited functionality [48]. However, researchers have found that perceived
usefulness through self quantification [15, 63], convenience characteristics of the smartwatch [53], increased
healthtology (using technology for health conscious decisions and motivation) [24], and the active complementing
of smartwatch and smartphone applications [24] provide means to motivate continued use.

In terms of smartwatch mHealth applications that can provide benefit to the user, there are many facets to
consider from these aforementioned works. First, there are a broad array of smartwatch usage scenarios throughout
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peoples’ daily lives. These interactive instances could further benefit from, and even influence, personal health
data exploration. Furthermore, the transient nature of smartwatch interaction is important. Smartwatch mHealth
applications should allow quick and easy access to desired information, without the need for prolonged or
complex interaction which is often the case for typical data exploration. Lastly, to motivate continuous usage and
increase perceived usefulness, it is important to develop innovative approaches for smartwatch personal health
data exploration, which can complement their smartphone counterparts.

2.3 The Smartwatch as a Tool for Personal Health Data Exploration

Smartwatches allow for the ubiquitous collection of personal health data and activity information. People view this
data through mHealth applications that take advantage of this data collection. We note that reasons for collecting
such personal health data include accountability and participatory interaction [71], goal- and performance-based
use, and exploration of combinations and comparisons of data [1, 8]. Furthermore, the data is often explored
temporally around activities, either before, during, or immediately after an activity [1, 56]; this reflection, using
a smartwatch, temporally near an activity can be increasingly intertwined with the activity itself, and thus
beneficial to influence on-the-fly decisions [1, 28, 44]. Yet, it remains difficult for users to find applications that
suit their needs and health goals [60], with users citing a lack of information richness and overall usefulness
regarding their smartwatch and mHealth applications [54]. Neshati et al. [51] note that smartwatch users are
seeking answers to their personal health data queries that are simply not available to them; these types of desired
queries are exemplified as "how am I doing so far?" or "how am I doing compared to my friend, Jane?" [45], and are
not currently supported within a time frame that supports common smartwatch use. These missing features, and
limited knowledge of concretely reported queries, hamper full engagement and a broader range of benefits [30].

While a growing body of research revolves around smartwatches and other wearable activity trackers, only
about 10% of such research is centered around the collected data and the ability to convey appropriate meaning
and function [62]. These works often highlight the complex and visually rich personal health data represented on
screen having limited usability, customization, and interaction [16]. As such, individual components of smartwatch
data visualization [1, 5, 11, 29, 49, 52] and interaction [50] have been explored. However, while beneficial to their
respective aspects, these works are either specific to a single exploratory purpose or chart type, provide limited
unique-to-user insight, or look to replicate current data exploration tasks and needs. To gain an understanding
of the broader needs of smartwatch users pertaining to their personal health data this work captures queries,
desired to be answered on the smartwatch, from participants throughout their daily lives. These queries can be
seen as a direct means for further accessing and exploring one’s personal health data. This knowledge will allow
us to identify design opportunities for smartwatch mHealth applications that can play a complementary and
important role in personal health data exploration.

2.4 In-Situ Data Collection Methods

Typical in-lab data collection methods, such as interviews, surveys, and focus groups are often subject to recall
bias [32]. Thus, ecologically valid methods of data collection have been utilized in research across domains. These
methods include, Diary study [6, 9, 17, 23, 31, 39, 64] and Experience Sampling Method (ESM) (or the equivalent
Ecological Momentary Assessment) [19, 22, 43, 68]. Both methods often utilize a pre-built survey or questionnaire
for participants to respond with, but a notable difference between Diary and ESM studies is the nature in which
data is meant to be captured. ESM studies utilize notifications sent to participants, where data capture is intended
to be done in immediate succession to the alert. On the other hand, Diary studies allow for the collection of
in-situ self-report data whenever participants have a response to report. Notifications are then used as reminder
rather than a trigger to submit responses. To further reduce data capture burdens, researchers have begun
to utilize smartphones and smartwatches for successful data collection [33, 40, 72]. The always-available and
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body-worn nature of a smartwatch allows for easy access to the data collection tool. Furthermore, notifications
on smartwatches have a high level of awareness from the participant [10, 56], have shown to allow for higher
response rates, and are perceived as being less distracting during daily life [34, 58].

3 USER STUDY

The goal of this study was to collect and better understand personal health data queries smartwatch users have
throughout their daily lives. Our in-situ data collection spanned the course of a week, in which we employed
a diary study method. As part of the study, we installed a custom data collection application on participant’s
smartwatches, through which they entered a desired personal health data query using natural language (either
spoken or written), as well as additional activity information. Participants provided responses throughout their
daily lives, specifically when they felt it would be beneficial to access such information concerning their personal
health data directly on their smartwatch. Ethics for this study was obtained from and approved by our institutional
review board.

3.1 Participants

We recruited 18 participants (P1-P18; ten females and eight males) from Reddit. We advertised our study across
subreddits relating to personal health as well as a number of general city subreddits across Canada. Our inclusion
criteria were those who (1) were aged 18 years or older; (2) own an Apple Watch Series 3 or newer with watchOS
7 or higher installed, and have a paired iPhone; (3) have access to Zoom and a stable internet connection; (4)
are native English speakers; (5) have no motor, visual, or speech impairments; (6) currently collect at least one
of the following personal health data: sleep, nutrition, physical activity, steps, calories, women’s health, and/or
mindfulness data on their Apple Watch; and (7) have been regularly collecting personal health data on their
Apple Watch for at least three months.

In appreciation for their time and effort, participants were offered up to ~$30 USD in local currency. The amount
a participant received was not tied to the number of responses, but rather the number of participation days. We
provided the equivalent of $7.50 USD for attending the introductory session, and another equivalent of $7.50
USD for attending the final interview. During the week long data collection, we added an additional equivalent of
$2.15 USD for each day for which a participant provided at least one response. We provided compensation after
the final interview, or upon withdrawal, in the form of an electronic Amazon gift card.

3.2 Data Collection Method

To understand what personal health data queries lay users have, researchers have previously used focus groups,
lab based experiments, and questionnaires [1, 59]. While these methods provide a positive general understanding,
we aim to mitigate the potential for recall bias through concretely reported, in-the-wild, responses. Within our
work, desired responses could arise at any time within a participant’s daily life. Therefore, we utilized a Diary
study method combined with experience sampling method (ESM)’s random-interval sampling. We note, both fixed
interval-based and event-triggered collection methods would have restricted responses to specific and predictable
times or to certain activities respectively. A Diary study method combined with ESM’s random-interval sampling
allows for a wide range of boundary pushing and ecologically valid queries to be captured, during a range of
times and activities, without restriction, as they are deemed beneficial to the participant.

3.3 Data Collection Application

We created a data collection application” for the Apple Watch using Swift, and deployed it via Apple’s TestFlight
beta program to each participant’s individual Apple Watch. We chose only the Apple Watch due to the immensely

Zhttps://github.com/reyb/Personal-Health-Query-Recorder
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simple logistics in installing our application remotely. This also ensured consistency in data collection procedures.
Our application utilized Google’s Firebase Realtime Database to collect and store the responses submitted. As our
goal is to capture queries for personal health data exploration on smartwatches, the application was designed
purely for data collection; it did not answer the desired queries from our participants.

3.3.1 Data Collection Questions. Our application consists of up to four questions for participants to respond to.
All questions were required to be answered when submitting a response. The questions and input methods were
designed to support fast and easy reporting of responses while mitigating interaction difficulties on a small-screen
device. This included the use of natural language reporting for open-ended questions (Q1 and Q2), leveraging the
flexibility and ease in reporting ability [40], and single screen options for Q3 and Q3-1. Our application captures
the following information, illustrated in a flow diagram shown in Figure 1 and described below:

Q1 (open-ended): What question or command do you have of your health data? This allowed us to
capture the personal health data query from the participant. Q1 elicited a query regarding what participants were
interested in quickly exploring or accessing on their smartwatch. Participants could either speak or type a query
using the Apple Watch’s built in text-entry methods. Upon recording the query, it could be reviewed on-screen
in real-time and repeated to correct errors, if needed.

Q2 (open-ended): What are you currently doing? This helped us gain general contextual and daily activity
information of the participant’s daily life at the time of recording a desired query. For simplicity on the part of
the participant, we allowed for natural language input in the same manner as the first question.

03 (dichotomous): Is your response related to your current activity? As a personal health query may
or may not relate to the current activity being performed, this question allowed us to better understand the
association between a participant’s current activity and their personal health data query given in Q1. Either a
"Yes" or "No" answer could be selected.

03-1 (multiple choice): Where are you in your activity? This would appear to the participant only if they
selected "Yes" in the previous question. From this question we aimed to gain further knowledge, understanding the
in-situ moment surrounding an activity, that a need for exploring personal health data arises. "Before,' "During,’
or "After" could be selected. In order to better understand when a desired query may be temporally related to an
activity, we ensured participants understood that our definition of relation could also include just before starting
and after completion of an activity. For example, a participant could be going to the gym looking to soon start
their workout (Before), actively engaged in their workout (During), or heading back to the change room having
just finished (After). By further exploring this time distinction, we can introduce a greater level of granularity
and aim to understand when to provide exploratory capability or further insight to smartwatch users.

3.3.2  Reminders. To elicit many responses, our application employed two forms of reminders. First, we used
push notifications. We customized these notifications to each participant, based on their self-declared wake and
sleep times. Furthermore, the notifications were systematically random in that a notification would be sent at
a participant’s declared wake time, and then concurrently sent throughout the day between one to two hour
intervals (chosen at random) after the prior notification. Notifications in this manner were repeated until the
participant’s declared sleep time. This method was chosen to ping participants at different times throughout each
day, ideally attempting to remind them of the study at different in-situ moments within their daily lives. Second,
our application also leveraged a watch-face widget, as seen in Figure 1 (right). The small circular widget was
continuously displayed on a participant’s home watch-face and additionally provided a counter of the number of
responses a participant had submitted throughout the study.
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What question or
command do you What are you Summary of

currently doing? responses
health data?

Tap to Record Tap to Record ’ N Submit
o ’

Fig. 1. (Left) Flow diagram of the questions asked within our data collection application. (Right) Watch face widget in the
top center. We used a small circular widget which could be placed on a range of watch face styles, providing a counter of the
number of responses a participant had submitted throughout the study.

3.4 Study Procedure

Our study included three stages: an introduction and tutorial session, a seven-day in-the-wild data collection,
and a final interview. The procedure and study materials were iterated upon during two pilots with people who
were recruited in the same means as our participants, thus meeting our study’s inclusion criteria. Participants
provided consent at the start of the study.

3.4.1 Introduction and Tutorial Session. To start the study, the participant joined a Zoom meeting, ~45 minutes
long, where we introduced and acknowledged their interest and participation in our study. Participants were
encouraged and asked to interject with any comments and/or questions during the meeting. The researcher
shared presentation slides (please refer to the supplemental material) via the screen sharing functionality. The
goal of the project was expressed to the participant along with other important remarks before they completed
a demographic survey. Then, the researcher guided the participant through the installation and setup process
of the application on the participant’s own Apple Watch to be used throughout the data collection stage of the
study. This included setting up notifications and the watch-face widget for reminders. The researcher then gave
participants a walk-through of the application through an on-screen emulator running the application on the
researcher’s computer and shared via screen sharing. Upon completion of the walk-through, the researcher gave
participants unrelated-to-the-study practice trials to ensure the application worked smoothly and any technical
issues related to data collection were appropriately handled.

Finally, the researcher gave an explanation on the potential queries and purpose of the study. The researcher
asked participants to provide queries that they deem as beneficial, without worrying about current technological
limitations. Queries would ideally allow participants to better explore or access their personal health data directly
on their smartwatch. The researcher also asked participants to only provide a query when it both arose within
their daily lives and was deemed to be a data exploration task they would like to perform on their smartwatch.
The researcher explained to participants that feedback or answers to their queries would not currently be given,
however they should envision receiving this directly on the smartwatch. No specific examples were provided to
the participants, so as not to bias their potential queries. However, high-level categories of health data exploration
(e.g., history of data, goals/performance data) were discussed to invigorate ideation.

3.4.2 Data Collection. Participants used the application to submit responses over the course of the next seven
days, and were instructed to wear their watch as they normally would. A response could be submitted at any time
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throughout the day. We did not require a minimum number of responses throughout the study, to not elicit forced
responses from participants. Due to the potential for participants to be active when a query arose, we instructed
them to only provide a response through the application when it was safe for them to do so. Notifications sent
each day acted solely as reminder of the study.

3.4.3  Final Interview. After the final day of data collection, a Zoom meeting was held where a researcher con-
ducted a semi-structured interview with each participant. The meeting was audio recorded and later transcribed.
The goals of the interview were: (1) to gain a better understanding of the smartwatch’s role within each par-
ticipant’s health journey; (2) to explore additional information regarding in-situ smartwatch use for personal
health data exploration; and (3) to discuss preferences in terms of interaction and visualization when exploring
personal health data on a smartwatch. To aid in recollection, a report of each participant’s queries were shown to
them via Zoom’s screen sharing functionality. Finally, the researcher answered any remaining questions from a
participant, thanked them, and provided the compensation. Each interview took between 30 and 45 minutes.

4 ANALYSIS AND RESULTS
4.1 Analysis

A total of 229 responses were logged through our application. First, we manually inspected the data, curating a
dataset that only included valid responses. Through this process, we discarded 24 responses which fell under
three categories: (1) the query had no specific element of collected personal health data (e.g., "Am I over the food
poisoning from yesterday?"); (2) the query was related to smartwatch functionality rather than personal health
data exploration (e.g., "Is there a better way to track active minutes?", "How much battery does tracking a walk use?",
"Is there a way to account for temperature while working out?"); (3) the query was action based and did not allow
for exploration (e.g., "Set my bedtime for 12 AM and wake me up by 8 AM", "Start outdoor run", "Record 96 ounces of
water for the day"). After this process, 205 valid responses remained for analysis.

We qualitatively analyzed the valid responses, containing a query, activity of the participant, and relation to this
activity through an open coding process. To do this, we followed the same approach as used by Srinivasan et al.
[66]. To specify, two researchers first explored the reported queries and activities for broad themes, subsequently
creating a coding schema. Then, the same researchers individually coded random subsets of the data after which
they came together to compare results for agreement. They refined the schema and codes, and individually coded
a new random subset of data, until an 85% agreement was reached. Once the researchers came to agreement, the
data was independently coded in full using the mutually-agreed upon codes, again working together to reach full
consensus as needed.

4.2 Results

Table 1 summarizes the demographic, smartwatch usage, and health data collection information, as well as
response counts of our study participants. Participants were aged from 18 to 56 (M = 29.8) and held a range
of occupations. At the time of conducting the study, participants had collected personal health data for an
average of 39.3 months (SD = 32.7 months) and had used a smartwatch for an average of 31.3 months (SD = 26.0
months). Collected personal health data by participants mainly focused in two categories, physical activity (18/18
participants) and sleep (7/18 participants) data. Of our 205 valid responses there was an average of 11.4 responses
per participant (SD = 5.5; Min = 3; Max = 22).

We coded our valid responses, leading to the following five dimensions: (1) personal health data insight
category, (2) current daily activity, (3) whether the query was related to the activity, (4) the time in activity if
related, and (5) the query type. Taken together, these can enable a better understanding of the characteristics
surrounding desired smartwatch data queries, combined with the types of insight that are of interest during
certain daily activities. Below we detail each dimension and their codes.
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Table 1. Summary of demographic information, health data collection, smartwatch usage experience, and number of
responses reported from our study participants.

Health Data Smartwatch

Alias Age Gender  Occupation Collection Usage Collected Data # of Study Responses
P1 19 F Customer Service 1y 2m 1y 2m Sleep, Physical Activity, Women’s Health 8
P2 31 F Care Coordinator/Dementia Counsellor 10y Om 2y 6m Sleep, Physical Activity, Women’s Health 10
P3 38 M Communications Advisor 5y 6m 5y 6m Sleep, Physical Activity 16
P4 35 F Teacher 3y Om 3y Om Physical Activity, Women’s Health 9
P5 33 M Information Security Specialist 5y Im 1y Om Sleep, Physical Activity 9
P6 24 F Student 1y Om Oy 8m Nutrition, Physical Activity 3
P7 42 M Claim Evaluator 3y Om 3y Om Physical Activity 15
P8 25 F Scientific Evaluator 0y 3m Oy 3m Physical Activity 6
P9 36 F Post Doctoral Fellow Oy 8m Oy 8m ﬁ:ﬁ:gilhﬁcstsw‘ty’ Women's Health, 20
P10 30 M Student 7y Om 7y Om Physical Activity 12
P11 23 F Student 2y 3m 2y 3m Physical Activity, Mindfullness 16
P12 56 F Retired Lawyer 1y 9m 1y 9m Physical Activity 7
P13 22 F Educational Assistant 6y 4m 6y 4m Physical Activity, Mindfullness 18
P14 21 M Student 2y Im 2y Im Physical Activity 22
P15 18 F Customer Service Oy 5m Oy 5m Nutrition, Physical Activity, Mindfullness 11

P16 25 M Software Engineer 6y 7m 6y 7m Sleep, Nutrition, Physical Activity,

Mindfullness
P17 40 M City Planner 1y 11m 1y 11m Sleep, Physical Activity, Mindfullness 15
P18 18 M Student Oy 11m Oy 11m Sleep, Physical Activity 3

4.2.1 Expanded Personal Health Data Insight Categories. Through the queries desired by participants, we
coded the overarching insight category for which each query aligned. Table 2 shows the codes, descriptions, and
selected queries. We expanded upon categories from previous works [1, 12, 13, 45] to assign our collected queries
into the following codes: Current Status or Value (89, 42.9%), Historical or Trend (67, 32.7%), Combination or
Comparison (59, 28.8%), Goals or Performance (57, 27.8%), Preemptive and Proactive (47, 22.9%), and Contextual
(24, 11.7%). These codes are not mutually exclusive, and thus a query can have multiple codes (and as such the
percentages above are individually calculated from the 205 total queries). For example, "How much dancing do
I need to do to burn 800 calories?" (P18) can be seen as fitting into both the Preemptive and Proactive and the
Goal and Performance categories. Of the six codes, participants reported queries in a minimum of 3 codes and
maximum of 6 (M = 5.0, SD = 1.0).

Current Status or Value insight was often about more than just the simple metrics captured. Amini et al. [1]
found that participants explored step count, distance, calories, pace, speed, and heart rate during an activity.
While this remains to be seen in our study, we found a broader definition of current metrics desired; these
included heart rate zones, total values from activities throughout the day, peak values or fluctuations of metrics
throughout the activity, and aggregated values such as perceived exertion (see Table 2 for specific queries). These
examples, which can be seen as increasingly unique-to-user, should be considered within smartwatch health
applications to expand the usefulness and benefit to a broader range of smartwatch users.
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Table 2. Breakdown of the query categories which provide insight to users. We note that these categories are not mutually
exclusive, thus an example given could fit into multiple categories. ** denotes a new insight category found in our work,
while * denotes an expanded insight category as compared to [1, 12, 13, 45]. Q is a question; C is a command.

Response Category (# of
Responses, % of Total, # of
Participants)

Description

Example Responses [all directly quoted]

Current Status or Value *
(89, 42.9%, 17)

Current, single value, metric that is
collected and/or aggregated on the
smartwatch to be given to the user.

(Q) Am I over or under my calorie goal at the moment? (P15)*
(Q) How many calories did I burn that workout? (P4)

(Q) How many steps am I at today? (P4)

(Q) What was my peak heart rate during my workout? (P15)*
(C) Give me a report for my readiness for activity. (P16)

Historical or Trend
(67, 32.7%, 18)

Previously collected metrics, prior to
the current day’s or activity’s. Can
often be used to explore changes over
time.

(Q) How long on average does it take me to fall asleep? (P3)

(Q) How many steps have I taken this week? (P9)

(C) I would like to check a trend in my sleep in the past seven days. (P1)
(C) Show me my body weight trends for this month. (P6)

Combination or Comparison
(59, 28.8%, 17)

Combine and/or compare two or more
different measured values. These can be
done over time, between metrics,
between activities, or between oneself
and others.

(C) Compare my running stats with the same time last year. (P17)

(C) Show me a graph of my runs both time and distance in 2021. (P11)
(Q) Does my walking pace change when I walk with someone else? (P12)
(Q) How many calories were burned in today’s work out compared to
yesterday? (P6)

Goals or Performance
(57, 27.8%, 14)

Goals, such as for steps, calorie intake,
calories burned, distance travelled, etc.
Performance stems from completing a
goal, as well as quality metrics such as
fast/slow or best/worst.

(Q) How fast did I finish my 1st kilometer of my hike today? (P6)

(Q) What was my best kilometer during my run? (P4)

(Q) Which activity had the highest calories burned per minute? (P18)
(Q) How many kilometers do I need to walk to get 10,000 steps? (P4)
(C) Tell me when I reach a nine minute walking pace. (P12)

Preemptive and Proactive **
(47, 22.9%, 15)

Advice or information that will allow
one to be preemmptive or proactive in
making decisions and/or to prepare for
an event in the future.

(Q) How long do I need to run three times per week to achieve the No-
vember challenge? (P17)

(Q) Based on my current biometrics when will be the best time for me to
work out today? (P10)

(C) Give me a suggested work out based on my readiness score. (P16)
(Q) Is there a day of the week I am more likely to beat (friend) in our fit-
ness challenge? (P12)

(Q) How much dancing do I need to do to burn 800 calories? (P18)

Contextual *
(24, 11.7%, 9)

Impact and/or affect of an external or
collected metric on another.

(Q) During which song did I burn the most calories? (P18)*

(Q) How is the air quality affecting my walk? (P16)

(Q) Is my cycle affecting my sleep? (P2)

(Q) Is my running pace slower in the days following a strength training
workout? (P13)*

(Q) What is the impact of my sleep in my running? (P17)*

Contextual exploration was utilized by participants to find cause and effect between a range of data. Choe et
al. [13] discussed participants’ interest to include and explore the effect that external data such as time of day,
location, or weather can have on their own collected personal health data. While our captured queries from
participants garnered similar contextual information, we also note that participants were inclined to look for
cause and effect using their own collected data as context. For example, "Is my cycle affecting my sleep?" (P2), "Does
my walking pace change when I walk with someone else?" (P12), "What is the impact of my sleep in my running?"
(P17), and "Does weightlifting focusing on different muscle groups affect my heart rate?" (P14). As participants used
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Table 3. Summary of the daily activities participants were undertaking at the time of a response, and the relation of the
reported queries to these activities: not related, , during,

# of Responses (% of Total), Query Related to Daily

Daily Activity Description & Examples # of Participants Activity

Body movement that requires more energy than
Physical Activity resting. (e.g., dancing, walking, running, weight 70 (34.1%), 16 I -
training, yoga, sports, etc.)

Activities that pertain to normal day-to-day
Self Care human function. (e.g., cooking, eating, chores, 44 (21.5%), 12 - I

morning ready routine, etc.)

Fulfilling duties either for job or school. (e.g., job

Work based tasks, studying, attending meetings, etc.)

29 (14.1%), 12

Activities performed for relaxation and fun. (e.g.,

Leisure reading, watching TV, lounging, etc.) 25 (12.2%), 14 -I

The absence of wakefullness. (e.g., napping or

Sleep nightly rest)

17 (8.3%), 9

Moving from point A to point B. (e.g., driving,

T i . X
ransportation taking the bust/metro, taxi, etc.)

10 (4.9%), 5

Activities that do not fit within the prior
Other categories. (e.g., within the study interview, due 10 (4.9%), 5
to mHealth app notifications)

the smartwatch to capture a range of health and activity data either automatically or through a discrete input,
they desired to explore context surrounding these captured instances on the smartwatch.

Preemptive and Proactive queries, a new form of insight brought forward from our study compared to previous
works [1, 12, 13, 45], make up ~20% of our collected data from 15 of 18 participants (see Table 2 for specific queries).
Smartwatches can provide influential decision making through captured metrics, temporally related to activities
[1, 45]; this is often noted to be from simple viewing of metrics displayed on screen (e.g., a runner glancing at
their smartwatch noticing their pace is not currently at their desired value can up their speed to improve). Our
participants, however, were looking for a wider range of influential exploration from their smartwatch, such as
to help choose a workout for the day, plan an activity based on goals, or to pick up on elements that they alone
may not be able to predict. This form of insight was seen as a means for preparing oneself for a future event
rather than simply reflecting on current or past metrics. Participants were looking to utilize these Preemptive and
Proactive insights from their smartwatch to influence immediate and in-situ decision making, as well as for some
daily and longer term planning. This longer term planning was often seen as tied to the Goals or Performance
category, as 23/47 Preemptive and Proactive queries were also to gain insight on how to achieve immediate or
future goals. Finally, while about a half of the queries in this category were temporally related to an activity, we
further note that Preemptive and Proactive queries were desired on the smartwatch throughout the day.

4.2.2 Smartwatch Personal Health Data Queries Desired Throughout Daily Activities. Analyzing the
daily activities of participants led to seven codes. These codes categorize the current activity being performed in
a participant’s daily life, during which their desire for exploration on the smartwatch arose. These codes include:
Physical Activity, Self Care, Work, Leisure, Sleep, Transportation, and Other; the codes, their descriptions, and
counts can be seen in Table 3. Codes were mutually exclusive, and thus each response was given a single code. Of
the seven codes, participants reported responses in a minimum of 2 codes and maximum of 6 (M = 4.1, SD = 1.4).
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We asked participants whether their personal health data query was related to their current activity as reported
above (Q3), and thus in-situ. This was either a Yes (107, 52.2%) or No (98, 47.8%) answer; examples from our
captured data include "Leaving the gym" - "Show me my heart rate chart from today’s gym session" as being related
while "At work" - "What was my fastest kilometer in my run?" as not. We see an almost equal distribution overall,
however, when combined with the activity we see a distinction; the most drastic being in relation to Physical
Activity. Here, 97% of queries reported were related to the Physical Activity being done. In contrast, all other daily
activities, aside from Sleep, provided time within daily life for increased insight and reflection that was unrelated
to the participant’s current activity. Within our captured responses, 16 of 18 participants found it beneficial to
report a query both related and unrelated to the current activity they were doing.

When queries were related to the daily activity being done by the participant, we additionally asked whether
they were just Before (24, 22.4%), During (38, 35.6%), or After (45, 42.0%) the activity. The results collected follow
closely with our demographic survey which asked when participants aim to explore their data on their smartwatch,
Before (4/18 participants), During (10/18 participants), and After (15/18 participants). Participants noted during
the interviews that exploration Before activities could only do so much to affect the activity collecting the health
data once started. Thus, in relation to our insight categories, broader Preemptive and Proactive as well as general
Goal insight was most often queried Before an activity. During an activity, specifically for Physical Activity,
expanded insight beyond simple metrics pulled participants away from being in the moment and focused on
the activity at hand, thus was not as desired. P5 mentioned "It wasn’t much [exploration] like during the workout
‘cause in the workout I found that is more like just concentrating on whatever I was doing and I didn’t really have any
questions to ask." This is reflected in the Current Status or Value insight category being the most queried During
an activity. In fact, of the queries that took place surrounding Physical Activity, 26.5% were During the activity, or
in-situ, of which 68% of these were simply to understand a Current Status or Value. Finally, exploration after an
activity allowed for immediate reflection to take place which could help influence future activities. Interestingly,
participants most often looked to perform data exploration surrounding Physical Activity after the completion of
and regarding the activity itself (32/66 queries). This reflection After an activity was mainly of the Current Status
or Value, Historical or Trend, and Combination or Comparison insight categories.

However, from the interviews held with participants, we note that these captured results may not provide
the entire picture. First, while our results provide a general understanding of what queries and when these
queries are desired, we note that across combined insight categories, daily activity, and relation to the activity,
our results show queries reported in 128 unique combinations of these. This highlights the deeply unique and
personal aspect to personal health data exploration needs. Second, two participants suggested that while they
may utilize different in-situ moments within an activity to explore their data, the activity itself was not always
the determining factor when they aim to explore their data on the smartwatch. Notably, current overarching
goals set by a participant and how long they had used a smartwatch for tracking data could affect the type and
time of their exploration. As P7 discussed, "Because I've been using it [the smartwatch] for like a couple years, uhm,
I think I'm pretty good at like knowing what kind of workout will make me hit my calorie burn goal or get the steps I
need or those kinds of things."

4.2.3 Exploration Through Commands; Information Immediacy Through Questions. Guided by the
definitions and codes created by Srinivasan et al. [65] for natural language data exploration, we found that
participants’ queries were framed either as a Question (173, 84.4%) or Command (32,% 15.6%).

The majority of Commands, provided by over a half of participants (11/18), were of the Historical or Trend as
well as Combination or Comparison insight categories (21/30). Examples include "Show me a graph comparing my
caloric intake over the last week" (P7), "Show me a graph of my runs both time and distance in 2021" (P11), "Give
me a report for my readiness for activity" (P16), and "Compare cycle data from today to the same day in my last

3We categorized two instances of queries from P18, "Summary of my sleep cycles," as an (implicit) Command.
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cycle" (P2). Through these Commands, we can see that the desired outcome of the participant is not explicitly
clear (i.e., while we can try to provide an optimal visualization, there is not a discrete answer that can be given).
Additionally, these Commands often suggested that participants had the intention to further explore or view a
larger range of collected health data, often through on-screen visual representation directly on the smartwatch.

Conversely, a Question was often much more direct and closed-ended, with the intended result of the insight
seemingly known to the participant. All participants provided queries in the form of a Question. Examples
include "Have I stood up this hour?" (P17), "How long on average does it take me to fall asleep?" (P3), "How many
hours did I sit yesterday?" (P9), "How many steps did I get during that 2 kilometer walk?" (P4), and "What was my
calories burned in the last 30 minutes?" (P3). These Questions benefit the type and length of interaction that is
typically undertaken by smartwatch users [56, 69], as they can allow for direct feedback. P14 discussed during the
interview, "I think the question sort of implies immediacy [...] and I think it’s the immediacy that the watch would
be nice if it covered.” This finding provides us with valuable information surrounding the intent and perceived use
of the smartwatch for personal health data exploration, especially while in-situ. Often times, throughout one’s
day, discrete and immediate insight is valuable. This insight, while potentially leading to further exploration,
does not require it, and thus the use of a smartphone or desktop application is not immediately needed.

4.24 Activity Based Lens Used For Smartwatch Data Exploration. The smartwatch is inherently a device
that captures instances of activity (e.g., tracking nightly sleep, individual runs or walks, when food/water is
consumed, when weighing yourself using a connected scale). While this can be done either automatically or
through discrete input, it was seen as natural for participants to incorporate activities within their proposed
queries and thus desired exploration. This was done not only for Contextual insight, but also for data filtering.

Filtering was often utilized throughout the queries recorded from participants. The first type of filtering was
time based, a common and beneficial filtering technique for personal health data [41] as it is a primary dimension
of the data. The second type was activity based; utilized by our participants, activity based filtering was seen in
over 20% of queries; examples include "Has my heart rate during walking decreased since I started tracking walks?"
(P13), "Is my running pace slower in the days following a strength training workout?" (P13), "Show me a graph of my
average walking speed during outdoor walks" (P3), and "On average was my heart rate lower during today’s run
compared to yesterday’s?" (P6). These queries allow filtering to be accomplished naturally by referencing when
the smartwatch was used to track data, without the need for a user to remember or further explore specific times
an event or activity occurred.

5 DISCUSSION AND FUTURE WORK
5.1 In-Situ and Non-In-Situ Preparation-for-Action

Reflecting on personal data using a smartwatch can occur increasingly close to the action, for which the reflection
is related, to benefit on-the-fly decisions [1, 28, 44]. In fact, when reflection and action are related, Ploderer et al.
[57] suggest there exists reflection-in-action (i.e., real time and Current Status or Value insight) and reflection-on-
action (i.e., aggregation of data such as Historical or Trend, or Contextual insight) enabling both maintenance
and discovery, respectively [45]. Rather than reflection-on-action only taking place in-situ and immediately after
an activity, our results also showcase a need for discovery and reflection while away from an action for which
the query would be related. We further postulate that smartwatch users are looking for additional discovery
through preparation-for-action. This form of exploration was deemed as beneficial by our participants most
often for Preemptive and Proactive as well as goal and performance insight. This preparation-for-action not
only happens in-situ, immediately prior to an action, but also away from the action for which the reflection
was related. Many research works focus on the in-situ exploratory capabilities of the smartwatch [1, 37, 40, 61],
however expanding on the smartwatch’s capabilities during non-in-situ usage scenarios could be critical for
further adoption, continued use, and a range of benefits.
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5.2 Query Insight Category Dependent on In-Situ Activity

While coding our data, we recognized that identical queries could lead to different insight categories. For these,
the insight category of the query was highly dependent on the daily activity being performed and its relation to
the query (i.e., whether the query was being reported in-situ or not). As an example from our dataset, "What is my
average walking pace?" (P3) can imply and elicit different meaning depending on when it is asked. For instance, if
the query was asked in-situ while during the middle of a walk, the answer could likely be seen as the average
walking pace of only the current walk (Current Status). However, if the query was asked while sitting down at
work the answer may require the calculation of the average walking pace across all walks recorded (Historical
or Trend). Thus, utilizing current information available from the smartwatch’s sensors as well as user-initiated
activities can at times become a key component in understanding a lay person’s personal health data query and
information needs on a smartwatch. This can then be crucial in regards to formulating appropriate responses to
allow for lightweight and transient data exploration that is beneficial to smartwatch users.

5.3 Enabling Preemptive and Proactive Insight on Smartwatches

Preemptive and Proactive exploration was a new insight category found within our collected data. We believe
that this was observed due to our study setup; we emphasized to our participants that they should not worry
about the capabilities of existing technologies, whereas previous data exploration work has been conducted with
a working prototype despite its limited functionality [13, 27, 41]. The queries within this category were aimed
towards people utilizing their personal health data to prepare for future events through system recommendations.
Currently, mHealth applications and smartwatch operating systems provide a primitive form of this type of
insight. Notifications, suggestions, or motivational reminders are often utilized to proactively encourage people
to stand up, breathe, or move after sedentary periods. However, these are limited in their expressiveness and
ability, and do not allow for data exploration to be included.

In the pursuit of enabling this form of insight, many questions arise; to showcase these, we highlight two queries
from our data: "How much dancing do I need to do to burn 800 calories?" (P12) and "Give me a suggested workout
based on my readiness score?" (P16). First, how should the answer be calculated? Calculating the appropriate
answer can be a challenge, especially when little prior data is available or standards are unknown. Second, when
providing an answer, how can we convey uncertainty and variance to the user? These queries often do not have
a discrete answer available, with more factors and external data needing to be considered. Finally, is this form
of insight ethically possible? With the ability to recommend, and ultimately have a person act upon an answer,
this carries with it the importance of not misleading a person which could have ramifications. These areas of
future study are important in enabling this form of beneficial and desired insight on a smartwatch, and even for a
broader set of devices.

5.4 Interacting with Personal Health Data on Smartwatches

As seen from our collected data, the in-situ information needs of smartwatch users are more varied and broad than
currently available. This highlights the unique nature of in-situ and day-to-day smartwatch data exploration, and
brings into question how this range of exploration can be undertaken in a manner appropriate for smartwatches.
Without the screen real estate for menus, toggles, scales, etc., touch interactions can be difficult on a smartwatch
[26]. Therefore, we suggest utilizing a multi-modal approach, which incorporates speech and touch. This has
already proven to be liked and effective for smartphone personal health data exploration [41]. Touch is a natural
and common input modality, already being used for smartwatch data exploration [50], while speech allows for the
conveyance of more complex queries, a low barrier in expressing intent, and flexibility in phrasing and querying
[3, 21, 66, 67]. Through the use of these input modalities benefits of both could be utilized to enhance smartwatch
data exploration, yet remains to be explored.
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While research has focused on visual representation [1, 5, 11, 29, 49, 52] and interaction [50] of data for small
screen displays, we suggest that future research should explore the potential for natural language based feedback
of personal health data. This form of response is both natural and quick, ideal for the typical length and in-situ
nature of smartwatch usage [56, 69] and many of the queries collected from our study. Furthermore, research
has shown that auditory feedback can benefit small devices and in times when the visual system is overloaded
[7, 55], much like the use of a smartwatch throughout daily life and in certain activities. Research regarding how
to phrase answers, the amount of information that can be provided, and the level of insight and supplementary
information that can be derived compared with and when supplemented by visualizations, should be studied.

We encourage the reader to view and use our contributed publicly available data (included in the supplemental
material) in pursuit of this interaction goal. Understanding semantics used in regard to personal health data
exploration and creating tools to process these queries [59], as well as determining how to convey results could
lead towards a greater benefit for the smartwatch end user.

5.5 Limitations

Within our study, we recruited smartwatch users who had been collecting personal health data for a minimum of
three months. While other work looking at personal health data exploration has used similar inclusion criteria
[41], we do note that this does limit our findings to individuals who have at least some knowledge of their desired
data exploration. New smartwatch users may prove to have different exploratory needs. We also recognize
that our strict inclusion criteria resulted in the exclusion of individuals with impairments. Thus, our dataset
is not fully representative of all who utilize a smartwatch for personal health data collection, exploration, and
health monitoring. While our work largely provides a general understanding of personal health data queries on
smartwatches, we suggest these aforementioned user groups should be studied in their own regard.

Due to the early nature of our work, we chose to not provide feedback to our participants (i.e., the answers
and data representations in response to queries). This allowed us to capture a broad range of desired smartwatch
data queries without influencing further potential responses. However, this design does limit us in understanding
any forms of continual and serendipitous exploration on the smartwatch, such as asking a single followup
question based on feedback given. During typical data exploration, one explicit query is often not enough to fully
represent what is interesting to a person. Feedback given in response to a query can often lead to subsequent
and unanticipated queries [47]. Moreover, this does not allow for discovery of new and interesting information
beyond what is asked. While the smartwatch may not allow for lengthy data exploration, the limit to which the
smartwatch can enable follow-ups, the relationship between the smartwatch and other data exploratory tools
(i-e., smartphone, tablet, desktop), and the impact that given feedback has on smartwatch personal health data
exploration should be further studied.

Finally, as with any elicitation study there are additional limitations to note. First, we are likely not able to
capture all usage scenarios participants may experience, and for which a desire for smartwatch data exploration
could arise. Examples of such times include a person preparing for a marathon or someone on vacation. Sec-
ond, participants often do not realize a device’s full potential limiting the range of responses submitted. For
example, blood glucose monitoring has a potential future within smartwatches, yet was not a component in any
queries reported by our participants. We aimed to mitigate both of these limitations through recruiting eighteen
participants, each running the study for one full week (including weekdays and a weekend), and expressed for
participants to not worry about current technological limitations instead focusing on queries that they desired to
be possible. As such, we believe that our results remain to provide a broad understanding and new insight into
queries desired, which in future can be translated to a range of usage scenarios and newly captured data.
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6 CONCLUSION

This work provides an empirical understanding of queries smartwatch users have to better explore and gain
insight into their collected personal health data. Specifically, through an in-situ diary study with 18 participants
over a week long period, we captured queries which would allow for exploration on a smartwatch throughout
one’s daily life. Through the results of this data collection and a final interview with participants, we report on
query insight categories, query relation to daily activities, and methods participants use for framing queries.
Participants reported a desire to utilize the smartwatch for momentary and immediate personal health data
exploration, not only during in-situ moments but also across a range of daily activities. We suggest several key
implications for the design of smartwatch mHealth applications; including supporting preemptive and proactive
exploration, expanding upon current status and contextual exploration, and allowing for activity-based data
filtering. We strongly believe that the smartwatch can become a powerful tool in regards to personal health,
especially as it pertains to quick and in-situ provision of data-driven insight to users. We hope that this research,
along with our publicly available collected data, fosters and inspires future work in building a new generation of
smartwatch applications, providing a richer set of personal health data exploration anytime and anywhere.
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