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Measuring activities and postures is an important area of research in ubiquitous computing, human-computer interaction,
and personal health informatics. One approach that researchers use to collect large amounts of labeled data to develop models
for activity recognition and measurement is asking participants to self-report their daily activities. Although participants can
typically recall their sequence of daily activities, remembering the precise start and end times of each activity is significantly
more challenging. ACAI is a novel, context-assisted ACtivity Annotation Interface that enables participants to efficiently label
their activities by accepting or adjusting system-generated activity suggestions while explicitly expressing uncertainty about
temporal boundaries. We evaluated ACAI using two complementary studies: a usability study with 11 participants and a
two-week, free-living study with 14 participants. We compared our activity annotation system with the current gold-standard
methods for activity recall in health sciences research: 24PAR and its computerized version, ACT24. Our system reduced
annotation time and perceived effort while significantly improving data validity and fidelity compared to both standard
human-supervised and unsupervised activity recall approaches. We discuss the limitations of our design and implications for
developing adaptive, human-in-the-loop activity recognition systems used to collect self-report data on activity.
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1 INTRODUCTION
Accurate human activity detection could accelerate development of e�ective health interventions and interactive
systems. Researchers in UbiComp, HCI, kinesiology, digital phenotyping, and behavioral science aim to leverage
wearable sensing to build machine learning models for human activity recognition (HAR) [10, 17, 25, 56, 96]. Cre-
ating and validating such models, however, requires large sensor datasets with high-quality activity annotations.
Often, researchers must collect datasets with people in the laboratory; these datasets may have limited label
diversity and overly homogeneous signals, resulting in models that do not generalize to accurately recognize
activity in varied and free-living contexts and across diverse individual lifestyles [21, 35].

The gold standard method for free-living data collection is to use an ego-centric camera [27, 33, 34, 48]. This
approach presents several signi�cant challenges. For researchers, video annotation is time-consuming, expensive,
and susceptible to annotator bias. For study participants, on-body cameras create substantial privacy concerns,
limiting recruitment and precluding deployment in extended studies [47].

Collecting participants' self-reports is a more practical alternative for acquiring multi-day or multi-week anno-
tation as people go about their normal lives. Two approaches to self-annotation aremomentaryandretrospective
measurement. A popular momentary approach is ecological momentary assessment (EMA) [95], where partici-
pants respond to surveys prompted on mobile or wearable devices [4, 23]. EMA, however, induces interruption
burden, creating contextual response biases (i.e., participants' receptivity to the prompt heavily depends on their
contexts) that generate data missingness and label imbalance, ultimately compromising the quality of the dataset
[29, 38, 50, 68, 73, 81]. Modi�cations to EMA, such as �microinteraction� EMA (` EMA), where single-question
prompts are delivered via accessible wearables can collect high-density activity data at 5-15 minute intervals
[41, 60], may reduce burden under some data collection conditions.

Retrospectivemethods address these limitations by allowing participants to report activities by recalling them
after they are completed, typically at the end of the day [10]. This approach reduces interruption burden and data
missingness while enabling more natural annotation behaviors. Retrospective recall can be conducted with or
without human supervision [14, 115]. The gold standard for 24-hour activity recall is the 24PAR (24-hour Physical
Activity Recall) method, a validated, structured, human-administered physical activity assessment instrument
that collects details about study participants' past-day activities [72]. In a 24PAR interview, the interviewer probes
in real-time, helping participants to remember short-burst activities and �lling in gaps in a daily activity timeline.
This method has a low cognitive burden on participants and has been used with all age groups [115]. Researchers,
however, face signi�cant scalability challenges in administering the 24PAR because it must be administered daily
by trained sta�, thus limiting the number of participants that can be enrolled simultaneously and increasing
administration cost. Furthermore, the 24PAR is time sensitive and requires that interviews be scheduled within
a narrow window every day, making coordination with participants challenging and often leading to missed
appointments and delays.

Digital recall methods�administered through a website or a mobile app�o�er a more scalable and e�cient
alternative to 24PAR. These tools allow participants to self-report at their convenience, reducing the burden on
researchers to schedule and conduct interviews [14]. Digital recall methods also enable real-time data collection,
automatic data synchronization, and standardized prompts, which help improve data consistency and reduce
interviewer bias. Despite these advantages, digital recall methods still induce recall bias, especially regarding
activity start and stop times. Participants who incorrectly recall the start or end time of one activity may create
systematic errors, distorting the timing of all subsequent activities and potentially skewing the entire timeline
[95]. Automatic context-assisted recall can mitigate recall bias by providing participants with contextual cues
that can help them better remember their activities. These cues can include physiological data (e.g., heart rate),
location data, or environmental triggers (e.g., weather or sounds) that may be linked to the activities participants
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perform. By providing participants with such context, they may be able to more accurately pinpoint the timing
of their prior activities [76, 86].

Even using automatic context-assisted recall, precise identi�cation of activity transition times, i.e., the moment
when one activity ends and another begins, can be di�cult because activity boundaries are often not clear-cut. For
example, the transition from �walking� to �lying down� may not occur at a single moment; it may involve a gradual
change in behavior and posture. In addition, interleaved activities, where one activity overlaps with another,
further complicate the task of indicating precisely when activities begin and end. Misremembering or misreporting
these transitions can create errors that propagate through the entire recall, distorting the timeline. When using
labels for training and validating HAR algorithms, researchers have shown that even a 5% misalignment in
activity boundaries can lead to a signi�cant drop in model performance [57]. Nevertheless, despite the di�culty
and inherent uncertainty of the labeling task, most context-assisted recall methods and interfaces do not allow
participants to express thistemporal uncertainty.

Although unsupervised digital recall methods o�er e�ciency by allowing participants to generate their own
activity annotations, they often lack the nuanced probing that human supervision provides. In a 24PAR interview,
interviewers can ask follow-up questions, clarify vague responses, and prompt participants to recall additional
details about their activities, leading to more consistent and accurate data. In contrast, unsupervised methods rely
on the participant's ability to recall and annotate their activities independently, which can result in signi�cant
variability in the quality and completeness of annotations across participants and also within participants over
time [103]. Some participants may provide highly detailed and accurate annotations, while others may produce
sparse or inconsistent labels, leading to inconsistencies across the dataset. A semi-supervised method that
generates label suggestions based on passively sensed data, allowing participants to ��x� or �con�rm� these
suggestions instead of creating new annotations from scratch, may combine the scalability and convenience of
digital recall with the human oversight necessary to ensure consistent and high-quality annotations.

To gather ground-truth activity labels from people in free-living environments, researchers must develop
ecologically valid data collection systems that allow individual participants to accurately self-label their activities,
ideally expressing temporal uncertainty. To sustain such labeling for a week or more, such systems must maintain
participant engagement with a manageable cognitive workload. To assist people with labeling, such systems may
need to combine momentary labeling and automatically acquired contextual cues.

We present ACAI, a novel semi-automated annotation system that allows participants to self-annotate their
activities up to a �ve-minute granularity. In ACAI, a user interface presents people annotating their own activities
with system-generated activity blocks pre-�lled with activity predictions; study participants can ��x� or �con�rm�
these predictions rather than creating annotations from scratch. Additionally, the ACAI interface provides
participants the option to label time intervals during which they are not entirely certain about their activities as
�uncertain intervals.�We hypothesize that the design of ACAI will reduce participant burden while producing
higher-validity annotations obtainable during week-long or multi-week �eld studies.

We address the following research questions:

� RQ1:What are the e�ects of uncertainty annotation and system suggestions on system usability, annotation
time, and participants' perceived workload?

� RQ2:What is the criterion validity of the annotations generated by users using our annotation system?
� RQ3:What is the feasibility of using our proposed annotation interface in a week-long free-living study?

2 BACKGROUND
Human activity recognition (HAR) refers to the problem of identifying speci�c activities or postures using
wearable sensors. Researchers can use activity labels collected in free-living settings to train activity recognition
models, or simply to understand a person's daily habits and lifestyle. Large data sets with accurate activity labels
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that are synchronized with sensing data lead to better model training and a more informative evaluation process.
However, training data sets for human activity recognition are often collected in heavily controlled [5, 19] or
semi-controlled [21] laboratory settings. This leads to limited sets of labels and behaviors that may not re�ect
the complexity of the same behaviors in free-living environments. Models trained on such datasets often fail to
generalize, performing poorly in less-controlled real-world scenarios [85] where people have a wider range of
activities or experience drastic changes in mobility patterns or lifestyles that can impact the distribution of the
recorded signals.

There have been attempts to capture information on a person's free-living physical activity (PA) labels in the
wild to support better training of HAR models and more realistic evaluation. There are two major label collection
methods:momentaryvs.retrospective.

2.1 Measuring activitiesin-the-moment
One method of acquiringmomentaryactivity labels is direct observation, where participants wear egocentric
cameras to capture time-lapse images or videos that are later manually annotated by trained coders [33, 48].
Privacy concerns, however, limit the use of this approach in multi-day studies, and annotation is labor-intensive.
Annotation quality also depends heavily on the annotators' ability to infer activity from �rst-person views
without participant input.

An alternative is self-report. Ecological momentary assessment (EMA), or experience sampling, involves
prompting participants via mobile or wearable devices to report activities in real time [92, 95]. While widely used
in research studies, EMA can be intrusive, making frequent prompts burdensome and reducing compliance. As a
result, researchers must balance frequency and burden to maintain response rates, limiting temporal resolution.
` EMA [41] addresses this by using 2�3 second smartwatch prompts, enabling high-frequency labeling (e.g., four
times per hour) while maintaining compliance [80, 81]. This method is constrained by screen size, cognitive
simplicity (e.g., less than four response options), and requires two-hand interaction. Audio-` EMA supports
speech input for open-ended, hands-free labeling and enables broader behavioral coverage while sustaining high
response rates [60]. All EMA methods may still su�er from contextual non-response bias [61, 81], a�ecting the
diversity of data captured.

Because activity labels require accurate start and stop times�which EMA prompts do not easily provide
[52]�designs like START/STOP allow users to manually mark activity boundaries [18, 106], similar to systems
used by Fitbit [31] and Strava [97]. This method, however, can feel unnatural and burdensome, requiring users
to pull out their phone or watch and remember to stop the recording [104]. Weppner et al. introduced a smart
glasses interface where head or �nger gestures marked activity boundaries [109]. The extraSensory app prompted
users to indicate both the start time and expected duration of an activity [103], but interruptions or changes in
behavior can still result in inaccurate labeling. Although the main purpose of their design was to enable accurate
segmentation of activity boundaries, this approach can fail if participants forget to click the STOP button when
they �nish, or overestimate the expected duration of the activity.

2.2 Recalling activitiesretrospectively
Another common method to collect activity labels in free-living settings is to use a recall interface, where
participants input their activities at the end of a day, after the activities have concluded. Retrospective recall
eliminates interruption burden and activity interruption. Schroeder et al. proposed an interface that allowed
participants to annotate using a web application by choosing the assigned tags of the activity and its start/stop
time [88]. Khan and Maes designed an interface that used a clock's circular shape to allow participants to indicate
the start and end times of a label [49]. Mairittha et al. presented a conversational mobile interface that allowed
participants to generate labels using speech [71]. This approach is scalable to earables or smartwatches to mitigate
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the need for participants to pull out the phone, thus creating a hand-free interaction that is less disruptive to
participants.

One downside of usingretrospectiverecall interfaces is recall bias, where events happening before or after an
event a�ect the recall of the event. Fast-changing, overlapping sequences of activities [8] can lead to mistakes
in labeling activity boundaries, which can signi�cantly reduce model performance [57]. Context-assistedrecall
presents participants with additional information/context that may jog their memories. Dunton et al. presented a
mobile application that allowed participants to annotate their physical activity with the help of accelerometer
sensing data [28]. Rabbi et al. allowed participants to annotate their physical activity along with their food and
take pictures of their food to assist with recall [87]. Hoelzemann and Laerhoven compared the e�ectiveness of
models trained on datasets collected using in-situ measurements and a desktop retrospective recall interface with
visualization of accelerometer data (time-series recall) and found that models performed better on the time-series
recall dataset [39]. Korpela et al. presented a desktop interface that showed both the accelerometer signals and
the output of a depth camera on the screen to facilitate better segmentation of labels [55].

2.3 Human-AI collaborative annotation system
Human-computer collaboration has been a long-standing topic in HCI research. Achieving e�ective human-AI
complementarity, however, is not guaranteed and requires careful design. Recent studies show that human-AI
teams can sometimes perform worse than either humans or AI alone across various tasks [102]. A key barrier to
successful collaboration is improper calibration of trust�speci�cally, under-reliance (ignoring helpful suggestions)
and over-reliance (accepting incorrect suggestions) on AI systems [9, 13, 45, 58]. These issues highlight the need
for systems that support better coordination between human judgment and AI suggestions.

Humans and AI often have distinct and complementary strengths. When users are trained to understand
these di�erences, they can make better decisions about when to rely on the AI and when to take control
themselves [69, 70, 78]. This complementary approach is especially valuable in annotation tasks, where human
contextual knowledge can re�ne or correct AI-generated predictions.

There has been growing interest in human-AI collaborative annotation, spanning domains such as docu-
ment [30], video [26], image [93], audio [7], and biomedical [11] data. More recently, AI-generated labels have
been integrated into annotation systems for passive sensing data. For example, Stojchevska et al. allowed partici-
pants to review and edit predicted activity labels at the end of the day [99], and extraSensory enabled users to
re�ne model-generated labels [103]. Similarly, Neupane et al. showed how reviewing context and stress predic-
tions can improve labeling accuracy [76]. These studies have demonstrated that incorporating AI suggestions
can reduce cognitive burden and accelerate the annotation process [26].

To address the limitations of current retrospective annotation systems�particularly challenges related to
recall bias and temporal uncertainty�we introduce ACAI, a context-assisted annotation interface that supports
multi-label activity annotation at �ve-minute granularity. ACAI leverages passive sensing data to generate activity
suggestions that participants can either �con�rm� or �correct.� ACAI also allows participants to markuncertain
intervals, enabling the expression of human uncertainty in the annotation process.

3 ACAI: SYSTEM DESIGN AND RATIONALE
We present the components of ACAI and the design rationale behind each component. In Section 3.2, we describe
the hypotheses that drove our interaction design based on prior research, and we describe the implementation of
three di�erent versions of the interface that were used in the user study.
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Fig. 1. Mobile interface of ACAI. The top two-thirds of our annotation interface presented participants with their self-reports
and passively collected contextual cues to aid with the recall process. Users could switch between a location view and
calendar view. The bo�om third displayed the annotation timeline and labeling controls.

3.1 Visualization of contextual cues to assist recall on mobile interface
The top two-thirds of the ACAI display showed six di�erent passively collected contextual cues, along with` EMA
responses: location, ambient noise, calendar events, heart rate, phone usage, and step counts. All contextual
cues were displayed within the screen of ACAI so that users did not need to scroll between di�erent panels. A
screenshot of the visualization panel in Figure 1 shows:

� Location data/Calendar events:Location data (GPS) were collected once every minute from the participant's
phone. When LOCATION was selected, the location for the current time on the activity timeline was
displayed at the top of the screen on a Google map. As the activity timeline moved forward or backwards in
time, the location changed. When CALENDAR was selected, calendar events retrieved from the participant's
Google or Outlook calendar were shown. Participants could click on the �SWITCH TO CALENDAR� or the
�SWITCH TO LOCATION� button at the top of the screen to toggle between these views.

� Phone use:The mobile application logged the phone status (i.e., whether the phone screen was on and/or un-
locked) once each minute, and the phone use status was displayed as a heat map below the location/calendar
view. A yellow interval indicated that the phone was being used, and a white interval indicated that the
phone screen was o�.

� Step count:Step count was measured by the smartwatch once every minute, and the data were displayed
below the phone use view. Because a vertical axis is space-consuming horizontally, and displaying numbers
on top of the bars can lead to information overload and confuse users, we color coded the value of the step
count. Green bars indicate small movement or sedentary (<50 steps per minute), yellow bars indicate slow
walking to normal walking (50-150 steps per minute), and red bars indicate brisk walking to running (>150
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steps per minute). The threshold was chosen based on prior work on the young adult population [101], and
we adapted the threshold mentioned in the paper based on our internal testing of the Pixel Watch.

� Heart rate:Average heart rate data from the watch were displayed as a line graph with the step count
data. Although heart rate varies with age, physical activity level, and lifestyle, given the homogeneous
population in our user study (young and emerging adults), we categorized heart rate as resting (color-coded
green), moderate (color-coded yellow) and vigorous (color-coded red). The threshold was chosen based on
prior work (formula based on age) [100], and we adapted the threshold mentioned in the paper based on
our internal testing of the Pixel Watch.

� Ambient noises:Every �ve minutes, the application ran Google's YAMNet noise classi�cation [32] on
10-second audio clips. No raw audio clips from this process were stored on the device but the classi�cation
ouptut was transferred to the phone and displayed above the heart rate and step count.

� ` EMA responses:Once every 10 minutes, participants were prompted on the watch using` EMA. The audio
clips collected from speech-based` EMA were analyzed using a �ne-tuned Google Cloud speech-to-text
v11 model running on the watch; the results of the speech recognition were transmitted to the phone once
every hour. The self-report activity labels were displayed as bolded text in the middle section of the screen,
along with the ambient noise classi�cation results.

3.2 Interaction design
In this section, we describe the interaction design behind our system. Our approach was guided by two main
hypotheses:

H1: An appropriate interaction design that allows participants to express uncer-
tainty will not increase their perceived burden or the time they believe annotation
takes.

Although recalling an activity might be relatively easy, recalling the exact start and end times of an activity
might be considered a more challenging task [74]. This recall challenge makes annotating activity transitions
unreliable and can cause systematic errors if the recalled duration or activity timestamps di�er signi�cantly from
the actual activities [57]. We hypothesize that a well thought-out interaction design that can allow participants
to express their temporal uncertainty about the start and end time of an activity will not increase annotation
time, perceived e�ort, or adversely a�ect system usability.

H2: Participants will �nd it easier to modify system-suggested annotations than to add new
annotations manually.

Recently, multiple research teams have investigated human-AI collaboration systems, speci�cally systems where
the users review the AI-generated suggestions and make changes [107]. These studies show that providing users
with AI predictions to review reduced the time and e�ort for users in multiple tasks (e.g., writing, programming,
creativity, planning) [43, 62, 63, 113]. In this study, we hypothesized that a well-designed interface that allows
participants to adjust/�x the suggested annotation would increase the usability of the system and the speed of
annotation.

Given our iterative design process, we decided to test our hypotheses on the utility of the two major components
as we developed ACAI. Thus, we implemented three di�erent versions of the annotation interface, with three
di�erent combinations of functionalities presented byH1 andH2. We conducted a study where we asked 11

1https://cloud.google.com/speech-to-text.
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Fig. 2. Three di�erent versions of interactions in ACAI were evaluated. Versionallowed uncertainty labeling but did not
make automatic annotation suggestions. Version made automatic annotation suggestions but did not allow uncertainty
labeling. Version had automatic annotation suggestions and allowed users to indicate labeling uncertainty. Labels were
selected from a list of postures and activities.

participants to collect two days of data in the free-living settings followed by an in-lab usability session where
participants interacted with the three prototypes of annotation interface using their own data. This helped us
collect participants' preferences and evaluate our hypotheses. To keep the time required for the in-lab session
manageable and to avoid participants annotating the same data multiple times, potentially causing data skewness,
we decided to limit the in-lab evaluations to the three versions of the interfaces that allow us to test our hypotheses,
and not all combinations of all features. We also wanted to ensure that participants took roughly the same amount
of time to annotate on each of the three versions. For each version, there are three main supported interactions:
adding, editing, anddeletingannotations.

In version , participants could add the timestamps of the certain and uncertain intervals by sliding the
anchors representing the start and end of each activity interval. In version, there were no uncertain intervals.
Participants �xed the timestamps of the system suggestions by sliding the anchors representing the start and
end times. In version , participants could tap-and-slide a �nger through the timeline to �ip the status of
each time block from �no label�! �uncertain� ! �certain.� In all three versions, participants could add/�x the
posture/activity of the label by tapping on a drop-down menu (see Fig. 2). To edit an annotation, in all three
versions, participants could long-press on the targeted annotation and adjust the timestamp and the label in
the same way as whenaddinga label. To delete an annotation, participants could long press on the targeted
annotation then and click on the DELETE button (or CLEAR in version ).

We also supported additional interactions to navigate the timeline. These includedscrolling, zooming inand
zooming out. Participants could scroll forward or backward on the timeline by sliding a �nger left/right on
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the screen. Participants could adjust zoom levels by double tapping or pinching two �ngers on the screen. In
version and version , the timeline auto-scrolled and zoomed when participants moved to a new suggestion
(clicking NEXT/PREV), centering the current activity block on the screen. We expected this auto-scroll and zoom
would reduce participant's manual navigation time.

Comparing version with version enabled us to study the e�ects of �uncertain� labels (Hypothesis 1);
and comparing version and version enabled studying the e�cacy of system-suggestions on participants'
burden and annotation behaviors (Hypothesis 2). Additional details about the interaction design of ACAI are
available in Appendix B.

3.2.1 ` EMA interactions.We used the same multimodal-` EMA system proposed by Le et al. [61], adjusting the
prompting interval to once every 10 min. This̀EMA system was shown to be usable and have high compliance
when deployed in a week-long �eld study. Participants were prompted to report their in-the-moment posture
and/or activity, and they could respond in one of three ways: 1) by tapping on activity options displayed on the
watch screen, 2) by writing letters on the watch screen to narrow down activity options that were displayed, or
3) by speaking the current label to the watch.

3.3 Implementation
We implemented and deployed our system on the Android operating system. Our mobile application runs on
all Android phones running Android 9 or later, and the WearOS application runs on the Pixel Watch 2. We
installed the app on participants' personal phones. We show an overview of our system in Figure 3. The phone
and the smartwatch continuously collected passive sensing data in the background and transferred the data to
our Firebase server every hour throughout the study period. We stored and processed the passive sensing data
to generate system suggestions of posture and activity. Approximately one hour after context-cue data were
collected by the watch and phone, suggested activity labels appeared in the phone ACAI interface. We present
the details about how the algorithm generated system suggestions in Appendix E.

We chose to implement ACAI on a mobile platform rather than a web interface for two main reasons. First,
mobile apps allow participants to conveniently annotate their activities throughout the day, which can improve
compliance and recall accuracy by reducing the delay between the activity and annotation. Although web
interfaces on laptops may o�er more �ne-grained interactions, they are less practical than mobile devices for
participants to carry and use on the go. Second, a mobile app reduces data latency. A web-based interface would
require transferring data from the watch and phone to a remote server via the internet, which may not always be
available. In contrast, a mobile app can receive data directly from the watch over Bluetooth, enabling lower-latency
and more reliable real-time annotations.

4 STUDY DESIGNS
We conducted two studies with a total of 24 participants. The �rst study with 11 participants was a usability
evaluation in which we wanted to understand the e�ects of annotating uncertainty and auto-suggestions on
system usability, annotation time, and e�ort (Hypothesis 1 and 2). We conducted the second study with 13
participants over two weeks. The goal was to evaluate two aspects of the system: in the �rst phase (week 1) the
aim was to assess the criterion validity of our annotation interface, and in the second phase (week 2) the aim was
to evaluate the longitudinal usability and sustainability of the interface in free-living settings.

4.1 Recruitment and participant compensation
Our study protocol was approved by the institutional review board at Northeastern University. Participants were
recruited via emails to relevant mailing lists, social media posts, and posters placed around the university campus.
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Fig. 3. Overview of our smartphone-smartwatch system.

We invited interested participants for an initial Zoom call to determine eligibility. Eligibility criteria included
participants 1) aged 18 or above, 2) who had no cognitive, visual, or hearing impairments, 3) were willing to wear
a smartwatch for up to 14 days, 4) were willing to wear a motion sensor taped to their thigh for up to seven
days, and 5) had an Android phone and were willing to download an Android application on their phone. During
the initial Zoom call, a research assistant went through the consent form with the participants and asked them
to download an Android application through the Google Play Store to check their device's eligibility (memory,
storage, and sensor availability). We compensated participants $50 for Study 1 and $110 for Study 2 via Amazon
gift cards.

Both studies followed a within-subject design with three conditions. We calculated the required sample size for
the study using a one-way repeated-measures ANOVA test withU = 0”05, power = 0.8,number of conditions= 3,
d = 0”5, n = 1”0, and[ 2 = 0”14(large e�ect size), resulting in a sample size of= = 11participants. We recruited 11
participants for the �rst study, and 14 participants for the second study. One participant participated in both
studies. We list participant demographics in Table 1; all participants in our studies were students at Northeastern
University.

4.2 Introductory session
We invited eligible participants to an in-person introductory session. A research assistant obtained signed consent
from the participants and guided the participants through the setup of the application on their phones. The
research assistant paired a Pixel Watch 2 to the participants' phones and downloaded the WearOS application on
the watch. If a participant frequently used Outlook calendar to log events or meetings, the research assistant
asked for permission to sync the participant's Outlook calendar with the Calendar application on their phone.
This allowed our system to access the participant's calendar events in real time.

In both studies, we asked participants to complete a survey about demographic information, physical activity
level, and familiarity with self-tracking tools (e.g., �tness trackers, smartwatches). The research assistant gave an
introduction to the functionalities of the mobile annotation interface and showed an example of how the data
would be represented on the interface. We trained participants to answer` EMA questions on the watch using a
ten-minute tutorial video (see Supplementary Materials). In the second study, we also instructed each participant
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Table 1. Summary of participant demographics for both studies

Study 1 (n=11) Study 2 (n=14)

Age (years) " = 24”5, (� = 3”34, range = 20-31 " = 23, S� = 3”03, range = 18-28
Gender 8 Female, 3 Male 3 Female, 11 Male
Race 8 Asian, 2 Caucasian, 1 Black 13 Asian, 1 Black
Familiarity with tracking
software/devices*

2 Very familiar, 8 Somewhat familiar,
1 Not familiar at all

4 Very familiar, 6 Somewhat familiar,
4 Not familiar at all

Physical activity level** 1 Active, 4 Moderate, 6 Sedentary 5 Moderate, 9 Sedentary

* Responses to the question�How familiar are you with tracking applications on wearable devices (e.g., �tness trackers, smartwatches)?�.
** Categorized based on the responses to the questions�How much time on a typical day do you spend doing moderate/vigorous physical

activity?�

on how to attach a research-grade Actigraph GT9X Link sensor (Actigraph, LLC) to the top of the middle of the
thigh directly on the skin with medical adhesive tape; the sensor application was waterproof and the sensor
could be worn continuously for a week. Participants could choose to use the left or right thigh.

4.3 Study protocols
The �rst study was a usability study in which participants collected data in their natural environments using a
provided smartwatch and their personal phone for two days; they also attended a one-hour in-lab session. The
second study was a two-phase evaluation, where each phase lasted for one week, during which participants
collected data and used the annotation interface in free-living settings.

4.3.1 Study 1: Iterative design and comparison.In Study 1, we aimed to answerRQ1 � What are the e�ects of
uncertainty annotation and system suggestions on system usability, annotation time and participants'
perceived workload? We conducted a usability study to compare three di�erent versions of ACAI. We instructed
participants to wear watches, carry their personal phones, and answer` EMA prompts for two days. Participants
did not interact with the phone app or the annotation interfaces during the free-living portion of Study 1.

At the end of the two-day free-living portion of the study, we invited participants to the �nal usability session
and exit interview. We introduced participants to three versions of the annotation interface (Figure 2). For each
version of the interface, participants completed a tutorial built into the application and learned how to annotate
their posture and activity. Each tutorial ended with a series of tasks to test participants' understanding of the
system. Participants could ask the research assistant in the room questions during the tutorial as needed. After
the tutorial, participants used the interface to annotate one day of posture and activity (of the two days in the
free-living portion of the study) in a think-out-loud session. The same day was used for all the interfaces version,
and the order of the interfaces was randomized for each participant to minimize carryover e�ect. Participants
then completed a usability survey assessing each interface version�the survey consisted of an adapted version of
the system usability scale (SUS) [12] and the NASA-TXL scale [15] (see questions in Table 5, Appendix A). We
asked participants open-ended questions at the end of the session about which features they preferred, which
version of the interface was most intuitive to them, and their overall experience collecting data in the �eld.

4.3.2 Study 2.1: Within-subject validity study.The �rst phase of Study 2 aimed to answerRQ2 � What is the
criterion validity of the annotations generated by users using our annotation system (compared to
current practice)? To evaluate this question, we compared the criterion validity of the annotations produced by
ACAI against two standard recall methods: astandard 24-hour physical activity recall(24PAR), and acomputerized
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24-hour activity recall(ACT24). Participants used each method for two days (in total six days for three conditions),
and we counterbalanced the order of the conditions to account for potential order e�ects and minimize bias
across participants.

The 24 Physical Activity Recall (24PAR) is a telephone-and-interviewer administered self-report instrument
designed to collect information about activity duration, energy expenditure, and the context of an individual's
physical activity and sedentary behaviors throughout the day [53]. During the 24PAR, the interviewer asks
participants to report on their activities in the past 24 hours in bouts of 5 minutes. The interviewer can ask
follow-up questions during the 24PAR to extract detailed annotations from the participant. The reported activities
are matched to the corresponding MET score from the Compendium of Physical Activity (CPA) [36]. Prior
research has shown the robustness of 24PAR against objective measurements (such as the SenseWear Armbands
[53, 98] or a hip-worn sensor [46]). Administering the 24PAR, however, is time-consuming for both participants
and the research team, making it di�cult to scale for larger studies. In the 24PAR condition, a member of the
research team set up an online call with the participant each morning to complete a 24PAR recall interview. The
call lasted about 30 minutes. We asked participants to recall their activities and postures from the day before.

Due to the di�culty scaling 24PAR, researchers have developed Activities Completed over Time in 24 Hours
(ACT24), a digital web-based version of the 24PAR [37]. We used the third version of the software for our study
(ACT24 v3.0), which is compatible with multiple devices including tablets, smartphones, desktops [46]. Multiple
studies have con�rmed the validity of ACT24 against objective measurements, including activPAL and SenseWear
Armbands [46, 98]. In the ACT24 condition, we sent a message to each participant's phone number and email
address each morning with a link to their ACT24 accounts. Participants recalled and annotated their activities
and postures of the day before using the link.

In the ACAI condition of Study 2.1, we instructed participants to wear the watch, carry their personal phone,
and answer̀ EMA prompts throughout the day. Each participant received two prompts on their phone every
day�one at noon and one at 8 pm�to use the app to annotate their activities.

Additionally, we asked participants to wear the ActiGraph GT9X Link sensor on their thigh for six days, even
during sleep. We used the 80 Hz (range� 8 g) tri-axial accelerometer data from the thigh sensor as the objective
passive sensing measure to assess the validity of the three annotation mechanisms [46, 52, 98].

4.3.3 Study 2.2: Feasibility study.Phase 2 of Study 2 aimed to answerRQ3 � What is the feasibility of using
our proposed annotation interface for longer study duration (seven days)? Immediately after the six days
in Study 2.1, we asked participants to continue using our proposed annotation interface for another seven days.
We measured whether participants' annotation behaviors changed over time and evaluated the ability of ACAI to
collect diverse and naturalistic activity patterns and habits. In this phase, participants did not need to wear the
ActiGraph thigh sensor. Although the GT9X Link sensor can be worn comfortably on the thigh for about a week,
after a week the medical tape can begin irritating the skin and become uncomfortable.

After the end of the 13-day period, we invited participants to an in-person exit interview. During the interview,
participants attended a semi-structured interview with a member of the research team. Participants shared their
overall impression and experience with the system and provided suggestions on improving the implementation
the annotation interface. Each session lasted approximately 60 min, and we recorded the audio of the session
after obtaining consent from the participants.

5 FINDINGS FROM THE USER STUDIES
In this section, we present our �ndings from the two user studies, following the respective research questions.
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