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MissFit: Towards Mediating Missing Data in Personal Informatics (PI) Systems

Nannan Wen, PhD

University of Pittsburgh,

In today’s fitness-focused society, individuals with diverse technical backgrounds are increas-

ingly engaging in the collection and analysis of their fitness data through movements like the

Quantified Self (QS) and dedicated communities focused on Personal Informatics (PI) systems.

However, these tools face a common challenge—they often struggle to handle missing activity

data effectively, thereby limiting users’ ability to gain profound insights. Researchers in the Per-

sonal Informatics (PI) and Human-Computer Interaction (HCI) communities suggest that PI tools

should ubiquitously collect data. Despite ongoing efforts to optimize battery life, a fundamental

issue persists: users must actively remove the device for charging, posing a risk of forgetfulness,

especially during vacations.

This dissertation addresses the issue of missing data in Personal Informatics through four key

contributions: 1) It explores existing algorithmic methods for handling missing data, constructs

models for estimation, and evaluates their potential utility on a published Fitbit dataset. After this

exploration, we discovered that the estimation models cannot make accurate estimates at an indi-

vidual level, indicating a need for a new approach involving human-in-the-loop strategies. 2) We

identify two distinct user groups and three primary usage behaviors from the semi-structured user

study. These findings reveal that maintainers prefer to know the present, and trainees prefer under-

standing the past, and predicting the future. Missing data impacts trainees more than maintainers.

Maintainers utilize data visualization and social features more on the PI tools, but trainees use data

export and data analysis more. 3) We implement MissFit, a web app with three methods to handle

missing data; these methods are algorithmic, event-based, and manual input; they are derived from

natural approaches that fit with users’ expectations discovered from the semi-structured user study.

4) After conducting an iterative user-centered design study, we identified four distinct user groups

based on personalities and exercise routines: SW, SP, UW, and UP. People from different groups

also present varying preferences for how to estimate missing data using different methods. All

these contributions collectively lead to the proposal of six design implications. These implications
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offer design principles on how future PI tools can utilize users’ experiences to guide algorithms in

estimating missing data and how to balance efficiency and user experience.
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1.0 Introduction

Wellness refers to the state of being in good physical, mental, and emotional health. It is a

holistic concept encompassing various aspects of a person’s life, including their relationships, work

environment, and overall lifestyle. Wellness is not just the absence of illness or disease but is a state

of optimal health and well-being. There are several dimensions of wellness, including physical,

emotional, social, intellectual, occupational, and spiritual health. It is about taking a proactive

approach to one’s health and well-being and making choices that promote physical, mental, and

emotional balance and harmony.

Physical health refers to the overall condition of the body and its ability to perform everyday

activities and tasks without feeling fatigued or physical stress [13]. It includes a range of factors

related to the body, such as body composition, cardiovascular and respiratory function, muscular

strength and endurance, flexibility, and overall energy levels [5]. Good physical health involves

maintaining a healthy body weight, following a balanced and nutritious diet, engaging in regular

physical activity, getting adequate sleep, avoiding harmful habits such as smoking and excessive

alcohol consumption, and managing stress effectively. It also includes regular medical check-ups

and preventive health measures, such as vaccinations and cancer screenings, to detect and address

any health issues early on.

In contrast, mental health refers to a person’s overall psychological well-being and ability to

manage emotions and cope with life’s challenges healthily and positively. Again, it encompasses

many factors, including thoughts, feelings, behaviors, and social interactions [51]. Good mental

health involves having a positive outlook on life, feeling good about oneself, and having healthy re-

lationships with others. It also involves the ability to manage stress, overcome challenges, and cope

with difficult emotions in a healthy and constructive manner. Mental health issues can range from

mild to severe and can include conditions such as anxiety, depression, bipolar disorder, schizophre-

nia, and eating disorders, among others.

Wellness encompasses a variety of factors, including proper nutrition, exercise, stress manage-

ment, sleep hygiene, social connections, and emotional well-being. It emphasizes the importance

of taking care of one’s body and mind through healthy habits and lifestyle choices. Wellness is
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often viewed as a continuum or spectrum, with different levels of well-being that can be achieved

through various practices and behaviors. It’s a dynamic and ongoing process that requires continu-

ous effort and attention to maintain optimal health and well-being. Physical fitness is essential for

overall well-being, as it can impact mental and emotional health, social relationships, and overall

quality of life. Regular physical activity, in particular, has been shown to have numerous health

benefits, including reducing the risk of chronic diseases, stroke, and diabetes, improving mood

and cognitive function and enhancing overall longevity [99]. It’s crucial to prioritize and maintain

good mental health as it can impact all aspects of life, including physical health, work and school

performance, social relationships, and overall quality of life. Mental health can be improved and

maintained through various strategies, including therapy, medication, exercise, self-care practices,

and social support. Seeking help when needed is critical to maintaining good mental health and

well-being.

That being said, in order to promote their physical, mental, and emotional well-being and

enjoy a better quality of life, people engage in regular exercise and physical activity to help boost

energy levels and to perform daily tasks more effectively and efficiently [24, 46]. In addition, many

fitness activities, such as group exercise classes, team sports, and outdoor activities, provide people

with opportunities for socialization and meeting new people. Overall, being fit can be a source of

personal satisfaction and accomplishment if individuals are able to set and achieve fitness goals

and improve their overall health and well-being.

In recent years, there has been a growing interest in health and fitness, with many people

recognizing the importance of caring for their bodies and minds. Regular exercise, a balanced

diet, and proper rest are all become crucial components of a healthy lifestyle. As a result, more

and more people are trying to incorporate these practices into their daily routines. Furthermore,

the report shows that the national health expenditure (NHE) grew 2.7% to $4.3 trillion in 2021,

or $12,914 per person, which accounted for 18.3% of the Gross Domestic Product (GDP) [23].

A recent study also showed that Americans spend 11.7 hours per week on their health and fitness

regime [14]. In addition, individuals who engage in more physical activities can reduce the risk of

early death [74]. They are also known to be better at focus and more energic [83].

There are many ways that people can improve and maintain their fitness. One of the most

common methods is regular exercise. It can include activities such as brisk walking, jogging,
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swimming, cycling, weightlifting, or group exercise classes. Strength training is another method

that people utilize. It is an essential component of fitness, as it helps build and maintain muscle

mass and improve overall strength and endurance. It can include lifting weights or using resistance

bands. In addition, cardiovascular exercise is vital for improving heart health and endurance. This

can include activities such as running, cycling, or swimming. Flexibility and mobility exercises,

such as stretching or yoga, can help improve joint mobility and reduce the risk of injury. Eating

a balanced and healthy diet is essential for maintaining good fitness. This can include consuming

plenty of fruits and vegetables, whole grains, lean protein, and healthy fats. Rest and recovery

are essential to wellness, allowing the body to repair and rebuild after physical activity. Getting

enough sleep and allowing for rest days are important for maintaining overall fitness. Managing

stress is important for general well-being and can also have a positive impact on wellness. This

can include meditation, deep breathing, or taking a yoga class.

1.1 How Wearables Motivate People to be Healthy

In establishing healthy habits and making sustainable lifestyle changes over the long term. In-

dividuals often leverage the usage of smart devices or applications to stay motivated and account-

able. The history of wearable devices dates back to the 1960s when the first wearable device, a

heart monitor, was invented. In the 1990s, companies began developing fitness trackers that could

measure steps, distance, and calories burned, which became increasingly popular among fitness

enthusiasts. The launch of the first Fitbit in 2009 marked the beginning of the wearable con-

sumer revolution, which has since exploded with the introduction of smartwatches, smart glasses,

and other types of wearables. Wearable devices now incorporate a range of sensors, such as ac-

celerometers, gyroscopes, and barometers, to measure various aspects of the environment and the

body. They use Bluetooth, Wi-Fi, or cellular networks to communicate with other devices, such as

smartphones or cloud servers, where data can be stored, analyzed, and visualized. The increasing

popularity of wearables has led to the development of dedicated platforms and ecosystems, such

as Apple’s HealthKit, Google Fit, and Samsung Health, which provide developers with tools and

resources to create applications that integrate with wearable devices.
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Many of the wearables and applications today use challenge, progress, gamification, and social

interaction to motivate users to exercise more [16]. Table 1 illustrates the features implemented in

current wearables and applications that aim to help individuals in setting realistic goals and track

progress to stay motivated and accountable. Challenge includes activity, workout, distance, adven-

ture, etc. Activity challenge encourages users to complete their daily activity goals, i.e., standing

for at least one minute each hour. The workout challenge encourages users to complete a certain

number of workouts in a specific time period, such as a week or a month. The distance challenge

encourages users to complete a certain distance, such as walking or running a certain number of

miles. The adventure challenge takes users on a virtual adventure, where they can explore new des-

tinations and landmarks by completing workouts and hitting certain milestones. Progress tracking

motivates users to stay motivated and focused by allowing them to see their progress in real-time.

Most wearable devices enable users to track their progress over time. Gamification is a concept

of using game elements in non-gaming context [32], and it’s also widely used in wearables. For

example, Garmin offers badges and rewards for achieving certain fitness milestones, i.e., users can

earn virtual badges and rewards if they complete a certain number of steps. Social interaction

allows people to share their goals with their family members or friends. These connections can

provide a supportive and encouragement for them to achieve their goals [16].

In addition, Federica, a researcher at Statista, reported that the number of wearable devices

had grown by 167% from 2014 to 2022 [60], indicating a rise in the use of wearable devices in the

United States. Furthermore, Jacqueline, an editor based in Southern California, notes that nearly

half (45%) of Americans already wear smartwatches regularly, and a significant majority (69%)

would be willing to wear a fitness tracker. This suggests that the use of wearable devices is be-

coming more mainstream, and people are open to adopting these technologies to improve their

fitness. Individuals also benefit greatly from the biometric data wearables collected. Many in-

dividuals (42%) who use fitness trackers have discussed this data with their doctors [31], which

suggests that this information is reliable and can be useful in improving their health [42]. Studies

also showed that wearing smartwatches has a positive correlation with exercising more frequently.

According to Jacqueline, individuals who regularly wear smartwatches tend to exercise an average

of 4.3 days per week, which is 43.3% more than non-users [31]. This could be because smart-

watches provide users with personalized fitness tracking, reminders, and motivation to meet their
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goals. The availability of biometric data and progress tracking may also incentivize users to stay

on track and continue exercising regularly.

Personal trainers or fitness coaches are also helpful in helping people maintain fitness, as they

can provide guidance and support not only in creating personalized workout plans but also help

with injury prevention and rehabilitation. Especially for individuals who are new to exercise,

recovering from an injury, or looking to achieve specific fitness goals. However, the cost of a per-

sonal trainer or fitness coach can be expensive for some people. Many applications fill this gap

by serving as virtual personal trainers. For example, Fitbit Coach offers personalized workout rec-

ommendations and video instructions. MyFitnessPal (see Table 1) provides personalized workout

and meal plans. Coach to 5k (see Table 1) is a popular app designed to help beginners gradually

build up their running endurance and reach the goal of running 3.1 miles. Golden Cheetah (shown

in Table 1) is designed for cyclists and triathletes to help analyze and improve their performance,

where one can share their data with their personal coach.

With so many powerful wearables and fitness applications, it is easier than ever for users to

track and monitor their personal fitness data. This has led to a growing interest in the Quantified

Self (QS) movement and Personal Informatics (PI) systems, which aim to use technology to help

individuals better understand and improve their health and wellness. By tracking and analyzing

data on their daily habits and behaviors, users can gain insights into their overall health and make

more informed decisions about their lifestyles.

The term “Quantified Self” was coined in 2007 by Wired magazine editors Gary Wolf and

Kevin Kelly. Q-Selfers often utilize basic tools such as spreadsheets and paper journals to record

and analyze their personal data. They would manually input data on a daily or regular basis, such

as their weight, exercise routines, sleep patterns, and food intake. As technology advanced, they

began to adopt more advanced tools, such as wearable devices that automatically track biometric

data (see Table 1), as well as specialized apps and software [47, 70, 6, 4] that can help with data

analysis and visualization.

Personal informatics is a research field that explores how individuals can collect, analyze,

and reflect on personal data to improve their lives. Extensive prior research has examined the

use and utility of these technologies to improve behavior [20, 80, 63], understand differences in

engagement and reflection on personal data [80], and build descriptive and predictive models of
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Table 1: The table displays the features currently implemented.

Category Name Motivation and accountability features
Challenge Progress Gamification Social interaction

Wearables

Apple Watch
Favero Assioma
Fitbit Watch
Fossil Watch
Garmin Watch
Huawei Watch
Kronos Watch
Pedometer
Power Meter
Samsung Watch
Suunto Watch
TicWatch
Veryfit Watch
Wahoo Elemnt
Whoop band
Xiaomi Watch

Applications

Apple Health
Couch to 5K
FitOn
Garmin Connect
Golden Cheetah — — —
Headspace
Lose It
My Fitness Pal
Nike Training Club
Runtastic
Seven
Strava
Sworkit
Virgin Pulse
Zombies, Run!

Note: The symbol “ ” means that the feature is available in the wearables/applications, the symbol “ ” indi-
cates that the feature is not implemented, and the “—” symbol denotes that the wearables/applications do not
possess a particular feature. The primary objective of these features incorporated in wearables/applications
is to aid participants in sustaining their motivation and accountability.
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Table 2: The table displays the data types collected.

Category Name Sensors Workout types Customizable
Wearables Amazfit Heart rate sensor,

ECG sensor, Blood
Oxygen (SpO2)
sensor,
Accelerometer,
Gyroscope,
Barometer, Ambient
light sensor, GPS,
Barometer, Compass,
Thermometer

Walking, Running, Biking, Cardio
workouts, Weight lifting, Yoga, Pilates,
Martial arts, Hiking, Dance classes,
Circuit training, High-Intensity Interval
Training (HIIT), Tennis, Golf,
Skiing/Snowboarding, Climbing,
Swimming, Strength Training, Indoor and
outdoor rowing, Elliptical workouts, Stair
Stepping, Stand-up Paddleboarding
(SUP), Kayaking, Multisport activities
(such as triathlons)

yes
Apple Watch yes
Fitbit yes
Garmin yes
Huawei Watch yes
Kronos Watch no
Samsung yes
TicWatch yes
Veryfit Watch yes
Xiaomi Watch yes

Offers Recorded data types
Applications Apple Health Daily (weekly) summaries,

Insights, Progress tracking,
Goal tracking, Third-party
app integration, Community
support, Personalized
recommendations, Guided
meditation, Sleep aids,
Training plans, Personalized
Coaching, Data analysis,
Performance tracking, Race
analysis, Data sharing,
Personalized health coaching,
Activity tracking, Health
content and resources, Social
support, Challenges and
competitions, Gamification,
Reminder and motivation,
Nutrient analysis

Steps taken, Distance traveled,
Active calories burned, Calorie
intake, Water intake, Sleep duration,
Sleep quality, Heart rate, Blood
pressure, Respiratory rate, Menstrual
cycle, Medical conditions, Walking
speed, Walking distance, Active
time, Workouts, Body weight,
Recipes, GPS location, Personal
bests, Rewards, Pace, Power,
Cadence, Elevation, Training Stress
Score (TSS), Intensity Factor (IF),
Food intake, Workouts, Workout
history, Stroke count, Stress levels,

yes
Coach to 5K no
FitOn yes
Garmin Connect yes
Golden Cheetah yes
Google Fit yes
Headspace no
Lose It yes
MyFitnessPal yes
Nike Training
Club

no

Runtastic yes
Seven yes
Strava yes
Sworkit yes
Virgin Pulse no
Zombies, Run! yes

Note: The table reveals a wide range of collected data by current wearables/applications, some of which
overlap, while others differentiate themselves by focusing on specific activities. However, missing data
remains a persistent problem across these devices. To address this issue, current apps provide a solution that
allows users to input missing data manually, also known as customizable.
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specific events and activities [62, 41]. Research has also sought to expand what can be quantified,

exploring new use domains [18, 22, 39, 40, 86]. Even though self-tracking and personal informatics

can be a powerful tool for individuals to gain insights into their behavior and make informed

decisions about their health and well-being. One common pitfall in self-tracking is tracking too

many things [20], particularly in the initial stages of exploration. Individuals may become excited

and eager to track every aspect of their lives, but this can lead to using multiple tracking tools that

capture different types of data (see Table 2), resulting in a large amount of data in different formats

that can be difficult to analyze and interpret.

To avoid this pitfall, individuals start by identifying the specific areas they want to track and

choose tracking tools that capture the relevant data in a consistent format [20]. Additionally, goal-

driven tracking [84] is another effective strategy for individuals to stay motivated and track progress

toward achieving specific objectives. For example, a person might use a fitness tracker to set a goal

of taking 10,000 steps per day and use the data collected by the tracker to monitor their progress

towards that goal. Others might be tracking food intake to manage weight, sleep to improve sleep

quality, and weight lifting to build muscles.

But even with specific goals in mind, people often need to use multiple applications to track

relevant variables. That being said, different applications need to be able to share data with each

other. To address the issue of using multiple applications to track relevant variables, some compa-

nies are developing integrated platforms that allow users to track multiple aspects of their health

and fitness in one place. For instance, some fitness tracking apps can sync with nutrition tracking

apps to provide a more comprehensive view of a user’s health and fitness. Despite the progress

made in data integration, errors still occur, and this can lead to frustration among individuals. For

example, a device may fail to record accurate data, or the data may not sync correctly with the

user’s preferred tracking app. This underscores the importance of data accuracy and the need for

users to carefully evaluate the reliability of the devices and applications they use for tracking.

Battery life is another important consideration for wearable devices and self-tracking tools.

With continuous use, these devices can quickly drain their battery, which can be inconvenient for

users. In particular, if the device runs out of battery during a workout or activity, the user may

lose all the remaining data they were tracking during that time. Additionally, forgetting to charge

the device can lead to a missed opportunity to track activity and progress. While efforts have
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been made to improve battery life through software optimizations and the use of more efficient

hardware components, the fundamental issue of having to take off the device and plug it into a

charger remains. This inconvenience can be a significant obstacle for users who want to maintain

a consistent tracking routine, especially for those who rely on their devices for daily tracking

or athletic training. Therefore, unless the advancements in technology allow devices to charge

seamlessly and on-demand, without the need for users to take them off or remember to charge

them, battery life will continue to be a significant challenge for self-trackers.

Take Alice, a busy working professional, as an example. Alice is dedicated to maintaining her

fitness and health. She has been using a Fitbit device for the past few months to track her daily

activity, including steps taken, calories burned, and sleep patterns. However, Alice often forgets

to charge her Fitbit device, which causes her to miss out on tracking her activity and progress for

days at a time.

For example, Alice wakes up early on Monday morning and goes for a run before work. She

puts on her Fitbit device and starts tracking her run but soon realizes that her device has a low

battery and needs to be charged. She doesn’t have time to charge it before work, so she takes it off

and puts it aside. Throughout the day, she forgets to charge her device and, as a result, misses out

on tracking her steps, calories burned, and sleep that night.

This pattern of forgetting to charge her device continues throughout the week, causing Alice to

miss out on valuable tracking data. She becomes frustrated with herself and her device, realizing

that the battery life is a significant obstacle in maintaining a consistent tracking routine, and decides

to abandon the device.

One potential solution to address the problem of missing data due to forgetfulness in charging

their Fitbit device is to develop systems that can help individuals retrieve their missing data based

on patterns and trends in the available data. This would provide a complete picture of people’s daily

activity and help them maintain a consistent tracking routine, even when they forget to charge their

devices.
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Figure 1: Current interactions between smartwatches and smartphones.

Note: In this scenario, the Apple Watch on the right stays on the individual’s wrist and pairs with

an application on the smartphone. Once the Apple Watch collects one’s data, it will sync with the

smartphone to upload it. If the individual forgets to sync it or the device malfunctions during the

syncing attempt, missing data may occur.
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1.2 Problems Missing Data Causes

The problem of missing data in personal data tracking has been recognized by several re-

searchers, including those in Quantified Self-movement. Missing data can have several negative

impacts, such as bias in analysis, leading to incorrect conclusions. It can also prevent users from

gaining valuable insights into their behaviors [62], potentially leading them to stop tracking alto-

gether [41]. Moreover, missing data can cause emotional distress to users, as they respond more

positively to devices that capture accurate data overall [20]. Missing data can also cause users to

mistake certain events as important or cause them to put in extra effort to ensure the device records

their activities correctly [80]. Several studies have highlighted the negative impact of missing data,

such as participants complaining about missed steps in their daily step count [26] or feeling terrible

when there is a missing bar on the summary tab in menstrual tracking studies [40], and thinking

that they were not getting proper credit for their activities[48].

Furthermore, missing data can reduce the accuracy and reliability of the data, which can un-

dermine the trust users have in the tool [85]. Studies have shown that people abandon their wear-

able devices because of the quality of collected data [28, 38]. For instance, one in ten American

adults owns some form of activity tracker, but half of them no longer use it [44]. Despite nu-

merous efforts that personal informatics (PI) tools made to integrate into users’ fitness routines

seamlessly, missing data remains a persistent problem and a significant contributor to device aban-

donment [9, 43, 62, 20, 41]. Research by Attig et al. [9] found that 32% of participants cited

“forgot to wear tracker” as a reason for abandoning their wearable device, while 27% cited “data

synchronization problems.” Another common reason for abandonment was a dead battery during

a workout [43]. Other studies have reported that sparse or unhelpful data can deter users from

adopting wearables [63].

Ultimately, missing data can affect the tool’s effectiveness and influence users’ usage, leading

to the abandonment of the tool altogether [55]. These findings highlight the importance of ad-

dressing missing data and providing tools that can help users mitigate its impact on their tracking

activities. As such, PI tools need to find ways to collect complete data sets and develop mechanisms

to prevent data loss, such as data backup systems or reminders to wear devices. By improving the

accuracy and reliability of data, these tools can increase user trust and motivate individuals to
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continue tracking their personal data for better health and wellness outcomes.

1.3 Research Questions and Summaries of Findings

• RQ1: What are the practical and fundamental limitations of fully automatic methods for miti-

gating missing data?

Automated methods for estimating missing data involve utilizing statistical and machine learn-

ing algorithms to analyze available data and predict missing values. In our research, we investi-

gated several existing methods and developed our regression-based model to estimate missing

data in fitness tracking data.

Despite the effectiveness of algorithmic-based approaches, we discovered fundamental lim-

itations in these methods. For instance, unlike heart rate, running data is sporadic because

individuals do not engage in running activities twenty-four-seven, making it challenging to

distinguish between missing values and instances where there were genuinely no running ac-

tivities. Another complicating factor is time, which is difficult to predict accurately. For exam-

ple, a user might have missing data from 2:00 pm to 5:00 pm, but obtaining that information

purely from an algorithm is challenging.

Building on these insights, we believe it’s essential to incorporate humans in the loop when es-

timating missing data. This process involves understanding the user requirements of the wider

population using self-tracking tools and their experiences with missing data. By combining

human expertise with automated algorithms in a human-in-the-loop strategy, we developed a

system that effectively addresses the challenge of missing data in personal informatics.

• RQ2: What concerns about missing PI data are universal across users? What concerns are

unique to specific populations?

In order to gain insights into users’ expectations of consistency and completeness in PI data, we

conducted semi-structured interviews with participants who regularly engage in self-tracking

activities. During these interviews, we asked participants about their past experiences with

tracking, including what types of data they collect, what devices and tools they use, and their

expectations for the completeness and accuracy of their data.
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The analysis showed two distinct classes of users: trainees and maintainers. Trainees have

concrete, professional athletic training goals and use data to guide decisions to improve performance-

related metrics. Maintainers have broad health improvement and maintenance purposes and

use data to track milestones. We identified distinct user behaviors and perceptions when data

was missing in personal informatics (PI) tools. Interestingly, both classes of users utilized the

same tools in different ways. Trainees preferred data export and analysis functionalities, while

maintainers favored visualization features. We captured the sentiment and motivation for these

divergent behaviors in the interviews, with trainees primarily using their PI tools to understand

their past and predict the future. In contrast, maintainers use them to know the present. Our re-

sulting analysis points to key limitations of current tools, specifically the lack of representation

for missing data. It outlines design observations for future tools to improve the user experience

with PI data.

• RQ3: What techniques do users find useful and effective for eliciting missing data? What are

the context or experience mechanisms used to support these processes?

During our semi-structured interview study aimed at understanding the impact of missing data

on end-users tracking activities, we specifically asked participants about their experiences with

missing data, including how frequently they encountered it, how they perceived it in relation

to their tracking goals, and how they coped with it.

Our analysis revealed three usage behaviors of Personal Informatics (PI) tools: understanding

the past, knowing the present, and predicting the future. We also found that current tools lacked

support for integrating these behaviors, had no visual distinction between missing data and low

activity, and lacked contextualized information about missing data. We found that visualizing

missing gaps can provide an opportunity for users to estimate missing data manually or enable

an algorithm to generate heuristically derived synthetic data. Additionally, we contributed

to the understanding of the high trust users have towards collected data and how they often

compare their data with that of other individuals, examine real-time maps, and estimate data

based on their physical sensations to verify this trust further. Based on these findings, our study

suggests that tools enabling synthetic data creation should allow users to observe synthetic data

within the context of plausible and representative behaviors, group and label synthetic data

as specific events, and allow users to manipulate and revise algorithmic estimates based on

13



intuition or preference.

• RQ4: What designs and interactions are effective in supporting user-driven elicitation and

estimation of missing data?

The above study found that participants have varying levels of tolerance for missing data, with

some accepting one or two days of missing data per week while others tolerate only a few

hours per day. Participants expressed tolerance for missing data when it did not interfere with

tracking goals, trends, and specific activities. The study suggests three design approaches for

handling missing data: 1) Manual-input method. Allowing users to fill in missing data manu-

ally for small gaps. 2) Algorithmic method. Using algorithmic mediation to estimate gaps in

data for large data gaps in daily, repeated activities. And 3) even-based method. Using algo-

rithmic mediation and guiding user interfaces to help users refine estimates based on known

conditions and events of the missing data for larger gaps.

To better understand the effectiveness of each approach and the conditions under which users

prefer each method, we conducted an iterative user-centered design study to gather feedback

on the proposed system (MissFit) and its elicitation mechanisms. This study identified four

distinct user groups based on personalities and exercise routines: SW (Structured, Wellness-

oriented), SP (Structured, Performance-oriented), UW (Unstructured, Wellness-oriented), and

UP (Unstructured, Performance-oriented). Individuals from these groups exhibit varying pref-

erences for handling missing data. For instance, participants from groups UW and UP found

remembering specific numerical values or activities challenging but found recalling their daily

routines (i.e., work schedule) more manageable. Based on these findings, we proposed six

design implications for how future Personal Informatics (PI) tools can leverage users’ experi-

ences and routines to guide algorithms in estimating missing data while balancing efficiency

and user experience.

1.4 Existing Approaches

One approach to mediating battery dies during the workout is to improve the battery life of

wearable devices. For example, the Apple Watch uses a low-power display that only refreshes
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when needed, a custom-designed system-in-package that integrates multiple components into a

single chip, and an efficient power management system that automatically adjusts power usage

based on usage patterns. Similarly, the Samsung Galaxy Watch uses a high-capacity battery, a

low-power processor, and a power-saving mode that disables non-essential features when the bat-

tery level drops below a certain threshold. Other wearables, such as the Fitbit Versa and Garmin

Forerunner, also use similar combinations of hardware and software optimizations to improve bat-

tery life.

Many wearables, including Apple Watch, Samsung Galaxy Watch, and Fitbit, allow users to

adjust various settings as another way to improve battery life. Users can adjust the frequency

of data synchronization, the brightness of the screen, and the use of certain features like GPS

tracking. For example, the Apple Watch allows users to adjust the frequency of data fetching, turn

off background app refresh, and enable power-saving mode to conserve battery life. The Samsung

Galaxy Watch allows users to adjust the screen brightness, enable power-saving mode, and turn off

GPS tracking when not needed. Fitbit also allows users to adjust settings such as the frequency of

data synchronization, screen brightness, and GPS tracking to optimize battery life.

Some wearables may send reminders to help users manage their battery life. For example, the

Fitbit app can send notifications when the battery is running low and remind users to charge their

devices. The Apple Watch also has a low-power mode that can be activated when the battery is

running low to help extend its lifespan. Some wearables may also allow users to customize their

notifications or use vibrating alarms to remind them to charge their devices.

The methods mentioned above can help with improving battery life and making it easier for

users to charge their devices. Still, they do not address the issue of people forgetting to wear their

devices, which is the main reason of causing missing data. This can be a challenging problem to

solve, as it is largely dependent on user behavior and habits.

As for the algorithmic perspective, the current approach to mediating missing data depends on

the specific domain and context. In general, there are several common approaches, including:

• Imputation: Fill in the missing data with estimates based on the available data.

• Ignoring missing data: some statistical analyses can simply exclude any observation with miss-

ing data.

• Multiple imputation: generating multiple imputed data sets, where missing values are replaced
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by plausible values that reflect the uncertainty of the imputation process.

• Machine learning-based methods: using machine learning techniques to predict missing values

based on available data.

The approach used depends on the specific research question and the context in which the data is

collected. It is important to choose an appropriate approach to minimize bias and maximize the

validity of the results.

To the best of my knowledge, no PI tools have considered incorporating missing data elicitation

in their systems yet.

1.5 Scope

Goal-driven fitness self-trackers can be divided into two main groups: maintainers and trainees.

Maintainers are individuals who aim to maintain their health and often prioritize activities such

as exercise, a balanced diet, stress management, sleep, and hydration. To track their progress in

these areas, they may use different tools such as fitness trackers, nutrition apps, stress management

apps, sleep trackers, and hydration tracking apps. For example, a person may use a fitness tracker

to monitor their workout times and set a goal to run three times per week. Similarly, they may use

a nutrition app to track their daily food intake and ensure that they are consuming a balanced diet.

On the other hand, trainees are individuals looking to improve their athletic performance and

may have different tracking requirements. They may need to track specific metrics such as distance,

speed, and training intensity. As well as monitor their heart rate variability, recovery time, and

nutrition intake. They may use specialized tracking tools such as GPS running watches, heart rate

monitors, and nutrition-tracking apps to achieve their goals.

Research has shown that the vast majority of people who use self-tracking tools and wear-

ables are more interested in maintaining their health rather than training for specific athletic goals.

According to a study conducted by the Pew Research Center in 2018, 60% of U.S. adults who

track their health and fitness say they do so to maintain their overall health, while 16% say they

track to improve a specific health condition or medical issue. Only 9% of respondents said they

track to train for a particular athletic event or competition [76]. Therefore, in this thesis, we try to
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build systems that interest the maintainers most, as it means that the target user group is likely to

be more interested in maintaining their overall health and well-being than in training for specific

athletic events or competitions.

1.6 Our Solution

To develop a system to help individuals retrieve their missing data, we plan to use a human-in-

the-loop strategy combining automated algorithms and human expertise. This approach involves

developing a system that utilizes multiple mechanisms to elicit missing data.

The first mechanism is an algorithmic approach that utilizes mock-ups of a state-of-the-art

imputation method to infer missing data. This approach involves finding an algorithm that can

analyze the available data and use statistical models to estimate the missing data points, mocking up

the generation of the estimated data with ground truth. The algorithmic approach has the advantage

of being able to work quickly and efficiently.

The second mechanism is an event-based approach that utilizes historical event patterns to

infer missing data. This approach involves analyzing a user’s past events and using them to predict

what activity they might have been doing during the missing data points. For example, if a user

has a regular daily routine, this information can be used to infer what they might have been doing

during the missing data points. This approach has the advantage of being able to utilize context-

specific information to infer missing data.

The third mechanism is a manual input approach that relies on human memory to retrieve

missing data. This approach involves prompting users to manually input their activities during the

missing data points, either through a user interface or through a conversation with a human expert.

This approach has the advantage of being able to retrieve highly accurate information for fairly

recent activities, but it is limited by the time and effort required from the user.

By combining these three mechanisms, we can develop a robust and adaptable system for a

wide range of scenarios. The algorithmic approach can quickly fill in missing data points based

on statistical models, the event-based method can utilize contextual information to make more

accurate predictions, and the manual input approach can provide highly accurate data through
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human expertise. The human-in-the-loop strategy allows for the development of a system that can

fit a wider range of user populations.

This dissertation presents a new web app, MissFit, to help users elicit their missing exercise

activities. A key technical innovation of MissFit is enabling users to get their missing data back

under three scenarios: algorithmic, manual input, and event-based approach. Additionally, the

prototype provides easy and intuitive interfaces that help guide users in getting their missing data

back.

In refining MissFit, we followed an iterative user-centered design process, including surveys

and interviews with current PI tool users. Through this process, we understood the common usage

patterns users utilize within the context of PI tools. What motivations do they have, what informa-

tion have they collected, and how do these tools help them achieve their goals? This understanding

was pivotal in grounding the design of MissFit within the context of how users currently main-

tain fitness. Further, our work produced design implications that refine existing PI tools mediating

missing data.

1.7 Contributions

This dissertation makes the following contribution:

• Identification of the limitations and unique challenges related to missing data in the context

of self-tracking activities. Much of the existing work on missing data has largely focused on

analyzing the overall dataset to obtain complete records. Although these methods can pro-

vide an instantaneous and effective approach to help end-users retrieve their missing data, they

have fundamental limitations. For example, estimated missing data are often biased towards

the dominant population and may not accurately reflect the personal characteristics and be-

havior patterns of end-users. Additionally, human behaviors can be unpredictable, making it

challenging for machine learning algorithms to predict actions based solely on historical data.

Our analysis emphasizes the need for more human-driven mechanisms, assisted by estimation

technologies, to improve the overall experience and trust towards such a system (See Chapter 3

for more detailed discussion).
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• Identification of the human behaviors related to missing data in the context of personal infor-

matics. Existing research works have laid solid foundations for understanding user behaviors

in personal informatics. Our work adds new insights into this field by identifying two distinct

user groups: trainees and maintainers, and three primary usage behaviors: understanding the

past, knowing the present, and predicting the future. Our findings reveal that trainees often use

PI tools to understand the past and predict the future, but maintainers often focus on knowing

the present (see Section 4.2 for more detailed discussion). We also identified four distinct user

groups based on personalities and exercise routines: SW (Structured, Wellness-oriented), SP

(Structured, Performance-oriented), UW (Unstructured, Wellness-oriented), and UP (Unstruc-

tured, Performance-oriented). People from different groups showed different preferences when

estimating missing data (see Section 6.2 for more details).

• Identification of three missing data elicitation mechanisms and implementation of MissFit for

estimating missing data. We derived three elicitation mechanisms to facilitate missing data

from natural behaviors: 1) Algorithmic method: Using estimation models to estimate missing

data based on prior data collected; well-suited for larger data gaps in daily, repetitive activi-

ties, like estimating the number of steps taken during a routine evening walk. 2) Manual input

method: Allows users to input missing data manually, which is ideal for small data gaps that

correspond to specific activities, such as outdoor biking activity; one scenario is people refer

to their friends’ data when the data is missing. 3) Event-based method: Combines algorith-

mic estimation with user inputs to refine estimates based on known conditions of the missing

data. It is useful for people who have regular exercise routines, and the missing data can be

indicated by other activities or sets of activities. For example, estimating the running distance

by considering the calories, neighborhoods, and GPS routes (see Section 4.3). Based on the

findings, we implemented a web app called MissFit, which provides three estimation methods

described above to help estimate missing data. Chapter 5 provides a detailed discussion of the

implementation of MissFit.

• New design insights for supporting different groups in mediating missing data in personal

informatics systems. Building upon all the lessons learned from this research activity, we pro-

posed six design principles on how future PI tools can utilize users’ experiences to guide the

process of estimating missing data: 1) Utilize users’ daily habits to assist in recalling missing
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data. 2) Incorporate users’ daily routines to estimate their data accurately. 3) Prioritize cumu-

lative measurements while offering details of individual discrete activities. 4) Utilize users’

real-time feedback to identify and estimate missing activities. 5) Aid users in understanding

estimation methods by providing a complete and detailed summary of the “source” activities

referenced. 6) Strike a balance between comprehensiveness and ease of use when estimating

missing data. These design implications provide guidelines focusing on different user-centered

design aspects (see Chapter 7 for detailed discussions).
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2.0 Related Work

Personal Informatics (PI) is also known as “living by numbers,” “quantified self,” “self-surveillance,”

“self-tracking,” and “personal analytics.” It is defined as “tools that help people collect personally

relevant information for the purpose of reflection and gaining self-knowledge” [62]. The Quanti-

fied Self (QS) movement played a vital role in popularizing the idea of self-tracking and personal

data collection. Proposed by Gary Wolf and Kevin Kelly in 2007 through Wired magazine [104],

the QS movement has gained popularity since then, encouraging individuals to use technology to

collect data about themselves for self-reflection and improvement.

Even before the formalization of the QS movement, there were early examples of personal

informatics tools. Platforms like Nike+ [102], launched in 2006, allowed runners to track their

activities and performance, laying the foundation for developing more comprehensive PI systems

later. Fitbit Tracker [101], released in 2009, marked a significant milestone in the history of Per-

sonal Informatics by bringing a wearable device to the mainstream. It not only tracked steps but

also various health metrics, providing users with a holistic view of their physical activity and well-

being. The Apple Watch [100], introduced in 2015, is considered one of the most popular and

successful smartwatches in the market. It provides features Fitbit has and beyond, like receiving

notifications for calls, messages, emails, and other app alerts on the watch, believing that a watch

solely dedicated to fitness might not appeal to everyone.

As the use of personal tracking devices increased, researchers and academics delved into the

implications of Personal Informatics. Studies investigated user experiences, motivations, and chal-

lenges associated with self-tracking, leading to a deeper understanding of the field. For example,

Li et.al. [62] and Epstein et.al [41] modeled users’ tracking behavior into different stages (see Sec-

tion 2.1 for further discussions). Rapp et.al. [80, 81] explored challenges and designed solutions

for users without tracking experience. The widespread adoption of smartphones and app ecosys-

tems facilitated the use of health and fitness apps. Platforms like MyFitnessPal, Runkeeper, and

Strava empower users to track various aspects of their health and wellness (see Section 1.1 for

more details).

As PI tools became more prevalent, there was a growing emphasis on design and user expe-
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rience. Researchers and developers started recognizing the importance of creating user-friendly

interfaces and considering the psychological aspects of self-tracking. Personal Informatics be-

came a distinct research area within the broader HCI field. Scholars delved into topics such as data

visualization, behavior change, privacy concerns, and the impact of self-tracking on individuals’

well-being. For example, Choe et.al. [19] how people reflect and gain insights through visual data

exploration. Walsh et.al. [98] and Consolvo et.al. [27] studied how systems can intervene to in-

crease users’ physical activities (see Section 2.4 for more discussions). Missing data was identified

as an important problem that hinders users from incorporating PI tools into their lives and leads

to abandoning the tools (see Section 2.2 for more discussions). In this chapter, we present the

research findings that are related to our work and how our work contributes to the field.

2.1 Human Behaviors in Personal Informatics

Human behaviors in Personal Informatics (PI) refer to how individuals engage with and re-

spond to self-tracking tools, the motivations driving their tracking activities, and the impact of

personal data on their behavior and decision-making. Several studies have been conducted to iden-

tify human behaviors in the context of PI.

The stage-based model in Personal Informatics, proposed by Li et.al. [62], is a conceptual

framework that describes individuals’ progressive phases when engaging with self-tracking and

personal data. This model provides insights into the user experience and behavioral patterns asso-

ciated with the adoption and continued use of PI tools. In the stage-based models, Li et.al. [62]

divided the process of personal informatics into five iterative stages:

• Preparation: This stage involves the initial consideration and preparation for engaging in

self-tracking. Users may express curiosity, interest, or a desire for self-improvement. They

begin to explore available tracking tools and consider incorporating tracking into their lives.

• Collection: In this stage, individuals actively start collecting data about various aspects of

their lives. Users begin tracking specific behaviors, activities, or metrics using devices, apps,

or other tools. The focus is on gathering data that aligns with their goals or interests.
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• Integration: In this stage, the collected information is prepared, combined, and transformed

for users to reflect on. Users begin organizing the data collected from various tools or apps,

with a focus on merging their data into one place.

• Reflection: During this stage, individuals reflect on the collected data to derive insights and

meaning. Users analyze their tracked data to understand patterns, trends, and correlations

better. Reflection may lead to behavioral adjustments or re-evaluation of goals.

• Action: Action involves using the insights gained from reflection to inform decision-making

or goal re-evaluation. Users take proactive steps based on the information derived from their

data. This could involve setting new goals, adjusting routines, or making lifestyle changes.

Epstein et al. [41] proposed the lived-informatics model, which considers the dynamic and

evolving nature of individuals’ lives. This model highlights the need to design Personal Informatics

(PI) systems that can accommodate changes in users’ routines and priorities. In addition to the

stage-based model, the lived-informatics model further identifies a lapsing stage indicative of gaps

in the usage of informatics. This stage is divided into four categories: forgetting, upkeep, skipping,

and suspending, which are caused by various reasons and may or may not be resumed at a later

time.

Both of these models laid a solid foundation for understanding user behaviors in personal

informatics. Other researchers have also made efforts to comprehend the relationships between

user experience and behavioral patterns with technologies. For instance, Swan et al. [94] delved

into the potential of wearable devices and sensor data in shaping personal behavior and decision-

making. Consolvo et al. [27] explored how users integrated self-tracking into their daily lives

and the challenges associated with long-term engagement. Li et al. [63] emphasized the role of

personal data in fostering a deeper understanding of oneself.

Our work contributes to understanding human behaviors in personal informatics by identifying

two distinct user groups: trainees and maintainers (see Section4.2). It also identified three pri-

mary usage behaviors: understanding the past, knowing the present, and predicting the future (see

Section 4.3.1). Different groups showed a distinct emphasis on usage behaviors. For example, the

maintainers care more about knowing their current status, like how many steps they are at and how

far they are from their daily or weekly goals (see Section 4.2.2 for more details), which has brought

new insight into the reflection stage. Our work also found that different groups utilize the PI tools
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differently. For example, the trainees use the data export and data analysis aspect of the PI tools

more often (see Section 4.2.1 for more details), providing new understandings about individuals’

behaviors in the reflection stage.

In addition, we also identified four groups based on personalities and exercise routines: SW

(Structured, Wellness-oriented), SP (Structured, Performance-oriented), UW (Unstructured, Wellness-

oriented), and UP (Unstructured, Performance-oriented). People from different groups showed

different preferences for how to estimate missing data. Group UW and UP were better at recall-

ing their daily routines (i.e., class schedules) to inform the missing data, and group SW and SP

were better at remembering trends or even specific numerical values to estimate the missing data

(see Section 6.2 for more details). Our work collectively advances the understanding of tools and

functionalities individuals in different groups prefer on their goal-tracking journey.

2.2 Missing Data in Personal Informatics

Missing data in Personal Informatics (PI) presented a significant challenge in accurately cap-

turing and reflecting individuals’ activities and behaviors. Users encountered practical obstacles

that affected their ability to collect and reflect upon data using PI tools. The current literature has

identified three main barriers to the data collection stage:

• Precision: the device itself is not precise enough [61]. The result shows a significant difference

when people compare two different devices for the same type of sensory data, and sometimes

the device malfunctions. Sometimes, data rely on the estimation of the user [62] (e.g., how

many calories are in a specific meal).

• Remembering: when it is human-collected [41, 62], recall can affect the data collection. (e.g.,

people sometimes forget to record or do not remember what they did).

• Ubiquity: the device is not around when big moments happen [41, 62], which could be because

the device needs maintenance (e.g., charging) or forgetting to wear. [or doesn’t fit the environ-

ment (can not bring to the swimming pool, examples: functionality, sometimes the capable of

doing something, add some examples)]
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In the reflection stage, challenges arose from the sparsity of data and the difficulty in interpreting

data, leading to difficulties in comprehending summaries, visualizations, and recommendations.

The mentioned obstacles have significantly impacted adherence, interest, and trust in PI [41,

26]. For instance, Choe et al. [20], who investigated the practices of the Quantified-Self movement,

reported that participants valued tools (devices) capable of capturing comprehensive, granular in-

formation about their activities and expressed frustration when the collected data was inaccurate.

Rapp et al. [80] found that missing data could lead users to mistake which activities were cap-

tured. In a study of long-term wearable device use, Thomas et al. [48] described that participants

put extra effort into ensuring they had their tools (devices) with them before workouts, worrying

they wouldn’t receive proper credit for their activities without the devices. The identification of

incomplete data can also impact users’ affect; Epstein et al. noted that participants felt guilty when

a menstrual tracking application’s interface highlighted missing data [40].

The literature consistently highlights the pivotal role of missing data in shaping the value of

Personal Informatics (PI) [20, 80, 48, 26, 40], with some researchers proposing solutions to address

this challenge. For instance, Lazar et al. [61] recommended automating the data collection process

by automatically detecting activities and minimizing maintenance by enhancing battery life.

Our work contributes to a deeper understanding of the conflicts arising between individuals’

expectations and PI tools when encountered with missing data, outlining how these conflicts are

both unique and shared between trainees and maintainers (see Section 4.2.2 for more details). We

discovered that maintainers and trainees exhibit different tolerance levels towards missing data.

While both groups reported frustration when encountering missing data, the magnitude of frustra-

tion differed. Trainees expressed that missing data had a more significant impact on their goals

than on maintainers. Despite this, both groups demonstrated high trust in their tracking data, ac-

knowledging the existence of missing and inaccurate data. We also identified some natural forms

individuals employ to address missing data, such as writing it down, referring to friends’ data,

estimating based on how their body felt, or checking their prior routes.
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2.3 Systems That Support Reflection in Personal Informatics

Systems that support reflection in Personal Informatics (PI) play a crucial role in helping in-

dividuals derive meaningful insights from their collected data. Reflection involves the interpre-

tation, understanding, and learning from personal data to inform decision-making and behavior

change [11].

Researchers have been focused on different aspects of reflection when building their systems.

Some researchers tried to build systems that support reflection-in-action, which provides feedback

during the activity. For example, commercial products like Fitbit and iWatch give real-time feed-

back when people do exercises or engage in activities so that they can monitor their vital signs.

Breakaway [54], UbiFit Garden [27], and BeActive [21] were designed to provide interventions

that encourage people to have a healthier lifestyle. The Ally+ app [71] acts as a chat-based digital

coach to deliver in-the-moment interventions to motivate participants to achieve their step goals.

The mHealth4U [89] aims to discover more targeted health and well-being self-management by

increasing consumers’ continuous engagement.

Some researchers tried to build systems that support reflection-on-action and provide feedback

after the activity ends. For example, Fish’n’Steps [64] was designed to encourage physical activi-

ties by linking a player’s daily step count to the growth of a virtual character, and the UbiFit [25]

tried to achieve the same goal by using positive reinforcement based on past behaviors. The Visu-

alized Self [19] devoted their effort to supporting deeper-level self-reflection through multiple data

streams and visual data exploration using participants’ historical data.

Some researchers tried to build systems to facilitate reflection through visualizations. A spe-

cialized field of “personal visualizations” aims to present personally relevant information that pro-

motes actionable insights and subsequent changes in behavior. For example, Habito [49] focused

on designing visualizations to increase awareness and encourage behavior change in self-trackers.

Many of the systems provided visualizations in the form of dashboards and supported simple inter-

actions to explore the data, employing timeline metaphors to present events chronologically. For

instance, Lifestreams [52] was designed to extract specific behavioral indicators and inferences

from linear, interactive visualizations. Moushhumi et al. [91] visualized time-series data to design

just-in-time adaptive stress management interventions.
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These systems facilitate reviewing and interpreting personal information, fostering self-awareness

and informed decision-making. By providing tools for data visualization, summarization, and anal-

ysis, PI systems empower users to reflect on their behaviors, patterns, and progress. Additionally,

these systems serve as crucial platforms for researchers to study the impact of different techniques

on reflection, contributing to the advancement of how technologies can facilitate reflection.

Our work contributes to this field by implementing a web app called MissFit, which aims

to facilitate reflection by assisting participants in recovering their missing data or activities (see

Chapter 5 for implementation details). MissFit provides three approaches derived from natural

behaviors to mediate missing data or activities:

• Algorithmic: This approach is designed to require minimal effort from users through auto-

mated algorithms.

• Event-based: This approach requires users to input information related to their missing event,

helping the system estimate the missing data.

• Manual input: This approach depends on users’ memory of the missing data.

Collectively, these three approaches address different user requirements and can accommodate

changing behaviors (see Section 6.2 for more details). MissFit facilitates reflection by providing

richer insight through the estimation of missing data or activities. For instance, by differentiating

missing data from no data, MissFit helps users have a more accurate idea of what their day looks

like. The approaches in MissFit also assist participants in recalling what happened to their missing

data, promoting reflection.

2.4 Design Implications for Personal Informatics Systems

The design implications provide guidance for developers and designers to create PI tools that

better meet the needs and expectations of users while addressing challenges inherent in personal

data tracking and reflection.

Researchers have derived design implications for self-tracking tools based on individuals’ ex-

periences. For instance, Choe et al. [20] proposed design implications to address common pitfalls
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for Quantified-Selfers in their tracking experience, such as tracking too many things, not track-

ing triggers and context, and lacking scientific rigor. These implications include providing early

feedback to help identify what to track, supporting self-experimentation through design, maximiz-

ing the benefits of manual tracking, and promoting self-reflection. Epstein et al. [37] put forth

design opportunities to assist self-trackers in identifying meaningful and actionable findings, in-

corporating contextually aware feedback and supporting transitions between phases. Bentley et

al. [12] recognized the need for reminders when new observations became available. All these

works collectively contribute to a deeper understanding of the self-tracker’s needs.

Some researchers have proposed design implications for self-tracking tools with a focus on

visualizations. For instance, Cuttone et al. [30] put forward four heuristics:

1. Make data interpretable at a glance.

2. Enable exploration of patterns in time series data.

3. Enable the discovery of trends in multiple data streams.

4. Turn key metrics into affordances for action, using visualization to facilitate reflection.

These heuristics provided guidelines for the design of systems that can facilitate reflection in self-

tracking personal informatics. Guided by these heuristics, Cuttone et al. [29] deployed their mobile

application to provide personal data on mobility and social interactions through interactive visual-

ization interfaces for educational use. Eun et al. [17] further characterized types of visualization

insights as detail, self-reflection, trend, comparison, correlation, data summary, distribution, and

outlier, bringing new insights into how visualization can help individuals reflect on their tracking

data.

Some researchers have proposed design implications aimed at promoting behavior change. For

instance, Consolvo et al. [26] put forward theory-driven design strategies for persuasive technolo-

gies to assist individuals in changing their everyday behaviors. These implications include:

1. Abstract and Reflective: Utilize data abstraction to display information, encouraging users to

reflect on their behaviors.

2. Unobtrusive: Present and collect data in an unobtrusive manner.

3. Public: Display and collect data that users are comfortable sharing, even if others may be aware

of it.
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4. Aesthetic: Ensure the design is comfortable and attractive, aligning with the user’s personal

style.

5. Positive: Incorporate rewards to encourage desired behavior [48, 68].

6. Controllable: Allow users to edit recorded activities. An example of a mobile display, UbiFit

Garden [27], was developed following these design implications to encourage physical activity.

These design implications provided guidance in shaping the implementation of personal in-

formatics systems that effectively support users in collecting, reflecting on, and making use of

personal data from different aspects. For example, Choe et.al. [20] focused on user-centered de-

sign, Cuttone et.al [30] focused on data visualization, and Consolvo et.al [26] focused on reflection

support.

Our work contributes to this field by proposing six design implications for future Personal

Informatics tools aimed at designing systems to mediate missing data (see Chapter 7 for details).

These implications focus on guiding systems in handling missing data effectively. The implications

are as follows:

1. Utilize users’ daily habits to assist in recalling missing data.

2. Incorporate users’ daily routines to estimate their data accurately.

3. Prioritize cumulative measurements while offering details of individual discrete activities.

4. Utilize users’ real-time feedback to identify and estimate missing activities.

5. Aid users in understanding estimation methods by providing a complete and detailed summary

of the “source” activities referenced.

6. Strike a balance between comprehensiveness and ease of use when estimating missing data.

These implications address various facets of user-centered design. For instance, the first, sec-

ond, and fourth implications leverage user experiences to facilitate the estimation of missing data.

The third and fifth implications focus on addressing users’ emotional needs to establish trust be-

tween the system and users. The sixth implication emphasizes accommodating users’ preferences.

Collectively, these six design implications advance the field by incorporating effective methods for

mediating missing data, offering a more holistic approach to designing Personal Informatics tools

that support a comprehensive understanding of users’ personal data.
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3.0 Analysis of the Algorithmic Approach for Estimating Missing PI Data

To answer the first research question (Section 1.3), we investigated several existing methods

for dealing with missing data, developed our own regression-based model to estimate missing data,

and applied that method to a Fitbit dataset. This dataset can offer insights into the behavior and

habits of Fitbit users, as well as provide a useful testbed for evaluating algorithms and models

designed to analyze and process personal tracking data. Additionally, the dataset was generated

through a distributed survey, which makes it a good source for a diverse range of users, thus, a

valuable resource for studying the use of personal tracking devices across different populations.

The seriousness of missing values in a dataset depends greatly on how much data is missing,

the pattern of the missing data, and the mechanisms of the missingness [56]. Various methods can

handle missing values, including deletion of the missing instance and substitution of the missing

value with approximated values [36, 97, 67], a technique known as imputation. Several imputation

methods have been proposed to handle missing values [36, 97, 67, 50], including mean substitution,

median substitution, last value carried forward, regression, and neural networks. In some cases,

a combination of multiple imputation methods, also known as multiple imputation, is applied to

overcome the weaknesses of traditional imputation techniques. However, it is important to note that

only a suitable solution will result in a robust design and sound analysis of the dataset, especially

since PI tools collect high-dimensional and complex behavioral data. Moreover, such data analysis

depends not only on attribute selection but also on personalized characteristics. Therefore, the

method used to handle missing data is crucial, as improper handling can lead to incorrect insights

drawn from it and give users wrongful information about themselves.

Chapter 3 highlights that missing data in personal informatics (PI) tools can take various forms,

such as inaccurate or completely missing data points. Given that detecting inaccuracies in data

points can be a more challenging task for automatic algorithms without human intervention, our

initial efforts to address missing data in PI tools focused on understanding when and how data got

missing. In this section, our goal was to provide insights into mediating missing data using an

algorithmic approach to detect and estimate missing data automatically. More specifically, what

are the practical and fundamental limitations of fully automatic methods for estimating missing
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data? To achieve this, we combined techniques from existing literature on missing data with the

unique characteristics of PI devices. We developed a lightweight model for estimating missing

data that can be applied to wearable devices, and analyzed the effectiveness and limitations of such

an approach.

3.1 Methods

There are three common approaches to handling missing values: 1) deleting samples with

missing data, 2) ignoring missing values in the analysis, and 3) imputing or filling in the missing

values. Sample deletion involves removing any samples with missing data before training machine

learning models. However, this approach can result in insufficient training data and a loss of

insight into PI systems due to a reduction in the dataset size. Ignoring missing data can lead to

biased and inaccurate conclusions [79]. Data imputation is a technique that replaces missing values

with plausible values in time-series data. This method is preferred in various disciplines, including

biomedical research [95], network analysis [57], education [75], and longitudinal studies [53].

Various techniques have been proposed by researchers to impute missing data using statistical,

machine learning, and neural network methods. Statistical imputation involves using statistical

estimation to replace missing data with known data, such as using mean or median values. Tra-

ditional machine learning-based imputation methods include Maximum Likelihood Expectation

Maximization (EM) imputation [92], K-Nearest Neighbor (KNN) based imputation [90], and Ma-

trix Factorization (MF) [96]. However, most of these methods do not adequately consider the tem-

poral information in time series data. Deep learning methods such as Recurrent Neural Networks

(RNNs) and deep neural networks models like Long Short-Term Memory (LSTM) and Gated Re-

current Units (GRU) have been proposed as alternatives to fill missing values in sequential data.

Additionally, some researchers have extended hybrid architectures of Generative Adversarial Net-

works (GANs) to improve imputation performance. While these methods have shown promise in

predicting missing values or patterns [105] in wearable device data, we argue that they may not be

sufficient for our research goals for the following reasons:

• The imputation methods mentioned may not adequately capture the complex and dynamic
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nature of physical activity data captured by wearable devices, particularly for longitudinal

studies.

• Some methods may not effectively handle missing data that are not missing completely at

random (MCAR), such as intermittent missingness or non-ignorable missingness, which can

be common in behavioral datasets.

• Some deep learning-based approaches may require large amounts of data and computing re-

sources to train, which may not be feasible for small or resource-constrained studies.

• Insufficient amount of training/testing data is a universal fact. Deep neural networks necessitate

large quantities of input data during the training phase, which is not realistic in the case of

personal PI data.

• The behavioral data has a lower density compared to biometric data due to larger gaps and

sporadic behavior in the user’s tracking habit.

This section focuses on investigating regression-based machine learning models for imputing

wearable-sensory time series data, as proposed by [65]. Our approach considers activity patterns,

contextual information, and personal characteristics as covariates. To our knowledge, there are few

existing studies that combine personal characteristics and time series using regression models for

limited wearable data. Our evaluation is conducted on a multi-model sensor time series dataset

from Fitbit.

3.2 Description of Dataset

The Fitbit dataset used in this study was obtained from Kaggle [73], an online community

platform that allows users to find and publish datasets. The dataset includes minute-level output

for physical activity, heart rate, and sleep monitoring from 33 Fitbit users who consented to the

submission of their personal tracker data over a period of 31 days. As shown in Table 3, the dataset

is segmented into several tables with different aspects of the data from the devices, providing lots

of details about the user behavior [59, 7]. However, the heart rate and weight document contain

only a small sample of seven and eight unique users, respectively, so they were not considered in

the analysis.

32



Table 3: The table illustrates the Fitbit dataset.

Document Name Type Description
dailyActivity merged CSV Daily activity over 31 days, including steps, distance, intensities, and calories.
dailyCalories merged CSV Daily calories over 31 days.
dailyIntensities merged CSV Daily intensity over 31 days. Measured in minutes and distance, dividing groups into four cate-

gories: sedentary, lightly active, fairly active, and very active.
dailySteps merged CSV Daily steps over 31 days.
heartrate seconds merged CSV Exact day and time heart rate logs for seven users.
hourlyCalories merged CSV Hourly calories burned over 31 days.
hourlyIntensities merged CSV Hourly total and average intensity over 31 days.
hourlySteps merged CSV Hourly steps over 31 days.
minuteCaloriesNarrow merged CSV Calories burned every minute over 31 days (Every minute in a single row).
minuteCaloriesWide merged CSV Calories burned every minute over 31 days (Every minute in a single column).
minuteIntensitiesNarrow merged CSV Intensity counted by minute over 31 days (Every minute in a single row).
minuteIntensitiesWide merged CSV Intensity counted by minute over 31 days (Every minute in a single column).
minuteMETsNarrow merged CSV Ratio of the energy you are using in physical activity compared to the energy you would use at

rest. Counted in minutes.
minuteSleep merged CSV Log sleep by minute over 31 days. The value column is not specified.
minuteStepsNarrow merged CSV Steps tracked every minute over 31 days (Every minute in a single row).
minuteStepsWide merged CSV Steps tracked every minute over 31 days (Every minute in a single column).
sleepDay merged CSV Daily sleep logs, tracked by: total count of sleep a day, total minutes, total time in bed.
weightLogInfo merged CSV Weight track by day in kg and pounds over 30 days. Including the calculation of BMI for eight

users.

Note: The archive consists of 18 CSV documents. Each CSV document in the Fitbit dataset represents a
different aspect of the quantitative data tracked by the Fitbit device, such as steps, distance, calories burned,
and sleep. Each row in the CSV file represents a single time point for a specific user, and each user has a
unique ID. Since data is tracked by day and time, each user will have multiple rows in each CSV document.
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To gain insights into the usage behaviors of the Fitbit dataset, we started by analyzing high-

level trends. A summary of each variable in the dataset is shown in Table 4, revealing missing data

across all categories. The daily activity category includes steps, distance, calories, and minutes

spent in sedentary, lightly active, fairly active, and very active activity levels. On average, users

take 7638 steps per day, with a median of 7406. The maximum and minimum number of steps

recorded in a day are 36019 and 0, respectively. This suggests the presence of missing data, as it is

unlikely that a user would stay still for an entire day. Users cover an average distance of 5.49 km

per day, with a median of 5.245 km. The mean number of calories burned per day is 2304, with a

median of 2134. The majority of participants are lightly active, spending an average of 991 minutes

or 16 hours in sedentary activities. In the daily intensity category, the dataset includes minutes and

distance for sedentary, lightly active, fairly active, and very active activity levels. Users spend an

average of 991.2 minutes per day in sedentary activities, with a median of 1057.5 minutes. The

mean minutes of lightly active activity per day is 192.8, with a median of 199. Users cover an

average distance of 3.341 km in lightly active activities per day, with a median of 3.365 km. For

fairly active activities, the mean time spent per day is 13.56 minutes, with a median of 6 minutes,

and users cover an average distance of 0.56 km per day, with a median of 0.24 km. The mean

time spent in very active activities per day is 21.16 minutes, with a median of 4 minutes, and users

cover an average distance of 1.53 km per day, with a median of 0.21 km. In the sleep category,

the dataset includes minutes of sleep and the number of awakenings per night. On average, users

spend 419.5 minutes asleep, with a median of 433 minutes. The mean number of times users are

in bed per night is 458.6, with a median of 463.0.

In order to gain a deeper understanding of the dataset, we analyzed the hourly data over a 24-

hour period. We investigated the total average calories consumed, the intensity expended, and the

number of steps taken per hour. Figure 2 illustrates the average total calories consumed per hour. In

the context of Fitbit, calories refer to the amount of energy expended by an individual throughout

the day, including various activities like exercise, daily tasks, and even basic body functions such

as digestion and breathing. Fitbit calculates the total number of calories burned by taking into

account different factors, such as a person’s basal metabolic rate, activity level, and the number of

steps taken. Figure 3 displays the average total intensity expended per hour. Intensity refers to the

level of physical activity or exercise performed by the user. Fitbit devices track different intensity
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Table 4: The table illustrates the overview and summary of the Fitbit dataset.

Category Variables Name Min. 1st Qu. Median Mean 3rd Qu. Max Instances N
Daily-level variables Calories 0.0 1828 2134 2304 2793 4900 940 33

TotalSteps 0.0 3790 7406 7638 10727 36019 940 33
TotalDistance 0.0 2.620 5.245 5.490 7.713 28.030 940 33
SedentaryMinutes 0.0 729.8 1057.5 991.2 1229.5 1440.0 940 33
LightlyActiveMinutes 0.0 127.0 199.0 192.8 264.0 518.0 940 33
FairlyActiveMinutes 0.0 0.0 6.0 13.56 19.0 143.0 940 33
VeryActiveMinutes 0.0 0.0 4.0 21.16 32.00 210.0 940 33
SedentaryActiveDistance 0.0 0.0 0.0 0.001606 0.00 0.11 940 33
LightActiveDistance 0.0 1.945 3.365 3.341 4.782 10.710 940 33
ModeratelyActiveDistance 0.0 0.0 0.24 0.5675 0.80 6.48 940 33
VeryActiveDistance 0.0 0.0 0.210 1.503 2.053 21.920 940 33
LoggedActivitiesDistance 0.0 0.0 0.0 0.1082 0.0 4.9421 940 33
TotalSleepRecords 1.0 1.0 1.0 1.12 1.0 3.0 410 24
TotalMinutesAsleep 58.0 361.0 433.0 419.5 490.0 796.0 410 24
TotalTimeInBed 61.0 403.0 463.0 458.6 526.0 961.0 410 24

Hourly-level variables Calories 42.0 63.0 83.0 97.39 108.0 948.0 22099 33
TotalIntensity 0.0 0.0 3.0 12.04 16.0 180.0 22099 33
AverageIntensity 0.0 0.0 0.05 0.2006 0.2667 3.0 22099 33
StepTotal 0.0 0.0 40.0 320.2 357.0 10554.0 22099 33

Minute-level variables Calories 0.0 0.9357 1.2176 1.6231 1.4327 19.7499 1325580 33
Intensity 0.0 0.0 0.0 0.2006 0.0 3.0 1325580 33
METs 0.0 10.0 10.0 14.69 11.00 157.0 1325580 33
Sleep value 1.0 1.0 1.0 1.096 1.0 3.0 187978 24
Steps 0.0 10.0 0.0 5.336 0.0 220.0 1325580 33

Note: The dataset is organized into three categories of aggregated data: daily level, hourly level, and minute
level variable. For each numerical variable, we have listed the variable name, minimum value, 1st quartile,
median, mean, 3rd quartile, maximum value, number of instances, and number of unique users. This table
was adopted from [15, 7, 59].
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levels, such as sedentary, lightly active, fairly active, and very active, based on the number of steps

taken, distance covered, and the duration of activity. By using these intensity levels, users can gain

insights into how much physical activity they engage in throughout the day, and make informed

decisions about their fitness goals and lifestyle. Figure 4 indicates the average total steps per hour.

Steps represent the number of steps taken by the user while wearing their Fitbit device. Fitbit uses

accelerometers to monitor the movement of the user’s wrist, and this data is then used to estimate

the number of steps taken. The overall trend observed in Figure 2, 3, and 4 reflects the consistent

behavior of humans where they tend to be more active during the daytime and less active during

the night time. Furthermore, the trends observed in these figures are consistent with each other,

which further confirms the accuracy of the dataset.

To gain a deeper understanding of the distribution of the user type, we classified users into

different activity levels – sedentary, low active, somewhat active, active, and highly active – based

on the classification scheme proposed in [10]. These categories were determined by the average

number of daily steps taken by each user. Specifically, the sedentary group includes users who take

less than 5,000 steps per day, the lightly active group includes users who take between 5,000 and

7,499 steps per day, the somewhat active group includes users who take between 7,500 and 9,999

steps per day, the fairly active group includes users who take between 10,000 and 12,499 steps

per day, and the highly active group includes users who take more than 12,500 steps per day. As

shown in Figure 5, in this dataset, 24.2% of users are sedentary, 27.3% are lightly active, 27.3%

are somewhat active, 15.2% are fairly active, and 6.1% are highly active.

3.3 General Observations of Dataset

To better understand the distribution of each variable, we conducted a detailed analysis of each

variable. Table 5 summarizes this analysis, which involved identifying and removing missing data

for each variable, recalculating key statistics (minimum, 1st quartile, median, mean, 3rd quartile,

maximum), and also counting the number of instances, the percentage of missing data, and the

number of unique users. Our analysis revealed several limitations in identifying missing data in

such behavioral datasets, as well as some trends that are common to these types of datasets. For
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Figure 2: Average total calories consumed.

Note: This figure is adapted from [15], illustrating the average total calories consumed per hour

during a 24-hour window.
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Figure 3: Average total intensity expended.

Note: This figure, which illustrates the average total intensity expended every hour during a 24-

hour window, is adopted from [15].
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Figure 4: Average total steps taken.

Note: The figure depicting the average total steps taken in each hour during a 24-hour window is

adapted from [15].
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Figure 5: User type distribution.

Note: The presented figure illustrates the distribution of user types based on their steps taken,

which is adapted from [59].
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instance, with the variable “calories,” we know that Fitbit or other smartwatches calculate this vari-

able by tracking energy burns every minute, hour, or day. Therefore, if the value equals zero, we

can confidently say that there is missing data. However, for variables such as “steps” and “dis-

tance,” it is harder to determine missing data since it is possible for someone to be sedentary or

stationary for a period of time, such as sitting for an hour without taking any steps. For exam-

ple, Table 5 shows a high percentage of missing data for “SedentaryActiveDistance,” “Intensigy,”

and “Steps.” As a result, missing data in these behavior datasets can be more complex, and the

missingness can be hard to classify, which can affect subsequent analyses.

3.4 Methods

3.4.1 Notation

Based on the definitions provided by Wu et al. [105] and Lin et al. [65] for time series data,

the data gathered from wearables are specific to each user. Therefore, we use the notation U =

u1, ..., ui, ..., uI to represent the participants in the dataset, where I is the number of participants.

The collection dates are described as a vector ti = t1
i , ..., t

j
i , ..., t

Ji
i in chronological order, where t j

i

denotes the date collected from participant ui on the j-th day, and Ji is the total number of days

collected. The time series recorded on t j
i is denoted by x j

i = x( j,1)
i , ..., x

( j,τ)
i , ..., x

( j,T )
i (x j

i ∈ R
T ). Each

measurement x( j,k)
i is associated with a timestamp.

3.4.2 Temporal Properties (TP)

Each instance collected in a wearable sensory device, such as Fitbit, is associated with a times-

tamp that allows us to order them chronologically and generate sequential properties such as trends

and frequencies. Sequential properties of user i are defined as follows:

T Pi = (x j,T
i − x( j,T−1)

i ), ..., (x j,T−k
i − x( j,T−k−1)

i ), ..., (x j,T−σ
i − x( j,T−σ−1)

i )

Where σ denotes the time gap used to calculate the difference between two consecutive days.

41



Table 5: Overview and summary of the Fitbit dataset after removing missing data (0 values).

Category Variables Name Min. 1st Qu. Median Mean 3rd Qu. Max Instances Missing N
Daily-level variables Calories 52 1834 2144 2313 2794 4900 936 0.43% 33

TotalSteps 4 4923 8053 8319 11092 36019 863 8.19% 33
TotalDistance 0.01 3.37 5.59 5.99 7.91 28.03 862 8.30% 33
SedentaryMinutes 2.0 730.0 1058.0 992.3 1230.0 1440.0 939 0.11% 33
LightlyActiveMinutes 1.0 148.0 209.5 211.7 272.0 518.0 856 8.90% 33
FairlyActiveMinutes 1.0 8.0 16.0 22.9 30.0 143.0 556 40.86% 33
VeryActiveMinutes 1.0 10.0 27.0 37.5 55.00 210.0 531 43.51% 33
SedentaryActiveDistance 0.01 0.01 0.01 0.02 0.02 0.11 82 91.28% 33
LightActiveDistance 0.01 2.37 3.59 3.67 4.91 10.71 855 9.04% 33
ModeratelyActiveDistance 0.01 0.34 0.66 0.96 1.20 6.48 554 41.06% 33
VeryActiveDistance 0.02 0.60 1.76 2.68 3.53 21.92 527 43.94% 33
LoggedActivitiesDistance 1.96 2.09 2.25 3.18 4.86 4.94 32 96.60% 33
TotalSleepRecords 1.0 1.0 1.0 1.12 1.0 3.0 410 0.00% 24
TotalMinutesAsleep 58.0 361.0 433.0 419.5 490.0 796.0 410 0.00% 24
TotalTimeInBed 61.0 403.0 463.0 458.6 526.0 961.0 410 0.00% 24

Hourly-level variables Calories 42.0 63.0 83.0 97.39 108.0 948.0 22099 0.00% 33
TotalIntensity 1.0 6.0 13.0 20.46 25.0 180.0 13002 41.16% 33
AverageIntensity 0.02 0.1 0.21 0.34 0.41 3.0 13002 41.16% 33
StepTotal 1.0 103.0 287.0 552.7 643.0 10554.0 12802 42.07% 33

Minute-level variables Calories 0.70 0.94 1.22 1.62 1.43 19.75 1325573 0.00% 33
Intensity 1.0 1.0 1.0 1.25 1.0 3.0 213478 83.90% 33
METs 6.0 10.0 10.0 14.69 11.00 157.0 1325573 0.00% 33
Sleep value 1.0 1.0 1.0 1.10 1.0 3.0 187978 0.00% 24
Steps 1.0 11.0 230.0 35.38 48.0 220.0 199910 84.92% 33

Note: The dataset is organized into three categories of aggregated data: daily level, hourly level, and minute
level variable. For each numerical variable, we have listed the variable name, minimum value, 1st quartile,
median, mean, 3rd quartile, maximum value, number of instances, percentage of missing data, and number
of unique users.
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3.4.3 Contextual Information (CI)

We also integrate the previous instance collected for the same participant in our model to

leverage contextual information surrounding missing intervals. Assuming that the available data

set from earlier dates for the target missing instance may include additional features to aid in

imputing the missing part, we define the contextual information for user i as follows:

CIi = (x( j,T−1)
i ), ..., (x( j,T−k−1)

i ), ..., (x( j,T−σ−1)
i ).

3.4.4 Linear & Polynomial Regression (LiR)

We applied ordinary least squares (OLS) regression analysis to develop linear models for im-

puting missing values in the Fitbit dataset, using the temporal and contextual properties as predic-

tors. OLS regression analysis is a statistical technique used to determine the relationship between

a dependent variable and one or more independent variables. OLS aims to identify the line (or

hyperplane in higher dimensions) that minimizes the sum of the squared differences between the

predicted and actual values. The resulting string is then used to make predictions or estimate val-

ues of the dependent variable based on the independent variable values. OLS is widely used in

machine learning and statistical analysis.

3.4.5 Logistic Regression (LoR)

Our motivation for implementing this model was based on its ability to handle dense and sparse

input data. In addition, the regression model we used incorporates L2 regularization, also known as

Ridge Regression, a standard machine-learning technique to prevent overfitting. L2 regularization

involves adding a penalty term to the cost function during training that discourages the model

from relying too much on any one feature, effectively shrinking the coefficients toward zero. The

penalty term is proportional to the squared magnitude of the coefficients, hence the name L2 (since

it involves the L2 norm of the coefficients).

In our model, the loss function is the least-squares error (LSE), commonly used in regression

analysis to measure the difference between predicted and actual values. In linear regression, the

goal is to find a line that best fits the data by minimizing the sum of the squared differences be-
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tween the predicted values and the actual values. The LSE is the sum of the squared differences

between the predicted and actual values divided by the number of data points. By incorporating

L2 regularization and using the LSE loss function, our model can effectively handle overfitting and

produce accurate predictions for missing data.

Loss = LS E(yi, ŷi) + λ
N∑

i=1

w2
i (1)

Where yi is the actual value, ŷi is the predicted value, and n is the number of data points. The

LSE is commonly used as a loss function because it is easy to compute, differentiable, and has

desirable mathematical properties that make it a good fit for linear regression.

This model tries to minimize the error between the actual y and the predicted ŷ by adding the

regularisation term as an optimization during the process. The L2 regularization is proportional to

the square of the L2 norm of the model’s weights and added to the optimized loss function. By

adding this term, the model is penalized for using large weights and is encouraged to use smaller

weights instead, which can help to prevent overfitting and improve the generalization performance

of the model. The optimal weights are found by minimizing the sum of the loss function and the

regularization term, typically done using an optimization algorithm such as gradient descent.

3.4.6 Decision Tree (DT)

The decision tree model builds the estimation model as a tree structure. It first decomposes an

extensive dataset into smaller and smaller subsets while, at the same time, an associated decision

tree is developed incrementally. After the training, a tree with the decision and leaf nodes will

be formed. A decision node has two or more branches, each representing values for the attribute

tested. The leaf node represents an estimation of the numerical target—the topmost decision node

in a tree corresponding to the root node’s best predictor. Decision trees can handle both categorical

and numerical data. We used the mean squared error (RMSE) as a feature selection criterion for

the supported standards; we used the average of each terminal node’s value to minimize the L2

loss and applied different variances for turning the tree.
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3.4.7 Random Forest (RF)

A random forest estimator is a machine learning algorithm that uses an ensemble of multiple

decision trees trained on different sub-samples of the dataset. Each tree in the random forest is

trained perfectly on its sample data. In regression problems, the output is obtained by averaging

the results of all the trees, which improves the predictive accuracy and helps to control overfitting.

Random forest is based on Bootstrap and Aggregation (or bagging), which involves generating

multiple bootstrap samples of the original data and training decision trees on each piece. The ag-

gregated result from all the trees in the forest is then used as the final output. The random forest

can be used for both regression and classification problems. It is a popular machine-learning al-

gorithm due to its high accuracy and ability to handle large datasets with high-dimensional features.

We implemented regression models and used the extracted T P and CI properties as predic-

tors to calculate the missing values. We followed a two-stage procedure to select the appropriate

model for our study. In the first stage, we used the original dataset with missing values deleted,

resulting in a complete-case dataset denoted as X′i . In the second stage, we incorporated the T P

and CI properties extracted from the original dataset and characterized the resulting dataset as

X
′′

i = X
′

i × T Pi × CIi. We referred to these datasets as FD and FDTP, respectively. Finally, we

constructed regression-based prediction models on both datasets using OLS regression analysis or

Ordinary Least Squares regression analysis. It is a statistical technique to estimate the relationship

between a dependent variable and one or more independent variables. OLS aims to find the line (or

hyperplane in higher dimensions) that minimizes the sum of the squared differences between the

predicted and actual values. The resulting string is then used to make predictions or estimate the

dependent variable’s values based on the independent variables’ values. We denoted the prediction

models as ∗ FD and ∗ FDTP, where ∗ can be replaced with LiR, LoR, DT, and RF.
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Table 6: The table presented provides descriptions for each model we implemented.

Models Description

Regression Models

LiR OLS-based linear regression model

LoR Ridge Regression model

DTi Decision tree models, i stands for different tuning strategies

RFi Random Forest models, i stands for different tuning strategies

Data Properties

FD Temporal closeness instance + contextual information

FDDT FD + daily trend sequence

3.5 Experimental Results

In this section, we performed comprehensive experiments aimed at addressing the following

research questions:

• RQ1: To what extent does the proposed method accurately estimate our missing data?

• RQ2: How does the inclusion of TP and CI as predictors compare to a model without TP and

CI?

• RQ3: How do different tuning policies impact model performance?

• RQ4: Which model is best suited for visualizing the missing data, which is utilized in the

subsequent stages of our research?

3.5.1 Experiment setting

In our evaluation, we conducted experiments on the Fitbit data discussed in Section 3.2. The

dataset was divided into two subsets: an 80% training set and a 20% test set. We assessed the

dataset using four models, namely LiR, LoR, DT, and RF, as detailed in Table 6.
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3.5.2 Evaluation protocol

We employed the following metrics to evaluate the performance of the effort prediction model.

First, the overall fitness of the model was assessed by calculating the Adjusted R2. Adjusted R-

squared penalizes excessive use of variables unrelated to the dependent variable, and it is useful

when comparing the performance of models with different numbers of predictors. It is calculated

as follows:

R2
ad j = 1 − [

(1 − R2)(n − 1)
n − k − 1

] (2)

Where R2 is the standard R-squared value, n is the sample size, and k is the number of independent

variables in the model. The adjusted R-squared value ranges from 0 to 1, with higher values

indicating a better fit of the model to the data.

The Root Mean Square Error (RMSE) is a standard metric used to evaluate the accuracy of a

regression model. It measures the difference between the predicted and actual values in a dataset.

The RMSE is calculated by taking the square root of the average of the squared differences between

the predicted values and actual values. The formula for RMSE is:

RMS E =

√
1
z

∑
i

(vi − v̂i)2 (3)

Here, v̂ and v denote the predicted and actual values, respectively, and z represents the total number

of predicted values.

3.5.3 Performance

In our experiments, we assessed the performance of various methods under different configu-

rations of trend sequence and contextual information using the Fitbit dataset to predict TotalSteps.

The results from Table 7 yielded several key observations:

i. The LiR model consistently outperforms all other methods across various conditions. For

instance, LiR demonstrates improvements in RMSE scores ranging from 11.6% to 90.7% for tem-

poral closeness instances, from 19.3% to 93.2% for temporal closeness and trend sequence, and

from 11.7% to 90.4% for temporal closeness and contextual information.
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Table 7: The table presented reports the RMS E and adjusted R2 for each model.

Models RMSE Adjusted R2

LiRFD 69.68 0.969

LoRFD 753.98 0.620

DTFD 102.18 0.935

RFFD 79.21 0.961

LiRFDDT1
66.27 0.972

LoRFDDT1
983.27 -1.675

DTFDDT1
126.39 0.900

RFFDDT1
82.13 0.957

LiRFDDT2
75.52 0.965

LoRFDDT2
790.93 0.91

DTFDDT2
109.83 0.924

RFFDDT2
85.58 0.958
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ii. Among all the compared methods, the model that consistently outperforms the others is

LiRFDDT1
, which applies temporal closeness and daily trend sequence to the Fitbit dataset.

iii. The linear model consistently delivers superior performance across all conditions, while the

logistic model consistently performs the worst. This suggests that variations of logistic models can

be excluded from future analyses, and the linear model is the most suitable choice for subsequent

research. This answers our research question RQ1 that the proposed method can estimate the

missing data with a good confidence

In addition, we also conducted experiments involving different training and testing sets while

maintaining a fixed gap size for calculating additional data properties. The gap size used in this

experiment was based on the daily intervals used in the Fitbit and other wearable applications. The

result (shown in Table 7) indicates that the Lir model consistently outperforms other compared

methods across various gap sizes. Notably, the smaller the time gap used when generating trend

sequences (e.g., FDDT1 at 24 hours or FDDT1) at 48 hours), the better the performance of the LiR

and RF models. However, this trend does not hold for the LoR and DT models.

We also conducted experiments to explore the impact of different parameters, specifically the

depth of the decision tree. All other parameters were kept at their default settings. Fig. 6 displays

the RMSE of the tuning parameter while controlling for others. The result indicates that the tuning

strategy has a relatively low influence on the performance of the DT model for our dataset. This

answers our research question RQ3.

To answer RQ4, which model is best suited for visualizing the missing data, we assessed the

Goodness-of-Fit by reporting the adjusted R2 value for each model. The result revealed that the

adjusted R2 values are fairly similar across the models. Thus, theoretically, any of these three

models can be used for future research. However, the LoR model, with a close to zero R2 value,

should be excluded from consideration.

3.6 Discussion

Throughout the process of developing and testing models for automatic missing data estima-

tion, we encountered significant limitations in relying solely on an algorithmic approach. Identi-
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Figure 6: Effects of the tuning strategy.

Note: The figure presented illustrates the effects of the tuning strategy on the DT model in the

algorithmic approach exploration.

fying missing data posed several challenges. Firstly, as outlined in Table 2, individuals use their

wearable devices for a range of activities, including walking, running, biking, and hiking. These

activities are often sporadic and varied, making it difficult for an algorithm to distinguish missing

activities without confirmation from the user.

Furthermore, even in cases of daily step counts, which might seem straightforward to identify

when data is missing, there is a notable issue. Typically, a user is expected to move during the

day, ensuring that there are no days with zero daily steps. While algorithmic estimation can be

employed for such data and yield high accuracy, it introduces another complication: the time gap.

Estimating daily step counts may be accurate, but determining whether the hourly step data is

missing or if the user is simply in a sedentary state can be challenging.

These limitations highlight the need to transition from an algorithmic approach to a human-

in-the-loop approach. This shift allows us to harness the strengths of automated processes while

benefiting from human judgment, common sense, and contextual understanding. It is evident that

automated systems alone may not effectively address the challenges of identifying and estimating
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missing data, and human expertise is essential to ensure the quality and reliability of the estimation

process.
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4.0 Towards Understanding Barriers: Missing Data in Personal Informatics Systems

As discussed in Section 3, the purely algorithmic approach to handling missing data has found

it challenging to identify individual differences using general models. These limitations have

prompted us to adopt a human-in-the-loop approach to address the challenges posed by miss-

ing data in self-tracking. In this section, we have undertaken semi-structured interviews to gain

insights into the specific requirements of individuals who utilize wearable devices for tracking

purposes.

4.1 Method

4.1.1 Research Design

This study aimed to explore the influence of missing data on the usage, utility, and associ-

ated behaviors of Personal Informatics (PI) tools. It focused on addressing the following research

questions:

• What are users’ expectations regarding the consistency and completeness of PI data?

• How does the presence of missing PI data affect these expectations?

• How can the design of PI tools be enhanced to assist users in recognizing and addressing

missing data within their tracking activities?

To address our research inquiries, we conducted semi-structured interviews. Eligible partic-

ipants were required to possess or have regular access to Personal Informatics (PI) systems, like

Fitbit, iWatch, Garmin, Strava, etc., for a minimum of three months. They should also have en-

gaged with their systems’ dashboards and reports for self-reflection at least once a month. Our

study involved twenty individuals. Additionally, we administered a concise survey using a Likert

scale to gather demographic details and assess users’ perceptions of the impact of missing data on

their PI objectives and their overall attitude toward incomplete PI data.
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4.1.2 Participants

We initiated our recruitment process by sending recruitment emails to private training groups,

including Panther Cycling Club and Club Triathlon of Pittsburgh. Additionally, we distributed

the recruitment questionnaire through the crowdsourcing website Prolific to identify individuals

who regularly use Personal Informatics (PI) tools. A total of 314 individuals responded to the

questionnaire. We then applied the following inclusion criteria: 1) had been using PI tools for

over three months, 2) engaged in data reflection at least once a month, and 3) collected data to

achieve specific goals. We randomly selected participants from the three recruitment sources. As

a result, our study included 20 participants (11 female, 9 male) ranging in age from 19 to 56 years,

with a mean age of 32.875 and a standard deviation of 9.34. All participants resided in the United

States. The number of participants was determined based on Qualitative Research and Saturation

Criteria [87], and we concluded the surveys when no new information emerged in subsequent

interviews. As indicated in Table 8, all participants possessed substantial experience with tracking.

4.1.3 Procedure

The design of this study received approval from our University’s institutional review board

(IRB). Individuals who completed the pre-screening Qualtrics survey were subsequently contacted

via email to arrange virtual interviews, which lasted up to an hour. Notably, this research was car-

ried out during the COVID-19 pandemic, necessitating the use of Zoom for conducting interviews.

The interviews were recorded for analysis. During the interviews, participants were initially pro-

vided with a comprehensive explanation of the study and requested to give their informed consent.

Subsequently, participants were asked a series of questions to elucidate the Personal Informatics

(PI) tools they employed, their underlying motivations, and their usage patterns. They were also

requested to demonstrate how they engaged in data reflection and how instances of missing data

occurred and impacted this process. Participants were then prompted to express their attitudes

toward missing data through descriptive sentences and a 5-point Likert scale. To conclude, partic-

ipants were invited to provide suggestions for mitigating the effects of missing data. The sequence

of the user study is shown in Figure 7. We compensated participants with a payment of $15 for

their valuable contributions to the study.
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Figure 7: Flowchart that depicts the sequence of the interview study.
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4.1.4 Data Preparation and Analysis

The audio files from the interview were imported and machine transcribed using the cloud-

based platform Atlas.ti. Subsequently, two researchers, both of whom are authors of this paper,

conducted open coding to discern prevalent themes and patterns in the participants’ responses.

They further explored connections among these codes in a process known as axial coding, as

described by Scott ([88]). Following this, the first researcher and a third researcher, who is not

an author of this paper, individually examined and coded 10% of the transcripts, utilizing the

previously identified themes. Their initial level of agreement (inter-rater reliability), expressed as

a percentage, was 0.769, which surpassed the expected chance agreement of 0.56, as proposed by

Krippendorff ([45], p. 224-226). The first and third researchers engaged in discussions to address

any discrepancies and update the existing codebook. Subsequently, the first researcher and a fourth

researcher who is not affiliated with this paper completed the coding of the remaining transcripts.

The inter-rater reliability, assessed using Krippendorff’s alpha, was determined to be 0.73, with an

agreement level of 0.99.

4.2 Results

Our study found notable user behaviors and perceptions in contexts where personal informatics

tools have missing data. These findings revolve around the challenges associated with data capture

and goal tracking, leading to the identification of two distinct user categories: trainees and main-

tainers. Trainees are individuals with specific, often involving professional athletic training who

utilize data for informed decision-making aimed at enhancing performance-related metrics (e.g.,

cardiac efficiency or interval times). In contrast, maintainers have more general health improve-

ment and maintenance objectives and employ data to monitor milestones such as daily step counts

and active exercise hours. Given these markedly different goals, we present our results to provide

insights from the perspective of both user classes.

55



Table 8: Participants’ demographics, tracking background, and frequency of reflection

PID Age
range

Gender Occupation Wearables Duration Category Main motive of use Frequency and types of reflection

P1 32-43 Male Cycling
coach

Garmin
watch

13 years Trainees Training performance,
analysis for cycling data,
balance training load.

Reflect on physiological data after biking,
deeper analysis on the weekend to check per-
formance, modify training load, and analyze
performance per season and year.

P2 19-31 Female Service Apple watch 7 years Maintainers Maintain heart rate,
maintaining weight, be
active.

Check data after workouts, check meal data
daily on the app for nutrition and reflect on
weekends for meal summary.

P3 32-43 Male Teacher Garmin
Phoenix five

13 years Trainees Replicate best performance
for the race, inform training
schedule

Reflect on data after running, reflect on weekly
data to analyze and identify best performance
based on road conditions, pace, and duration.

P4 32-43 Male Software
engineer

Kronos watch 1 year Maintainers Maintaining weight,
improve health

Check to see if hit daily targets, check weekly
data to see trends.

P5 44-56 Female Unemployee VeryFit watch 2 years Maintainers Maintaining health, losing
weight

Reflect on weekly data and daily data to see if
hit targets.

P6 19-31 Female Desk job Apple watch > 6
years

Maintainers Tracking activities,
checking calories burned.

Multiple times a day to see if they hit daily
targets, reflect three times a month to see sum-
maries reflect, weekly to see if they hit weekly
targets.

P7 19-31 Male Student Suunto watch 3 years Trainees Tracking and analyzing
cycling data, log exercises.

Multiple times a day, reflect after cycling for
performance

P8 19-31 Female Student Garmin
watch

2 years
six mo

Maintainers Tracking activities, hit
exercise target.

Check during workouts, reflect at least once a
day to see if hit targets.

P9 32-43 Female Unemployee Fitbit > 10
years

Maintainers Tracking activities, log
workouts.

Check data after workouts, check weekly to
see exercise types and duration.

P10 44-56 Male Learning
Consultant

Garmin
watch

5 years Trainees Maintain certain pace
during marathon

Reflect after running for pace, heart rate and
road condition

P11 19-31 Female Desk job Garmin
watch

5 years Trainees Training to advance
calisthenics

Reflect three times a week for how many times
reached the goal

P12 32-43 Female Desk Job Fitbit 5 years Maintainers Tracking exercises,
maintaining weight, being
active

Check multiple times a day during exercise, re-
flect once a day to see if hit targets.

P13 19-31 Female Unemployee Fitbit 1 year Maintainers Tracking activities, be
active

Checking data multiple times a day and during
exercise, reflect daily to see if hit targets.

P14 19-31 Female Student Apple Watch,
Whoop band

4 years Trainees Training for Brazilian
Jiu-Jitsu competition,
improve performance

Reflect daily to check recovery score, inform
the types of training the body is ready for
the day, reflect weekly and monthly to check
trends/patterns of the week&month.

P15 19-31 Female Student Apple Watch 2.5
years

Maintainers Tracking exercises, losing
weight

Reflect daily to check if hit targets, check dur-
ing exercise to see progress.

P16 19-31 Female Teacher Apple Watch 2 years Trainees Training for weight lifting,
building muscles

Checking after training for performance: dura-
tion, weight; reflect to inform training load

P17 32-43 Male Pilot Whoop band 1.5
years

Trainees Training for hike Mount
Rainier

Reflect after hiking for speed, heart rate, and
altitude of the mountain.

P18 44-56 Male Maintenance
technician

Garmin
Vivoactive
Three

8 years Trainees Training for running Checking data for time and heart rate during
training. Balance training load. Reflect after
running for hill work, pace, distance, eleva-
tion, and duration.

P19 32-43 Male Teacher Misfit Vapor
X

4 years Trainees Training for cycling,
making sure to hit
endurance targets

Reflect weekly to inform training in the fol-
lowing week, reflect after cycling to check for
performance

P20 19-31 Male Wine tast-
ing host

Apple Watch > 1 year Maintainers Tracking workout, stay
active

Checking data multiple times per day for
progress, reflect weekly for summaries
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4.2.1 Usage of the PI Tools

To provide context, we begin by describing how trainees and maintainers incorporated PI tools

into their daily routines. The 20 participants interviewed made use of a wide range of PI tools.

Table 9 summarizes these tools, separating them between the two classes of users. We conducted

an analysis of each tool, evaluating their functionality across four dimensions:

• Data export: The ability to utilize data collected by the tool in other applications.

• Data visualization: The provision of visual representations of activity and progress toward

predefined goals.

• Data analysis: The capability to identify performance trends and adjust future objectives.

• Social features: The inclusion of options for sharing physical activities or achievements on

social media.

The analysis of feature presence involved considering participants’ explicit descriptions of

use, as well as our evaluation of manufacturer marketing materials and technical manuals. For

application-based tools, we also conducted independent installations and explorations. The results

of this analysis are reported in the last four columns of Table 9. In the table, a circle indicates that

we found the feature dimension to be present in the tool, while a dash indicates that, if assessed, the

feature was not present. A solid shading in the table signifies that at least one participant reported

using the feature. An empty circle suggests that the feature was present in the tool but was not

used by any participants in the interviews.

This analysis revealed several intriguing patterns. One of the most prominent findings is that

many of the same tools were utilized in distinct ways by different classes of users. In particular,

trainees showed a strong preference for using data export and data analysis functionalities over

built-in (or even non-present) data visualization features. Conversely, maintainers displayed a

different usage pattern, favoring visualization features. The sentiments and motivations behind

these contrasting behaviors were captured during the interviews.

Trainees often expressed specific expectations and needs for data capture and analysis. For

example, P3, a trainees, mentioned the importance of collecting a specific data pattern: “I had a

foot pod, which would measure my cadence when I was running.” Similarly, P1, also a trainees,

believed that “[Golden Cheetah] is a much more powerful tool to analyze performance” compared

57



Table 9: PI wearables/applications used by participants.

Category PI tools used Usage of the PI tools
Data export Data visualization Data analysis Social features

Trainees

Apple Watch
Bike Computers — —
Couch to 5k (app) — — —
Garmin Fenix Watch
Garmin Vivoactive Watch
Garmin Watch
Golden Cheetah (app) — —
Google Fit —
GPS Foot Pedals — — —
Pedometer — — —
Power Meter — — —
Strava (app)
Suunto Watch
Whoop Band

Maintainers

Apple Health (app)
Apple Watch
Fitbit Watch
Garmin Connect
Garmin Vivoactive Watch
Kronos Watch
Lose It (app) —
My Fitness Pal (app)
My Maintainers Pal (app)
Veryfit Watch —
Virgin Pulse (app) —

Note: “ ” means feature was being used by at least one participant, “ ” means features was not being used
by participants who reported using the wearables/applications, “—” means device does not have such a
feature.
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to other analysis tools. In contrast, maintainers P15 pointed out that the Apple Watch’s three rings,

representing exercise progress, were crucial for tracking their daily achievements.

The analysis also found that participants actively used various personal informatics tools, se-

lecting specific tools for different data collection and goal-tracking needs. For instance, P2 men-

tioned using the smartphone application Lose It for weight management, My Fitness Pal for nutri-

tion, and Apple Watch for activity tracking, showcasing the diversity of tools even when there was

feature overlap. P3, for instance, solely used his smartwatch for data collection, although it had

visualization features. He preferred to export the collected data to another online analysis tool for

data analysis and visualization, as he believed it provided more valuable insights into his running

activities.

The interviews also delved into the lifecycle of personal informatics tools. As expected, tools

were most commonly discontinued when users acquired new, more capable tools, such as upgrad-

ing to the latest fitness watch. Many users considered the value of a tool’s data in connection with

its ease of use when deciding to discontinue its use. For example, P4 noted, “I just find [the chest

strap heart rate monitor] to be a little bit too cumbersome, so I stick to an accurate enough sensor

on my watch.” Usability issues and insufficient battery performance were also common reasons

for discontinuation, aligning our findings with Lazar et al.’s report on adoption and abandonment

behaviors. Resulting in missing data in their records.

All participants in our study reported that personal informatics tools had a positive impact

on their goals. Many, like P12, felt that the tools made them more accountable, noting, “I’d be

lost without [the Fitbit], I wouldn’t have any idea of [goal progress].” Participants P6 and P20

valued alerts about not meeting daily and weekly targets, as these alerts triggered self-reflection on

their decisions and behaviors. Similarly, P5, P9, and P12 all expressed satisfaction in seeing their

workout results quantified, emphasizing the value of knowing their numerical caloric achievements

while performing various activities. Indicating the importance of having complete data in achieving

their goals.
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Table 10: Reflective behaviors discovered in the semi-structured interview study.

Category Motive of use Data Usage (goal) Frequency of use Features used
Collection Reflection

Trainees Cycling Training power Upon
training

Daily,
upon
training,
weekly,
monthly

Identify important moments;
Training stress balance;
Chronic training load;
Elevation gain; Speed;
Power; Heart rate zones;
Cadence; Pace; Training
intervals; Identify min/max
value for each feature;
Recovery score.

Marathon Training strength
Martial arts Training sprint
Coach others Analyze performance
Weight lifting Balance training load
Cycling tournament Inform training plan
Running tournament Optimize performance

Improve performance
Maximize abilities in running
Replicate best performance

Maintainers Educate self Map routes Daily Weekly,
monthly

Calories intake and nutrition;
protein and carbohydrates in
each meal; Active hours;
Sleep duration per day; Total
workout hours; Check
completion rate; Check
targets set for activities;
Compare performance.

Log activities Plan meal
Improve health Monitor Sleep
Maintain health Lose weight
Manage weight Maintain weight
Maintain heart health Check Mileage

Regulate heart rate
Check step counts
Check Calories burned
Monitor Sleep conditions
Log Swimming hours

60



4.2.2 Users’ expectations of consistency and completeness in PI data

Exploring how individuals employ their PI tools for various purposes (as discussed in Sec-

tion 4.2.1, table 10 offers additional insight into participants’ usage patterns by distinguishing them

as trainees and maintainers. We examined the features and utilization frequency in two stages: 1)

data collection, involving the acquisition of sensory data through PI tools, and 2) data reflection,

which entails analyzing the gathered data to extract actionable insights for behavior change.

The analysis of usage frequency and the specific features employed during reflection is derived

from participants’ explicit descriptions of their reflection processes. The outcome of this analysis is

presented in the last two columns of the table. A noticeable divergence was observed between the

distinct user classes. Maintainers displayed a consistent pattern of utilizing and actively engaging

with the tools at the time of data collection, frequently to confirm data acquisition and monitor

progress toward their goals. On the other hand, trainees exhibited lower engagement, often check-

ing the tools just once a day or periodically throughout the week to reflect on their activity trends

and broader health maintenance goals.

The reflection behaviors among trainees predominantly revolved around the concepts of un-

derstanding the past and predicting the future. For instance, P1, who falls into this category,

emphasized the importance of utilizing past performance data to guide adjustments in a training

routine, stating, “if somebody is losing races and their sprint is not as good as before, he/she will

need more sprint work (recommended method of choice for cardiovascular exercise).” Similarly,

P3, another trainees, explained how this reflective process helps predict race performance, noting,

“it helps you predict how fast you can actually race because you know exactly how long you can

hold at a certain heart rate for.” Additionally, P13, yet another trainees, expressed the need to

maintain a reasonable balance of training stress, stating, “based on how recovered I am, this is

how much strain I should put on my body.”

On the other hand, maintainers typically engaged in reflection to assess their past behaviors

in relation to their goals while staying focused on the present. For instance, P6, a maintainer,

explained their reflective process by saying, “usually just checking how far I am from my target.”

Additionally, 7 out of the 10 maintainers, namely P5, P6, P9, P4, P13, P8, and P20, mentioned that

they primarily logged details about the number of exercises or the frequency of exercise sessions.
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They did this to track their progress toward achieving the perfect week, which involves meeting

specific daily, weekly, and exercise-related goals.

Differences in the value of precision and detail were also evident. Trainees were inclined to

seek specific insights and compare precise data across various timeframes (e.g., daily, weekly, and

monthly). For instance, trainees found value in moments of significance, chronic training loads,

training intervals, and recovery scores, using them to strike a balance between light and intense

training. P3 mentioned that having access to the minimum and maximum values of these features

allows them to “analyze from an analytical perspective about what my body is capable of”. He

even suggested that replicating a certain heart rate and pace could help mimic past successes in a

new competition.

Conversely, maintainers focused on obtaining a summary of insights that encompass a wide

range of past activities. The last column in the table shows that features such as active hours, sleep

duration, total workout hours, and more were oriented toward tracking general trends and broader

health goals.

4.2.3 Missing PI data conflict and users’ expectations

The reflective behavior discussed in section 4.2.2 relies on the PI data that is collected. We

observed that missing data in either of the stages can lead to problems. For trainees, the absence

of data for certain activities hinders effective comparisons across activities or tracking specific

performance metrics. For maintainers, the lack of data might incorrectly suggest that short-term

or long-term goals are not being met. In both groups, the absence of essential data was associated

with the abandonment of devices, indicating a low tolerance for accommodating the functional

limitations of the tools.

Both maintainers and trainees reported encountering missing data while using the PI tools in

our study. We conducted an analysis to understand the factors that contribute to missing data and

its impact throughout the personal informatics lifecycle. Our analysis identified two dimensions:

1) human-related factors, such as missing data resulting from participant errors or behaviors, and 2)

device-related factors, such as missing data due to malfunctions or misconfigurations of wearables

or applications. These dimensions are applicable to both groups.
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Human-related causes of missing data include:

• Failure to initiate data collection: For instance, participants may forget to activate the appli-

cation or device to collect data for a particular activity. This may also involve forgetting to

annotate data or manually enter information.

• Failure to carry the device: Participants might neglect to bring or wear the device for an

activity. In some cases, like that of P4, a maintainer, and P8, another maintainer, who forgot to

take their smartwatches on vacation, these gaps can extend over several days. Most commonly,

participants tend to forget to put the device back on after charging.

Causes of missing data related to devices include:

• Battery depletion: A significant number of participants encountered battery-related issues dur-

ing their activities. For example, P8, a maintainer, mentioned, “sometimes I forget to charge

my watch, it’ll die in the middle of a workout or run.”

• Device malfunction or limitations: P6, a maintainer, reported that her smartwatch failed to

count swim laps accurately.

• Syncing issues: P7, a trainee, noted that when syncing data to other applications, data points

were lost due to synchronization problems.

• Device precision: All participants indicated that their devices often failed to capture activities

with the correct level of precision. For instance, P4, a maintainer, mentioned that sometimes,

when holding the wheel while driving, the smartwatch would register the vibration as steps.

P16, a trainee, stated, “sometimes, if I’m walking around the class and talking loudly, my heart

rate might spike a little, but the smartwatch might count it as an active workout, which it is

not.”

Quantitative analysis of the 5-point Likert scale ratings (questions provided in Table 11) re-

vealed that 40% of maintainers and 40% of trainees indicated that missing data had no impact

on their goals (Q4, rating “Not at all”). Additionally, 60% of maintainers and 40% of trainees

reported that missing data slightly affected their goals (Q4, rating “Slightly”), 20% of maintain-

ers stated that missing data somewhat influenced their goals (Q4, rating “Somewhat”), and 20%

of maintainers expressed that missing data had a moderate to extreme impact on their goals (Q4,
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Table 11: Quantifiable questions used in the semi-structured interview study.

Questions Ratings
Q1. Please rate your frustration level when the data is missing. “Not at all”
Q2. Please rate your frustration level when the data is inaccurate. “Slightly”
Q3. Please rate your trust level towards your tracking data. “Somewhat”
Q4. Please rate the level of influence missing data has on your goal. “Moderately”

“Extremely”

rating “Moderately”). Figure 8 visually depicts the extent to which missing data affects their goals

as per the Likert scale ratings.

20% of maintainers and 30% of trainees mentioned taking action when they noticed missing

data. A similar percentage of participants stated that they would refer to their friends’ data if it were

available for estimating their own PI data when data was missing. Additionally, 20% of trainees

mentioned that they would estimate the data based on how their body feels. During the reflection

stage, when participants noticed that the tools did not capture their hours or activities during the

day, they would sometimes redo the workout to make up for the missed data. For estimated data,

they would reflect on it in a similar way as regular data. However, some participants also preferred

having no data to having inaccurate data under certain circumstances. For example, P18, a trainee,

mentioned, “The estimated calories burned are accurate to about 90%, which is fine. But for the

estimated heart rate? No, absolutely not. I would rather the app (Google Fit) tell me it did not

capture it (heart rate).”

Interestingly, some participants were motivated to repeat activities in order to capture the PI

data required to achieve their goals accurately. For example, P8, a maintainer who stated that

missing data somewhat affects her goal, mentioned, “If I set 100 minutes, and I had missing data,

and the watch shows I would have gotten 30 minutes. I’ll probably just run again with my watch

to get more minutes so I can reach my goal set on the app.”

The participants’ levels of frustration with missing data varied. Specifically, 10% of trainees

and 20% of maintainers reported feeling somewhat frustrated when their data was missing (Q1,

rating of “Somewhat”). Additionally, 30% of trainees and 20% of maintainers indicated that their

frustration towards missing data was moderate (Q1, rating of “Moderately”), while 30% of trainees
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Figure 8: Effect of missing data on goal.

Note: The figure presented illustrates the impact of missing data on participants’ training goals

from the interview study.
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rated their frustration as extremely (Q1, rating of “Extremely”). An equal percentage of 20%

in both groups expressed a slight degree of frustration (Q1, rating of “Slightly”), and 10% of

trainees and 30% of maintainers reported that they were not at all frustrated about missing data

(Q1, rating of “Not at all”). Figure 9 visually represents the extent to which missing data affects

their frustration level based on the Likert scale ratings.

All participants acknowledged that the data collected had some discrepancies, and they rec-

ognized that it is not technically practical to have data with 100% accuracy. For example, P5, a

maintainer, commented, “I like things to be accurate. I won’t say I’m a numbers person per se, but

I like things organized and proficient, so inaccurate data did bother me at first.” While acknowl-

edging that PI data is not 100% accurate, overall levels of trust in the collected PI data were high.

Specifically, 50% of trainees and 30% of maintainers reported an extremely high level of trust

in their data (Q3, rating of “Extremely”). Meanwhile, 30% of trainees and 50% of maintainers

expressed a moderate level of trust (Q3, rating of “Moderately”), and 20% of trainees and main-

tainers in each group reported a somewhat level of trust in the data (Q3, rating of “Somewhat”).

Figure 9 visually illustrates the extent to which missing data affects their trust level based on the

Likert scale ratings.

Upon analyzing the data, we observed that missing data has a negative impact on participants in

both groups. However, there are slight differences in the level of effects. For instance, participants

in the trainees’ group tend to experience more frustration when their data is inaccurate. In contrast,

the maintainers’ group shows a higher degree of frustration when the data is missing.

4.3 Observations

Through the semi-structured interview, we found different usage patterns for trainees and main-

tainers; we identified that missing data causes conflicts. We also elaborated on how their expecta-

tions were different between these two groups.

Our findings highlighted the significance of forgetting to wear or charge devices and how it

affects the value and utility of personal informatics (PI) tools. This presents a fundamental design

challenge for PI technology, as there is no foreseeable technological advancement where these
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Figure 9: Frustration level for missing data.

Note: The figure presented illustrates the level of frustration experienced by participants when

their data is missing from the interview study.
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Figure 10: Trust level for wearable data.

Note: The figure presented illustrates the level of trust that participants have in their data from the

interview study.
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tools and devices automatically charge and attach to users. Addressing this challenge is crucial for

ensuring the long-term use and utility of PI. Therefore, in this section, we explore the question of

how the design of PI tools can be expanded to assist users in reflecting on and addressing missing

data in their tracking activities.

In this context, we propose adopting the concept of synthetic data as a guiding principle in the

design of personal informatics (PI) tools. Synthetic data refers to the creation of visual representa-

tions to aid users in distinguishing between missing data and cases where no data was collected. It

also involves helping users estimate their missing data as part of the reflection process.

Our results pointed to several key implications for enhancing PI tools by incorporating syn-

thetic data into the user experience. Integrating synthetic data (missing data estimation) as a design

principle for PI tools means that the tool should not only address where and how to incorporate it

based on various user motivations but also focus on how to represent it within the tool visually.

4.3.1 Usage Behavior

Our study identified three primary usage behaviors: 1) understanding the past, 2) knowing

the present, and 3) predicting the future (see Section 4.2.2). These behaviors are crucial for self-

reflection and obtaining actionable insights for behavior change. However, our analysis revealed

that existing tools do not adequately support the integration of these three usage behaviors. Con-

sequently, participants often use multiple PI tools for different aspects of their tracking needs. To

address this issue, tools designed to incorporate synthetic data should consistently address three

key aspects: 1) where synthetic data is present in weekly, monthly, and yearly data; 2) how syn-

thetic data is utilized for goal-tracking estimation; and 3) how users can control the use of synthetic

data to uncover patterns that inform future behaviors and goals. These three usage behaviors are in-

terrelated, and providing a consistent representation of how missing data is handled and interpreted

can reduce fallacious insights and enhance users’ confidence in their data.

4.3.2 Sensitivity to Missing Data

The results indicated varying levels of tolerance to missing data among participants (refer to

Section 4.2.3). For instance, some participants mentioned they could tolerate one or two days of
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missing data per week, while others had a much lower tolerance and could only accept a few hours

of missing data each day. Participants consistently demonstrated tolerance for missing data in the

context of how it interfered with their tracking goals, trends, and specific activities. This finding

highlights that there is no one-size-fits-all solution to address the sensitivity to missing data using

a single mitigation approach.

Based on feedback from participants, three design approaches are suggested:

• Manual Data Entry: Allow users to input missing data manually; this is ideal for small data

gaps that correspond to specific activities, such as an outdoor run.

• Algorithmic Estimation: Implement algorithmic methods to estimate missing data gaps based

on prior data collection; this is well-suited for larger data gaps in daily, repetitive activities, like

determining the number of steps taken during a routine evening walk.

• Event Based Estimation - Algorithmic Estimation with User Guidance: Combine algo-

rithmic estimation with user interfaces that assist users in refining estimates based on known

conditions of the missing data; this approach is useful for more extensive data gaps that involve

specific activities or sets of activities, such as estimating the performance of a long-distance

run by considering start and stop times and locations.

Further research is necessary to assess the effectiveness of each approach and determine the

conditions under which users prefer one method over the others.

4.3.3 Visual Representation of Missing Data

In our study, all the personal informatics (PI) tools used by participants (as listed in Table 9

were found to handle missing data by treating it as the absence of data. In cases where an exercise

or activity was performed, but data on the event was not collected, these tools typically communi-

cate to the user that no activity took place. This can be misleading and has the potential to impact

a user’s personal health and fitness goals inaccurately.

To address this issue, PI tools should offer a more distinct visual representation to help users

differentiate between instances where data is missing and moments when activity levels are gen-

uinely low. Recognizing gaps in data collection when a device was worn can assist users in placing

the data in context, enabling them to better reflect on their physical activities. Moreover, visualizing
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these gaps can provide a natural opportunity in the user experience for users to manually estimate

missing data or allow an algorithm to generate synthetically derived data based on heuristics.

4.3.4 Trust in Data

Our analysis revealed that participants generally have a high level of trust in the accuracy of

the personal informatics (PI) data they collect, as discussed in Section 4.2.3. This trust is crucial

for maintaining adherence to and continued use of PI tools. Participants often sought to validate

this trust by comparing their data with other sources, whether through direct comparisons with

individuals who performed the same activity, real-time examination of maps during runs or walks

on specific routes, or estimating data based on their own perception of physical fatigue.

This behavior suggests that tools designed to enable the creation of synthetic data should allow

users to:

• View synthetic data within the context of plausible and previously observed behaviors to ensure

that synthetic data is grounded in real data (e.g., comparing to data from the previous five

activities).

• Group and label synthetic data as specific, personally relevant events (e.g., labeling an activity

as ’run with John’).

• Have the ability to manipulate and adjust algorithmic estimates based on their intuition or

preferences for how missing data should be generated.

4.4 Discussion

In this study, we explored a novel perspective, namely the concept of missing data, within

the realm of personal informatics. We examined how the absence of data affects user behaviors

and perceptions in real-world, day-to-day usage scenarios. Our research expanded the existing

knowledge within the community by shedding light on the various situations that lead to missing

data and the subsequent impact on data collection and reflective behaviors.
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Our analysis revealed the challenges arising from missing data, encompassing both individual

and technical issues. Furthermore, it offered valuable insights into how personal informatics tools

should evolve to accommodate synthetic data and provided guidance on the strategies that can be

employed to facilitate this transition.

Through the analysis, we identified two distinct groups: trainees and maintainers. Trainees

predominantly employ their personal informatics tools to understand their past and predict the

future. On the other hand, maintainers primarily utilize their PI tools to know the present.

For both of these user groups, we have presented a comparative examination of how missing

data influences the life cycle of personal informatics and lessons to be learned from the perspectives

of both trainees and maintainers. Our analysis has unveiled significant limitations in existing tools,

particularly the absence of adequate representation of missing data. In response, we have outlined

design principles to serve as guidelines for future tools, enhancing the overall user experience with

personal informatics data.

For future research, it will be essential to employ diverse methodologies for generating and

representing synthetic data in personal informatics tools. Conducting user studies is crucial to

assess the effectiveness of each approach and to determine the specific conditions under which

each approach is preferred by users. This empirical investigation will provide valuable insights

into the practical implementation of synthetic data in PI tools and help refine the design principles

proposed in this study.
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5.0 System Implementation

In this chapter, we introduce MissFit, a web application specifically developed to address the

issue of missing data within Personal Informatics (PI) systems. MissFit leverages data from Fit-

bit devices and engages with users to fill in the gaps. It provides estimates for missing daily

steps through six distinct designs, which include two scenarios and three methods. The scenar-

ios, derived from common causes of data omission (see Section 4.2.3), are: Scenario A, which

accounts for missing an entire day’s data, and Scenario B, which pertains to missing data from

one or multiple activities within a day. The three methods, inspired by typical reactions to missing

data (see Section 4.3.2), are: manual input, algorithmic estimation, and event-based estimation.

The manual input method enables users to directly enter missing data, the algorithmic method

estimates gaps using historical data, and the event-based method allows users to select similar

events—considering aspects like neighborhood, frequency, duration, mileage, and routes—to esti-

mate missing data.

It’s worth mentioning that we opted for these metrics because we found them to be most rel-

evant for individuals who use their tracking devices primarily for health maintenance (see Chap-

ter 4). While other metrics, like heart rate, is available in some fitness trackers/devices, we decided

against including them in MissFit. This decision was based on our semi-structured user study

findings, where maintainers (see Section 4.2) expressed limited interest in heart rate data. Since

MissFit is designed with maintainers in mind—owing to their larger user base—we aimed to cater

to a wider audience. Our choice of metrics is informed by our research to date, but this does not

preclude the possibility of exploring other metrics in future interfaces. Indeed, MissFit’s approach

to eliciting missing data could apply to a variety of metrics.

The MissFit web app is composed of two main components:

• Graphical User Interface (GUI): The user interface provides the interaction mechanism for

users to leverage the underlying functionalities. Specifically, the user interface allows users to

select scenarios and estimation methods they wish to go through to recover the missing data

or activities. It will also display an interactive bar chart with their exercise data (including

the missing data) for the past two weeks. After finishing the steps for the selected estimation
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method, the estimated data will be displayed to users.

• Data Server: The data server was designed to fetch, process, and store the Fitbit exercise data

so that MissFit can access data seamlessly. This process involves generating an access token to

retrieve Fitbit data, sending requests to the Fitbit company to obtain the data, storing the data

in a JSON file, and placing the JSON file on the JSON server so that MissFit can fetch data

from this server.

In MissFit, we use bar charts to represent users’ data, with design references to current industry

products like Fitbit and iWatch. This approach aligns with the design implication proposed by

Cuttone et al. [30] that PI systems should make data interpretable at a glance (see Section 2.4 for

more details).

5.1 Graphical User Interface (GUI)

The user interface visually represents the daily step counts for the past two weeks, highlighting

instances of missing data or activities. It showcases two scenarios and three methods available to

the user, indicating the steps they must complete to obtain their estimated data. There are six

methods: Scenario A and Scenario B, each with three associated methods.

As shown in Figure 11a, the interface comprises two main components: Estimation Method

Control (the left panel) and Estimation Methods (the right panel).

5.1.1 Estimation Method Control

This control enables users to choose a scenario and method that best suits their circumstances

for estimating missing data (see Figure 12). The control is automatically displayed on the left

side of the app when it is running and at every step. This placement was selected to reinforce the

concept that it is a web application, enhancing intuitiveness for users as they navigate and interact

with the interface. Additionally, it provides quick access to the available options that users can

utilize to estimate their missing data.

The estimation method control consists of six options (Figure 12):
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Figure 11: Commonly used user interface in MissFit.

(a) Daily step data with one day missing. (b) Daily step data with estimated data.

(c) Daily step data with activities missing (d) Daily step data with estimated data

Note: The screenshot illustrates the user interface commonly used in all methods. Screens (a)

and (c) represent users’ initial screens when selecting a specific method on the left. In (a), the

most recent daily step data that is missing for an entire day is displayed, while (c) shows missing

activities. Screens (b) and (d) represent the final screens a user will see when completing all the

required steps for the method. These screens display the estimated data using the selected method,

with the red bar indicating the estimated data. Screen (b) corresponds to missing an entire day,

while (d) corresponds to missing activities.
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• DESIGN 1A. If the user misses one day of step data and wants to get the estimated data with

minimal effort. For example, if the user forgot to put their Fitbit device back on after charging

but still engaged in regular exercise activities, the entire day’s activities were not recorded.

They may want to estimate the missing data with minimal effort after a tiring workday. In such

cases, the user can choose to use this method.

• DESIGN 1B. If the user is missing some portion of the daily step data and has confidence in

algorithms in general, for example, if the Fitbit device runs out of battery in the middle of

the day, leading to some activities not being captured, and they wish to obtain estimated data

quickly, the user can choose this method.

• DESIGN 2A. If the user is missing an entire day of step data and can recall daily events over

the week—for example, if the user forgot to sync their Fitbit device, resulting in a missing

day in the record, but has a good memory of their daily activities—then the user can use this

method to retrieve their missing data.

• DESIGN 2B. If the user is missing some portion of the daily step data and enjoys comparing

trends/similarities in their weekly data, for example, if the Fitbit device runs out of battery in

the middle of the day and they notice that the missing data is similar to Monday and Friday’s

data, the user can choose this method.

• DESIGN 3A. If the user is missing an entire day of step data and is aware of the steps they

missed, for instance, if the user engaged in the same activities as their friends during the miss-

ing day and can obtain their steps from their friends, they can use this method.

• DESIGN 3B. If the user is missing one activity of step data and knows the steps from that

activity, for example, if the user typically runs or walks around their neighborhood following

the same route and forgot to bring their Fitbit device one time but knows the steps because they

are familiar with the route, then they can use this method.

Offering all method options is necessary, as we found that users have different reasons that

cause missing data in their wearable devices and utilize various methods to estimate the missing

data themselves (see Chapter 4, Section 4.2). For instance, a user who bikes with a group of people

but experiences a drained battery in the middle of the trip may refer to his friends’ data to retrieve

information about his cycling trip.
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Figure 12: Estimation methods and designs in MissFit.

Note: The figure presented illustrates the available estimation methods and designs. The Esti-

mation Method Control is displayed on the left panel for each method and step, allowing users

to configure the scenario and method for estimating their missing data. ’DESIGN 1A’ represents

Scenario A and utilizes an algorithmic approach for estimating the missing data. ’DESIGN 1B’

represents Scenario B with an algorithmic approach. Using an event-based approach, ’DESIGN

2A’ and ’DESIGN 2B’ correspond to Scenarios A and B. ’DESIGN 3A’ and ’DESIGN 3B’ under

Scenarios A and B utilize a manual-input approach for estimating the missing data.
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5.1.2 Estimation Methods

The estimation method provides steps that users must follow when estimating their missing

data. Upon selecting a method, an interactive bar chart representing the most recent fourteen days

of daily step data is displayed, with a question mark indicating the missing data (see Figure 11a)

and partial daily data (see Figure 11c). Each estimation method has specific steps the user must

follow before obtaining the estimated data; the stepper bar is located on the top right of each page

(i.e., see Figure 11a for the location on each page). Figure 13 shows all examples of how the

stepper bar indicates different statuses when the user uses a specific method. After completing

the steps for each method, the user is presented with another interactive bar chart containing the

estimated data (see Figure 11b and 11d).

There are three methods made available to users:

• Algorithmic Method. DESIGN 1A and DESIGN 1B (see Section 5.1.1) utilize this method.

When the user uses the algorithmic method to estimate their missing data, the method will

briefly explain through a short text, followed by the generation of estimated data. Figure 14

showed the process of using ’DESIGN 1A’ to estimate their missing data. This method is

automated and requires minimal effort from participants. It is designed for cases where users

trust algorithms and seek a fast and efficient solution.

• Event-based Method. DESIGN 2A and DESIGN 2B (see Section 5.1.1) utilize this method.

When the user uses the event-based method, there are eight steps the user needs to complete. As

shown in Figure 15, the user will see the screenshot in (Step 1) when they select the ’DESIGN

2A’. Clicking the ’NEXT’ button will lead them to (Step 2) which asks them to choose the

neighborhood where they walked on the missing day. For example, if they cycled in Bloomfield

on the missing day, they would need to select Bloomfield. (Steps 3, 4, and 5) require users to

select similar days based on duration, mileage, and frequency. In (Step 6), users are presented

with the four most recent routes they walked and asked to choose the route closest to the

missing day. (Step 7) provides a summary of their selections in previous steps, and (Step 8)

displays the user’s estimated data calculated from their input. This method is designed for

cases where users have repetitive exercise routines and enjoy comparing trends or similarities

in their data.
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Figure 13: Stepper status in MissFit.

(a) Stepper status when user clicks on DESIGN 1A, 1B, 3A, and 3B.

(b) Stepper status when the user half of the steps for DESIGN 1A, 1B, 3A, and 3B.

(c) Stepper status when the user finishes all the steps for DESIGN 1A, 1B, 3A, and 3B.

(d) Stepper status when user clicks on DESIGN 2A and 2B.

(e) Stepper status when the user finishes half of the steps for DESIGN 2A and 2B.

(f) Stepper status when the user finishes all the steps for DESIGN 2A and 2B.

Note: The screenshot illustrates the stepper status under different circumstances. The stepper

conveys three pieces of information to users: 1) which step they are at, 2) how many steps they

have finished, and 3) how many steps they have in total. For example, in (a), there are a total of

three steps, and the user is currently on ’Step 1’. In (b), the user has completed ’Step 1’ and is now

on ’Step 2’. And in (c), the user is on ’Step 3’, having finished all prior steps, and ’Step 3’ is the

final one.
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• Manual-input Method. DESIGN 3A and DESIGN 3B (see Section 5.1.1) utilize this method.

There’s only one step the user needs to complete. As shown in Figure 16, if the user is missing

one day of their step data, they can directly input the information into the textbox (see Fig-

ure ??). If the user is missing one activity, they can provide detailed information about the

activity in the textbox (see Figure ??). The method will generate the estimated data based on

the input. This method is designed for cases where users have good estimates themselves about

the missing data or in situations where they can refer to their friends’ data.

5.2 Data Server

MissFit utilizes the data server as an intermediary between MissFit and Fitbit exercise data for

fault prevention. To prevent abuse, Fitbit has imposed rate limits on their API calls. For example, if

a user mistakenly sends repeated fetch data requests that exceed the maximum number of requests

an application can make within a specific time period, Fitbit will decline any request that comes

from that application for a period of time. Since MissFit uses different data sources, it needs to

send multiple requests to Fitbit, making it more sensitive to Fitbit’s rate limits policy. Using a data

server helps mediate this issue.

As shown in Figure 17, the data server comprises three main components: Access Token,

Refresh Token, and JSON Data Storage.

5.2.1 Access Token

An access token is a credential that authenticates and authorizes access to protected resources

in the API or web application. In the Fitbit Web API context, an access token is generated when

a user (any user with a Fitbit account) grants permission to a third-party application (MissFit web

app) to access their Fitbit data. This access token is then used in subsequent API requests to

validate the identity and permissions of the requesting application.

Obtaining an access token involves an OAuth 2.0 authentication process, where the user is

redirected to the Fitbit authorization server, prompted to log in, and granted permission to the
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Figure 14: Steps for algorithmic method in MissFit.

(Step 1) 

(Step 2)

(Step 3)

Note: The figure shows the steps the user goes through when using the algorithmic method (i.e., DESIGN
1A) to estimate their missing data. The user will see (Step 1) when selecting ’DESIGN 1A’. After clicking
the ’NEXT’ button, the user will move to (Step 2). Clicking ’NEXT’ again leads to (Step 3). And clicking
the ’Finish’ button brings the user back to (Step 1).
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Figure 15: Steps for event-based method in MissFit.

(Step 1)

(Step 2)

(Step 3)

(Step 4)

(Step 5)

(Step 6)

(Step 7)

(Step 8)
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Figure 16: Steps for manual input method in MissFit.

(Step 1)

(Step 2)

(Step 3)

(Step 1) 

(Step 2)

(Step 3)

Note: The figure illustrates the user’s steps when using the manual input method to estimate their missing
data. In ’DESIGN 3A’ (left), the user will encounter (Step 1) upon selecting ’DESIGN 3A’. After clicking
the ’NEXT’ button, the user will move to (Step 2). Clicking ’NEXT’ again leads to (Step 3). Clicking the
’Finish’ button brings the user back to (Step 1). ’DESIGN 3A’ (left) has the same process as ’DESIGN 3B’
(right). 83



Figure 17: Flow chart and components for the data server in MissFit.
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application. Upon approval, the Fitbit server issues an access token to the application, which is

included in subsequent API requests as an authorization header or parameter.

To ensure the security of participants’ Fitbit data, we transitioned from the implicit flow to the

explicit flow for access tokens. The implicit flow, which exposes the access token to the client

application, is considered less secure. In the explicit flow, also known as the authorization code

flow, the client application redirects the user to the authorization server for authentication and

permission granting. After successful authentication and authorization, the authorization server

returns an authorization code to the client application. The client application then exchanges this

code for an explicit access token by making a request to the authorization server’s token endpoint.

The client includes the authorization code and its client credentials (client ID and client secret) in

the token request. The authorization server verifies the code and issues an access token if valid.

The client application uses this explicit access token to make API requests on behalf of the user,

typically including it as an authorization header or in the request parameters.

The explicit flow offers greater security as the access token is not exposed to the client appli-

cation or visible in the browser’s address bar. Additionally, using client credentials in the token

request adds an extra layer of protection. The explicit access token flow is commonly used for

server-side applications or when accessing sensitive resources in the Fitbit Web API or any other

OAuth 2.0-compliant API. Our web application functions as a client application and utilizes the

explicit access token flow to access participants’ Fitbit data.

5.2.2 Refresh Token

To best protect the security of users’ data, the access token has a limited validity period (e.g.,

8 hours in this case). When the access token expires, the third-party application (i.e., MissFit) can

no longer use it to make requests. To gain continued access, we must send a token refresh request

to Fitbit’s token endpoint using the refresh token obtained during the initial authorization process.

The flowchart in Figure 18 demonstrates the steps of refreshing the access token using Postman.

Postman is a popular platform that provides a user-friendly interface for testing APIs. In this case,

we use Postman to send a token refresh request to Fitbit for a new access token.
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Figure 18: Procedure of refreshing access token via Postman.
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5.2.3 JSON Data Stoarge

As shown in Figure 17 (bottom left), the JSON Data Storage initiates a fetch data request to

Fitbit (Step 4.a). Upon receiving the requested exercise data, it processes it into a specific format

(Step 5.a), stores the processed data in a JSON file (Step 6), hosts the JSON file on a dedicated

JSON server (Step 7), and manages data fetching requests from MissFit frontend (i.e., the GUI)

(Step 8). This setup allows MissFit to retrieve data directly from the JSON server, effectively

bypassing the rate limit imposed on Fitbit API calls.

We used the JSON server as our backend solution. The JSON server is a straightforward,

lightweight, and open-source tool designed to rapidly set up a RESTful API, supporting CRUD

operations (Create, Read, Update, Delete) tailored for testing and prototyping purposes. While

it’s commonly used for prototyping and testing, its simplicity and ease of use make it an excellent

choice for scenarios where a full-fledged backend isn’t necessary. JSON Server allows us to define

routes and data structures and perform CRUD operations using a JSON file as a database. This

streamlined approach facilitates rapid development and testing of front-end components without

the need for a complex backend infrastructure. It provided the necessary API endpoints for our

front end to interact with data.

As depicted in Figure 19, the figure showcases three data examples stored in the JSON server.

While only three examples are shown for illustrative purposes, it’s important to note that MissFit

utilizes more data sources than the depicted three. MissFit specifically retains the most recent

fourteen days of relevant data, and the data size varies based on users’ exercise activity, ranging

from 111 KB to 3.6 MB. The data type occupying the most storage is the GPS location data,

comprising millions of latitude and longitude pairs that constitute the entire route from location A

to location B with good accuracy.

5.3 System Architecture

MissFit is a functional web app designed to assist users in estimating their missing data on

Fitbit. The system architecture, as shown in Figure 20, comprises three main components: the
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Figure 19: Examples of data sources using the JSON format in MissFit.

(a) Running activities. (b) Neighborhood (c) GPS

Note: The figure illustrates three examples of data sources stored in the Data Storage Server us-

ing the JSON format: (a) Displays four instances of running activities recorded by the user. The

data is fetched from Fitbit, and we only extracted relevant information to MissFit. (b) Presents all

instances of neighborhoods the user has run or walked in over the past three months. The neigh-

borhood data is obtained through a reverse engineering method from the latitude and longitude in

the GPS. To maintain accuracy, we extract the initial 10 seconds of latitude and longitude pairs

from the GPS data, average them into one pair, and apply reverse engineering techniques to that

pair. (c) Exhibits six instances of GPS data, comprising latitude and longitude pairs fetched from

Fitbit. It’s worth noting that this data is initially stored in Training Center XML (TCX) format

from Fitbit. Each TCX file contains one route, and each fetch request retrieves one TCX file. After

obtaining all TCX files, they are processed into the JSON format.
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Fitbit Web API, the MissFit Web App, and the Heroku Cloud Service.

The front end of MissFit is developed using React version 17.0.2, providing a dynamic and

responsive user interface. The back end leverages JSON server version 0.17.1 to manage data

storage and retrieval efficiently. React is a powerful and popular JavaScript library for building

user interfaces. Maintained by Facebook, it is renowned for its declarative and efficient approach

to building user interfaces. With its component-based architecture, React allows us to encapsulate

and modularize different parts of our application, promoting code reusability and maintainability.

The virtual DOM feature optimizes rendering performance, ensuring a smooth and responsive user

experience.

The Fitbit Web API is responsible for handling data-fetching requests initiated by MissFit,

ensuring seamless communication with Fitbit servers to access user data.

MissFit is deployed on the Heroku cloud service, offering a reliable and scalable hosting solu-

tion for web applications. The choice of Heroku is attributed to its ease of deployment, scalability

features, and minimum effort for maintenance.

This architecture allows MissFit to deliver a user-friendly experience while effectively esti-

mating missing data by interfacing with the Fitbit Web API and leveraging the capabilities of the

Heroku Cloud Service for deployment.
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Figure 20: System architecture for MissFit.
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6.0 Towards the Design of Systems Improving the Ability to Mediate Missing Data

In Section 3, we conducted an investigation into various existing fully computational methods

for dealing with missing data. However, we found that algorithmic models struggle to provide

personalized estimation for missing data, prompting us to shift towards a more human-centered

approach in eliciting missing data in personal tracking systems. In Section 4, we interviewed

participants who engaged in personal tracking to understand their experiences with missing data.

From this study, we identified two distinct user groups: trainees and maintainers, each with their

specific objectives and goals. Trainees are individuals with concrete and, in some cases, profes-

sional athletic training goals, relying on data to inform their decisions and improve performance-

related metrics. They are primarily interested in specific insights and precise data comparisons to

track their progress accurately. On the other hand, maintainers have more general health improve-

ment and maintenance goals, seeking a holistic understanding of their progress through summative

insights from past activities. Detailed comparisons or specific data points are less important to

maintainers as they focus on the broader picture of their health journey. We decided to focus on

maintainers for this study as they represent a more widespread population, allowing us to cater to

the needs of a broader user base by designing for maintainers.

To further explore the needs of maintainers, we implemented three mechanisms in MissFit:

algorithmic-based, manual input, and event-based (See Section 5 for implementation details).

These mechanisms were informed by the implications derived from our previous findings in Sec-

tion 4 and aimed to assist maintainers in filling in their missing data. The objective was to enable

maintainers to understand their past, gain insights into their present, and strike a balance between

different tolerance levels of missing data, visual representation of missing data vs. no data at all,

and maintaining trust in their data.

In this study, our primary goal is to refine the designs of PI systems to enhance the ability to

mediate missing data for individuals who are tracking to maintain their health. We aim to achieve

this by using real-world data, gathering more detailed feedback to support their needs better, and

examining the role of synthetic data and the implications of various mechanisms. Through these

efforts, we strive to improve the design implications and functionalities of PI tools for maintainers,
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making a valuable contribution to the broader field of personal informatics.

To guide our research efforts, we have formulated the following research questions:

• RQ1: Evaluating mechanisms to mediate missing and synthetic data representations in re-

lation to Personal Informatics.

1. Are the strategies implemented in our system effective in communicating synthetic data in

the context of real data?

2. How does the elicitation mechanism impact the perception of synthetic data accuracy?

3. How does the elicitation mechanism impact the perception of trust in the synthetic data?

4. Does the elicitation mechanism investigation expose fundamental limitations in trust and

the use of synthetic data?

• RQ2: Evaluating the impact of different mechanisms.

1. Do the different elicitation mechanisms impact how users reflect in setting goals?

• RQ3: Finding insights into different mechanisms.

1. Is there a preference for utility and perceived value for using a specific elicitation mecha-

nism?

2. Do the specific elicitation mechanisms have limitations or weaknesses regarding specific

missing data situations or personal (training) tracking goals?

6.1 Methods

6.1.1 Use of iterative user-centered design

To answer our research questions, we employed the user-centered design [2] methodology.

It’s an iterative design process in which the needs, preferences, and behaviors of end users are

given primary consideration at every stage of product development. The goal is to create intuitive,

efficient, and enjoyable products, services, or systems by ensuring they meet the needs and expec-

tations of those who interact with them. An iterative user-centered design study typically involves

several key steps:
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• User Research: This phase involves gathering information about the target users, including

their demographics, preferences, goals, and pain points. Interviews, surveys, and observations

are used to gain insights into user needs and behaviors.

• Requirements Gathering: Based on the findings from user research, designers define the re-

quirements and objectives of the project. This step helps ensure that the design team has a

clear understanding of what needs to be achieved and what criteria the design must meet to be

successful.

• Design Ideation: In this phase, designers brainstorm and generate ideas for how to address

the user needs identified in the research phase. Sketches, wireframes, and prototypes may be

created to explore different design concepts and solutions.

• Prototyping and Testing: Designers create prototypes or mockups of the product or system to

test with users. Usability testing sessions are conducted to gather feedback on the prototype’s

usability, functionality, and overall user experience. This feedback is used to refine the design

and make improvements.

• Iteration: Based on the feedback received from user testing, the design is iterated upon, with

further refinements made to address any usability issues or concerns identified by users. This

process of testing, feedback, and iteration continues until the design meets the needs and ex-

pectations of the users.

• Implementation: Once the design has been refined and validated through user testing, it is

implemented and launched for use by the target audience. Ongoing monitoring and feedback

collection may continue after launch to ensure that the design remains effective and continues

to meet user needs over time.

The iterative user-centered design methodology utilized in this study serves two primary pur-

poses. Firstly, it ensures that the design outcome aligns with the needs, preferences, and aspirations

of the individuals (referred to as maintainers) who will use the future PI tools. Secondly, it enables

us to integrate the ideas and insights of our end users into the design process, fostering a sense of

ownership and collaboration.

For instance, in addressing RQ1, the user-centered design methodology enables us to actively

engage participants in sketching out their desired data representations if they express dissatisfaction

with our initial designs. Moreover, if they identify elements that are not included in our prototype,
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we can request them to sketch their ideas, thereby incorporating their perspectives into the design

process. This process is conducted in multiple sessions, and improvements and refinements are

made based on feedback and results obtained from previous iterations (see Section 6.1.3 for more

details).

By conducting the study iteratively, we can also identify user needs that were not included in

the previous prototype and were not emphasized by our end users. After incorporating our inter-

pretation of users’ feedback, we can test our interpretations against the users’ ideas and evaluate

the satisfaction of the incorporated design.

6.1.2 Participants

We recruited participants through the Pitt+Me research participation program at the University

of Pittsburgh. Pitt+Me serves as a platform connecting individuals interested in participating in

research studies with researchers conducting various types of studies at the university. Participants

can sign up for Pitt+Me, provide their information and preferences, and researchers can match

them with relevant studies based on their interests and eligibility criteria.

For our study, we implemented specific inclusion criteria for participant selection. These cri-

teria included the following: 1) having a minimum usage duration of three months with a Fitbit

device, 2) engaging in outdoor running, walking, or hiking activities at least twice per week, 3)

possessing a Fitbit account to track and reflect on activity data, 4) owning or consistently accessing

a Fitbit device, 5) having a goal of maintaining health, and 6) ensuring continued usage of their

Fitbit device throughout the duration of the user study.

To reach potential participants, we distributed recruitment posters featuring Pitt+Me advertise-

ments across various locations, including university buildings, gyms, restaurants, and communi-

ties. However, all recruitment efforts were coordinated through the Pitt+Me platform. We received

63 referrals from Pitt+Me, and upon receiving these referrals, we conducted phone screenings with

the potential participants to determine their eligibility for the study. If deemed eligible, we then

scheduled the first appointment with them.

A total of 14 individuals participated in the study, comprising 12 females and 2 males. The

participants’ ages ranged from 19 to 56 years, with a mean age of 32.6 and a standard deviation
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Table 12: Participants’ demographics and frequency of exercise from the iterative user-centered

design study.

PID Age
range

Gender Wearables Frequency of exercise Employeement status

P1 40-49 Female Fitbit 1-2 times per week Employed, working 1-20 hours per week
P2 30-39 Female Fitbit 5-6 times per week Employed, working 21-40 hours per week
P3 21-29 Female Fitbit 4-5 times per week Employed, working 21-40 hours per week
P4 50-59 Female Fitbit 4-5 times per week Employed, working 21-40 hours per week
P5 21-29 Female Fitbit 5-6 times per week Student
P6 21-29 Female Fitbit 1-2 times per week Employed, working 21-40 hours per week
P7 40-49 Male Fitbit 1-2 times per week Employed, working 41 or more hours per week
P8 18-20 Female Fitbit 4-5 times per week Student
P9 30-39 Female Fitbit 5-6 times per week Student
P10 21-29 Female Fitbit 5-6 times per week Employed, working 41 or more hours per week
P11 21-29 Male Fitbit Above 7 times per week Employed, working 21-40 hours per week
P12 40-49 Female Fitbit Above 7 times per week Employed, working 41 or more hours per week
P13 21-29 Female Fitbit 4-5 times per week Student
P14 30-39 Female Fitbit 3-4 times per week Employed, working 21-40 hours per week

of 10.59. All participants were residents of the Pittsburgh area. Among them, 21.4% reported

engaging in walking, running, or hiking activities one to two times per week; 14.3% reported

doing exercises three to four times per week; 28.6% of the participants reported doing exercises

four to five times per week; 28.6% reported doing exercises five to six times per week; and 14.3%

reported doing exercises more than seven times per week (See Table 12 for details).

To get a broader context for understanding participants and their responses and potentially

enhance the study’s validity, generalizability, and overall impact, we additionally gathered self-

reported wellness data from each participant, utilizing a questionnaire adopted from [78], the ques-

tionnaire collected information under the guidance of the Wellness Wheel concept. The Wellness

Wheel concept encompasses seven significant dimensions of wellness: emotional, environmental,

intellectual, occupational, physical, social, and spiritual [77]. It acknowledges that well-being is

multifaceted and that each dimension contributes to an individual’s overall quality of life [72]. We

employed this questionnaire to gain a foundational understanding of the wellness status of our par-

ticipants. The findings reveal that all participants scored in the outstanding range across all seven

wellness spectrums, affirming that our participants are individuals who prioritize and dedicate ef-

forts toward their overall well-being.
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6.1.3 Procedure

The study consisted of four visits, with the first visit offering the option of being conducted

virtually or in person, and the subsequent three visits being conducted in person. The iterative

user-centered design approach was implemented during the second, third, and fourth visits. Each

participant was scheduled to attend one visit per week, spanning a duration of one month, with

the possibility of extending the duration if there was insufficient recorded activity or if personal

circumstances required participants to leave town.

6.1.3.1 Visit 1

Once the interview is scheduled, we will provide participants with the consent form via Do-

cuSign. DocuSign is an electronic signature platform allowing users to sign and send documents

digitally. It provides a secure and legally binding way to sign documents without needing physical

copies or in-person meetings. They are advised to review the form beforehand and address any

questions during the first visit. If no questions arise, they can proceed to sign the form. Addi-

tionally, participants will receive calendar invitations with the Zoom meeting ID for the virtual

session.

During the Zoom meeting, we start by expressing our gratitude to the participants for their will-

ingness to participate in our study. We then proceeded to explain the goals, processes of the study

and an overview of the consent form. We invited the participants to ask any questions they may

have regarding the study’s objectives, procedures, and consent forms. If there were any inquiries,

we promptly addressed them.

Following this, the visit continued with a brief introduction and a discussion to gain a general

understanding of the participants’ Fitbit device usage. Prior to commencing the discussion, we

sought their oral consent to record the session for documentation purposes. To gain insight into

their Fitbit usage patterns, we posed a series of questions, such as the duration of their Fitbit device

usage, their motivations for using the device, the frequency of their outdoor activities while wear-

ing the Fitbit device, whether these activities occurred consistently at the same time or varied, the

regularity of their engagement in these activities, the locations where they have previously engaged

in running, hiking, or walking over the past six months, their goals pertaining to running, hiking,
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or walking, the frequency of missing data in their Fitbit records during these activities, and their

strategies for dealing with missing data in their Fitbit device. Depending on the depth of the con-

versation and participant responses, we also asked follow-up questions. These included inquiries

about the most recent activities recorded on their Fitbit application and the types of activities they

frequently engage in using their Fitbit device(s).

Next, we requested participants to complete a survey regarding their general health condi-

tions [78] and demographics [93]. The survey was distributed using the Qualtrics online survey

platform. Qualtrics is a popular and versatile tool that allows researchers and organizations to cre-

ate, distribute, and analyze surveys and collect participant feedback. To ensure participant privacy,

we generated a unique eight-digit participant ID to anonymize their identity.

Finally, we request participants grant us access to their Fitbit activity data using the Fitbit Web

API. The Fitbit Web API is an interface Fitbit provides for developers to retrieve and interact with

data from Fitbit devices and services. It allows access to various information from Fitbit user ac-

counts, including activity data, sleep data, heart rate, and user profile details. Our web application,

MissFit, which utilizes the Fitbit Web API, demonstrates three methods to collect missing data. We

require an access token for each participant to access the participants’ Fitbit data. An access token

serves as a credential that authenticates and authorizes access to protected resources in the API or

web application. In the Fitbit Web API context, an access token is generated when a user grants

permission to a third-party application to access their Fitbit data. This access token is then used

in subsequent API requests to validate the identity and permissions of the requesting application.

The technical details of how to get the access token are explained in Section 5.2.1. To safeguard

the access token, we store it in an Excel file located in a monitored OneDrive folder managed by

the University of Pittsburgh. Each access token expires in eight hours, and we utilize Postman

to refresh the access token when necessary. Postman is a widely used collaboration platform and

API development tool that simplifies the process of building, testing, and documenting APIs. It

supports various authentication methods, making it suitable for testing and interacting with APIs

that require authorization. Once participants complete the user study or drop out, we promptly

delete their access and refresh tokens from the Excel file to ensure data security.
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6.1.3.2 Visit 2

During the second visit, we adhered to the participatory design protocol. We expressed our

gratitude for their participation and dedication to the study. We then explained the purpose and

process of the visit, highlighting that the prototype presented was in its early stages and subject to

changes throughout the iterative design process. We encouraged participants to provide genuine

feedback to aid in improving the design. To ensure they understood the focus of the study, we

clarified that we were testing the prototype itself and not evaluating their performance, relieving

any pressure they may feel about participating.

Before delving into the initial prototype, we discussed the general usage of their Fitbit de-

vice(s). We inquired about any changes in their goals for using the Fitbit device(s) and their

exercise routines, including frequency, type, locations, and exercise time. Follow-up questions

explored any changes in their work or daily routines and how these might impact their exercise

routines and perceptions of different methods for that week.

Next, we presented two sets of interfaces with slight modifications, displaying the participants’

own Fitbit activity data to make the interfaces more relevant to them. In the first set, we intention-

ally removed data for an entire day, asking participants to imagine a scenario where they forgot

their Fitbit at home. We informed them that data for the day still existed, but we had taken it out

for study purposes. With this hypothetical scenario in mind, we asked them to use the three meth-

ods to elicit the missing data, requesting them to think aloud while using the methods. After each

method, we conducted a short interview and provided a quantifiable scale survey for them to fill

in.

For the second set, the data is missing for one specific activity. Here, we ask participants to

imagine a scenario where their Fitbit ran out of battery while they were on their walking activity.

Similar to the first set, we present the two hypothetical scenarios and proceed with the three elici-

tation methods. It’s important to note that the order of the two different scenarios and the order of

the three elicitation methods are randomized to avoid any potential bias in the results. During these

scenarios, we encourage participants to think aloud and provide feedback on their experience with

each method. After completing the methods, we conduct a short interview and offer a quantifiable

scale survey for them to fill in. This allows us to gather their insights and preferences for each

98



elicitation method in both scenarios.

After the participants had interacted with all three methods under the two different scenarios,

we conducted a reflective session to delve deeper into their experiences. We engaged in an in-depth

discussion on some of the questions asked during the interaction. Additionally, we asked them to

provide feedback on what they liked and disliked about each elicitation method. Furthermore, we

asked them to rank the designs based on their level of trust in the methods and rank the designs

based on their preferences. This feedback and ranking will help us understand their perceptions

and preferences towards the different methods and inform our decision-making process for future

prototype iterations.

Finally, we engaged in a co-design session with the participants, utilizing pen and white pa-

per. During this session, we revisited the visualization of their activity data and sought their input

on possible recommendations or alternate ways they would prefer to represent their data. The

researcher carefully documented incidents that occurred during the interview, which included par-

ticipants expressing experiences not being adequately represented in the initial prototype or sharing

their unique approaches to estimating missing data differently from what was presented. In such

instances, we encouraged the participants to sketch out their ideas on the white paper, such as re-

calling the routes they take for their runs or walks and checking their calendars or sleep times to

recall the days. This collaborative approach allowed us to gather valuable insights and co-create

design ideas to improve the prototype and tailor it to the participant’s specific needs and prefer-

ences.

6.1.3.3 Visit 3

Before Visit 3, we periodically checked the participants’ Fitbit activities to ensure that enough

activities were captured for the interview. If the Fitbit data showed a lack of activities for Visit

3, we called the participants to reschedule the interview for the next week and reminded them to

collect enough activities. In the meantime, the researcher analyzed the incidents noted and the co-

design ideas gathered from the previous iteration, then made further improvements to the prototype

based on our own interpretations of the feedback and sketches on the paper from the participants.

For example, if a participant expressed a preference for checking cumulative step counts instead of
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step counts for specific activities, we visualized the cumulative step count for this iteration instead.

If a participant expressed using calories to measure their activities, we then utilized calories in

the process of estimation. The prototype may combine digital and paper prototypes for faster

production of ideas. The focus of the discussion will be on the participants’ feedback on the

process of the methods as well as testing out our interpretation from the previous iteration. The

other processes will remain the same as in Visit 2. We continued to engage with the participants

and gather their insights to refine the prototype and make it meet their needs and be more effective.

6.1.3.4 Visit 4

In Visit 4, we followed the same process as in Visit 3. Before the interview, a researcher

checked whether the participant had enough activities recorded. If they did, the participants in-

teracted with us using the improved prototype based on interpretations, provided feedback on the

methods, and engaged in co-design sessions to further refine the design. Once the interview was

completed, we expressed our gratitude to the participants for their participation and compensated

them for their time and effort.

6.1.4 Data preparation and analysis

This study had four visits. The first visit included interviews about participants’ general usage;

the second, third, and fourth visits involved interviews about MissFit, participants’ recommenda-

tions for modifying MissFit, and notes taken by a researcher during each visit. Thus, the data from

this study consisted of audio recordings and notes. The audio files from this study were imported

and machine-transcribed using the cloud-based platform Otter.ai1.

Employing open coding, the researchers identified themes and patterns in the transcripts and

explored connections among these codes through axial coding, as outlined by Scott [88]. Initially,

the two researchers individually examined and coded 10% of the transcripts, utilizing the previ-

ously identified themes. Their initial level of agreement, expressed as inter-rater reliability, was

0.769, surpassing the expected chance agreement of 0.56, as proposed by Krippendorff ([45], p.

224-226). To address any discrepancies and update the existing codebook, the two researchers en-

1https://otter.ai/
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gaged in discussions. Later, the first researcher completed the coding of the remaining transcripts

using NVivo, a software program designed for qualitative and mixed-methods research. NVivo is

widely utilized by researchers, particularly in the social sciences and other fields where qualitative

data analysis is common [103].

The relationships of the interview data with the results section (see Section 6.2 for more details)

are as follows:

• The four dimensions are themes identified using the interview transcripts from the first visit,

where participants express their motivation for using Fitbit and how they integrate it into their

daily lives.

• The design observations were identified using interviews from the second, third, and fourth

iterations, where participants provided feedback after using each method provided in MissFit.

6.2 Results

After analyzing the interview data, we observed that our participants can be categorized into

four distinct groups based on two dimensions: motivation and exercise routines. Further exam-

ination of the interview data revealed that motivations from participants can be categorized into

wellness-oriented and performance-oriented based on their personalities. At the same time, exer-

cise routines can be categorized as either structured or unstructured.

We define wellness-oriented fitness goals as objectives centered around achieving broad but

definable outcomes related to health, fitness, or overall well-being. Individuals with personalities

dominated by this approach emphasize their desired outcomes or achievements without necessar-

ily linking them to specific numerical values. For example, a participant may aim to experience

improvements in their cardiac performance through aerobic or cardiovascular exercises such as

running, cycling, or brisk walking. Even though they may monitor numerical values for these

activities, their higher-level goal is to enhance performance, and their desired outcome is often

explicit but challenging to measure with a specific numerical value. On the other hand, we define

performance-oriented fitness goals as fitness objectives that are well-defined and monitored using

measurable parameters. Individuals with personalities dominated by this approach often set goals
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that are clear, precise, and can be assessed using quantifiable metrics. For instance, a participant

may aim to achieve 10,000 steps per day, exercise three times per week, or walk for 30 minutes per

day. Their desired outcomes or improvements are often explicit and can be measured with specific

numerical values.

In addition, a structured exercise routine is defined as a planned and organized sequence of

physical activities throughout the week and day. For example, a participant may plan to run in the

gym at 5 a.m., briskly walk at noon, and engage in a slow-paced walk at 7 p.m. Some individuals

may follow such a plan every day from Monday to Friday, while others might choose to follow

a specific plan three days a week and a different one on weekends. We categorize participants

who predominantly follow structured exercise routines as those who plan their weekly and daily

workouts at least 70 percent of the time, with minor variations in their schedules. Conversely,

an unstructured exercise routine refers to a more flexible and spontaneous approach to physical

activity, where individuals engage in exercises or activities without adhering to a predefined plan

or schedule. For instance, in a given week, one might briskly walk on three consecutive days at

different times, but engage in a slow-paced walk on random days the following week. Participants

who are dominated by unstructured exercise routines are those whose exercise patterns do not

follow a specific schedule at least 70 percent of the time, even though they may follow a certain

structure for short periods. In most cases, their exercise routines are more random in nature.

Based on the four dimensions described above, we have classified our participants into four

groups, as depicted in Figure 21. It is important to emphasize that these four groups represent a

continuum and are not exclusive; rather, the reader should perceive them as shades on a spectrum.

Analogous to personality traits, they are not simple binary categories. These groups provide a

framework for understanding participants’ motivations and behaviors throughout this study. They

proved useful, as we observed shifts in users’ feedback across different positions on the spectrum

based on the solutions and evolutions from the results.

• Structured Wellness-oriented (SW): These individuals adhere to a structured exercise routine

and exhibit a wellness-oriented personality. For example, consider the case of P12 within this

group, as illustrated in Figure 22. Her higher-level goal is to improve her performance in the

activities. She consistently runs at the gym at 5 a.m. before starting work, engages in a brisk

walk at noon, and follows it up with another brisk walk from work to home on her workdays.
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Figure 21: Participants’ group information.

Note: The figure presented illustrates the group information of our participants from the iterative

user-centered design study, divided by their motivations and exercise routines.
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On her rest days, she shifts her running routine to 9 a.m. and includes more intense brisk walks,

albeit with a different schedule than her workdays. Additionally, she occasionally incorporates

aerobic workouts into her routine. Notably, her walking activities between her schedules are

primarily attributed to her demanding work duties, which have minimal variations.

• Structured Performance-oriented (SP): Members of this group also follow a structured exer-

cise routine, but they are characterized by a performance-oriented personality. For instance,

P14, as illustrated in Figure 23. Her main goal is to achieve 10,000 steps per day and be more

active, but she typically manages around 5,000 steps. To reach her target, she plans brisk walks

after dinner around her neighborhood, normally around 8 p.m., but sometimes it’s 9 p.m. Ad-

ditionally, she allocates time for swimming at the pool on Saturdays. Due to her sedentary

lifestyle, she tries to do one activity each day to stay active.

• Unstructured Wellness-oriented (UW): This category includes participants who engage in an

unstructured exercise routine and are primarily wellness-oriented. For example, as shown in

Figure 23, P5’s primary objective is to monitor her heart rate performance during interval

workouts. Throughout the day, her exercise routine varies. She swims at the pool, occasionally

incorporates brisk walks between home and school, and participates in frisbee tryouts during

the summer term. Her schedule is not only flexible from day to day but also varies throughout

the day. Another example in this group is P13, as shown in Figure 25, whose primary objective

is to manage blood pressure. Her schedule is also quite flexible. She sometimes engages in

sports or runs three days in a row, but other times, she opts for brisk walks, and occasionally

she has days with no exercises.

• Unstructured Performance-oriented (UP): This category includes participants who engage in

an unstructured exercise routine and are primarily performance-oriented. Consider the example

of P3, as shown in Figure 26. Her primary objective is to achieve 7,500 steps per day and

maintain an active lifestyle. Working from home provides her flexibility, allowing her to take

her dog for walks in her neighborhood three times per week. However, her walks vary in terms

of timing and frequency, reflecting the unstructured nature of her exercise routine.
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Figure 22: Participants’ exercise routine.

Note: Above is an example of P12’s weekly and daily exercise routine in group SW, categorized

as follows based on records from her Fitbit: ’Walk’ for brisk walking outside, ’Run’ for running at

the gym, and ’AW’ for aerobic workouts.
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Figure 23: Participants’ exercise routine.

Note: Above is an example of P14’s weekly and daily exercise routine in group SP, categorized as

follows based on records from her Fitbit: ’Walk’ for brisk walking outside, ’Swim’ for swimming

at a pool, ’Treadmill’ for running at the gym.

Figure 24: Participants’ exercise routine.

Note: Above is an example of P5’s weekly and daily exercise routine in group UW, categorized as

follows based on records from her Fitbit: ’Walk’ for brisk walking outside, ’Sport’ for frisbee, and

’AW’ for aerobic workouts, ’Swim’ for swimming in the pool.
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Figure 25: Participants’ exercise routine.

Note: Above is an example of P13’s weekly and daily exercise routine in group UW, categorized

as follows based on records from her Fitbit: ’Walk’ for brisk walking outside, ’Weight’ for weight

lifting, ’AW’ for aerobic workouts, ’Run’ for running around with kids due to her babysitting job,

and ’Sport’ for playing with kids due to her babysitting job.

Figure 26: Participants’ exercise routine.

Note: Above is an example of P3’s weekly and daily exercise routine in group UP, categorized as

follows based on records from her Fitbit: ’Walk’ for brisk walking outside with her dog.
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6.2.1 Group SW

As depicted in the upper left quadrant of Figure 21, participants in this group are motivated

to achieve various wellness goals, including weight maintenance, fitness level tracking, overall

fitness maintenance, exercise goal tracking, daily performance comparisons, continuous improve-

ment, and balancing their workouts between gym-based weight-lifting and brisk walking outdoors.

Their specific objectives encompass weight loss through increased physical activity, as well as

performance tracking for different workout types, such as cardio workouts. Below is a persona

representing the typical characteristics of this group observed in our study.

Mark is a 35-year-old IT project manager with a deep passion for data analysis. He thrives on

structure and believes in the significance of long-term and higher-level goals as the key to achieving

success. His primary fitness objective is maintaining a healthy weight and embracing a healthier

lifestyle. Mark relies on his Fitbit device to track his progress and ensure continuous improvement.

He diligently tries to workout every day, believing that this practice is instrumental in reaching his

ultimate fitness goal. Mark’s planned exercise routine unfolds as follows: From Monday to Friday,

he dedicates 30 minutes to treadmill running in the morning, followed by a brisk 30-minute walk

during his lunch break and another 30-minute fast-paced walk in the evening. When the weekend

arrives, his routine shifts slightly to include a 20-minute treadmill run in the morning, followed by

30 minutes of cycling and concluding with another 30-minute brisk walk. Occasionally, he adds

some excitement to his weekends by going hiking and other exercises with friends. Mark takes the

data recorded on his Fitbit very seriously. Therefore, it can be quite frustrating for him when some

of his workout data goes missing due to incidents like forgetting to wear his Fitbit after charging

it or signal loss. For example, a missing record of a 30-minute brisk walk will leave a blank

in his weekly schedule and ruin his record, which prevents the accurate capture of his workout

information. With his in-depth knowledge of his fitness performance and a keen eye for daily

progress, Mark places a high premium on data accuracy. He seeks sophisticated and explainable

solutions and support to regain his missing data.
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6.2.2 Group SP

Participants in group SP are those who have a structured exercise routine and a strong ten-

dency toward precise numerical measurements. As shown in the lower left quadrant of Figure 21,

these participants are driven by specific fitness metrics. They are motivated to monitor their daily

step count, primarily focusing on achieving or surpassing a specific daily step count (i.e., 10,000

) benchmark. Their objectives include tracking their activity levels and consistently striving to

achieve and exceed a specific step target. Additionally, they closely monitor metrics such as calo-

ries burned, distance covered, and exercise locations to indicate whether they’ve been active or not.

Below is a persona representing the typical characteristics of this group observed in our study.

Sarah is a 28-year-old marketing manager who leads a busy and predominantly sedentary

lifestyle due to the nature of her job. She recognizes the importance of staying active to counter the

effects of prolonged sitting but prefers a flexible approach to her fitness routine. Sarah’s primary

fitness goal is to reach a daily step count of 10,000 to indicate that she’s active enough for the day.

She uses Fitbit to keep herself accountable and motivated. Her Fitbit also records the distance and

calories she burned for each activity, but she cares most about whether she reached her daily steps

or not. She glances at other metrics Fitbit provides but rarely remembers them. Sarah’s structured

exercise routine is planned as follows: Monday through Friday (3 times), 30 minutes of slow-paced

walking during her lunch break, 30 minutes of fast-paced walking in the evening, and 10 minutes

of yoga for flexibility before bed. On weekends, she continues with 30 minutes of slow-paced

walking in the evening and occasionally engages in sports and other exercises with her friends.

Besides that, she also climbed the slopes as much as possible. Sarah doesn’t care too much about

the exact number of steps she takes every day, but she likes to see that she accomplishes her step

goal and receives rewards for completing it. Therefore, she finds it frustrating when the record

shows that some of her steps are below her target due to missing data when she forgets to wear her

Fitbit. She’s not particularly interested in remembering every detail of the metrics Fitbit provides;

she’s mainly focused on knowing whether she reached her daily step goal or not. Due to her desire

for simplicity and her limited interest in memorizing various Fitbit metrics, Sarah seeks solutions

and methods that can effectively represent her daily activity without requiring significant effort on

her part.
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6.2.3 Group UW

As illustrated in the upper right quadrant of Figure 21, these participants are motivated to

attain a range of wellness goals. These goals include healthier eating habits, increased physical

activity, healthy heart rate during interval workouts, and tracking sleep patterns. Additionally,

they are focused on cholesterol management and blood pressure control. The following persona

exemplifies the common traits observed within this group in our study.

Mike is a dedicated Ph.D. student in his third year of psychology studies. Having completed

all his required classes, he is now fully focused on his thesis research. Throughout his demanding

academic journey, it was challenging for Mike to maintain a healthy lifestyle. However, as he

nears the finish line, he is determined to prioritize his health once more. To achieve this, Mike has

decided to exercise more than before and maintain a healthy heart rate during physical activities.

He relies on his Fitbit device to monitor his workouts and periodically assess his progress. Given

the demanding nature of his studies, Mike can’t dedicate much daily attention to his exercise data.

Instead, he looks to his Fitbit to provide a comprehensive overview of his progress and confirm

that his exercise promotes heart health. Mike tries to incorporate his exercise routine into his daily

life seamlessly. He aims to make it to school three times a week, incorporating brisk walking

into his commute between home and school. He also enjoys changing his work environment by

occasionally visiting coffee shops and libraries, where he continues to incorporate brisk walking.

On weekends, he runs in his neighborhood and occasionally engages in activities like hiking with

friends. There are days when he has no activities recorded, and due to the gaps in his exercise

data, he sometimes struggles to distinguish between days when he didn’t wear his device and days

when he didn’t engage in exercise. While Mike isn’t overly fixated on retrieving every missing

data point, he does aspire to achieve a certain level of accuracy in capturing his exercise efforts.

He seeks solutions and support to recover the missing data that can reflect his improvements.

6.2.4 Group UP

Participants in group UP maintain an unstructured exercise routine and exhibit a performance-

oriented approach in their tracking behavior. As shown in the bottom right quadrant of Figure 21,

these individuals are driven by the motivation to monitor their activity levels, such as achieving a
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20-minute walk or reaching the goal of 10,000 steps. Their primary focus is on achieving specific

step counts or exercise durations rather than recording the specific activities they engage in.

Emily, a 45-year-old housewife, works part-time from home while caring for her two children.

Recently, she began experiencing back pain due to her sedentary lifestyle, prompting her to take

action and find ways to stay active throughout her busy day. Her primary health goal is simple: to

stay active. Although she aims to walk 10,000 steps per day, she often falls short, typically reach-

ing around 5,000 steps. Her exercise routines are sporadic and subject to her daily schedule, which

can be unpredictable due to her part-time work and childcare responsibilities. On workdays, she

picks up her kids and occasionally enjoys some playtime with them at the park. On weekends, she

sometimes goes hiking with her family and takes leisurely walks around the neighborhood with

her friends. Emily admits that she’s not particularly tech-savvy and sometimes finds it challenging

to fully understand and utilize devices like her Fitbit to their full potential. She participates in an

initiative linked to her husband’s company, where meeting certain activity levels can lead to finan-

cial rewards. In support of this program, Emily uses her Fitbit to motivated herself and to record

her activities and shares this data with her husband’s company. Therefore, it can be frustrating

for her when some of her activities go uncounted due to occasional forgetfulness in wearing her

Fitbit. She seeks solutions and methods that are easy to understand and accurately represent her

daily activity without requiring significant effort on her part.

6.2.5 Design observations

6.2.5.1 Perceptions of reliability and accuracy disparities in scenario context

We presented the prototype we implemented (see Section 5 for more details) to participants.

Recall that in scenario A, we presented a situation where some data from one day was missing,

described as when their Fitbit was out of battery in the middle of the day. Scenario B, where an

entire day was missing, was described as when the user forgot to wear their Fitbit.

In response to the above-described two scenarios, some participants (4 out of 14) expressed that

they found the estimated data to be more reliable when some data was captured. This preference

was particularly evident in scenario A, where the Fitbit ran out of battery in the middle of the day.

For instance, P12 stated, “it had something captured, to me that’s telling me there’s something
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that’s definitely accurate.” P9 expressed a similar sentiment, saying, “it is more reliable because

there is more data already on that day existing.” P6’s response aligned with these views: “I would

trust this one probably more than the original one (missing one day) since there was some data.”

These reactions correspond to the persona described in Section 6.2.1, where people are skeptical

about the estimated data.

Conversely, some participants (3 out of 14) found the estimation for scenarios involving an

entire day missing more accurate. P8 articulated this perspective, stating, “I just feel like I’d rather

simulate the entire day than half the day and add it on.” P9 stated, “I think the one (missing one

day) was much simpler.” Furthermore, some participants believed (7 out of 15) that the estimation

for these two scenarios was the same. For example, P11 said, “What’s the difference between these

two designs? They look similar.”

6.2.5.2 Varied responses to the algorithmic-based approach

During Visit 2 (see Section 6.1.3.2), while most participants liked the algorithmic-based ap-

proach, concerns were also raised. After presenting it, some participants considered the estimated

data accurate, but they also desired an understanding of how the algorithm generated these esti-

mates. For instance, P7 mentioned, “that’s (the algorithmic approach) definitely more accurate,

but I don’t know; the algorithm is boring to me. How is it generating this? What is it basing that

on?” Similarly, P9 commented, “it’s good that I can see that the data has been regained; however,

I don’t know where that data is coming from.” P3 added, “I’m not sure how they came up with that

number.” However, some participants were more skeptical about the estimation, especially when

the estimated data indicated the highest activity level of the week (when we intentionally removed

the highest data). For example, P14 expressed uncertainty, stating, “I feel there is an error, and

I’m not really sure.” P8 mentioned, “if I didn’t know exactly what it was doing and how it was

calculating it, it feels like an outlier.” P4 questioned, “I think the estimated data is wrong. How

did it generate this?” Despite expressing a preference for using the approach, some participants

conveyed distrust, suggesting that explaining the algorithm’s process would foster more trust.

Following the analysis of Visit 2, we identified common patterns with the algorithmic-based

approach. Participants favored its ease, minimal effort requirement, and time efficiency. However,
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it became apparent that there was a need for more clarity on how the system generated the estimated

results. And how to improve their confidence in the estimated data, especially for those who only

have a vague impression of their step counts. To address this, we had several explorations. Firstly,

we added a summary sentence explaining how the algorithm works (see Figure 27 as an example).

After presenting it to them, some participants found it helpful in understanding the algorithm, as

expressed by P3: “I like how it explains how the algorithm calculated this by pointing out the data

it looked at.” However, some participants reported that, while they care about how the algorithm

generated the estimated data, they might ignore lengthy explanations, as noted by P5: “even if it

gave me a long thing telling me how it generated the data, I probably wouldn’t read it.”

We then attempted to present information about their workouts visually. Initially, we intro-

duced a stacked bar chart to represent the daily step count accumulated by steps from each activity,

moving away from displaying step data for walking activity alone (see Figure 28 as an example).

This approach was also applied to calories (see Figure 30 as an example), minutes (see Figure 31

as an example), and active minutes (see Figure 32 as an example). To enhance their recollection

of exercises, we also generated a calendar of their workouts (see Figure 22, Figure 23, Figure 24,

and Figure 26 as an example). Additionally, to emphasize participants’ daily step count goals, we

presented their achieved daily steps in comparison to their set goals (see Figure 29 as an example),

particularly addressing feedback from group SP and UP, where the primary aim is to achieve a

specific daily step count.

During Visit 3 (see Section 6.1.3.3), we initially presented the visual information described

above to participants. Subsequently, we asked them a question about whether the missing day

was a regular or irregular day for them (Figure 33) and then revealed the estimated data. Some

participants found value in seeing the information used before the estimation, providing insights

into the data the algorithm used, as expressed by P10: “it’s good to see everything that was taken

into account.” However, others felt that the visual information shown was repetitive, as mentioned

by P6: “I think C6 (active minutes, see Figure 32) is kind of already replicated in C2 (steps, see

Figure 28) because you can see that information in C2, but C6 is only specific information on

your workout in that two minutes.” Participants expressed concerns about the number of steps

involved in this approach, suggesting that they might click next without thoroughly examining the

information. P10 stated, “it’s definitely a lot more steps than the other ones. I think that would be
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Figure 27: Explanation of the algorithmic method.

Note: The example above illustrates the text explanation of how the algorithmic method works. It

includes a brief introduction to what the algorithmic method is and the source data it references

when estimating the missing data.
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Figure 28: Participants’ daily step data.

Note: The above example illustrates the total daily step count, encompassing steps from routine

movements, walking, running, and any other physical activities performed throughout the day. For

instance, in the step count for ’Mon 5/15,’ the blue bar represents steps taken during ’Sport’ activ-

ities, the grey bar signifies steps from ’Other’ activities, where ’Other’ denotes steps accumulated

during routine daily activities. The question mark stands for the hypothetical missing data, and we

also included the daily average step counts.
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Figure 29: Participants’ daily step data.

Note: The above example illustrates the total daily step count compared to the step count they aim

for. For instance, in the step count for ’Sun 5/21,’ the blue bar represents steps taken for the day,

while the orange bar signifies steps that are below the daily step count they set. The question mark

stands for the hypothetical missing data, and we also included the daily average step counts.

116



Figure 30: Participants’ calorie data.

Note: The above example illustrates the total daily calories, encompassing calories from routine

movements, walking, running, and any other physical activities performed throughout the day. For

instance, in the step count for ’Mon 5/15,’ the blue bar represents calories burned during ’Sport’

activities, the grey bar signifies calories from ’Other’ activities, where ’Other’ denotes calories

burned during routine daily activities. The question mark stands for the hypothetical missing data,

and we also included the daily average calories burned.
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Figure 31: Participants’ minutes data.

Note: The above example illustrates the time they spent on their workouts, encompassing minutes

from walking activities, running, and any other physical activities performed throughout the day.

For instance, in the minutes for ’Mon 5/15,’ the blue bar represents minutes burned during ’Sport’

activities. The question mark stands for the hypothetical missing data.
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Figure 32: Participants’ active minutes data.

Note: The above example illustrates the active minutes spent on workouts, including minutes from

walking activities, running, and any other physical activities performed throughout the day. Active

minutes encompass sedentary, lightly, fairly, and very active minutes that are specifically dedicated

to intentional exercise. For instance, in the active minutes for ’Mon 5/15’, the yellow bar represents

“very active” minutes in a day, the grey bar represents “fairly active” minutes throughout the day,

the orange bar represents “lightly active” minutes through the day, and the blue bar represents

“sedentary” minutes throughout the day. The question mark stands for the hypothetical missing

data.
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too much to go through that every time.” They proposed separating these steps into distinct links

for interested users. P10 suggested, “if you labeled it on one page, like when you go in to get your

data, if it just had like bolded, title each of these with a one-sentence description or something, I

felt like that would be helpful. So there’s like, you know where it (the data) is coming from without

needing to see everything.”

Participants expressed appreciation for the prompt (shown in Figure 33), with P2 mentioning,

“it just sort of gives me a little memory boost of what I was doing that day.” P15 stated, “so that

is an irregular day for me, so that has to be taken into account. Otherwise, we will be estimating

around 6000 steps, but actually I was in bed. So that is the reason why I like this feature to be

added.” Overall, this design increased their confidence in the estimated data, with P6 stating,

“I felt like it worked, what I anticipated that it would look like on the day.” Participants also

appreciated seeing their workouts on a calendar. P13 mentioned, “I really liked the calendar, and

how you can click on it and see each thing because that’s really breaking down what I did that

day. So I kind of know that sometimes if I have a lot of exercise in one day, I can’t differentiate

what workout was which one. So I like that you could click on it and do it separately.” Additional

feedback was provided, such as P13 expressing interest in seeing estimations for calories too.

6.2.5.3 Mixed reaction to event-based approach

During Visit 2 (see Section 6.1.3.2), the event-based approach received positive feedback from

most participants, each expressing their liking for various reasons. Among those who liked it was

P10, who stated, “I think it’s good. Like if you have data that were similar to it, I know I didn’t take

this many steps that day, but it was definitely similar to this day here, or somewhere in between.”

Others provided positive feedback along with some concerns. P8 mentioned, “I think it’s effective.

Except there might be some outliers. Like one day, I might go on vacation.” P12 shared, “there

was a festival going on, and we had an issue with public transportation, so we walked a lot. So

it’s slightly exaggerated, but more than I would usually do.” P3 noted, “this was a unique time

because I was abroad during this chunk of time.” P2 stated, “I guess the only thing would be if

this day (missing day) had been wildly out of range with my other days, either really low or really

high, there’s not much option to fill that in.” Some participants preferred the idea of taking an
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Figure 33: Prompt inquiry shown to participants.

Note: The figure provided illustrates the prompt inquiring about whether the missing data pertained

to a regular or irregular day for the participants. A regular day implies that the day was part of

their daily routine, while an irregular day indicates that something special or out of the ordinary

occurred on the day when their data was missing, such as going on holiday.
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average of similar days to estimate the missing day, as it didn’t heavily rely on their memories. P7

supported this method, saying, “taking an average of what you did that day and then estimating

where it is. That’s a very helpful thing. It’s better than missing the data completely.” However, not

everyone favored the event-based approach, with some participants disliking it due to what they

perceived as too much generalization. P12 expressed this sentiment, saying, “I’m not a big fan of

the generalization.”

Following the analysis of Visit 2, we observed that participants who prefer using the event-

based approach appreciate its lower memory demands compared to the manual-input method. Ad-

ditionally, they find it valuable to allow them to leverage their own knowledge about how their

workouts went, particularly in group SP, where participants have structured routines. To address

situations where participants have days significantly different from others, we aimed to provide

more flexibility by including options that may not be applicable to everyone (see Figure 36). Fur-

thermore, we incorporated the walking routes participants normally use, which they shared with

us during Visit 2 (as depicted in Figure 34 and 35). We also incorporated a feature allowing par-

ticipants to manually adjust the estimated data.

During Visit 3 (see Section 6.1.3.3), participants’ responses to the event-based method exhib-

ited a range of sentiments. Some participants liked it without any criticisms, while others expressed

positive feedback with minor suggestions for improvements. Some participants had positive and

negative aspects to share, and others disliked the approach and proposed alternative methods.

P4, who expressed satisfaction, stated, “I feel that it was accurate; there’s nothing I don’t like

about it.” On the other hand, P9 liked it but suggested changes: “I think it’s good that it is taking

into account the events because the events are definitely a trigger to the activity level for those

days. It might not be absolutely accurate, but it’ll be easy to take a guess as to how or what the

level of activity was for that.” However, she recommended: “I also want to see interactive data

that could show the most active day, least active day, and what the average activity range is.”

P5 pointed out the similarity in her mind between calories, mileage, and duration, stating, “if

I’m going to have more steps, I’m going to have gone a further distance, burned more calories.

So, to me, I would just pick Friday. I’m not going to think too hard about it.” P10 echoed a similar

sentiment: “I walked the same amount these days. They probably burn the same calories and spent

the same amount of time walking.”
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Figure 34: Participants’ exercise route.

Note: The above figure illustrates one of our participant’s (a.k.a., P7) route for her walking activi-

ties from the iterative user-centered design study.
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Figure 35: Participants’ exercise route.

Note: The above figure illustrates one of our participants (a.k.a., P9) route for her walking activities

from the iterative user-centered design study.
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Figure 36: Options shown to participants in MissFit.

Note: The figure above demonstrates the option that we offered as per the request from our partic-

ipants. This option is provided for cases where none of the presented days are similar with the day

when data was missing.
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P11 expressed a dislike for recalling activities from a few days ago, saying, “I don’t pay

attention or write about each day or activity on paper or on a calendar.” P6 emphasized the need

for the ability to compare and adjust data, stating, “if I can compare the day and adjust the data to

lower the range, that’ll be good because in my head, I know Monday’s data is a little bit less.”

P1 expressed uncertainty about the necessity for certain details, stating, “for the average user,

I’m not sure that I need that. But it’s cool to have the option.” P2 mentioned a dislike for calorie

tracking but appreciated having other options, such as maps. P14 felt uncomfortable answering

about calories, stating, “I don’t have a sense about the calorie counts because it’s something that

I don’t check.”

P13 found the process a bit complicated and suggested combining the three methods into one.

She proposed, “maybe this could be an option for that algorithmic versus manual. And then you

could have something like this for people who specifically want to get more in-depth about it. But

the automatic part just goes without needing to do all these steps every time.”

6.2.5.4 Collective disapproval of the manual-input approach

After presenting the manual-input approach during Visit 2 (see Section 6.1.3.2 for more de-

tails), all participants reported that they disliked it because they couldn’t remember the exact num-

ber of steps they had taken. This was especially challenging for participants who didn’t pay much

attention to exact step counts. For example, P9 stated, “I might over or underestimate the number

of steps; I don’t remember details about the activity.” P8 mentioned, “if I have to remember how

many steps I did, that’s beyond me. I have no idea.” P10 said, “I don’t remember what times it was

between gaps and how many steps, like, that just feels like too much.” P6 added, “I don’t really

remember how many steps I have.” P1 expressed, “that’s a little tricky. I don’t know exactly.” P14

concluded, “it’s hard to remember all the steps we take every day.” Additionally, P14 stated, “my

only concern about this method is my memory could be rough, and the estimate that I’m giving

could be completely off.” In response to inquiries about what would help them refresh their mem-

ory on that day, participants responded with suggestions such as reviewing their daily routines,

checking calendars, looking at photos taken on that day, recalling special events (i.e., birthdays,

friends’ dissertation defenses), etc.
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For other feedback on how to improve this approach, participants suggested that instead of

asking for specific step counts, the system could inquire about a range of steps. In response to

the feedback collected from this visit, we modified our prototype as follows: to provide more

information about what their day looks like, we first presented them with a calendar consisting

of their workouts (see Figure 22, Figure 23, Figure 24, and Figure 26 as an example). We then

presented them with a list of questions reflecting their daily routines (as shown in Figure 37) and

asked them to select a range of steps that could represent their missing day or activities (as shown

in Figure 38).

We also explored the level of detail that the questions asked, and from the feedback gathered,

participants in groups SP and UP predominantly prefer higher-level questions (as shown in Fig-

ure 37). In contrast, participants in groups SW and UW tend to favor more detailed questions (as

shown in Figure 38).

During Visit 3 (see Section 6.1.3.3), participants appreciated the effort to gather information

about their day but suggested improvements, such as personalization, more concise wording, and

addressing relevance to individual routines.

P13 expressed a positive outlook, stating, “I like this because I think that I can trust the data

a little bit more.” She believes that providing more information leads to more accurate data but

also suggested that the questions should be more personalized, as not all of them are relevant to

everyone.

P14 highlighted the memory-intensive nature of answering these questions, saying, “this is

strongly for people who remember what happened during the day.” She recommended adding an

option like “I don’t know” to accommodate participants who find it challenging to recall details.

P2 observed some irrelevant questions, mentioning, “I can see that some of the questions

are not relevant to me.” She suggested a modification to include questions like “Did you go to

more than one location for work or school?” and acknowledged that the questions help in making

accurate estimates.

P6 echoed the sentiment that some questions were not applicable to her, mentioning, “I don’t

have a lunch break.” She also expressed a dislike for the recall aspect, stating, “I dislike that it’s

just a lot of recall. We have to think about it.”

P10 found some questions irrelevant and disliked the recall-intensive nature, stating, “the lo-

127



Figure 37: Questions to help recall the missing day.

Note: The figure above illustrates the questions we asked to assist participants in recalling the day

under the scenario where one day’s data was missing.
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Figure 38: Questions to help recall the missing day.

Note: The figure above illustrates the questions we asked to assist participants in recalling the day

under the scenario where one activity’s data was missing.
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cation option, I didn’t go to any of those places. It needs to be either general for everyone or

accurate for each person.” She expressed concerns about the habit-forming aspect and potential

challenges when busy.

P11 cited memory challenges, saying, “I like the question, but I can’t remember what I did, so

that’s why I cannot answer that accurately.” P12 felt that the questions were not comprehensive

enough to cover additional activities beyond a routine day.

On the positive side, P3 appreciated the simplicity of the dichotomous yes-no questions, de-

scribing them as easy and quick. P7, however, felt there were too many questions, and the wording

made it hard for him to focus. P8 also identified some questions as not relevant to him.

P9 liked the questions that covered most aspects of her day, stating, “I think he covered most

of the things that I would have done.” She appreciated the broad coverage, especially regarding

activities after school.

There’s also a disagreement on the appropriate number of questions presented. P13 expressed

a preference for a specific range, stating, “from 3 to 11 is the acceptable range for the number of

questions.” She emphasized that exceeding 10 or 11 questions could be perceived as excessive. On

the other hand, P2 had a broader acceptable range, mentioning, “less than 20, it didn’t bother me.”

She also pointed out that too few questions might not provide sufficient information, she likes to

utilize her own knowledge, and she likes to answer questions in general. P3 found seven questions

to be suitable, expressing that this number felt appropriate for the method. These diverse perspec-

tives highlight the need for personalization and further research to determine an optimal number

of questions that balance obtaining valuable information without overwhelming participants.

6.2.5.5 Design evolution through visits

Due to the nature of the iterative study, participants were recruited at different times. In each

iteration, we incorporated global feedback from all participants. For example, we recruited 4

participants in week 1 and 3 participants in week 2. The design feedback received from the first 4

participants influenced the design for the 3 participants in week 2. The design gradually evolved

as we collected feedback from all our participants. This process contributed to the observation that

most of our design changes occurred during Visit 2, and the design started to converge during Visit
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4.

During visit 2, we identified that participants were interested in understanding how the algo-

rithmic approach generated the estimates, that the event-based method needs to be less generative,

and that the manual-input method needs to be less memory intensive. During Visit 3, we explored

different options to mediate the problems identified during Visit 2. From the feedback, we identi-

fied participants favor systems that are easy to use most of the time but also want the freedom to

check details and utilize their personal knowledge. Indicting a converged design that combines the

three methods into one. During visit 4, we tested the converged system and new requirements from

participants. This converge happened at the end of our recruitment, which means fewer participants

provided feedback on this version.
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7.0 Implications

7.1 Design implication 1: systems should utilize the users’ daily habits to guide them to

recall the missing data

From the iterative user-centered design study (outlined in Section 6.2), we learned that remem-

bering specific numerical values or activities is challenging for participants, but recalling using

their daily routines is more manageable. This is particularly evident for participants in groups UW

(described in Section 6.2.3) and UP (described in Section 6.2.4). For example, P8, a member of

group UP, doesn’t have a predefined exercise routine, “I usually walk to go to my classes. And if

I’m not at a decent amount of steps, I’ll walk a little more to reach those steps. So it (the routine)

depends on the day.” When the manual input methods required her to recall step counts, she pre-

ferred alternative designs, stating, “I just have the worst memory in the world.” She suggested that

methods assisting her in mentally walking through her day would be beneficial, “it’s easier for me

to remember my day when I can walk through it. If it’s like asking me to recall specific parts of my

day, that kind of extra ahead. But if I could walk through the day, in my mind, you’d have questions

that would facilitate that. ”.

P11 emphasized the difficulty of recall, stating, “The biggest problem with anyone is the power

to recall.” Three approaches utilizing daily routines were identified to aid participants in recalling

the missing day. The first involves presenting users with a calendar displaying all their activities.

P8 found the calendar helpful in mentally walking through her day, saying, “This (the calendar)

helps me walk through it as well, so this is a good representation of how your activities might be.”

P13 expressed a positive view of the calendar, appreciating the breakdown of activities, saying, “I

liked the calendar, and how you can click on it and see each thing because it breaks down what

I did that day.” P10 found the calendar’s information aligned with what she typically examined.

P5 said, “I can refer based on what it showed. I played for a long part of the day, then that was

probably a tryout, and then based on that, I could guess what the next day was.” and P11 said, “ I

think it’s easier to like looking at the calendar, then you can help yourself by eliminating certain

period, like 10 am to 6 pm is when I work, which means that time slots was gone, and then you can
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calculate the other things.”

The second approach involves asking questions about participants’ daily habits. P8 suggested

questions like, “Did you go to work? Did you go to school? Did you go to soccer practice? Did

you go to the park?” P7 appreciates those questions, commented, “They are not just questions, I

guess it’s more about the thinking when you answer the questions.” P9 appreciated the specificity

of these questions presented during visit 2 (see details in Section 6.2.5.4), stating, “I think it (the

questions) is specific, and it’s breaking it down into different levels of your day, like getting into

school, getting a lunch break. Things you do after school are easier because it begins to zoom

in and see the different activities for a particular day.”. And P10 recommended asking simple

questions about daily routines, “ask simple things, like yes, they went to work, then (the system

should) show them when they’re at work this is how many steps they tend to take in a day.”

The questions should be personalized so that they are relevant to each user. P6, while she did

not find the lunch break question personally relevant to her, she acknowledged its importance for

those with a routine lunch break, “I think if somebody routinely does a lunch break, that would be

an important question, but for me specifically, it’s not as important.” P14 suggested reducing the

number of questions and including options for cases when participants couldn’t remember certain

details, “instead ’Yes’ or ’No’ options, it should also add ’N/A’ option in cases when the question

doesn’t apply to them or if they don’t remember.” P13 favored the questions, as they provided

more information, increasing trust in the synthetic data generated, “Because I’m giving you a lot

of information. So I trust the synthetic data that comes out is pretty spot on compared to not having

any of that.” She also suggested, “The questions are good. But I think some of the questions are

irrelevant to some people, so it’s better only to ask relevant questions.”

The third approach involves utilizing map locations, considering that participants frequently

visit the same places or use familiar routes for walking, running, or walking activities. So, the

map locations can be a good way of helping people recall their activities. P1 noted that occasional

variations in routines, such as going to a different park, could make some days challenging to gen-

eralize, “On Saturday, we just happened to go to a different park that we don’t usually go because

we went for a child’s birthday party. So yeah, some days are just a little different.” P6 suggested

the option to select multiple locations for days spent in other neighborhoods, emphasizing the rel-

evance of this feature for diverse scenarios, “If I was at two different locations that day, it might
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be important to be able to select both.”. P10 preferred the map location method, indicating that it

would be more suitable for her.

P12 highlighted the consistency of walking activities in her neighborhood. At the same time,

P7 identified two primary locations, “I am normally at two locations: one at home and one when

I walk the dogs. I do the same walk in the morning and at lunchtime.” Overall, these three

approaches leveraging calendars, targeted questions and map locations offer promising avenues

for assisting participants in recalling missing data based on their daily routines. Future PI tools

aiming to mediate missing data should incorporate these features to help end users recall their

missing data.

7.2 Design implication 2: systems should utilize the users’ daily routines in estimating

their data

In the iterative user-centered design study (refer to Section 6 for details), we discovered that

participants’ exercise routines are linked to their daily schedules, which vary among participants.

The estimation methods should consider incorporating participants’ daily routines to enhance the

accuracy of estimating missing data. This connection is particularly evident in the behaviors of

participants in groups SW (see Section 6.2.1 for details) and SP (see Section 6.2.2 for details).

For instance, P7 from group SW described a well-defined exercise routine integrated with daily

activities: “I’m in the office three days a week. So every morning, I try to get here early and walk

for about 20 to 30 minutes. And then, at lunchtime, if I can, I try to walk for even an additional

20 to 30 minutes. And then pretty much every day after work, around four to five, I walk for 20

minutes, playing outside with my dogs, walking back and forth to get the ball to them.” Similarly,

P12 in the same group reported, “I do them every morning. The first thing I do when I wake up, I do

about 45 minutes of cardio, and then I do resistance training like lifting. I do another 45. So I’m at

the gym for a good hour and a half on a weekday. On weekends, I’m a little bit longer, usually, but

roughly an hour and a half between the cardio, like half cardio half resistance training.” However,

each participant’s routines are different. For example, P6 in group SP mentioned, “I did go to the

beach again for a couple of days. So my walking location would be a little bit different. Other
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than that, there were only what? Four days? I was there for the holidays. I was there for the

show. So those days are just different locations.” P14, also in group SP, added, “In summer, I make

it intentional, I try to walk back home where I would take some 4000 steps extra. So during the

winter, it is a bit hard for me to maintain that, but a minimum of 5000 is what I try to maintain.

And only from Monday to Friday.” Furthermore, routines fluctuate during special events.

We identified two ways to leverage participants’ daily routines to aid the estimation process.

The first approach involves integrating user input into the algorithmic method by prompting par-

ticipants to specify whether the missing data corresponds to a regular or irregular day. Regular

days align with participants’ daily routines, whereas irregular days indicate deviations or special

events. P13 articulated a preference for this feature, stating, “I would want the last option that we

had, asking if this was a regular day or an irregular day. And then if I clicked a regular day, then I

could manually put more information in to make it more specific. But if it was a irregular day, or I

know I did a lot of exercise that day, I could say no, it was an irregular day and then manually put

more information in.” P14 supported this perspective, highlighting the importance of accounting

for irregularities, such as days with minimal walking due to specific circumstances, “like what

happened to me on a Tuesday, I didn’t walk much, hardly 1000 steps. So that is an irregular day

for me, so that has to be taken into account. Otherwise, we will be estimating around 6000 steps,

but actually I was in bed. So that is the reason why I like this feature to be added.”. P2 expressed

approval, recalling a positive experience with a similar algorithm that distinguished regular and

irregular days based on the participant’s activity level. “I like it. For example, I know when thing

was out of the ordinary because I helped my friend move so my heart rate was really up that day.

So I would know that it was irregular for me.” P6 identified a vacation day as an example of an

irregular day, emphasizing increased physical exercise. “I would say this is probably an irregular

day because I was on vacation. So I was doing more physical exercise and walking I normally

would do.” P10 reflected on the recent past, noting changes in routine during travel and adverse

weather conditions. “I feel like this has been more of my regular routine than going back into last

weekend. I walked a lot more because I was traveling and seeing a different city. And then also

the weather too. It Was raining a lot. I’ve definitely been outside less.” P4 acknowledged the

regularity of exercise routines during weekends compared to weekdays, “my exercises routines are

more regular during weekends compared with weekdays.”
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The second approach involves ensuring that the event-based method options capture various

aspects - personalization for each user. For example, P1 expressed satisfaction with the event-based

method, stating, “I appreciated the event-based method; I have a good sense of what my day looks

like, and I don’t think I need that level of detail (manual input) to track my calories accurately.”

P10 presented a different viewpoint, saying, “Yes or no questions are easier than choosing similar

days. I walked the same amount on these days, so they probably burned the same calories, and

I spent the same amount of time walking. The questions should capture different aspects.” P13

proposed an alternative, suggesting, “by clicking on the bar itself to select specific days is easier.”

P14 provided a balanced perspective, stating, “I think it’s good if I can recall. But we should

consider adding one more option like ’that day is not similar to any of them.’” P9 expressed a

desire for additional features, stating, “I would like to see data and interactive information that

shows the most active day, the least active day, and the average activity range.” P2 added, “I don’t

pay as much attention to the calories as to other stats. I didn’t dislike the calories. As I mentioned,

some people notice different things. I actually think I would like it if it addressed both. I generally

prefer more options. The more data it asks for, the better I would feel.”

Additionally, both approaches ensure that the methods reflect changes in participants’ daily

routines- personalization- and the algorithmic models that generate the estimated data should be

adaptive. For instance, P6 highlighted the challenge of using routine schedules during an atypical

week, suggesting that routine-based comparisons would be more effective if activities remained

consistent week-to-week. “If I were following a routine schedule and engaging in the same activ-

ities last week as I did this week, using data from last week would be beneficial. However, since

my activities were different this week, comparing my current data with last week wasn’t helpful. I

found it challenging to select a specific day because some days lacked any information or walking

data. Consequently, I chose days with the highest values, as I was more physically active during

my beach visit. I believe in a consistent routine, utilizing last Monday’s information for this Mon-

day could be valuable. So, I don’t think it’s something to discard. I think it was an unusual week

for me to use that feature effectively.”

Participants’ exercise routines are intricately linked to their daily schedules, emphasizing the

need for estimation methods to consider them. The two identified approaches—incorporating user

input into the algorithmic method, refining options for the event-based method, and ensuring adapt-
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ability to changes in routines—provide promising strategies for enhancing the accuracy of missing

data estimation. Future developments in PI tools should explore integrating these features to better

assist end-users in estimating their missing data.

7.3 Design implication 3: systems should prioritize cumulative measurements but still

offer details of individual discrete activities

The system should prioritize cumulative measurements while offering detailed information

on individual discrete activities. From both the semi-structured user study (see Section 4.2) and

the iterative user-centered design study (see Section 6.2), we found that participants, referred to

as maintainers, who have a measurement-focused personality, strongly prefer having an overall

measurement of their daily activities. Participants with a wellness-oriented personality prefer to

receive a general measurement of their daily activity level and a tendency to check specific details

of their discrete activities.

In the study, all participants, regardless of their personality types, utilize one or multiple cu-

mulative measurements to measure their daily activity level. Specifically, participants fitting the

persona of Group SP (see Section 6.2.2) and Group UP (see Section 6.2.4) aim to maintain a rela-

tively active lifestyle and strive to meet or exceed specific step counts or exercise durations. Their

primary focus is confirming whether they have achieved their daily activity targets, with less em-

phasis on examining the finer details of their discrete activities. However, the matrix that each

participant uses is different, which calls for personalization. For example, P6 from group SP said,

“I just look at my steps. The 10,000-step goal is usually what I look at.” It’s worth noting that

participants employ various cumulative measurements to represent their daily activity levels. P14,

from group SP, said, “my goal for using Fitbit is to see how many more minutes I have and how

many steps I take in a day. So know whether I’m active enough for a day and not sitting in one

place.” For instance, P1 uses Fitbit to reach a daily step target of 10,000. However, she observed

that weightlifting was not counted toward this goal. So, she had to switch to other exercises,

leading to inconvenience.

For those fitting the Group SW (see Section6.2.1) and Group UW (see Section6.2.3) persona,
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they track their progress toward specific performance goals. They exhibit greater attention to

individual discrete activities, although they acknowledge that probing into these details every time

may require too much effort. For example, P9, from group SW, said, “I mainly use the daily

steps and the calories to track my performance.” And P2, from group UW, said “I think links for

more detailed information is helpful, like overall information, but also details about each activity,

maybe not every time to go through it, but I would like that option.” Throughout our study, we

noted that certain types of exercises, such as weightlifting and cycling, were not factored into the

overall health measurement, causing burdens to participants. P7 commented, “I pay more attention

to metrics like active minutes and heart rate since they better reflect my daily performance. For

example, in the summer, I engage in intense upper-body workouts that don’t register many steps but

are good workouts for me.” Similarly, P13 highlighted the current system’s limitations, stating, “If

I’m in stationary, like lifting without much movement, it doesn’t register steps. However, dynamic

exercises like lunges or squats involving leg movement are counted. Standing in one position for

lifting doesn’t register steps because the system needs leg movement to detect steps.”

One approach to this is the breakdown illustrating how various activities contribute to the

overall measurement. In our study, participants were presented with a stacked bar chart depicting

daily step counts (refer to Figure 28), calories (refer to Figure 30), active minutes (see Figure 32),

and minutes (see Figure 31), eliciting positive feedback. For instance, P12 expressed, “I like

seeing the breakdown for steps, calories, and minutes.” P3 commented, “I prefer them stacked

rather than just side by side.” Additionally, P11 remarked, “I prefer this one (breakdown for each

walking activity). I think this one is more accurate; it shows the steps I took from each activity.”

P13 stated, “I really liked the calendar, and how you can click on it and see each thing because it’s

really breaking down what I did that day.”

Another approach involves presenting a summary list of their daily activities, with the option

to dig into specific details by clicking on the activity. This was tested by condensing daily activities

into a calendar format. P5 found this feature helpful, stating, “this (the calendar) would be helpful

to me.” Similarly, P11 expressed, “I don’t pay attention or don’t write about each day or activity

on a calendar, so I like it that when I click on the green square (the activity), it gives a breakdown

of heartbeat, energy burn, etc.”

In addition, providing explanations on how each measurement is calculated can enhance par-
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ticipants’ trust. For instance, P10 noted, “I’m somebody who doesn’t pay attention to calories.

Like when I cycle, it says I burn like 300 calories, but I have no idea how it (the calories) was

calculated.” Similarly, P14 expressed, “As I told you, I have less confidence (about calories).” P2

mentioned, “I don’t pay as much attention to the calories as to other stats. I have little idea how

calories worked.” Additionally, P8 remarked, “I feel you can’t really apply calories as much as

minutes.” Some participants held suspicions about the data collected by their wearable devices,

leading them to withhold from using the measurement matrix itself (illustrated in Section 6.2.5.3).

For instance, one participant mentioned not using calorie data because she didn’t understand its

value, stating, “when I woke up in the morning, it (the Fitbit) shows that my calories are already

50 something. I mean, where does the number come from?” Another participant questioned the

difference between daily step count and walking steps. Some participants also noted discrepancies

in their objective to exceed a specific daily step count, as they observed that some exercises were

not counted toward the daily steps. All of these instances hindered trust in the system itself.

7.4 Design implication 4: systems should utilize prompts to identify and estimate missing

activities

Users’ feedback can be utilized in three ways: the first is to identify missing activities to

initiate the estimation process, the second is to help build estimation models, and the third is

to help guide the estimation process, and personalization is apparent for all of them. From the

analysis of the algorithmic approach (discussed in Section 3.6), we learned that it’s challenging for

algorithms to identify missing activities accurately without human intervention. For example, if the

missing activity occurred at night, the algorithm could identify it as morning. This could undermine

participants’ trust in the system. However, identifying missing data and days is the initial step

in estimating them. During the semi-structured study (outlined in Section 4), we identified that

maintainers displayed a consistent pattern of utilizing and actively engaging with the tools at the

time of data collection, often to confirm data acquisition and monitor progress toward their goals

(see Section 4.2.2).

So, the system could prompt users with confirmation, like ’is this a missing activity/day?’, with
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’Yes’ or ’No’ options. It can be combined with the auto-detection of the activities to identify miss-

ing or inaccurate activities or days. Current devices can detect whether participants are engaging

in a specific activity, but it may result in undetected minutes or errors if participants work out at the

gym. For instance, one participant in the semi-structured user study reported that when she uses

auto-detection on her watch, the watch typically detects the activity a few minutes late, leading to

inaccuracies in the record. Other participants also reported that sometimes auto-detection provides

an incorrect activity type. This might be a suitable time to prompt users with a question to confirm

the collected data. Another appropriate time would be during their reflection on their goal-tracking

process, such as a daily reflection on data collected, checking for missing activities, or instances

where data wasn’t recorded. This approach can improve participants’ confidence in the collected

data and initiate the estimation process. It can also have prompts that ask users to identify activity

patterns at these times, such as ’over the last month or week, is this a regular/irregular day?’. Later,

the system can utilize the data from the regular or irregular days to build the estimation model.

During the estimation process, the system can prompt users to determine whether the missing

day is regular or irregular. If it’s a regular day, the system can refer to the model constructed from

regular days to provide an estimation. However, if it’s an irregular day, the system should further

prompt the user with questions such as ’how long is the activity?’ ’what’s your estimated range of

the missing data?’ ’does the missing day have comparable days?’ etc. Afterward, the algorithm

would generate an estimate based on the user’s input to these questions. As expressed by P13, “if

I clicked an irregular day, then I could manually put more information in to make it more specific.

But if it was a regular day, I can trust that this was average from my other regular days.” P14

appreciated this approach, stating, “I like it that it’s asking that question whether it was regular or

irregular. I like this approach, giving the user the opportunity to get involved in the algorithmic

process rather than just presenting the result.” Similarly, P2 commented, “I like how it asks if it’s

a regular or irregular day because I do have days that were out of the ordinary, then I would know

that it was irregular for me.”

After presenting the estimated data, the system can prompt users to determine if they want to

make further adjustments. During the iterative user-centered design study, we found that partici-

pants often have their expectations regarding the estimated data. For example, P10 said, “I know

I didn’t take this many steps that day, but it was definitely similar to this day here or somewhere
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in between.” and P2 said, “I guess the only thing would be if this day (missing day) had been

wildly out of range with my other days, either really low or really high, there are not many options

to fill that in.” We also found that participants hold diverse expectations regarding the estimated

data. Some participants anticipate the estimated data will be close to their daily averages. Some

participants expect the estimated data to follow similar patterns as in previous days. For instance,

if the missing data corresponds to a regular day during the weekend, they would expect the es-

timated data to exhibit similarities with previous weekend days. By ensuring that the estimated

data is consistent with participants’ expectations, we can enhance their trust in the accuracy and

reliability of the estimations.

We explored two different approaches. The first approach can be interactive, providing a slider

for the estimated value, and participants can slide up or down to increase or decrease the estimated

data. P2 expressed, “I like it.” P14 stated, “I like that you are giving the user the option to change

in case they remember what the missing data is, and they can say no if they just believe what

the algorithm gives them.” The second approach can be facilitated by the event-based approach,

presenting users with comparable days to the missing day and allowing them to adjust the data on

a list of comparable days. P6 mentioned, “if I wanted to compare my Monday (missing day) to

Tuesday, and if I can lower the range a little bit somehow because I know my Monday is less than

Tuesday, that would be helpful.” P3 commented, “I like the option that I can choose to adjust the

estimated data, but it also made me wonder if there is a reason for me to want to adjust it. But I

like the option.”

7.5 Design implication 5: Systems should help users understand the estimation methods

used by providing a complete and detailed summary of the “source” activities referenced

Systems should help users understand the estimation methods by providing a complete and

detailed summary of activities referenced to generate the estimated data if the estimation method

is not intuitive. We learned from the iterative user-centered design study (see Section 6.2.5.2)

that participants found the event-based approach, which utilizes events and comparable days to

generate an average for missing data, and the manual-input method, which relies on users’ memory
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to fill in missing data, were perceived as intuitive and garnered different preferences. However, the

algorithmic approach raised concerns. For instance, participants mentioned that they lacked trust

in the estimated data because the process did not provide them with the information needed to

comprehend how the algorithmic approach operates. For example, P1 mentioned, “That seems

odd to me because why would the algorithm assume that I had more exercise than the day that was

missing?” P9 said, “I like that it (the algorithm) is not requiring me to go down memory lane to

try and remember, but I also don’t know if what it is doing is correct or not.” P3 said, “I’m not sure

how they came up with that number.” P4 questioned, “I think the estimated data is wrong. How

did it generate this?” And P7 said, “the algorithmic approach is definitely more accurate, but I

don’t know, the algorithm is boring. How is it generating this (the estimated data)?”

First, it is crucial to inform participants about what has already been recorded to estimate miss-

ing or partially missing data. During the study, we presented visual information such as calories

burned, specific activities they engaged in, and active minutes before introducing the estimation

methods. Participants believed that the estimation methods used the presented information to guide

the generation and reported that this information helped them build more trust in the estimated data.

For example, P3 stated, “Having more details about my activities helps me understand and build

more trust in it (the system).” P8 said, “Because I have my calories here as evidence, I trust it.”

However, this visual information should be personalized based on participants’ interests because

participants focus on different aspects. For example, P8 said, “The calories presented here gave

me more confidence, but if it were to offer me minutes, I would say no because I’m more aware of

my calories.” P9 said, “During active minutes, you are going to burn more calories; you can see

how it directly correlates with active minutes, so the active minutes seem like extra information,

and I only care about calories, so just showing calories is enough for me.” By presenting users

with the known data, they can make informed estimations and fill in the gaps based on the available

information. This transparency and visibility into the recorded data empower users to make more

accurate assessments, enhancing their confidence in the estimation process. P10 said, “It’s good

to see everything that was taken into account.”

Secondly, the system should explain the methodology employed in generating the estimated

data, providing either the data used or a descriptive overview of how the method functions. This

description should be high-level, supplemented with additional links that users can click to inspect
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the data used to generate the estimated data. This approach addresses the tendency of users to by-

pass detailed text explanations of the method’s functionality. As reported by P5, “Even if it told me

how it generates the data, I’d probably just hit ’next’.” In agreement, P3 expressed, “Summaries

like ’the algorithm uses your historical data to help guide the generation of the estimated data’ are

sufficient.” Conversely, some users suggested a more detailed explanation, containing specifics like

“what types of data the algorithm uses and what dates it considers to help generate the estimated

data” would be beneficial. P10 offered a suggestion, stating, “It’s good to see everything that was

taken into account, but I think that would be too much to go through every time. It’s helpful to put

them in separate links so people can check them when they want to.”

7.6 Design implication 6: systems should trade-off between comprehensiveness and ease of

use when estimating the missing data

From the iterative user-centered design study, we found that participants valued comprehen-

siveness in the estimation methods. For instance, they appreciated including more questions in the

manual input method to help them recall the missing data. P11 believed more questions prompted

better recall and choices, saying, “I think if somebody has more questions, they will try to recall

their activities for that day better. Like if there are more questions and with more options, then

I’ll try to recall what I did myself so that I can choose options.” Similarly, P2 said, “I feel if there

are too few questions, I don’t know that I would provide enough information to it (the estimation

method).”

The study also found that explaining the details thoroughly can increase participants’ trust in

the estimated data. For example, in the algorithmic approach, participants reported increased trust

in the result when we listed the historical information used to generate the estimated data. P10

stated, “Seeing where it’s (estimated data) coming from makes me trust it a little bit more.” In the

event-based method, P2 also claimed, “The number of questions makes me feel I trust it more than

if there had been fewer (questions).” P13 said, “Because you are asking more information about

my day, the more knowledge I give you guys means the more accurate the data will be, so I trust it

more.”

143



However, we also found that participants favor methods that require minimal effort simulta-

neously. For example, some participants don’t want to answer all these questions in the manual

input method. P5 said, “I don’t want to have to put in these questions because, as a user of apps, I

would want it to just calculate it for me. And I would just trust that it’s doing it.” Participants felt

the event-based method contained too many steps when providing detailed information about the

historical data. For example, P13 said, “For people who don’t care as much, they would probably

just want it to be no work. Adding an extra step could turn away some people who don’t care as

much. But for people who do care about it and use the Fitbit for specific purposes, they wouldn’t

mind the extra step.” In the algorithmic approach, participants also felt there were too many steps

added. They didn’t want to go through all the steps after a long day. For example, P7 said, “There

are too many steps. I would try to do it once or twice maybe, but not frequently, probably not after

a busy day at work.”

We identified a process to combine three methods, allowing users to decide which step to

stop. The system will apply the algorithmic method by default upon starting the estimation pro-

cess. After the user identifies whether the missing data is from a ’Regular’ or ’Irregular’ day, the

algorithmic method presents the estimated data with links explaining the data points the method

referenced. The system will then ask whether users want to adjust the estimated data. Users can

use the event-based or manual-input method to provide more information about the missing data

and refine the estimated data. If users are satisfied with the algorithmic methods or don’t want to

go through extra steps, they can stop with the estimated data generated by default.

During the study, some participants liked the process for its capabilities. P14 said, “The differ-

ent options given make me feel that they can help the system with better accurate prediction.” P13

claims, “I really like that. So if you get to say it’s a regular day, and then just stop there. Or you

can say it’s an irregular day and go through the event or manual, based on which one fits you. I

like having the option.”

Some participants liked it for more control and flexibility over the system. For example, P14

said, “I feel this is good. And it gives me more freedom to use my memory or go with this. So people

who don’t remember this can just go with the default options; those who remember, let them iterate

and figure out what they remember.” P2 said, “I like it that you have options to just things either

way because maybe sometimes you remember more specifics, and other times you remember, not
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at all specifics, but you’re like ’I think it was similar to one day.’ So that’s nice because it gives

you more flexibility.”

When asked if participants wanted to adjust the value, some said no. P13 claims, “I said ’No’

because I know it’s a regular day. But if I had set goals I was working for, I would want to adjust

it and make sure it’s correct, so I like that feature.” P13 claims, “I wouldn’t want to go through

that process every single time. So I would like to have the option of saying ’No,’ but I like that if I

wanted more than that, I could pick ’Yes’ and choose to put more information in.”

7.7 Discussion

7.7.1 Connection of our design implications to other fields

This thesis addresses a crucial aspect of Personal Informatics (PI) systems—the issue of miss-

ing data and how users perceive and resolve it. The focus on understanding user perspectives on

missing data and exploring methods to address these concerns is essential for designing more ef-

fective and user-friendly PI systems. These studies contribute valuable insights into user needs

and preferences, which are critical for guiding the development of future systems. By proposing

design implications, the thesis provides a foundational framework that can help designers create

PI systems that more effectively mediate and explain missing data. The observation that user trust

in the system significantly depends on their understanding of how estimation methods generate

data highlights the importance of explainable systems. This connection to Explainable AI (XAI)

is particularly pertinent.

XAI refers to artificial intelligence systems designed to be transparent, providing human-

understandable explanations for how they arrived at their decisions or predictions [3, 33]. The goal

of XAI is to clarify AI’s decision-making processes, enabling users to understand, trust, and effec-

tively manage AI technologies [3]. This is particularly crucial in sensitive or impactful areas like

healthcare, finance, and autonomous vehicles, where understanding the rationale behind an AI’s

decision can be critical for acceptance, ethical considerations, and regulatory compliance [3, 8, 35].

This area has led to the development of design implications that offer high-level guidance on how to
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build more symbiotic systems between reasoning systems and humans, specifically the following:

• User-centered design: design explanations with the end-user in mind, considering their back-

ground, expertise, and what they need to know to make informed decisions or understand AI

outputs. Tailor explanations to the level of technical expertise of the target audience [34].

• Transparency: Ensure that the AI system provides clear and accessible information about how

decisions are made. This includes details about the data used, the decision-making process, and

the logic behind specific outcomes [66].

• Simplicity and Understandability: Use simple and intuitive explanations. Avoid technical

jargon and present information in a way that is easy to understand. Visualizations, such as

graphs, decision trees, or heat maps, can help users grasp complex concepts more easily [69].

• Contextualization: Provide context for AI decisions, including why a particular output was

generated and how it relates to the input data. This helps users understand the relevance and

applicability of AI decisions in real-world contexts [82].

• Feedback Mechanism: Incorporate mechanisms for users to provide feedback on the qual-

ity of explanations and the decisions made by the AI system. This feedback can be used to

continually improve the explainability and overall performance of the system [58].

• Multimodal Explanations: Consider offering explanations in multiple formats (text, visual-

izations, examples, etc.) to accommodate different learning styles and preferences. This can

enhance the overall accessibility and effectiveness of the explanations [1].

A significant portion of the design implications is well represented in our work. Personalization

is a crucial aspect of our design implications, aligning them with the principles of user-centered

design. Future Personal Informatics (PI) tools should be designed considering users’ backgrounds,

expertise, and needs. Design implication 5 (see Section 7.5) is aligned with principles such as

transparency, simplicity and understandability, contextualization, and multimodal explanations.

This suggests that future PI tools should help users understand how the estimation method works,

with explanations provided in multiple formats that are easy to comprehend. Similarly, design

implication 4 (see Section 7.4) aligns with the principle of incorporating a feedback mechanism.

This implies that future PI tools can utilize prompts as a feedback mechanism to identify and

estimate missing activities.
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7.7.2 Connection of our work to Personal Informatics

In this thesis, we present an initial exploration into how users interact with and perceive missing

data within the Personal Informatics (PI) system. Focusing on user-centered design, these studies

delve into user perceptions, the impact of missing data on user experience, the natural behaviors

users have when they encounter missing data, and design implications future PI tools should in-

corporate when designing systems that mediate missing data. Our work contributes to the PI field

in the following ways:

• Understanding of user perceptions on missing data: by focusing on how users perceive

and deal with missing data in PI systems, my work adds depth to the understanding of user

needs and behaviors. This understanding is crucial for designing systems that are more user-

friendly and can effectively support users in their self-tracking efforts and aligns with the call

for more user-centric research in PI by Li et.al. [62] and Epstein et.al. [41], who emphasize

understanding personal tracking behaviors and challenges.

• Exploration of methods to address missing data: The exploration and comparison of differ-

ent methods to resolve missing data enrich the toolkit available for PI system designers. By

examining the effectiveness and user preferences regarding these methods, my work guides

the development of more effective solutions for data gaps identified by Rooksby et.al. [84],

who discuss the everyday challenges of tracking and the need for more adaptable systems. My

exploration adds practical solutions for one of these challenges.

• Design implications for future PI systems: The design implications derived from the studies

serve as a valuable framework for future development in the PI field. By outlining how systems

can better mediate and explain missing data, my thesis provides a blueprint for creating more

engaging, understandable, and trustworthy PI tools. This approach is in line with the design

considerations suggested by Consolvo et.al. [25], who highlight the importance of designing

with the user in mind.

• Empirical Insights into User Trust and System Transparency: By demonstrating that user

trust significantly relies on their understanding of how systems estimate missing data, the thesis

underscores the necessity for transparency and explainability in design. These insights can lead

to the development of PI systems that are not only more user-friendly but also foster greater
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confidence among users in the accuracy and reliability of the data presented. This supports the

arguments by Ribeiro et al. [82] and Lipton [66], who advocate for explainable models that

users can trust and understand.

This thesis work enriches the PI field by trying to shed light on a critical yet underexplored

issue, applying a user-centered lens to the challenge of missing data. These contributions not only

advance our understanding of PI systems and their users but also lay the groundwork for future

research and development in creating more robust, user-friendly, and trustworthy tools.
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8.0 Limitations

[Methodological Limitations:]

Methodological limitations in this research are related to the size and demographics of the

sample. In the semi-structured interview study (see Chapter 4 for details), we recruited 20 par-

ticipants—10 males and 10 females from across the US. The recruitment was conducted through

Prolific, an online research platform facilitating participant recruitment and management. While

this sample size is adequate for a research user study, it may not be extensive enough for the entire

user base. From this study, we identified two groups: maintainers and trainees(shown in Sec-

tion 4.2.2). And their requirements are different. Trainees were inclined to seek specific insights

and compare precise data across various timeframes. Maintainers focused on obtaining a summary

of insights that encompass a wide range of past activities. However, with more participants, other

groups are likely to emerge. The classification into maintainers and trainees is based on how they

use their PI devices. If we categorize the groups based on other factors such as gender, race, age,

nationality, family status, and marital status, different usage patterns may emerge. The findings are

based on the qualitative research method. The findings might have differed if we had conducted a

statistical analysis where we had access to logs of how people use these PI devices.

In the iterative user-centered design study (see Chapter 6 for details), we recruited 14 partici-

pants who claim to be maintainers, each of whom had four sessions with us. The recruitment was

conducted through Pitt+Me, a service provided by the Clinical and Translational Science Institute

at the University of Pittsburgh. In this study, we have 2 male and 12 female participants. The

imbalance in the gender of our participants might influence the implications we derived from the

study. And all of them are from Pittsburgh, so they might not represent the entire user base. We

specifically recruited individuals using Fitbit devices for the iterative user-centered design study.

Whether the specific types of devices among maintainers significantly impact their requirements

or their usage behaviors are similar to those of other wearable devices remains uncertain.

Most participants in our study were office workers, students, and engineers, with none engaged

in hard labor. Although we tried to recruit participants more aggressively, due to time constraints,

we had biases in the recruited population. If we had more time, things would be done differently.
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We recognize limitations in the diversity of the recruited population, and there may be additional

behaviors to uncover by including individuals from various occupations and diverse backgrounds.

However, such concerns are common in user studies. A thorough analysis of this data type, resem-

bling a vendor’s approach, where actual data usage is represented, can be considered to mitigate

this. The orientation of our study is exploratory, and extensive analyses like A/B testing may not

align with our research goals. The participatory design method was chosen to explore the design

space of systems mediating missing data, as it allows us to delve into user needs more deeply than

other methods. While data examination can provide insights into feature relevance, interviews

enable a direct and profound understanding of user needs and the desired features for the system.

[Algorithmic Limitations:]

From the semi-structured study (see Chapter 4 for details), we found maintainers consistently

engaged with the tools during data collection. However, in the iterative user-centered design study

(see Chapter 6 for details) conducted in a lab setting, this aspect was not tested at the time of data

collection but rather later. We utilized participants’ Fitbit data for the past two weeks, intentionally

removed some existing data, and asked them to use the system to estimate the data we removed.

Although derived from the semi-structured study, the representation of this hypothetical scenario

where missing data occurs may have unknown impacts. In the semi-structured study, some partic-

ipants reported that they would estimate the data based on how their body feels, which normally

happens shortly after their activity ends. However, in the iterative user-centered design study, the

estimation process started after a few days of the activity (depending on which day we removed).

We received comments from participants saying they no longer remember the activity or the day.

Some design implications included helping participants recall the missing day. Still, the findings

might differ if the study was conducted shortly after they had the activity, like after a few hours or

less than a week.

We implemented three estimation methods in the iterative user-centered design study: algorith-

mic, event-based, and manual input (see Chapter 5 for details). The algorithmic approach utilized

a wizard-of-oz method, presenting estimated data with a precision equivalent to what the state-

of-the-art can achieve without implementing the model. We could build the prediction model and

conduct experiments on that. our primary goal was to explore the design space of systems assist-

ing end-users in estimating missing data. Thus, the chosen method is sufficient for this exploratory
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study.

[Data Limitations:]

One notable limitation in this thesis is related to data availability and quality. In the early work

(see Chapter 3 for more details), we utilized a preexisting dataset to explore existing methods

dealing with missing data. In this study, part of the challenge is distinguishing between when data

is missing and when there’s simply no data available. Existing imputation models perform well in

estimating overall missing data (e.g., daily step data) but encounter challenges when dealing with

time-sequenced data, such as running mileage starting at 2 pm on a specific day.

While the dataset is comprehensive, it carries inherent limitations. Firstly, the dataset lacked

granularity in certain key variables, hampering a deeper understanding of the nuances of the phe-

nomena under investigation. For instance, only total distance data is available, with no hourly or

minute-level distance data (refer to Table 4), making it impossible to identify distance per activity.

Secondly, due to privacy regulations governing the dataset, our study relied on aggregated data (as

noted in the dataset description in [73]), limiting our ability to analyze individual-level variations.

Thirdly, temporal gaps in the dataset were identified, impacting the establishment of continuous

trends over extended periods. Although efforts were made to mitigate these issues through data

cleaning and validation, these limitations might affect the generalizability of the findings.

[Privacy Limitations: ]

One notable privacy concern related to participants referencing their friends’ data to inform

their own estimates when dealing with missing data. In the semi-structured study (see Sec-

tion 4.2.3), we found that 20% of maintainers and 30% of trainees indicated they would refer

to their friends’ data for estimating their PI data when it was unavailable. However, due to privacy

limitations, we don’t have access to their friends’ data, and the participants in our study are not

friends with each other. Although our participatory study (detailed in Section 6.2) did not reveal

a need for participants to refer to friends’ data, feedback from the semi-structured user study sug-

gested that participants might consider using their friends’ data. There might be new implications

if we had incorporated their friends into the study. For instance, individuals may not want an appli-

cation to talk with their friends on their behalf or only want the app to contact their friends under

certain circumstances. New implications might be discovered as trade-offs to balance privacy with

automating the estimation process.
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The current design implications specifically suggest that the system should learn more about

people’s daily habits (see Section 7.1) and routines (see Section 7.2) to assist them in recalling

and estimating missing data. However, these features may raise privacy concerns and may not

be actionable if users do not wish to share their personal data with the system. For instance, users

might find it obtrusive when the system prompts them for location confirmation upon detecting new

locations. The design implication also suggests that the question prompts should be personalized

to be relevant to each user, which might also raise privacy concerns if users are unwilling to share

certain levels of detail about their personal information. Additionally, these preferences might be

dynamic. For example, someone with a serious health condition might find it more critical to allow

the app to access more personal information, including medical records. However, someone who

uses the application for general fitness might prefer to share more generalized private information.

These diverse preferences will also influence the design of the system.

[Other:]

As described in Section 4.2, maintainers are a different set that, as observed through their

engagement with the system (as shown in Section 4.2.2), tend to reflect on their past behaviors

toward their goals while staying focused on the present. In contrast, trainees often seek to com-

prehend their past activities and make predictions for the future. Subsequent studies (outlined in

Section 6.2) revealed two distinct personalities within the maintainer group: wellness-oriented and

performance-oriented, each with unique requirements. Wellness-oriented individuals have desired

outcomes or achievements without necessarily tying them to numerical values. On the other hand,

performance-oriented individuals set clear, precise goals that can be assessed using quantifiable

metrics. These individuals may also follow either predefined or flexible exercise routines. Based

on personality traits and exercise routines, four distinct groups were identified: group SW (see

Section 6.2.1), group SP (see Section 6.2.2), group UW (see Section 6.2.3), and group UP (see

Section 6.2.4).

In this study, we had 14 participants. While we gathered diverse feedback to drive implica-

tions from them, recruiting more participants could potentially reveal additional groups and im-

plications. Our goal in this thesis is not to exhaustively study all factors but to identify high-level

differences that can inform the design of systems in this domain. The present findings remain

valid with how the current study preceded, but conducting a larger-scale study might lead to new
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insights.

The system is specifically designed for maintainers, and throughout the iterative user-centered

design study, we exclusively involved participants identified as maintainers, not trainees. Some

groups, such as SW (see Section 6.2.1), exhibited behaviors similar to trainees, seeking specific

insights and comparing precise data across various timeframes, although to a lesser extent than

trainees but with comparable behaviors. While the lessons learned from the maintainers may trans-

fer to trainees, the absence of trainees in its study introduces uncertainty regarding the presence of

similar personalities in that group and the identification of comparable groups.

Throughout the iterative study, some participants expressed skepticism about their Fitbit de-

vice. For instance, one participant believed that the calories provided by Fitbit were an average

estimation, and as he did not see himself as an average person, he distrusted the calorie feature.

Other participants questioned how the Fitbit device calculated the calories, leading them to avoid

using this feature. This lack of confidence in their devices might have unknown effects on how

they perceive the estimated data. However, this limitation is common in technology in general;

most apps are not fine-tuned for the entire population and are often designed for specific groups,

leaving some users underserved. Therefore, while our participants reported this concern, it reflects

a widespread limitation in many research studies.
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9.0 Future directions

One valuable avenue for future exploration is the delicate balance between privacy considera-

tions and the estimation of missing data. The implications of this work (see Chapter 7) highlight

that methods employed in the system call for an understanding of users’ daily habits (see Sec-

tion 7.1) and routines (see Section 7.2), especially in the context of automating the process. The

system collects comprehensive daily habits to construct a personalized and adaptive estimation

model, capturing user routine changes for precision and relevance of the estimation process. Par-

ticipants exhibit varying preferences, some favoring highly automated systems and others prefer-

ring less automation. Future research should delve into how participants’ privacy concerns impact

the design of such systems, seeking to strike the right balance between maintaining privacy and

providing a personalized estimating model. Additionally, studies exploring alternative methods

of collecting personal information, such as through ubiquitous sensors, are crucial. Although this

study suggests using prompts, acknowledging that some participants might find them cumbersome,

the potential preference for this method due to privacy concerns remains an interesting field to ex-

plore. When building the adaptive model using daily habits, it’s essential to determine which habits

to include in the models. Similarly, when using prompts to acquire personal information, it’s cru-

cial to identify the types of questions that can be asked and those that users may find sensitive and

should be excluded. The study also suggests that the algorithmic model should incorporate user

prompts for personalization, but the number, frequency, and type of prompts are under-explored.

New studies should be conducted to address these questions. In the semi-structured user study,

some participants indicated that estimating calories burned is acceptable, but not estimating heart

rate (see Section 4.2.3). Hence, it’s crucial to explore what types of data users feel comfortable

estimating when missing and identify the data they find uncomfortable estimating.

In addition, conducting dedicated studies specifically focused on trainees could be valuable.

The nature of our thesis study is exploratory, revealing higher-level distinctions between trainees

and maintainers. Further studies could be essential to gain a more nuanced understanding of

trainees. As highlighted in the limitations section (see Chapter 8), the implications derived in this

work are guided by maintainers. Given the divergent usage behaviors between trainees and main-
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tainers, exploring new implications tailored to trainees becomes applicable. Moreover, trainees

may exhibit unique personalities and exercise habits distinct from maintainers, adding an addi-

tional layer of complexity to the design space. Therefore, exploring the design considerations for

trainees promises to be an interesting avenue.

Another promising avenue for exploration in the context of Personal Informatics (PI) data is

quantitative analysis. While this work primarily relies on qualitative analysis, a notable gap exists

in quantitative approaches. To the best of our knowledge, sophisticated neural networks for data

imputation are predominantly applied to large datasets rather than PI data. Developing imputa-

tion models tailored to scattered and smaller datasets could significantly contribute to addressing

gaps in estimating missing data. Additionally, the implications drawn from this thesis advocate

for leveraging users’ daily habits and routines to construct personalized and adaptive estimation

models, as outlined in Sections 7.1 and 7.2. After constructing a more dedicated system aligned

with these implications, quantitative analyses can be conducted to refine the designs. For instance,

the Fitbit company could implement a small feature that mediates missing data, allowing a portion

of its users to use its app with this feature and another portion without it. With a larger user base

like Fitbit’s, they are able to overcome the limitations we encounter in the existing approach.
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