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Abstract

Chronic diseases such as diabetes, heart failure, and obesity are widespread glob-
ally. These diet-related diseases are mainly caused due to limited physical activity
and poor eating patterns. Journaling and self-monitoring have been very effective
tools in combating diet-related diseases as they help to discover undesired patterns
at an early stage and motivate users to lead a healthy lifestyle.

Smartwatches are commonly used for fitness tracking. They can recognize dif-
ferent types of physical exercises and provide rudimentary measurements for health
metrics such as heart rate variability, energy expenditure, and sleeping hours. While
useful, these features do not provide users with a holistic view of how their daily
activities influence their health and how their body reacts. For example, knowing
how many calories we burn is insufficient unless we compare it to our calorie intake.

Current food journaling methods rely heavily on self-report, which suffers from
self-bias, recall errors, and low adherence. In the last two decades, researchers have
developed several automatic diet monitoring (ADM) systems to address the chal-
lenges of traditional journaling techniques. The focus of the diet monitoring research
has been on detecting when people eat, and identifying what and how much they
ate. Ecological validity has been a major issue in ADM research. While many ADM
systems obtain high accuracy in lab settings their performance drops significantly
when tested in the real world. The most cited reasons for this challenge are the
difficulty to build generalizable models using data collected in the lab, the lack of
reliable ground truth in free-living environments, privacy concerns, and the social
acceptability of the device.

In my research, I tackle these challenges by developing and deploying a number
of ADM systems (EarBit and FitByte). These trackers are hosted in commonplace
form factors (i.e. headphones and eyeglasses) to ensure their social acceptability. I
also worked on designing data collection techniques to build models that work reli-
ably in the real world. The high performance obtained by these models has brought
us closer to assessing the utility and usability of ADM systems in the field.

The final piece of my dissertation is a long-term field deployment for an ADM
system (FitNibble) based on my previous ADM designs. In this study, I compared
traditional self-report journaling and journaling with ADM. Through this evalua-
tion, I assessed the factors influencing adherence to journaling like reducing missed
events, social acceptability, usability, utility, and privacy concerns. Results have
shown that FitByte2.0 improved adherence by significantly reducing the number of
missed events (19:6%improvement;p = :0132). Results have shown that partici-
pants were highly dependent on the wearable in maintaining their journals. Partici-
pants also reported an increase in their awareness of their dietary patterns especially
with snacking. All these results highlight the potential of ADM in improving the
food journaling experience.
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Chapter 1

Introduction

1.1 Overview

What we eat has an immediate and long lasting affects on our health. Medical research litera-
ture has shown direct links between diet and chronic illnesses. On the ip side, a good healthy
diet has always been helpful in ghting and preventing diseases [15]. A report published by
the US Burden of Disease Collaborators showed that in 2016 dietary factors were associated
with more than half a million deaths in the United States, putting it as a leading risk factor for
mortality[47]. In the United States, almost half of the adult population suffer from at least one
diet-related disease, such as heart failure, diabetes, high blood pressure, cancer, kidney failure,
and obesity[23]. However, these diseases are no longer con ned to resource-rich environments,
diabetes and obesity are now considered global epidemics [33]. Diet-related diseases are mainly
caused by limited physical activity and poor eating habits. To alleviate some of these issues,
numerous research efforts have shown that journaling is one of the most effective ways to main-
tain a healthy eating regime [15]. Self-monitoring allows us to keep track of our physical and
eating activities, understand how our bodies are reacting to these events, and open the door for
us to re ect on our behavior and lead a healthy lifestyle. In the midst of our busy lifestyle, ad-
herence to self-monitoring becomes very challenging. Many studies have shown low adherence
rates to journaling due to the the tedious nature of the process[31]. As part of the quanti ed-
self movement, academic and industrial communities have been actively trying to provide solu-
tions to automate the journaling process, to raise adherence and improve usability. Currently, all
smartwatches and smartphones come equipped with tness tracker apps, while tracking physical
activity is becoming increasingly popular, diet tracking is often overlooked. Diet monitoring is

a hard problem. It involves recording when you eat, what you ate, and how much you're eating.
This makes diet monitoring more challenging to automate than other activities. It is well known
that diet has a higher in uence on our well-being than physical exercise [73]. Therefore, there is
a real need for solutions that can address the food journaling challenges.
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1.2 Problem Statement

Food journaling requirements vary depending on what users and dietitians are interested to track.
It involves tracking the eating event's time, location, food type, food amount, social context,
mood, and calorie content. Current Food journaling solutions rely heavily on self-report either
by using pen-and-paper forms like food frequency questionnaires and 24-hour recalls or through
journaling applications. A recent study has shown that the majority (98%) of journalers use
smartphone applications or web applications to log their dietary activities[20]. While the use of
journaling applications has enhanced the user experience, it didn't address the major challenges
with self-monitoring. Helander et al. analyzed logs from a food journaling mobile app and found
only 3% of 190,000 downloads resulted in a person using the app for more than a week [31].

Cordeiro et.al.[21] Investigated the reasons behind the low adherence to food journaling. In
their study, participants have cited the following reasons to explain why they stopped journaling
before they reach their goals.

1. Requires too much effort.
2. Time-consuming.

3. Loss of motivation.

Generally, missing to log eating events results in incomplete journals making it dif cult for
users to understand their dietary patterns, and as a consequence, they lose their motivation and
quit journaling. In the same evaluation, Cordeiro et.al found that participants missed logging
because they simply forgot. Other reasons included lack of food nutrients information, stigma
from journaling in front of others, or because they feel ashamed of the unhealthy meal choices
they made. Lately, photo-based food journaling has become a popular journaling technique. It
reduces the logging effort to just snapping a picture. The user can review the photos and add
more information at their convenience. While effective studies showed that it doesn't signi -
cantly reduce the number of missed events because the majority of users still forget to log or/and
reported experiencing stigma when they try to take food pictures in front of friends [20].

1.2.1 Automatic Diet Monitoring

In the last two decades, activity recognition researchers have worked on developing automatic
dietary monitoring systems (ADM) to help mitigate some diet monitoring challenges. ADMs
have the potential to reduce missed events by reminding users to log when they forget, and
cutting off the manual journaling effort. Research in the eld of automatic dietary monitoring
(ADM) is focused on answering the following three questions:When do you eat, (2)What

type of food do you eat, and (B)Jow much of it did you consume.

Identifying food intake moments serves as an initial step towards identifying food type and
amount. Therefore, detecting/hen eating and drinking events occur has been the focus of most
ADM research [56, 63]. Most explored ADM systems are based on wearable form factors, and
they use different sensing modalities to detect actions like chewing to identify food intake events.
Many of these systems have obtained high accuracy when tested in controlled settings, but their
performance signi cantly dropped when tested in the real-world. Building models in the lab
to accurately capture how eating and drinking occur in-the-wild has become a major challenge.

2
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