Simplifying Mobile Phone Food Diaries
Design and Evaluation of a Food Index-Based Nutrition Diary
Adrienne H. Andrew, Gaetano Borriello, James Fogarty
Computer Science & Engineering
DUB Group, University of Washington
aha@aro.com, gaetano@cs.washington.edu, jfogarty@cs.washington.edu
Abstract— We describe the design and evaluation of POND, a
Pattern-Oriented Nutrition Diary. POND is a mobile-phone food
diary designed using a theory-driven approach to address a common
challenge users report when using food diaries on mobile phones: the
amount of effort required to create food entries in relation to the
perceived self-benefit of self-monitoring food intake. The design
allows users to create food entries either via a traditional database
lookup or a streamlined ‘+1’ approach. 24 people used POND to
create predefined food entries. We found people preferred different
approaches to creating entries, which reflected their self-reported
nutrition concerns. This supports an argument for rethinking
traditional approaches to designing food diaries.
Keywords—mobile health and wellness; theory-driven design;
nutrition; self-monitoring.

I.

INTRODUCTION

decision about what to eat, before they eat it. However, formal
research and informal feedback indicates people have difficulties
adhering to the use of mobile-phone food diaries for extended
periods of time. We want to examine new techniques that could
enable longer-term use of mobile-phone food diaries.
The contributions of this work are twofold. First, we present the
design of a food diary that does not depend on a food database.
Second, we report on an initial in-lab usability study.
II.

RELATED WORK

Related work in self-monitoring of dietary intake falls in three
areas: a focus on a specific disease population; the use of
photography to capture and analyze food intake; and incorporating
strategies to summarize dietary intake.

Globally, the incidence of lifestyle diseases such as obesity,
diabetes, and cardiovascular disease are increasing. One-third of
adults were overweight or obese in 2008 [9]. Additionally, it is
estimated at least 50% of cancers are preventable by encouraging
healthy behaviors and discouraging unhealthy practices [2].
Researchers believe that a primary cause of obesity is an imbalance
of energy intake and expenditure: people eat too many calories
while not burning enough. While obesity is a risk factor for
cardiovascular disease, diabetes, and cancer, it is believed these
diseases are also impacted by the kinds of food people eat. In
addition to balancing caloric intake, the American Heart
Association recommendations for preventing cardiovascular
disease include consuming a diet rich in fruits and vegetables,
choosing whole grain–high fiber foods, limiting saturated fat
intake, and reducing consumption of added sugars and alcohol [10].
Similar recommendations are made for preventing diabetes [19].

A. Food Tracking for Special Populations
Siek et al. [17,18] explored PDA-based self-monitoring of
dietary intake by individuals with chronic kidney disease. They
examined when people made entries, what challenges they faced,
and the use of barcode scanners and voice input to improve food
entry. Mamykina et al. [11,12] explored supporting diabetes
patients in managing their dietary intake. Newly diagnosed
diabetics usually go through a period of changing their dietary
behaviors. MAHI is a mobile phone application that supports users
in capturing and documenting eating episodes throughout the day.
The records can be reviewed later, encouraging reflection on
behavior and choices. This can be characterized as a quick-capture
with a strong emphasis on post-hoc analysis. The user populations
in the Siek and Mamykina work have well-defined constraints on
dietary intake. People who need to change nutrition behaviors to
treat a disease may be more motivated to use technology to support
self-monitoring than individuals focused on preventing disease.

Persuasive technology aims to use technology to persuade or
nudge people to change their behavior [7]. Ubiquitous mobile
devices, such as smartphones, have been considered ideal platforms
for administering behavior change programs, especially around
eating behaviors. In September 2012, the Pew Internet and
American Life project reported that 45% of American adults own
smartphones [15]. Because smartphones are personal devices
usually kept with or near people, they enable kairos: providing
relevant information and decision support at the time of need. In
other words, these devices allow people to self-monitor what they
eat by providing a means to capture what has already been eaten.
Devices can also provide timely support for looking up caloric
values for prospective foods, allowing people to make an informed

B. Tracking with Photography
Another approach to simplifying the food logging procedure is
to use photos. This approach consists of two phases: capturing food
images and processing the images to identify nutritional intake.
Food images can be captured actively by the user with a mobile
phone camera [1,5,20], or passively with a lifelogging camera or
mobile phone app [16]. Identifying foods, amounts, and nutritional
values from the food images can be done either by crowd sourcing
[14] or automated computer vision approaches [6]. The work
presented in this paper focuses on the amount of detail captured in
a food diary. Our work could inform the amount of detail captured
or displayed in photography-based approaches. Additionally, while
most photography approaches have the goal of minimizing user
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Figgure 1. An overvieew of the POND in
nterface: (a, b) Thee main screen inclu
udes presents eachh component, the rrecommended porttions, and the conssumed portions.
(c) A details screeen provides a descrription of a compo
onent and example serving sizes. (d, e) A database suppports looking up th
the component couunts of foods.
(f) A review screen presents a listt of foods that hav
ve been entered forr the current day annd allows editing of entries.

involveement in the capture
c
processs, it is uncleaar how behavior
change depends on the user being actively involved in the
t
self-moonitoring proceess.
C. Traacking Summarrized Measuress
In ccontrast to traccking detailed caloric intake and expenditu
ure,
the Weellness Diary [13] allowed users to monito
or many differeent
health and wellness indicators. These
T
include quality of fo
ood
intake, amount of phy
ysical activity, sleep, stress leevels, and amou
unt
of timee spent at work
k. In regards to
o the self-moniitoring of dietaary
intake, eating episodees were capturred by triage: a meal could be
rated aas “healthy”, “not healthy””, or “unknow
wn”. This stu
udy
suggestts even cursory
y attention to monitoring
m
food
d intake can haave
impact on eating behaaviors. This is consistent with
h work by Burrke
et al. [4] who studiied participantts in a behaviioral weight-lo
oss
program
m and found
d varying levels of engagement with the
t
self-moonitoring proceess. Some parrticipants were highly engageed,
while others nomiinally followeed the proceedure or weere
inconsiistent. It is unclear whether th
his is due to intternal or extern
nal
factors.. However, a self-monitoring tool that alllows for varyiing
levels oof engagement could support a wider range of
o users.
Anddrew et al. [3]] compared user performance and preferen
nce
for threee different foo
od diaries: a traaditional databaase-lookup diary;
a diary tracking only food groups; and a diary tracking food grou
ups
and som
me nutrients. They
T
found that in a lab study
y, users made the
t
fewest errors with th
he traditional food diary, bu
ut took the mo
ost
time. T
The food group
p diary took th
he least time, with
w an error raate
similar to the tradition
nal diary. How
wever, users felt the food gro
oup
diary w
was over-simpllified. The red
duced time and
d errors were not
n
worth the loss of detail.
d
Users preferred
p
eitheer the tradition
nal
approacch or the food groups
g
plus nutrients approacch.
III.

BACK
KGROUND

Thee Healthy Eatin
ng Index (HEII) [8] is a food
d index based on
the US
SDA 2005 Dieetary Guidelin
nes. The HEI is a score-bassed
system,, with a diet that closely reflects
r
the Diietary Guidelin
nes
earningg a score of 100
0 points. Twelv
ve componentss contribute to the
t
overall score: wholee grains; all grains;
g
dark grreen and oran
nge
vegetabbles; all otheer vegetables; whole fruit; all other frruit
productts; meat, beanss and eggs; daairy; oils; sodiu
um; saturated fat;
f
and diiscretionary caalories from solid fats, ad
dded sugars and
a
alcoholl. Some components are attaainment compo
onents, where the
t
score ggoes up as more of that food
d is eaten, refl
flecting that mo
ost

Americcans do not eatt enough of theese foods (suchh as whole grains
or vegeetables). Other components aare to be moderrated, causing the
t
score tto decrease aas more is coonsumed, refleecting that most
Americcans eat tooo much of these components (such as
discretiionary calories)). The attainmeent componentts for HEI contain
primariily food groupps. All of thee moderation components are
consideered nutrients. Calculation ffor each pointt depends on an
individu
dual’s daily recoommended caloric intake.
IV
V.

THE DESIG
GN OF POND

Wee present the design of POND
D, a Pattern-O
Oriented Nutritiion
Diary. P
POND is an A
Android app thaat explores the vvalue of reduciing
the amo
mount of time aand effort to ccapture an eatinng episode wh
hile
also redducing the am
mount of detaill that is capturred. The primaary
goal infforming the deesign of POND
D was to minimize the amountt of
time it took to makee an entry. Prreference was given to desiign
decisionns that minimized initial foodd entry creationn.
PON
ND’s design rreflects the HE
EI. It allows uusers to focus on
monitorring componeents of food tthey eat. Userrs enter food by
countinng the contribuution to each oof 13 componeents, rather than
na
more trraditional apprroach of lookinng up a food inn a database. The
T
POND components differ from the HEI inn that the HEI
H
discretiionary caloriess component w
was split into seeparate solid faats,
added ssugar, and alcoohol componennts. This was baased on early user
feedbacck which indiccated users founnd it easier to track calories for
each off these items sseparately. Sinnce there is a cclose relationsh
hip
betweenn solid fats annd saturated faat, these two ccomponents were
combinned into one soolid fat compoonent. Users caan customize the
t
interfacce to present and track all components, oor they can hide
componnents which theey are less inteerested in trackiing.
Figuure 1 shows thhe initial screenn the user sees w
when they laun
nch
POND.. This was deesigned to priioritize quick entry and quick
analysis of the currennt progress tow
ward goals for thhe day. Each row
represeents a recommeendation basedd on the HEI. D
Dark gray bloccks
indicatee the daily ggoal for that component. A colored blo
ock
indicatees how manyy portions off that compoonent have beeen
consum
med. A coloredd block with a w
white dot indiccates the user has
h
consum
med more thann the goal num
mber of servinggs. The use of a
white ddot in the bloock was choseen to provide neutral feedbaack
about tthe number oof servings coonsumed. Userrs touch the +1
buttonss on the right sside of the screeen to quickly iindicate a portiion
eaten, oor long-press thhe +1 buttons to indicate a hhalf-portion eaten.

Colored links next to the component name expand to show more
detailed information about that component, including how much to
count as one block (see Figure 1c). This information was adapted
from the USDA 2010 Dietary Guidelines. Blocks represented
familiar serving sizes represented by real-world objects (e.g. “a
pancake the size of a DVD”) as much as possible.
Early testing found users sometimes felt uncomfortable without
a reference database, especially for combination or prepared foods.
Thus, we added a food lookup feature. The on-device database was
based on the NutritionistPro Knowledge Base (NPKB), which
contains about 42,000 foods. Figure 1d shows results from a
database query. The results are split into four tabs: generic
(grouped by food class, both as defined in NPKB); brand (grouped
by manufacturer); mine (all foods the user has eaten, grouped
alphabetically); and recent (grouped by most recently used). Figure
1e shows the details of a specific food. The dark gray blocks
indicate the user’s daily goal for a component, the light gray blocks
indicate how much has been consumed for the day, and the colored
boxes indicate how the specified amount will impact the daily
totals. The colored blocks also help the user understand the
components of the food. The “Add to Journal” button increments
the amounts for the relevant components.
The Today screen (Figure 1e) provides a history of entries for
the day. An entry is either a single +1 entry, a food from the
database, a user-defined combination, or a group of +1 entries. If a
user makes many +1 entries in a short period of time (10 seconds),
they are grouped together. From this screen, the user can select a
row to edit it.
Features not described in this paper include creating custom
food entries, editing entries, changing goals, and reviewing weekly
activity.
V.

EVALUATION

We performed a two-phase evaluation of POND. The first is an
in-lab study where participants created specific food entries. The
goal was to collect usage data we could compare across users. In
the second phase, the participants used POND in situ for three
weeks. This allowed us to understand how POND adapted to real
world eating contexts. This paper reports on just the first phase.
This evaluation included 24 participants, 18 female and 6 male.
Ages ranged from 21-64 with varying occupations. All participants
reported using their mobile phone several times a day, and all but 1
reported entering text on their mobile phones several times a day
(the remaining 1 entered text 1-2 times daily). 19 participants
reported that one of their health goals was to “Eat better”. 17
reported themselves as “very” or “fairly” knowledgeable about
food and nutrition, while 5 as “not so” knowledgeable or “fairly
uneducated” about food and nutrition.
Participants were recruited via Craigslist, multiple community
email lists, and physical posters on community bulletin boards. The
recruitment advertisement asked for people who were able and
willing to journal their food for three weeks. Participants were
compensated $125 for participation in both phases of the study.
Participants self-reported they had no medical concerns that
impacted their food choices and owned their own Android devices.
The study consisted of 4 conditions with 5 tasks in each. The
conditions varied in the number of components the user could use

to create a food entry. Conditions were Small (2 components),
Medium (5 components), Big (9 components), and Full (all 12
components, excluding alcohol). Alcohol was excluded from this
study to include participants under the legal drinking age.
Components were chosen randomly without replacement to ensure
users had equal exposure to all components. Order of conditions for
each participant was counterbalanced. Each condition represented
roughly 1 day of food intake, and each task represented the content
of a single meal. Each food name and amount for a single task was
printed on a card. Tasks were presented one at a time. At the end of
each condition, participants completed a questionnaire that
included TLX workload measures.
VI.

RESULTS

In the interest of space, we focus our discussion on three
results. Entry strategy characterizes whether tasks were completed
using only the +1 buttons, only the food lookup feature, or a
combination. Search terms reveals what foods participants looked
up in the database rather than entering directly via the +1 buttons.
Likes and dislikes is participant self-report of what they liked and
did not like about each condition.
A. Entry strategy
We were interested in when users made the decision to use the
+1 buttons or the lookup feature to enter a task. Participants
reflected one of three strategies: overview, detailed and
opportunistic. Participants concerned with an overview primarily
used the +1 buttons for all tasks. The detailed strategy reflected
primarily using the database lookup feature. The opportunistic
strategy made frequent use of both +1 entries and database lookup.
10 participants reflected the overview strategy, with 7 participants
using the +1 buttons exclusively (i.e., never using the lookup
feature). 4 participants reflected the detailed record, primarily using
the lookup feature. The remaining 10 participants reflected an
opportunistic approach, choosing to make frequent use of both the
+1 strategy and the lookup strategy.
B. Search terms
Overall, the 24 participants made 650 queries from 273 unique
phrases. 130 search terms were used by more than one person.
There are 13 queries that were made by 8 or more participants. Of
these 13 queries, 3 represent foods that most likely fit into a single
category (e.g., egg, salad, milk). It is possible the salad query was
used to find a “Caesar salad” entry that represent multiple
categories (the salad greens plus dressing and croutons), rather than
simply salad greens (which could be counted with just one food
group). The remaining 10 most common queries are foods that are
primarily packaged and prepared (e.g., doritos, wheat thins, fiber
one). The mean length of query is 13.6 characters. 6 search terms
were between 36 and 40 characters, with as many as 7 words (“bag
n season pork chop seasoning mix”).
C. Likes and Dislikes
Qualitative feedback about the Small condition (2 components)
indicated some people liked that it was so short, therefore quick
and easy to enter, and “it was trying to just keep track of my best
and worst food choices”. Others felt it was too limiting: “I wanted
to put all of the food I ate into categories, not just some of it”.
Feedback about the Medium and Large (5 and 9 components)
conditions was mixed. There were fewer components than the Full

condition, but it was more “mentally taxing” because participants
“had to think more about whether a food contained parts of the
specified categories”. This is possibly due to randomly choosing
which components were presented in each condition. The random
choices may not reflect meaningful components for the user.
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