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Abstract. Nutrition has a big impact on health, including major dis-
eases such as heart disease, osteoporosis, and cancer. This paper presents
an application designed to help people keep track of the nutrional content
of foods they have eaten. Our work uses shopping receipts to generate
suggestions about healthier food items that could help to supplement
missing nutrients. We present our system design: a capture and access
application that, based on shopping receipt data, provides access to am-
biguous suggestions for more nutritious purchases. We also report re-
sults from one formative user study suggesting that receipts may provide
enough information to extend our work by also estimating what people
are actually eating, as opposed to simply what they are purchasing.

1 Introduction

Nutrition has a big impact on health, including major diseases such as heart
disease, osteoporosis, and cancer [10]. Although awareness of nutrition varies
in different parts of the world, many people do not know exactly how many
servings of fruits, grains, vegetables, and fats they are eating [13], much less
which nutrients are missing in their diet. For instance, people are often not aware
that dairy foods vary widely in their effect on calcium excretion [17]. Even for
those who are aware that change is needed, it is often perceived as complicated
(7 out of 10 Americans believe this, for example [12]). This paper presents an
application designed to help people keep track of the nutrient contents of food
they have eaten.

Our goal is to support awareness of nutrition and suggest potential dietary
changes. From a research perspective, this is difficult for several reasons common
to ubiquitous computing applications but not explored in capture and access
settings in the past. Like past capture and access applications [1], the interfaces
for data collection and access in our system aim to be unobtrusive but available
at appropriate times. However, our application involves significant inferencing,
with large amounts of resulting ambiguity (an issue more common to other
types of Ubiquitous Computing applications such as context-aware applications).
Because of our emphasis on low-cost sensing, accuracy will always be limited.
More accurate data would be prohibitively expensive to gather, in terms of either
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user time, user privacy, or number of devices and sensors. Ubicomp environments,
in practice, have not used a large variety of sensors [5], and we are not attempting
to address this issue. Instead, we give the user information about why we are
suggesting each change, an approach common, for example, to recommender
systems [16]. This transparency allows her to make an informed decision as to
whether to follow the suggestion.

In our system, shown in Figure 1, data collection can be performed after a
shopping trip or when bills are being sorted at the end of the week and involves
a single swipe of a receipt with a handheld scanner. Our access interface is
a shopping list, printed at the user’s request and annotated with the reasons
behind suggestions in order to help the user identify potential inaccuracies. This
portable piece of paper provides suggestions at the most pertinent moment: when
the user is making purchasing decisions.

Our shopping suggestions were inspired in part by the Nutrition through
the Lifetime c© project [19]. Shoppers stepped through an education program
about healthy eating that suggested alternate purchasing behavior at multimedia
kiosks in a supermarket, which also gave them weekly coupons. The results were
evaluated by examining what shoppers purchased. This data, which was not
used by the system, was recorded using time-consuming manual data entry. In
the end, the supermarket coupons produced by the system appeared to be, by
far, the most persuasive element.

Computer scientists, nutritionists, and government agencies such as the USDA
have been trying to better support nutrition since the 1960s [2,9,4,19,3]. However,
none of them have overcome the cumbersome need to enter by hand everything
one eats, a task which can take a minimum of 15-20 minutes per day [3].

This paper begins with a description of our user interface (a printed shop-
ping list). The underlying technology used to generate this list (optical character
recognition combined with a database inferencing system) is described next. We
end with a description of some user studies that we have conducted and plan to
do to address some of the more difficult problems raised in this application, in-
cluding ambiguity, persuasion, and the provision of more intelligent suggestions.

2 User Interface

We chose to present suggestions to the user in the form of a printed shopping
list that can be takend to the store. This gives the user information at the time
when he can most use it: when making shopping decisions.

The shopping list, shown in Figure 1(b), is based on information from the
most recent shopping trip (the receipt in Figure 1(a)), and suggests foods that
are high in nutrients deficient from those foods just purchased. The first column
shows suggested purchases, followed by the price per ounce, if known. Next is
the main reason for the suggestion (usually a nutrient), followed by the previous
purchase, for which the suggested food item is a healthier substitute. Finally,
there are three checkboxes: “bought,” “helpful” and “not helpful.” Although cur-
rently not implemented, the user will eventually be able to provide feedback to
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B = Bought ;  H = Hel pf ul ;  NH = Not  Hel pf ul
 
_____________________________________
_____________________________________

[ ][ ][ ][ PANTAC] - >( I CE CREAM)Fr ozen desser t s,  yogur t

[ ][ ][ ][ VI TC] - >( I CE CREAM)Fr ozen desser t s,  i ce
[ ][ ][ ][ VI TE] - >( I CE CREAM)Toppi ngs,  NESTLE,  Ra. . .

Fats, Oils, Sweets, and Snacks
_____________________________________
_____________________________________

[ ][ ][ ][ PANTAC] - >( CHEESE)Mi l k,  but t er mi l k,  dr i ed

[ ][ ][ ][ VI TC] - >( MI LK)$0. 09Mi l k,  dr y,  nonf at ,  r . . .

[ ][ ][ ][ VI TE] - >( CHEESE)$0. 13Egg,  quai l ,  whol e,  f . . .
Dairy
_____________________________________
_____________________________________

[ ][ ][ ][ PANTAC] - >( GROUND BEEF)$0. 31Beef ,  r ound,  eye of  . . .

[ ][ ][ ][ VI TD- ] - >( CORNED BEEF)$0. 33Honey r ol l  sausage,  . . .

[ ][ ][ ][ VI TC] - >( BLACK BEANS)$0. 06Beans,  k i dney,  r oyal
Meat and Beans
_____________________________________
_____________________________________

[ ][ ][ ][ PANTAC]$0. 18Avocados,  r aw,  Cal i f . . .

[ ][ ][ ][ VI TC]Acer ol a j ui ce,  r aw

[ ][ ][ ][ VI TE]$0. 14Appl es,  dehydr at ed ( l ow
Fruit
_____________________________________
_____________________________________

[ ][ ][ ][ PANTAC] - >( ONI ONS)$0. 08Pot at oes,  boi l ed,  co. . .

[ ][ ][ ][ VI TC] - >( LETTUCE)Kohl r abi ,  r aw

[ ][ ][ ][ VI TE] - >( ONI ONS)$0. 13Beans,  snap,  gr een,  r aw
Vegetable
_____________________________________
_____________________________________

[ ][ ][ ][ VI TE] - >( BREAD)$0. 07Pancakes,  buckwheat

[ ][ ][ ][ PANTAC] - >( PASTA)$0. 05Ri ce,  whi t e,  shor t - g. . .

[ ][ ][ ][ VI TE] - >( BREAD)$0. 13Br ead,  pi t a,  whol e- w. . .
Grain

NHHB[ Reason > Or i gi nal ]$/ oz.I t em Name

May 8, 2002
  ...FridayGr ocer y Li st

(a) (b)

Fig. 1. (a) A receipt from a local grocery store. (b) A shopping list generated
by our system, based on that receipt.

the system about its suggestions by scanning in the shopping list. There is also
space on the printout for the shopper to write in additional items.

The inferencing system used to generate these suggestions is described below.
In practice, like any recognizer, our inferencing system will make mistakes. In-
terfaces designed for ambiguity may use several strategies to resolve it. Although
there are many advantages to the use of paper, one limitation is the difficulty of
using standard mediation techniques for resolving ambiguity [14]. For example,
an interactive system may show the user a menu of choices, underline a word
that may be incorrect, or take other steps to suggest to the user that an error
may have occurred. We focused on transparent disclosure as a way of mitigating
this [16]. By showing the shopper what the system believes he has bought, and



4 Mankoff et al.

why the alternative is believed to be better, we give the shopper the power of
an informed veto. Additionally, we ensure that our suggestions always contain
less fat and more nutrients overall than what was previously purchased (see the
inferencing section below for how this is done). This means that even if we are
not correctly addressing a specific nutritional deficiency, our suggestions will still
be healthier overall than what was previously purchased.

Even if we were to make perfect suggestions, our users may not follow them.
We use a shopping list as an interface in part because suggestions are more
likely to be followed if they are made at pertinent times. We also examined
other approaches to persuasion through a survey of food advertisements. A total
of 30 food / health related advertisements were gathered from prime-time televi-
sion over the course of two weeks. We found that advertisers used the following
techniques to encourage shoppers to buy their food:

– Mouth-watering images to grab the attention of the viewers.
– Dialogs and skits to convey images of authenticity, deliciousness, cleanliness,

quickness, and nutritiousness.
– Humor, music and sound to improve the ability to recall and associate the

advertisement with a food.

Another strong source of persuasion is coupons [19]. Work similar to ours
found that users’ main motivation to purchase suggested items was not from
the nutritional benefits these items would give them but because of coupons for
these items. Interestingly, like our shopping list, coupons are right there when
people are making purchasing decisions, an effect the authors did not measure
directly. We hope that this will give us a similar advantage. Lastly, liking a food
is critical to maintenance and change of dietary patterns [6].

3 Technology

Our system consists of three major stages. First, receipts are scanned in and
passed through an optical character recognition (OCR) program. Second, data
from this program is passed to a database system which records historical in-
formation and also stores important nutritional information about foods and
nutrients. We expect users to scan their receipts on a semi-regular basis, per-
haps at the same time they are doing their bills. The third component of the
system is an inferencing system that estimates what the user eats on average
per week, and compares this to recommended nutrient consumption. This then
feeds in to the user interface described above.

3.1 Optical Character Recognition

A handheld HP Capshare is used to scan in each receipt which then is passed to a
custom-built OCR system. The results are parsed into a list of foods, quantities,
and prices. The OCR system and parser recognize 90% of characters correctly.
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However, it is more informative to consider the number of food items on the
receipt (such as “BLACK BEANS” “ICE CREAM” and so on) recognized cor-
rectly. We trained the system on 233 food items, and tested it on a further 20
items. The results of the testing were 80% accurate.

In addition to possibly being erroneous, the items listed on receipts are often
abbreviated (“SMIFRDI BRD”) or incomplete, so the next step is to match
them against food names from our database. This is done using a combination
of regular expressions and macros. When a food item does not match the food
names exactly (because of a misrecognized character, for example), we look for
the next closest match, where closeness is measured in number of characters
substituted. The final data sent to the database is food names that match those
in the database. The recognition accuracy at this stage is near perfect.

3.2 Database

We use a MySQL database to store profiles of our users, general data about
nutrition, and historical information about user shopping habits. Data about
the nutritional contents of foods comes from the USDA Nutrient Database for
Standard Reference, Release 14 [15]. Data about the recommended daily al-
lowances and dietary reference intakes (DRI) come from the USDA food and
nutrition information center [7,8]. Other data comes from Nutrition Through-
out the Life Cycle [20], including information about modifications to DRI for
particular groups of people (based on age, gender, and other factors). This, plus
a personal profile of age, weight, and specific health requirements, is used to
calculate a personal DRI for each user. In the example in Figure 1, we assumed
the shopper was a 19-30 year old woman, not pregnant or lactating.

The database also supports several functions. In addition to storing receipt
data, the history can be queried for the amount of consumption of a specific
nutrient. The query takes a time period and nutrient as input, and returns pur-
chased foods that contributed significantly to that nutrient in that time period.
The database can also be queried for a separate list of food items (not based on
purchasing history) that provide significant amounts of a certain nutrient, and
a list of the benefits of a specific nutrient.

3.3 Inferencing System

The inferencing system takes in a shopping list and outputs suggestions for
healthier purchases. The food list produced by the OCR program may match
multiple brands of that food stored in the database. The nutrient content of
possible matches is averaged (for example, in the case of “SMIFRDI BRD”, the
nutrient contents of wheat and white bread will be averaged).

When it is time to give the user feedback, the nutrients/100 grams for the
most recent purchases is compared to recommended daily values, and differences
greater than ten percent are noted. In order to keep the number of alternatives
small enough to handle, we only select a food if it has at least twenty percent
more of the missing nutrient than the original for which it is a substitute. We
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also make sure it is in the same food group as the original. Finally, we weigh
alternatives with less fat and more overall daily nutrients more highly. The top
alternative for each original purchase is displayed on the final shopping list.

4 Moving beyond simple suggestions

The shopping suggestions we describe above are based on purchases, as opposed
to actual food consumption. Extending this to consumption could improve the
accuracy of our system but only if we can successfully infer what is consumed,
despite potentially large families, eating out, and food waste. We present a survey
that suggests the feasibility of this approach.

We surveyed shoppers at a local grocery store chain to determine the re-
lationship between consumption and purchasing. We asked each shopper to fill
out a short form detailing their consumption of calcium-related foods (foods that
contain calcium or affect calcium absorption). We also requested their receipts,
allowing us to compare their purchases to their reported consumption.

We focused on calcium in this survey for several reasons. First, most people
know what foods are good sources of calcium, and thus can give us information to
compare against what we infer from their receipts. Studies have shown that self-
reported consumption is a reliable way to estimate eating habits [18], although
more recent work may contradict this [13]. Second, many people have allergies to
calcium-rich products such as milk, or age-related reasons to consume calcium,
and thus intentionally buy foods containing that mineral. Third, a small number
of foods contain high amounts of calcium, allowing us to create a small, precise
and targeted survey.

Our participants included 57 people, from a range of economic and cultural
backgrounds. Ages varied from 18 to 77, and the male/female split was approx-
imately 40%/60%. The Body Mass Index (BMI) of our participants, a measure
of health, varied from 15 to 43, with a standard deviation of 4.43, where 20-25
is a normal, healthy value, while anything over 30 is obese.

We also calculated the number of times a participant said they ate a food
for health reasons (health choices), and correlated this with BMI and gender.
Although the average BMI hovered around 24, the range of BMI was much
greater for people with fewer health choices. The standard deviation is 5.99
for people with fewer than seven health choices, drops to 3.92 for people with
between seven and eleven health choices, and down to 1.79 for people with
between 12 and 15 health choices. People in the the last category are all healthy,
with BMIs in the 20-25 range. In other words, the more aware a participant was
of nutrition, the more likely he or she was to be healthy.

The correlation between food purchases and eating habits was 0.99–when
people reported eating more of a food item, we found that they purchased pro-
portionally more of it as well. We estimated consumption as the number of
servings purchased (based on price and number) times the reported shopping
frequency, divided by the number of family members. The result was off by
about a factor of two.
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We attribute the discrepancy to a lack of certain key information. We did not
have accurate data on how well food price correlates with food amount. Also,
we only had data on a single shopping cycle for each survey participant, so it
was not possible to account for the fact that a participant might only purchase
some things every second or third shopping trip. Finally, we did not know much
about the age or eating habits of family members, and we over compensated for
this by estimating that every family member ate the same amount of food.

In order to improve our algorithm for estimating consumption, we are em-
barking on a longer term survey in which we track the reported and purchased
consumption habits of specific individuals over the course of a three-month pe-
riod, using receipt data and a variant of the food frequency questionnaire [11].
Our participants will share food consumption data with us on a weekly basis, and
give us all of their receipts. This data will allow us to improve our inferencing,
and to experiment with different data aggregation periods to determine what is
optimal for each food group. It will also allow us to understand the potential
impact of household size and eating-out on the accuracy of our inferencing sys-
tem. Depending on the success of our results, and user input, we may decide to
supplement our inferences with occasional self-reports.

5 Summary and Future Work

We have presented a system for helping consumers make more nutritious choices
when shopping for food. This paper focuses on the technology and inferencing
necessary to generate helpful suggestions. The system currently suggests alterna-
tives to purchases. Although this usually produces more nutritious alternatives,
lack of data about what people prefer to eat still leads to bad suggestions (for ex-
ample substituting “Quail Eggs” for “Cheese” in Figure 1). We plan to extend
our algorithm to use historically based estimates of what people are actually
eating to further improve the relevance of the suggestions. We are also in the
process of conducting a longer term study to improve our ability to estimate
portion sizes, a crucial component of our inferencing algorithm. On the interface
side, we plan to explore the use of ambient displays, mouth-watering images on
our printed shopping lists, and other persuasive mechanisms.

From a ubiquitous computing perspective, this work is important because it
involves high-level inferencing about sensed data, and integrates the ambiguous
results into a capture and access system. We plan to extend this work both
by improving the inferencing, and investigating the interface implications of
ambiguity in a capture and access setting.
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