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Abstract. Obesity or being overweight in general often leads to other
more severe diseases. With more than half of the population in the west-
ern countries being overweight or even obese, systems are developed to
help users make healthier food choices by recommending healthier recipes
or food items according to the user’s needs or likes and dislikes. But there
are many challenges designing such systems. In this paper we try to iden-
tify the difficulties encountered and discuss ways to deal with them.
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1 Introduction

With more than 50% of the German population either overweight or obese [1]
and many health issues caused by obesity [2][3], information about nutrition and
a healthy diet is evermore sought-after. There are a lot of forums or newsgroups
online with regard to nutrition and diet1, where the interested user can find
support and/or information regarding a healthy diet. The challenge here is to
find appropriate and trustworthy information [4]. Several sources of information
are available ranging from government websites to recipe databases to online
magazines 2. But here the uninformed user finds an often confusing amount of
information as well as conflicting information or information that needs expertise
to interpret correctly leaving them at a loss at what to do or how to change their
diet. A potential solution to help the user cope with this large amount of data
concerning healthy life choices and diet is to develop recommender systems,
which can automatically make suitable suggestions based on the user’s personal
profile.

In this paper we will look at the difficulties for recommender systems in
nutrition as well as the challenges to overcome in implementing and designing
these systems. Section 2 presents related work in nutrition recommendation,
section 3 identifies challenges and problems giving nutritional recommendations.

1 e.g. diaet.abnehmen-forum.com/ (last visited: 15.08.2011), forum.ernaehrung.de/
(15.08.2011) or www.kilosweg.de/ (15.08.2011)

2 e.g. the websites of the world health organisation www.who.int/topics/nutrition/en/
or the national health service for England www.nhs.uk/livewell/healthy-
eating/Pages/Healthyeating.aspx (both last visited on 15.08.2011)



In section 4 we discuss how to handle to issues of section 3 and section 5 gives
an outlook on future work.

2 Related work

Giving good recommendations about nutrition does not only rely on the algo-
rithm used to calculate the recommendations. It also depends on the knowledge
about a user’s eating habits. Therefore it is advisable to record what foods and
the amount of foods a user consumes. The information gathered can not only
be used to identify the problems with the user’s diet, but also be used in the
algorithm to improve the recommendations.

2.1 Recording food consumption

Professional nutritionists utilise a broad selection of tools to establish an indi-
vidual’s nutritional intake. These include food diaries, 24-hour recalls or ques-
tionnaires, with food diaries or 24-hour recalls being preferred giving superior
measures[5]. With food diaries the user records all amounts of consumed foods
and beverages over a period of time preferably at the time they were consumed,
usually no more than 3 or 4 days are recorded. For 24-hour recalls the user has
to give a report during a meeting with the nutritionist of every food or beverage
consumed over the last 24 hours or the last day. Questionnaires are often food
frequency questionnaires, where a user notes how often they consumed each food
from a list of given foods over a given period of time [6]. All of these methods
rely on the ability of the participant to accurately remember what they have
eaten or to remember to record everything they consume. As with any kind of
diary study the reliabilirty or the accuracy of these techniques are open to severe
doubt [7].

More recently systems were developed which calculate the amount of food
intake with the help of pictures of meals the user has taken. An example of such
a system is FoodLog [8] which identifies food pictures in the user’s web archives
and calculates the dietary balance of meals.

2.2 Food recommender systems

There are two ways to recommend healthier food choices. The first one is to
recommend recipes for healthier meals, the second one is to suggest healthier
food items themselves.

Most recipe recommender systems calculate the best choice based on a database
of recipes as well as user ratings. Some algorithms can cope with a more exten-
sive amount of recipes, while others need a larger number of user ratings. Many
different approaches have been implemented in the past. Some put more empha-
sis on user ratings, while others take the nutritional needs of the user into more
consideration.



There are two types of recipe recommender systems. The first use similarity
measures to recommend recipes which are most similar to meals the user likes,
while being a healthier option. These are either calculated according to ingre-
dients [9] or user ratings. Freyne et al. [10] compared different algorithms using
user ratings either for recipes or single food items confirming that decomposing
recipes into ingredients is beneficial for recommendation purposes.

While user likes and dislikes are also important for the second type of recipe
recommender systems, these are more concerned with the user’s nutritional
needs. Here recipes are recommended which fulfill most of the user’s nutritional
needs, indentified beforehand by health care providers [11].

The second type of food recommender systems does not recommend whole
meals, but rather suggests which foods to replace with which healthier option.
Mankoff et al. [12] designed a system which analyses shopping receipts and then
recommends healthier food choices supplying the nutrients missing in the user’s
diet. Unlike recipe recommender systems, food recommender systems do not take
user likes and dislikes into account.

3 Challenges for nutrition recommender systems

There are challenges to overcome in building the system itself as well as chal-
lenges with regard to the user and their interaction with the system. Consider-
ing the dependence of the system on the user, we first identify the challenges
in connection with the user. Then we determine the problems concerning the
algorithms used in recommender systems.

3.1 Challenges with regard to the user

One of the main challenges of food recommender systems is getting enough infor-
mation about the user. The data needed to give user-tailored recommendations
is:

• nutritional needs of the user
• user ratings of specific foods or recipes
• information about the user’s last meals

For the first the WHO provides general guidelines3. In the case of individu-
als with special medical requirements or elderly individuals with carers, more
specific guidelines can be provided by medical or care staff. For this kind of in-
formation no direct interaction with the users themselves is needed. User ratings
and data about an individual user’s former meals can only be procured by the
user’s continuing cooperation. Here are the main challenges. First:

• How to get valid information about the user’s meals?
• How do you convince a user to continue providing this data?

3 www.who.int/topics/nutrition/en/ (15.08.2011)



It is well-known that the means to record nutritional intake are not without fault.
People tend to forget what they have eaten, if it is not written down right after
consumption [5][6]. Many also tend to underestimate or under-report what they
have consumed [13]. The systems invented to battle these issues, like FoodLog,
have not matured enough to be able to give accurate nutritional information
about the meals consumed, even though they are able to calculate a balance
of the different kinds of food in a meal (i.e. amount of meat, starchy foods,
vegetables). But even these systems encounter the problem of users ceasing to
use them [8].

And second:

• How do you get enough user ratings?

• How do you keep getting user ratings?

Considering the purpose of a recommender system, which is that users heed the
advice they are given, the system needs to pay attention to user likes and dislikes.
Systems, which do not gather user ratings to avoid the cold-start problem, end
up at the problem described above. They need information about what the user
has eaten to recommend similar meals [9]. Therefore you need to collect enough
user ratings for the algorithms to work properly and give good recommendations,
while keeping user effort to a minimum, as it is unrealistic to expect the user to
rate every food or recipe [10]. The problem of persuading the user to keep rating
dishes is the same as the one of getting the user to keep reporting the food they
consumed above.

The problems stated up to now deal with user input. But for a recommder
system to work the user needs to actually follow the instructions given (i.e. use
the recipes recommended). Therefore the challenge with regard to the system
output is:

• How do you encourage user compliance?

Non-compliance (the user not following instructions or only incorrectly following
them) is a huge obstacle in health care regardless the specific therapy [14]. The
same holds for e-Health systems like nutrition recommender systems, which can
be seen as a different form of nutritional therapy.

The challenges in designing a recommender system are therefore to get the
user to use the system, keep using it and follow the recommendations given.

3.2 Challenges with regard to the algorithm

Any algorithm to calculate user-tailored nutritional recommendations needs sev-
eral information:

• user information (likes, dislikes, food consumed and nutritional needs)

• a database of recipes and their nutritional information

• a set of constraints and/or rules



User information is needed to tailor recommendations to a specific user. The
challenges in getting this information have already been stated above. The ques-
tions not mentioned above are:

• How to deal with the cold-start problem?
• How to deal with missing or inaccurate user data?

When a system is first used it has only the information provided beforehand.
Most systems need some time to gather information about the user, while they
are used. The information learned can then be used to improve the recommen-
dations given. But even during this learning-period the system should be able
to make suitable suggestions. This is called the cold-start problem and has to
be addressed when designing the system.

As already mentioned, user information is often inaccurate and sometimes
even missing. The system therefore needs to be able to either supplement the
missing data or correct false data in one way or another.

There are two questions to be answered with regard to the database of recipes:

• How many recipes?
• How to get accurate nutritional information of the recipes?

The first one is tricky in a way as the system needs enough recipes to accom-
modate the likes and dislikes of many users, as well as to be able to vary the
recommended recipes, while still giving recommendations in a timely manner.
There is no use in a system which keeps repeating the same recommendations.
Just as well user satisfaction decreases the longer a system needs to respond,
decreasing the probability of continued use of the system [15].

The second one is even trickier, as different ways of cooking items results
in different nutritional values. Even more difficult is to ensure, that the data
gathered from nutritional tables is accurate, as comparing different tables of
nutritional values of foods sometimes returns varying values for the same items.

The challenge with regard to the set of rules implemented in the system is:

• How to balance the quality of recommendations and system performance?

It seems logical that the more constraints and rules are considered the better and
more user-tailored the resulting recommendations are. But when implementing
these rules the possibility of contradicting rules has to be taken into account.
To many constraints may also lead to performance problems, particularly with
a larger number of recipes in the database, as every recipe has to be checked
against every constraint. Another issue raised by a large amount of constraints is
the problem of contradicting rules, preventing the algorithm to find a solution.

As the user might not be living alone another question has to be considered:

• How to give one recommendation for more than one user at the same time?

Different users have other nutritional needs as well as varying likes and dislikes.
A system able to recommend recipes for more than one user (like a family) has
to be able to include and accommodate the requirements of different users.



4 Dealing with the challenges

After identifying the main challenges of recommender systems, solutions for them
have to be implemented and integrated into the system. Some of these problems
have a seemingly more straight-forward solution. Others are obviously more
interrelated. Challenges of the first group include problems like:

• the uncertainty of nutritional information of recipes or foods
• the missing or incorrect data from food recording measurements

To deal with uncertainty regarding the nutritional information of recipes or foods
the help of nutrition experts is necessary. Effectively only an expert can truly
determine which data is accurate and can be used. If the help of an expert is not
available, an extensive comparison of multiple sources is essential to properly
combine the available data.

Different models have been developed on how to deal with missing or incorrect
data in food record measurements [5]. The question is which one to use, how
to integrate it into the system and how this will influence the performance of
the recommender system. The answer depends solely on where the emphasis
of the system lies. Is it acceptable if dishes are suggested which are unfamiliar
to the user and which may be too complicated for the user to prepare (as the
system was unable to correctly guess or learn the user’s cooking skills)? If so,
missing values might not be so serious. But with regard to one of the reasons of
continued recording of food intake (i.e. verification of user compliance) missing
values are more severe. In such a case the system will most likely have to assume
that the user actually complied, unless it receives input from other sensors (like
weight-scales), which can be interpreted to show the user’s compliance or non-
compliance.

It can be seen that even these problems with seemingly more straight-forward
solutions are dependent on other problems. So it is of no surprise that some of the
other challenges identified are even more closely interrelated. Here the solution
to one problem aggravates the other issue(s). Therefore there will have to be a
trade-off between them. There are two groups of interrelated problems.

The first is:

• number of recipes in the database
• amount of constraints or rules used
• system performance

To increase variety in recommendations as well as to be able to heed the likes and
dislikes of many different users a large amount of recipes is needed. The number
of rules or constraints required rises with the complexity of the demands on
the system, like recommendations for more than one meal, more than one day or
more than one user. Enhancing the attractiveness of a system by providing more
possible uses therefore needs a larger number of recipes as well as constraints.
But this effects the system’s performance negatively. More time is needed to
calculate the recommendation as every recipe will have to be considered by the
constraint solver.



The second group of strongly connected problems is:

• the cold-start problem
• the amount of user effort needed
• the (continued) use of the system by the user
• the information available about the user

There are two ways to solve the cold-start problem. The first is to increase the
number of user ratings collected before the system is first used. This highly
increases the user effort in advance. The second is to use information about the
user’s previous meals to calculate similarity measures to recommend new recipes
[9]. This increases the user effort not only in advance but also during the use
of the system as well as the need for a continued use of the system. A higher
user effort however lessens the desire to use the system. Which in turn leads to a
decreasing amount of information on the user available to the system. But users
actually often cease to use even systems with a moderate or low amount of user
effort required. It should therefore be ensured that the user can see the benefits
of a continued use of the system, to increase their willingsness to invest as much
time and effort into the system as needed. Giving the user constant feedback
about their progress [16] as well as personalised information they can relate to
their own situation [17] is a way of achieveing this goal.

Problems without a seemingly easy solution, but not as interrelated, are:

• How to ensure user compliance
• How to determine user compliance

Multifactorial approaches to ensure compliance have been suggested [14]. In the
context of nutrition recommender systems these consist of providing the user
with more relevant information, assessing and (if necessary) improving nutrition-
related attitudes. And should a user need the help of their relatives or a care
team, it is also advisable to enlist their help and support as well. User com-
pliance can either be determined directly or indirectly. For the direct approach
users record their food intake, which can then be compared with the recommen-
dations given. This again leads to an increased user effort. On the other hand
user compliance might be deduced from other health values, like the develope-
ment of the user’s weight, blood sugar or activity levels, depending on the user
information available by different sensors.

It can be said that there is no overall perfect solution for recommender sys-
tems. It has to be analysed thoroughly what the requirements for the recom-
mender system to be developed are. Then the best possible solution for this
specific recommender system can be decided.

5 Future work

Our future work is to develop such a recommender system for elderly people
living at home in Germany. We are now analysing the problems indentified with
regard to this specific population. We want to evaluate different algorithms with
regard to the issues stated here and in the end implement a solution to the
challenges proposed.
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