Late-Breaking Results, Demonstration and Theory, Opinion & Reflection Paper

UMAP’17, July 9-12, 2017, Bratislava, Slovakia

User Nutrition Modelling and Recommendation - Balancing
Simplicity and Complexity
Hanna Schäfer∗

Technical University of Munich

Georg Groh

Technical University of Munich

Mehdi Elahi

Free University of Bozen-Bolzano

Morgan Harvey

University of Skövde
diminished by understanding why nutritional models are so complex and how we can take them one step closer to becoming both
clear and algorithmically-processable. This effort has led to several
approaches which will be discussed in the following sections.

ABSTRACT
In order to use and model nutritional knowledge in a food recommender system, uncertainties regarding the users nutritional
state and thus the personal health value of food items, as well as
conflicting nutritional theories need to be quantified, qualified and
subsumed into falsifiable models. In this paper, we reflect on different error sources with respect to nutrition and consider how such
issues can be tackled in future systems. We discuss the integration
of general nutritional theories into information systems as well
as user specific nutritional measures and different approaches to
evaluating the utility of a given nutritional model.

2

STATE OF THE ART IN NUTRITION
MODELLING

To understand nutritional models, we should first understand the
different components of nutritional data. A nutritional model consists of three interacting core components. The first model, the
user model, includes continuous or approximated intake tracking of
content and volume, food preferences, availability, social context
and many other contextual factors. Second, the food items themselves must be modelled on a nutritional level to understand their
nutrient content or, in case of complex items such as recipes, their
subcomponents, including their culinary functions and cultural
roles. Finally, the combination of user models and the food item
models must be mapped onto an array of target values e.g. with a
rule system or algorithmic model. The most complex among these
targets is the health utility defined by, for example, long or short
term risks and benefits. Others targets may include taste, cost, sustainability, or availability. Furthermore, in the course of analyzing
and learning these complex models, we need to define ways to
evaluate the error propagation, continuity properties, or stability
of the resulting models in a reproducible way.
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INTRODUCTION

Food Recommender Systems have been touted as a useful tool
in combating global diet-related epidemics, such as diabetes and
obesity [2, 7, 15, 21, 25]. Developing such systems is, however, for
many reasons particularly challenging including the need to select
and use multiple nutritional and preference models. The contrasting
goals of providing users with what they want and what they should
eat has been discussed [2], however, the additional complexity of
modelling divergent nutritional opinions has yet to be addressed.
In user modelling, one of the core problems is a lack of reliable
input (e.g. what the user eats) or contextual data (e.g. why, how
and when something is being eaten). To model the nutritional behavior of a user, we must often deal with missing and inaccurate
data, incomplete and/or contradictory models, as well as missing
output parameters. Here we suggest that such error sources can be
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2.1

Nutritional User Information

The user model is prone to many sources of error and uncertainty, originating from measurement error, misinterpretation, misperception and a lack of knowledge about the user. Many of these
errors relate to a lack of compliance from the user, reflecting the
level of effort involved in providing the data required to establish
an appropriate model and keep it up to date (e.g. by wearing or
using sensors, keeping a food diary or describing goals). Below
we illustrate sources of error relating to different aspects of the
user’s nutritional information and means to limit these. We discuss
intake tracking, portion size estimation, the use of sensors, user
preferences and user context.
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Intake Tracking. The most frequently used tools in measuring
nutritional intake are food frequency questionnaires (FFQs), consumption recalls and food records. While FFQs and recalls retrospectively collect data about the last month/week/day, food records
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are prospectively collected at the time of consumption [23]. Both
approaches have drawbacks: retrospective methods suffer from
inaccurate memories and generalization; prospective methods rely
on significant day-to-day user effort. Both also suffer from active
or subconscious under- or over-reporting, estimation or perception
errors and inadequate communication tools [3].

which define the nutritional composition of food items, either measured or approximated. Naturally, these datasets contain inconsistencies since the individually-measured food items may be nutritionally divergent. Sensors can help to achieve this kind of individual precision, e.g., using bar-code scanners for standardized items
or chemical sensors that measure the composition of a food item.
Several databases are available that allow real world food items to
be associated with their nutritional and other properties.

Estimation of Portion Sizes. While users are often aware of the
nature of what they have eaten, estimation of portion sizes is a
key error source in dietary tracking. Errors result from a limited
knowledge of the processing of the food and a lack of ability to
estimate weight or size. A further source of error is the use of
non-standardized measures for cooking recipes e.g. one carrot. The
variances are reported to be around 50% for the estimation of food
intake and 20% for nutrients [18]. Even with modern sensing techniques such as image-based volume estimation or 3D modelling of
food, the error is still around 20% [27].

Nutritional Databases. Depending on the level of detail required,
the nutritional information may be accessible for different types
of food items. For example, in the EU every food product must be
labeled with its macro-nutritional content (e.g. sugar). Such data is
often widely available but quite coarse. More detailed information
can be found in nutritional databases such as the BLS, NEVO or
USDA 1 , where, on the other hand, concrete (e.g. branded) product
data is often not represented at all.
Product Databases. In addition to the nutritional content, other
data on a food item may be unavailable in a general database, such
as the price or availability. Including such parameters into the
nutritional model thus requires a mapping between general food
items, e.g. apple, nutritional food items, e.g. raw, Gala apple and the
specific food item product, e.g. 500g package of organic Gala apples
from Spain.

Learning from Sensors. One approach to tackling such inaccuracies in tracking is to build new and more advanced ways of sensing.
For example, to sense food with images and predict type and volume [14] or to sense explicit information given e.g. by barcodes.
Other potential uses of such technology include smart vessels and
other utensils that measure food intake [10]. Intake can also be
measured post-consumption by means of biological sensors, which
can, for example, continuously measure blood sugar [5].

Recipe Databases. From the perspective of a user, food is rarely
consumed as a single ingredient. Most interaction with food is based
on recipes. To understand the internal structure of recipes and the
role of its subcomponents it is necessary to find similar recipes or
even replacements for subcomponents within these recipes. Additionally, most recipes are not formally linked to any of the abovementioned information sources. This results in a need to match
each individual ingredient not only with the appropriate entry in
the database [16], but also with the processed state of the ingredient
(e.g. whether it is cooked or raw).

User Preferences. Eliciting accurate user preferences involves
overcoming a number of well-documented challenges. 1) The cold
start problem, where, upon initial use, almost no information on
user preferences is available [22]. 2) individual food preferences are
highly context-dependent and can change over time [7]. 3) Despite
some components of the preference model being easy to attain, such
as no meat for a vegan, user preferences when choosing between
similar or complex food items will be more challenging [24]. 4)
The preferences of a user are not equally informative of her taste,
and hence, it is important to carefully design a proper preference
elicitation strategy for identifying and obtaining a small set of
preferences which still conveys the most valuable information.

Taste and Sensory Properties. To build taste models of food items,
different approaches might be implemented. In theory, a sensory
effect could be related to the molecular setup of these items. While
a known configuration of molecules create a reproducible sensory
impression in certain users, not all users might react in the same
way. Furthermore, not all such senso-chemical relations are known,
since the analysis of food items is very time consuming. A much
easier approximation would be a user-based tagging of recipes
with certain labels, e.g. "soup", "hot", "vegan", etc. in order to find a
correlation between the labels and user preferences.

User Context. The preferences of a user are highly dependent on
the current context [8]. For example a family provider might have
a different preference cooking for the family than when going for
dinner in a restaurant. Also available time can place constraints
on the decision process. Any such dependencies would need to be
detected either by direct user input or by sensing the environmental variables, such as location, time or short term social context.
The variety and number of contexts makes it hard to measure all
available data, which in turn introduces new uncertainty levels for
the intent and preference of the user.

2.2
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2.3

Modelling the Utility of Food for Users

The most complex utility model is the relation between user, item
and a measure of healthiness. There are various guidelines, e.g.
the DGE [9], that inform consumers, on a rule basis, how to eat
correctly. These guidelines have several drawbacks from a modelling perspective. Firstly, they are not always conclusive in their
evaluation metric and secondly, depending on the organization, the
reference values might have differences and contradictions, due to
the missing conclusive validation of these values.

Nutritional Food Information

It is extremely challenging to objectively obtain the nutritional
properties of consumed food. There are multiple available datasets,

1 http://www.eurofir.org/food-information/food-composition-databases-2/
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Nutrition guidelines. Nutritional guidelines are available from
different sources and on different evaluation levels [11]. The highest
level used by one-size-fits-all guidelines, e.g. the DGE [9], are food
groups organized, e.g., in food pyramids. Here 5-7 food categories
are connected with a guideline rule such as "5 portions of fruit and
vegetables per day". This approach does not offer the potential to
model intake continuously or to infer to what extent a user’s health
state deviates from the ideal at a given time point. The next level is
to evaluate the energy balance, where the necessary calorie intake
is determined e.g. by the basal metabolic rate multiplied with an
physical activity factor [3]. For macro-nutrients, the energy intake
is further separated into different energy sources, e.g. fat or carbohydrate. Healthy nutrition is then defined as a balance between
the different energy sources, such as 7-20% of energy from protein
[13]. A simple model would be to combine total energy and macronutrient based energy intake guidelines, since such data is widely
available in food item databases. Additionally, these macro-nutrient
balances are largely invariant to processing such as cooking. On
the other hand, such a model could not be used to account for
many deficiencies in important micro-nutrients such as vitamins
or minerals and traces. While these are important for many body
functions, some also have toxic effects when consumed excessively
[3]. When modelling these nutrients, dietary reference intake standards, e.g. [20], are an important source of information to build a
health model. They represent the intake as a Gaussian distribution
between the lower deficiency border and the upper toxicity border.
Unfortunately, depending on the source, these distribution and their
border values can differ.

2.4

Quality Assessment of Nutritional Models

Finally, many of the contradicting or inconclusive nutritional guidelines are due to missing validation parameters. Traditionally, correlation with diseases such as cancer, heart attacks and similar NCDs
are referenced. These are highly dependent on other influence factors and require long-term studies with large sample sets. A more
objective measure is the age of death of study participants, which
is easy to measure but hard to correlate to nutritional information
only. Modelling the nutritional benefits on a day-to-day level generates new requirements for the evaluation of such models. Instead of
searching for a true health model, e.g. guaranteed maximal cancer
prevention, the digital nutritional models should prove to be stable
against uncertain input, flexible against inaccurate nutritional correlations and minimize potential harm to the user. Thus to evaluate
such a digital meta model, stability, error propagation, continuity
and similar metrics need to be investigated.

3

VISIONARY SCENARIOS

It is clear from the summary above that a complete and sound
nutritional model for recommender systems is some way off. We
conjecture, however, that combining the insights offered by existing models in intelligent ways, can lead to the limitations being
circumvented to a degree where the user will not suffer from them.
Below we discuss pragmatic but intelligent solutions that aim at
reaching this balance, such as contextual constraints, uncertainty
modelling, learning of good defaults, suggestive recommendations
and integrating the user in-the-loop. Each has been used in one or
another version before, but needs to be developed further to close
the gap with the conjectured complex models discussed above.

Personalization. Another approach is to avoid the uncertainties
in the literature by personalizing the healthiness functions with
phenotype and even genotype information [17]. This approach is
hindered by an as-yet immature understanding of the relation between genetics and nutrition [19] and the high cost of analyzing
genetic measures. Additionally, some ethical concerns were raised
regarding the usage of genetic information in this context [4].

3.1

Context as a Constraining Parameter

One option to improve the accuracy of the system’s nutritional
advice is to put constraints on the set of options being optimized.
For example, if the menu options in a restaurant or a canteen are
known to the system, the task could be defined as finding the best
combination(s) of the available items. Compared to finding the perfect advice, this task can be solved with much higher certainty. The
same kind of context can be generated in other situations, such as
shopping for groceries. Here, a given grocery list could provide the
necessary context, to find the best replacement for certain critical
items, instead of completely generating the list. In the future this
approach should be extended by generating the missing contextual
constraints from sensor data. One example would be integrating
an intelligent kitchen that automatically limits the choices to fit
the available tools and ingredients. Another direction would be to
apply bar-codes to restaurant and canteen menus, so their data is
always to hand.

Uncertainty modelling. Two types of uncertainty need to be modelled: 1) uncertainty in user- or food-specific input data and 2)
uncertainty from a lack of scientific knowledge or a lack of adequate modeling of existing knowledge. The former can be handled
by building target functions that can deal with probabilistic input
parameters. The latter can be solved by, for example, employing
fuzzy goal functions [1, 26]. Improvements could be achieved with
advanced machine learning techniques and probabilistic models.
User Intent. A user’s intent in a specific situation is based on the
priorities of a variety of goals. One obvious goal is the desire to eat
tasty food, in the sense of food matching one’s own taste preference.
Others include the desire to eat healthily or in a sustainable manner.
Some goals may require more context, for example, to optimize
the time requirements for shopping and preparing the food. The
array of such weighted goal functions create the user’s current
intent. Since the goal functions might be contradictory, they need
to be weighted by the user’s current, context-depended priorities,
in order to find a compromising optimal solution.

3.2

Modelling Uncertainties

Another way to work with the different uncertainties occurring in
a nutritional user model is to communicate both results of these
uncertainties and their reasons. For example, if the uncertainty is
due to missing information on the user’s part, simple information
about this could incentivize the user to provide more input for
better results. If, on the other hand, the uncertainties are not connected to a solvable reason, the user should still be made aware of
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them in order to empower an informed decision. Similar to having
different weather forecasts, a range of nutritional evaluations and
their probabilities could be displayed to the user [6]. In the future
one step would be to build a nutritional system that can explicitly
model and describe these uncertainties. Additionally, the effect of
such a system needs to be carefully evaluated. While having the additional information empowers the user’s decision, the knowledge
of uncertainty might also lessen his/her trust in the system.

3.3
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Learning Default Models

Since many of the uncertainties are based on missing input, e.g.
when using FFQs or recalls [3], there is a need for accurate default
behavior models. Recently the retrieval and analysis of online recipe
platforms has been shown to provide a lot of insight into the cooking
behavior depending e.g. on culture or season [12]. In the future
these defaults could be further improved by using machine learning
techniques on different dietary study datasets or commercial user
intake data sets such as MyFitnessPal2 . Even learning common
shopping patterns from supermarket datasets or payback customer
information could increase the insight into user behavior.

3.4

Suggestive Recommendations

In some cases finding a good nutritional option for the current
context is not possible. If, for example, the user is at a dinner with
friends, he will not be cooking vegetables at home. In such cases
the system should be able to give preventive suggestions for future
situations, e.g. you don’t have any veggies here, so you can eat
your steak, but please go shopping for some tomatoes tomorrow.
The advantage of such suggestive recommendations to assume an
ideal context for the future time scope. To realize such suggestive
recommendations, the systems needs to have a deep insight into
the user’s everyday contexts and a predictive system for the likely
future contexts, e.g. balancing the recommended intake over a week.

3.5

Keeping the User-In-The-Loop

In the end, improving the accuracy and uncertainty tolerance of
the model is not enough to create meaningful system output for
every situation. Too many context parameters are unknown to the
system. To solve this conflict, systems should integrate the user into
the decision process and interactively update the output set based
on the user’s input. For example if a user plans to cook for friends,
the system might suggest a steak night. Then the user can specify
that his friends are vegetarian. In that case, the system would have
to update its suggestion to the new parameters.
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CONCLUSION FOR FUTURE WORK

In conclusion, while the modelling of a user’s nutrition is complex
and uncertain on many levels, some measures can help to deliver
approximations that are reliable enough for most information systems building on then. By working together with domain experts
and learning from each other’s methodologies and experiences we
believe future nutritional models may even inherently include the
given uncertainties as a feature of precision instead of an obstacle.
2 https://www.myfitnesspal.com/
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