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Context-Aware Food Recommendation System

Rui Maia, and Joao C. Ferreira

Abstract—Recommendation systems are commonly used in
websites with large datasets, frequently used in e-commerce or
multimedia streaming services. These systems effectively help
users in the task of finding items of their interest, while also
being helpful from the perspective of the service or product
provider. However, successful applications to other domains
are less common, and the number of personalized food
recommendation systems is surprisingly small although this
particular domain could benefit significantly from
recommendation knowledge. This work proposes a context-
aware food recommendation system for well-being care
applications, using mobile devices, beacons, medical records
and a recommender engine. Users passing near a food place
receives food recommendation based on available offers order
by appropriate foods for everyone’s health at the table in real
time. We also use a new robust recipe recommendation method
based on matrix factorization and feature engineering, both
supported by contextual information and statistical
aggregation of information from users and items. The results
got from the application of this method to three heterogeneous
datasets of recipe’s user ratings, showed that gains are
achieved regarding recommendation performance
independently of the dataset size, the items textual properties
or even the rating values distribution.

Index Terms—Context-Aware, Food, Recommender System,
Collaboration

|. INTRODUCTION

S digital media reaches the domain of gastronomy,

e.g., with printed restaurant menus starting to be
replaced by digital menus [16], it is likely to see an
increased demand for recommendation systems. Moreover,
food recommendation systems can also play an important
role in persuading users to alter their lifestyle towards
healthier nutrition options [6, 26]. It is interesting to notice
that the food domain has several unique characteristics that
motivate the usage of modern recommendation approaches.
The problem deals well with numerous contextual features,
given that the consumption of food items is naturally
associated to heterogeneous information about ingredients,
their chemical composition, nutritional aspects, cooking
methods, ingredient combination effects, as well as
monetary costs, availability, cultural, social and even
environmental factors.

In this work, the user preference on food items is
modelled as an aggregation of different features to generate
recommendations using context information about user
location. Collaborative filtering techniques, e.g., based on
matrix factorisation, have been developed for many years,
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and many variants have also been proposed for specific
settings. A popular trend in recent years relates to extending
matrix factorisation approaches to incorporate auxiliary
information via feature engineering [3]. Factorization
Machines (FMs) in particular, originally proposed by
Steffen Rendle [19], can combine the high-prediction
accuracy of factorisation models with the flexibility of
feature engineering, nowadays being commonly employed
in the development of context-based recommendation
systems [22]. The input data for FMs is described using
real-valued features, exactly like in standard supervised
machine-learning approaches such as linear regression or
discriminative classification.

However, the internal model behind this approach
considers factorised interactions between variables, and
thus, it shares with other factorisation models the high
prediction quality in sparse settings, such as those that are
typically found in recommendation systems. It has been
shown that FMs can mimic most factorisation models used
in recommendation systems just by feature engineering [20],
and it has also been shown that this approach outperforms
other algorithms proposed for the task of developing
context-based recommendation systems [22].

Moreover, to the extent of our knowledge, no
methodology has been proposed to deal with very different
recipe recommendation contexts. The cultural diversity or
region [1] deeply impacts the user’s preferences, the recipes
or ingredients association, therefore the recommendation
process. This work proposes a method involving the usage
of factorisation machines and feature engineering over
heterogeneous food recommendation problems. The results
are reported on experiments using very different features
that aggregate information from rating events (e.g., per
user/item standard deviation) and specific features of this
domain, like ingredients or cuisine type.

1. RELATEDWORK

Good food habits are a critical issue in our daily well-
being, and it is fundamental to preventing Diseases, control
certain conditions, like diabetes, high blood pressure, among
others. Many applications were developed to create healthy
eating behaviours, like behaviours have been proposed and
studied [27,28], where eating recommendations play an
important role [29] and are a hot topic among scientific
community with the goal of giving users’ advice towards
healthy  eating  behaviour  following  personalised
recommendations [30]. These current food
recommendations are mainly based on: 1) surveys, where
users’ answers questions that are used to create a meal plan,
but they do not generate meal recommendations that cater to
each person’s fine-grained food preferences; and 2) food
journaling, still suffer from major limitations, as cool start
problem, and it is hard to maintain. To handle this, several
models of preference elicitation have been proposed in
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recent years, based on decision trees to poll users in a
structured fashion [31,32]. Also, there is the possibility of
eliciting item ratings directly from the user [33]. Traditional
food and recipe RS learn from users’ online activity [34],
ratings, past recipe choices [35] and browsing history
[29,36]. Some of these approaches are: 1) social navigation
system that performs recommendation based on previous
choices made by the user [37]; 2) the work [29] propose to
similarity measurement for a recommendation from crowd
card-sorting and make recommendations based on the self-
reported meals; and 3) work [38] generate healthy meal
plans based on user’s ratings towards a set of recipes and
the nutritional requirements calculated for the person.

Previous recommenders also seek to incorporate users’
food consumption histories recorded by the food logging
and journaling systems (e.g., taking food images [39] or
writing down ingredients and meta-information [29]). Most
of these existing systems for a food recommendation, share
a common limitation, the cold-start problem. To overcome
this limitation, major commercial applications, such as
Zipongo [30] and Shopwell [40] adopt onboarding surveys
to more quickly elicit users’ coarse-grained food
preferences, collecting data related about their nutrient
intake, lifestyle, habits, and food preferences for their meals
recommendations. Most recent research in recommendation
systems has focused on context-aware methods that analyze
only the user-item interaction, modelling recommendation
as a rating prediction problem, using collaborative
information regarding how particular users rate certain items
(e.g., on a scale from 1 to 5 stars) to build a model capable
of predicting future rating behaviours. In this context,
matrix factorization approaches have become very popular,
as they usually outperform traditional k-nearest neighbour
methods for collaborative filtering [23, 14]. In contrast to
the huge literature on standard recommendation systems,
there is only little research on context-aware
recommendation systems, i.e. systems that take into account
additional data about the wuser (e.g., demographic
information, age, profession, gender, etc.), about the item
(e.g., attributes like product genres or descriptive
keywords), and/or about the situation in which the rating
events happen (e.g. the current location, the time, who is
nearby, etc.). Recently, FMs have been proposed as an
effective approach for contextual recommendation domains
[19, 22, 20]. Research works in the area of recommendation
systems have focused mostly on applications related to the
prediction of movie ratings, using standard datasets such as
MovieLens or the one made available in the context of the
Netflix challenge [2]. Few previous studies have specifically
addressed food recommendation, although this particular
domain offers many interesting challenges. For instance, the
ingredients of a meal are one of the components which
impact a user’s opinion and behaviour. Others include
cooking methods, monetary costs, and availability,
nutritional breakdown, ingredient combination effects,
cuisine type, dietary considerations, as well as cultural,
social and environmental factors.

A. Food Recommendation
Initial efforts in the area of food recommendation have
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resulted in multiple systems, such as Chef [10] or Julia [12],
which hugely relied on domain knowledge and case-based
reasoning in their recommendation processes. More
recently, Freyne et al. compared different strategies based
on the traditional approaches from the recommendation
systems domain, which are commonly used on e-commerce
websites: user-based collaborative filtering based on the
ratings from the k-nearest neighbouring users, a content-
based approach that uses information about ingredients, and
also hybrid recommendation methods [7]. In their
experiments, the authors found that a reasonable accuracy
can be achieved through content-based strategies that use a
simple break down and construction heuristic, to relate
recipes and ingredients. They measure a significant
accuracy improvement through the use of content-based
techniques over a simple collaborative filtering algorithm,
although hybrid methods performed the best overall.

More recently, Freyne et al. also reported on large-scale
studies in which they analyzed real user ratings on a set of
recipes [8, 9] uncovering several interesting reasoning
patterns in the rating data for this domain and suggesting
ways to exploit this reasoning in the context of improving
food recommendation systems. Their results have shown,
for instance, stable user biases towards certain features of
recipes (e.g., cuisine type or key ingredient). Harvey et al.
identified some important contextual factors which can
influence the choice of rating [11], specifically several
ingredient factors that have a particularly strong predictive
power for ratings. They also found that health factors such
as fat and calorie content were less predictive, although
were relevant for a subset of the users who give particular
attention to nutrition. Still, the approaches proposed by
Harvey et al. correspond essentially to extensions of
traditional content-based on collaborative filtering
approaches.

Moreover, on what regards to large-scale studies over the
rating of food items, Yong-Yeol et al. analyzed patterns that
can explain the food pairing mechanisms existing in
different world regions [1]. The theory states that depending
on the culture or world region, some cuisines (or regions)
tend to pair ingredients that share many flavor components,
while other cuisines tend do avoid component sharing.

Their work underlines the relevance of systematic
analysis of user preferences and culinary practices to
understand food preparation and user choices better,
unraveling the reasons behind the user choices. The authors
also observed limitations and structural differences within
the recipe preparation information of the datasets, mainly
regarding ingredients and instructions. They cite Kinouchi
et al. [13] who reports that, on the analyzed cookbooks, the
average number of ingredients per recipe does not follow a
pattern. Teng et al. have reported on a food recommendation
method using ingredient networks together with a
discriminative machine learning algorithm, to predict recipe
ratings [24]. Specifically, the authors constructed two types
of networks to capture the relationships between
ingredients, namely: 1) a complement network that captures
which ingredients tend to co-occur frequently (e.g., savory,
or sweet ingredients); and 2) a substitute network, derived
from user-generated suggestions for modifications that
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capture functionally equivalent ingredients together with
user preferences. The method tries to get healthier variants
of a recipe.

Structural information from the co-occurrence and
substitution networks is used to build features for a
discriminative machine method, which corresponds to a
pairwise ranking model based on a discriminative
classification that, given a pair of recipes, determines which
one has the higher average rating. Their experiments
indicate that recipe ratings can be well predicted with
features derived from combinations of ingredient networks
and nutrition information. Some previous studies have also
used collaborative filtering approaches based on matrix
factorisation for food recommendation [5, 17, 11], often
using heuristics to integrate heterogeneous content
information about recipes, such as ingredients, dietary facts,
cuisine type or occasion, as Forbes and Zhu.

This work proposes to leverage the recently proposed
Factorization Machines [19], [22] with statistically inferred
features which can be applied multiple heterogeneous rating
distribution datasets. The combined use of direct features -
as recipes — with derived ones - as standard deviation -
applied to factorisation machines, overcome the use of
specific context features such as ingredients or dietary type,
supporting a sound and theoretically solid approach in all
the dataset configurations in the context of food
recommendation. Fig. 1 illustrates the proposed method
which will be detailed in the Experimental Setup section.

I1l. MATRIX FACTORIZATION USING FACTORIZATION
MACHINES FOR THE RECIPE RECOMMENDATION

Besides wusers and items, in the context-aware
recommendation, there is more information about the rating
events, such as the location of the user at the time of his
rating, his mood, etc.. In particular, the food
recommendation domain can naturally be approached
through context-aware methods, given that the consumption
of food items is associated with different types of
heterogeneous information.

FMs model all nested interactions up to order d between
the p input variables in a case x, using factorised interaction
parameters, but do not distinguish between context or
general features. Second order factorisation machines are
especially appealing because higher-order interactions can
be hard to estimate in sparse settings. A factorisation
machine model of order d = 2 is defined as follows:

F F

P ke
#lz) = wp + E w;j ¥ rj+ 5 E T X Ij X E vy % U (1)
f=1

J=1 J=173'=j+1

In the formula, k is the dimensionality of the factorization
and the model parameters corresponding to {wo, W,...wy,
Vi, ...,Vpi} are such that wy €R, w € RP, and ¥ € RP.

The first part of the model is similar to standard linear
regression, and it contains the unary interactions of each
input variable x; with the target y(x). The second part of the
two nested sums contains all pairwise interactions of input
variables, that is, x; x Xj. The important difference to a
standard polynomial regression is that the effect of the
interaction is not modeled by an independent parameter w;;
but with a factorized parametrization w;; = <vj, v, >= ¥,
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vjs V;-,which corresponds to the assumption that the effect of
pairwise interactions has a low rank. This allows
factorization machines to estimate reliable parameters even
in highly sparse data (e.g., sparse data regarding user ratings
to items, as typically found on recommendation
applications), where standard models often fail.

In a general recommendation problem, the data can be
described by a design matrix X &€ R™, where the ith row x; &
RP of X describes one case (i.e., one rating event) with p
real-valued variables, and where y; is the prediction target of
the ith case. Fig. 2 represents how, in this work, was

, cuisines, Feature Tokenization
diet,.

U;ersta:d \:ems Users and ltems
by Fealture Generatior

Feature Users and ltems
e (derived) Features

@ Filter infrequent users,

recipes and ingredients

Matrix Representation and
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Fig. 1. Representing a recommendation problem with real valued feature
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Fig. 2. Representing a recommendation problem with real valued feature

modelled the food recommendation problem through feature
engineering, considering multiple context-specific features,
but also general statistical features, like the user rating
average or standard deviation.

Many algorithms have been proposed for estimating the
parameters of FMs, including methods based on Stochastic
Gradient Descent (SGD), Alternating Least-Squares (ALS),
and Markov Chain Monte Carlo (MCMC) inference. A
freely available C++ implementationl was used in the
experiments, which uses MCMC inference as described in a
recent publication [21]. By sampling through random draws,
a probability distribution is approximated to the target y
distribution, and the quality of the generated model
improves as a function of the number of draws or training
iterations. One of the main advantages of MCMC over ALS
or SGD is that there is no need to define regularisation
parameters or a learning rate. In this study, a feature vector
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x is chosen to capture important information in the food
recommendation domain independently of the dataset
characteristics.

IV. CONTEXT-AWARE WITH BEACONS

Context-aware is based on user current position that is
acquired from mobile device GPS or Bluetooth interaction
with a beacon (indoor location approach). This is a new
approach for indoor Location device with Bluetooth Low
Energy (BLE) technology. This device that broadcasts a
Bluetooth signal in a limited and configured range/area.
This can be helpful to allow some software applications that
can interpret the received signal as Location of the user
inside of a building. Since most e the capability to work
together giving retailers and other businesses all the
information they need to create improved, personalised
consumer experiences and we apply this to the creation of
context-aware food recommendations. This concept is being
applied in every kind of buildings like hospitals, airports,
shopping, and museums. Fig. 3, illustrates the working
principle, where beacon configured with a Bluetooth
transmission radius of 5 meters alerts the user in that range.
So, in a proximity of a restaurant food recommendation can
be performed based on pre-defined criteria and available
user profile (set of predefined preference with possible
advice from doctors taking into account medical recording
information, not considered in this research work. All
information and algorithms run on the cloud server, and the
mobile device is used to show the information. Beacon DB
is used to correlated beacon with restaurant or food
provider. User advice can also be correlated with
geographic position.

Beacon -> APP € Server Communication

Beacon

Transmitting (BLE 4.0) l ®© (4]

|
|
L

|

|

|
Boacon DB Content DB

Fig. 3 — Proposed system for context-aware information

V.EXPERIMENTAL SETUP

The experiments reported in this paper relied on three
datasets collected from online sources of food recipes to test
proposed approach. The developed system was based on
this factorisation approach. We use the following datasets:
1) dataset [http://mslab.csie.ntu.edu.tw/ tim/recipe.zip]
previously made available by Lin et al. [17], collected from
a large online [http://www.food.com] recipe sharing
community;2) dataset [http://students.mimuw.edu.pl
/"tk290810/kochbar_data] made available by Tomasz et al.
[15], collected from another large online
[http://www.kochbar.de] recipe sharing community; 3) Was
constructed by crawling Epicurious website
[ttp://www.epicurious.com], another platform where users
can share and vote on recipes from other users with basis on
their preferences.
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In all three cases, the recipes are associated with detailed
information on ingredients, preparation directions, cuisine
types and dietary categories, all added by users. Notice that
recipe is sharing communities, like the ones using the
mentioned websites, have no pre-defined ingredient sets,
nor predefined categories or standardised units for
describing ingredient quantities. Information regarding these
variables will, therefore, be noisy and sparse.

The datasets have been filtered to remove recipes rated
less than four times, as well as the users with less than 4
rating events. This filtering allows us to maintain most of
the dataset information, keeping users and items with
relevant presence 2. In the case of the Food dataset, some
additional data cleaning was also performed, for instance,
typos correction in the names of ingredients and to merge
them with similar constituents but with different modifiers
(e.g., big red potato and small white potato are both changed
to potato). In the case of the Food dataset, the ingredients
used no more than three times were filtered out. In what
regards the Epicurious dataset, no additional data cleaning
or filtering was performed, since the registered ingredients
are restricted to the main recipe ingredients, not all the
recipe ingredients. It was not possible to do any text
preprocessing on the Kochbar dataset since it only has
numerical identifiers for the ingredients, dietary groups or
cuisine types. By experimenting with different modelling
choices for the feature vector x, I quantify the impact that
different types of contextual information can have on the
recommendation process. Additionally, the aggregation of
user and item rating information was represented as
features, specifically considering the user rating average, the
standard deviation in user ratings, the item rating average
and the item rating standard deviation.

The experiments start by using data about two categorical
variables only, namely information regarding users and food
items, as commonly done in collaborative recommendation
systems based on matrix factorisation. A set of users U and
a set of food items R are assumed, being the feature vectors
x &€ Rl composed of binary indicator variables for the
specific user and food item involved in a rating event.

Information about ingredients, cuisine types and dietary
groups, was also represented as binary indicator variables,
capturing the fact that a given food item is composed of a
set of ingredients ||, associated with a set of cuisine types
|C|] and dietary groups |G|. These variables were tested
independently with a feature vector x & RUMRFPL g
RIVIIRIHIG - g RIVFIRIMG and also on different combinations
of these variables, with the corresponding changes in the
feature vector dimension.

The user and item rating averages and standard deviations
were captured using real values as model features. These
variables were tested independently with a feature vector x €
RIU*RI*L and in different feature vector combinations.

Assuming the intuition that ingredients might have
valuable information for the recommendation process, the
experiments were separated into two groups: one not
including the ingredients as a feature, and the other
including them. In summary, the features, categorical or
real-valued, were tested with the information regarding
users and food items in different combinations. The feature
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vector could be the most basic x &€ RVl or a combination it seems to exist a homogeneous pattern in their distribution.
of all the available features, being, in this case, x € Taking into account the very significant difference in the
RIVHIRIFCHI* - Dye to a large number of possible size of the datasets, the tests were also run over a random
combinations, the different characteristics of the datasets, subset of the Food and Kochbar datasets.

and considering the preprocessing tasks and processing time . TABLEII
H - - TATISTICAL CHARACTERIZATION OF THE DATASETS USED IN THE
|nvoI\_/ed,.the efforts were dedicated to a small _selectlon of ExPERIMENTS
combinations that could lead to relevant conclusions. Dataset Origin Food Kochbar  Epicurious
i Made available Linetal. Tomasz et al. Maia
Tat_JIe _ | compares the possible conjcext_ual feature i toR i B0t
combinations with the number tested combinations. Table Number of food items 59565 344341 7997
. ,. . . ine g 2
1, presents, a statistical characterisation of the three datasets Nhmber of ngredionts. 092380 oo Ta0s
used in the experiments, showing that they are much sparser Number of cuisine types 106 195 79
. . Number of dietary groups 28 na 21
than the typical benchmarks wused for evaluating Rating value (Avg) 4.72 4.99 3.38
H H H Ratings per user (Avg) 30.64 870.45 8.96
recommendation algorithms (e.g., the Netflix dataset has a Ratings per item (Ave) 1163 59 54 919
rating matrix sparsity of 1.18% [2]). The average number of Ingredients per item (Avg) 98.90 248.27 37.89
. . .. . Cuisine types per item (Avg) 12.37 22.24 6.60
ratings, per users or items, it is also much smaller in the Dictary groups per item (Avg) 307 na 5.83
experimented datasets. Such sparsity limits the effectiveness Sparsity on the ratings matrix  0.051% — 0.253% 0.112%
of a conventional collaborative filtering model and justifies Trimming the datasets to approximately 73 thousand
the need of adding contextual information into the  rating events (the size of Epicurious dataset), it was possible
recommendation process to analyze and compare the results of the experiments on
.TABLEI different user communities with different rating behaviours.
NUMBER OF CATEGORICAL OR REAL-VALUED FEATURES USED IN THE TESTS The factorization models were tested with two different
ANDTHE NUMBER OF POSSIBLE COMBINATIONS values on k parameter of the Equation 1 (k = 5 and k = 25)
Categorical/Real Valued — Possible =~ [ 0 0 which corresponds to the dimensionally of the factorised 2-
features used combinations . - . A . o
I 7 5 way interactions in the factorisation machines. Each training
2 21 4 session involved 100 iterations of the MCMC learning
i ;g ‘21 algorithm introduced in Section 3.
5 21 1 Regarding validation, the experiments followed a k-fold
6 7 Y cross-validation method, using k = 5 folds, in which each
;ml :27 (])6 dataset is first divided into k equally sized, mutually

exclusive subsets of randomly selected entries of rating
events. Each event is contained in only one of the subsets.
This method uses each event k - 1 times for training and one
time for testing. The final results of each experiment are
calculated on the average of the k iterations. To evaluate the
performance of each model, this work followed Koren et al.
[14] and the common literature, using the root-mean-
squared error (RMSE) and mean absolute- error (MAE)
metrics to get the average of the results over k-fold
experiments.

Fig. 4 shows the distribution of the number of user and
recipe ratings on a logarithmic scale. It is also shown the
distribution of values for the rating events on a histogram.
Note that the Epicurious dataset has a Likert-scale from 1-4,
while datasets Food and Kochbar have a 1-5 scale. These
graphs show that there are significant differences between
the three datasets on the rating behaviours. The left graph of
Fig. 4 shows the differences of the total number of users and
user ratings. It underlines that the Kochbar dataset has a
greater number of users, which are more active, in
comparison with the Epicurious or Food datasets (as can be
seen in Table 11 - Average number of ratings per user).

The right graph from Fig. 4 shows that the users of the
Epicurious dataset (collected for this work) have the
stronger rating variation, while user ratings in the Food and .
Kochbar datasets are much more constant. In this last case, ' | | E.
i.e., the Kochbar dataset, there is a clear tendency for users o w w o w0 w0 w w o w w0 S nE
in giving the maximum rating value in their reviews. This  Fig. 4. Useﬁsite%é‘ and Rating Loé[EBE;"t";‘i'Ef(,tions
confirms what Tomasz et al. stated about Kochbar rating

B Epicurious %2 Food @M Kochbar

10"y e e iy 1 [ L

Rating Count(log)

behaviours, where more than 99% of the recipes are rated [ fow Tl Gdbr

with 5 (the maximum value in the Likert-scale used in w0 ' W

Kochbar). Although the used filter for users with less than 4 Y N - 10° :

rating events, the tendency of a constant rating value jz \\. 10’ \\“\_ - \
\

Recipe Count(log)
—
X

prevails in the Kochbar dataset. Fig. 5 illustrates the ‘

distribution of ingredients, cuisine types and dietary groups, . Vo w
in the three datasets. The Kochbar dataset has a unique o ‘l " 7 . ‘
category, including the cuisine type and dietary group, and 10° ﬁa;reli;nfféuig;ﬁ.f; 10* 107 B c;g;mog] 10’ 10‘"'Dletmm:2; Cm[mg]m’
that’s why it does not appear in the right graph (which is

only for Dietary Groups). Besides the different number of

ingredients, cuisine types and dietary groups in the datasets,

—
1=

Fig. 5. Ingredients, Cuisine Types, and Dietary Groups Distributions
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VI. RESULTS

Table 3 presents the RMSE and MAE results obtained for
each of the modelling choices on the three datasets that were
presented in the previous section. It also presents the results
when using the user average rating score as a prediction
value. These results are used as a baseline against the results
obtained with the factorization machines. Table IV presents
the results using approximately 73.000 random selected
rating events for the Food and Kochbar datasets. Epicurious
maintains the original setup of 73.468 rating events. The
results on Table Ill show that by increasing the usage of
contextual attributes, gains regarding food recommendation
performance can be achieved. The best results, represented
in bold font, correspond to RMSE values of 0.5777 for the
Food dataset using either k =5 or k = 25, RMSE of 0.1638
in the Kochbar dataset, and RMSE of 0.7798 using k =5 in
the Epicurious dataset.In all cases the use of recipe context
attributes enhances the recommendation results, lowering
the RMSE and MAE when comparing to the basic test using
only information about users and items, represented in the
first line of the first group of tests using Factorization
Machines on Table Ill. The Kochbar dataset is clearly a

Proceedings of the World Congress on Engineering and Computer Science 2018 Vol I
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improves the results in all datasets. In the Food and
Epicurious datasets the use of the item and user rating
averages also outperforms all other features. It was not
possible to run all the tests against the Kochbar dataset
regarding cuisine types and dietary groups since these
properties are merged in the dataset. The use of recipe
ingredients shows unclear impact, having different results
on recommendation performance over the three datasets,
possibly depending on the relevance of the registered
ingredients, or due to the existence of more misspelt entries
in some datasets. As stated in Section 2, the Epicurious
dataset includes only the ingredients considered to be the
most relevant by the users, while all the recipe’s ingredients
are found in Food and Kochbar datasets.

As shown in Fig. 6, it seems clear that the model
performs best when considering a large quantity of the
users, even if they have only few recipe ratings and larger
error dispersion. The model tends to be less precise for users
with more rating events, and this can be due to the change
of the rating profile of the users along the time. Moreover,
this cannot be confirmed as there is no time-stamp
associated with the rating events and as most of the events

are associated with occasional users (x < 10). Looking at
Fig. 7, there is a small reduction of the error distribution in
the group of the users who rated more than 300 recipes. The

different case, due to the high prevalence of items with
maximum rating. It is clear that the use of statistical features
(user and item rating averages and standard deviations)

TABLEIII - RESULTS FOR THE COMPLETE DATASETS.

Food Kochbar Epicurious
RASE MAE RASE MAE RMSE MAE
Average User Rating 05947 03741 01513 0.0204 .8245 06151
Linerarly Regression Ensemble 05813 - - - - -
Content Driven Matrix Factorization 0.6013 - - - - -
k=5 k=25 k=5 k=25 k=5 k=25

Factorization Machines RMSE MAE RMSE MAE
Information on users and items T 05961 D638 05964 04645
and cuisine Lypes {% 06173 04551 06174 04570
and dietary groups 06089 04550 06086 04562
and user average 05812 03754 05804 03768
and user standard deviation (5823 03701 05825 0374

and item average 05966 03359 05952 0.3863
and item standard deviation 05988 03752 05978 03766

and wser average amd user standard deviation 05044 03662 05952 03702

and item average and user average 05777 03727 0DETIT 0376
and cuisine types and item average and user average 05862 03868 05864 0.3392
and dietary groups and item average and user average 03822 03821 05845 03859
Information on users, items and ingredients 06074 04222 06100 04299
and cuisine types 06055 04191 06076 04239
and cuisine types and dietary groups 06044 04184 0.6063 04248
and item average and user wverage 05919 03992 05934 0.3999
and cuisine types and itlem average and user average 0.53033 04017 05951 04017
and cuisine types and dietary groups and item average and user average 0.5947 04016 0.594% 04006

RMSE MAE RMSE MAE
01818 00853 00787 (0590
018200 00376 01726 00420
01713 0.0416 01697 00436
0.1659 00444 01759 OU4ES
0.1674 0416 01760 (U482
01638 (0.0426 00759 (484
01661 0.0437 00784 00475
01702 00389 01790 (L0470
01652 00411 01775 0491
00784 003700 01746 (0442
01685 00404 0.1744  (LEES
017200 00526 02988  0L1066
01689 00456 0.1959 000647
01665 00431 00919 00603
01682 00476 06143 04209
01670 00393 03458 0L1624
01663 00423 01867 (U602

RMSE MAE RMSE MAE
08514 07193 08500 07179
0.8034 06632 08025 0.6622
0.7860 (L6346 07862 0.6352
0.8071 06102 08068 06105
08001 06027 0.7997 06030
0.8268 (L6360 08257 0.6358
08179 06256 08164 0.6253
08123 06000 08115 06017
07798 0.5954 07800 0.5957
07829 05991 0.7828  0.6003
07823 06001 07812 (L6002
0.7892 (L6254 0.7943 0.6319
0.7925 (L6280 0.7983 (L6353
07951 L6294 08005 (L6370
07830 06011 0.7911 06095
0.7839 06034 0.7927 06115
0.7826 (L6031 0.7933 0.6128

TABLEIV - RESULTS ON APPROXIMATELY 73 THOUSAND RATING EVENTS.

Food Kochbar Epicurious
EMSE MaE RMSE MAE RMSE MAE
Average User Rating 0.5947 0.374] 0.1369 0.0137 0.5245 06151
Linerarly Regression Ensemble 03813 - - - - -
Content Driven Matrix Factorization 060013 - - - - -
k=3 k=25 k=5 k=25 k=5 k=25
Factorization Machines RMSE MAE RMSE MAE RMSE MAE RMSE MAE EMSE MAE RMSE MAE

ORI 0TENE T 0ESST 0T8T
0.6686 05339 0.6659 0.5327
0.6732 05555 0.6733 0.5564
0.5828 03637 05825 0.3661
05871 03637 05865 (3662
06084 L3943 06080 (03956
0.6071 03797 06065 0.3811
0.5995 03587 0.5996  0.3664
05793 03624 05759 (3725
05835 03902 05860 03955
0.5795 0.3835 05826 (3888
0604 04537 06204 04602
06158 04472 0.6140 04527
06154 04469 06135 04518

TOAHTOSS6T 00TE 0503
01321 00256 01293 0.0285
01622 00849 00615 0.0834
01351 00270 00344 0.0327
01356 00245 01358 0.0304
L1398 00280 01396 0.0353
01447 00230 01454 0.0277
01403 00231 01420 0.0332
01355 00267 01384 00393
Q1341 00255 01385 0.0397
L1444 00363 01460 0.0486
02228 00311 02393 0.1402
L1540 00486 02399 0.0949
01555 00480 02814 0.1053
QITI3 00688 02115 0.0960
01538 00451 02460 01027
1550 00458 03600 01860

TOESTE 07193 0ES0 07T
0.8034 06632 08025 06622
07860 0.6346 0.7862 0.6352
(08071 06102 0.8068 0.6105
08001 06027 0.7997 0.6030
08268 06360 08257 0.6358
08179 06256 08164 0.6253
08123 06000 08115 0.6017
07798 05954 07800 0.5957
07829 05991 07828 0.6003
07823 06001 07812 06002
07892 06254 07943 0.6319
07925 06280 07983 06353
07951 06294 08005 0.6370
07830 06011 07911 0.6095
07839 06034 07927 06115
07826 06031 0.7933 06128

Information on users and ilems
and cuisine types
and dietary groups
and user average
and user standard deviation
and item average
and item standard deviation
and user average and user standard deviation
and item average and user average
and cuisine types and itemn average and user average
and dietary groups and item average and user average
Information on users, items and ingredienis
and cuisine types
and cuisine types and dietary groups
and item average amd user average 0.5891 04070 0.5967 04131
and cuisine types and item average and user average 05894 04080 0.5966 0.4161
and cuisine types and dietary groups and item average and user average 0.5896 04078 0.5970 04154
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fact that this group of users is present in a large number of
rating events might impact the overall dataset results.
Regarding recipes, the model seems to be independent of
the recipe rating frequency. Moreover, it is possible to
observe that most of the rating events are associated with
recipes rated less than 30 times which means that there is an
even distribution of the dataset. As previously found for
Epicurious, in the Food dataset, the model seems to be
independent of information on dietary groups, cuisine types,
and ingredients.

w 40000

o

o

g 20000 25443

2 15000 11275

5 19500 3834

2 8 e -

RMSE

x>=40

x<10 10<=x<20 20<=x<30 30<=x<40
Rating events based on users with x events

Fig. 6. Epicurious dataset users grouped by number of rating events

It is also possible to observe that there are a few dietary
groups and cuisine types with a strong relationship to the
rating events, which do not seem to impact on the group
results. It is relevant to remember that all the three datasets
were extracted from Web sites, and that Food is the largest
of the analysed datasets, with almost 8 million rating events
and an extremely high average rating, with more than 95%
of the events the maximum value in scale, 5.
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Rating events based on users with x events

Fig. 7. Food dataset users grouped by number of rating events

In Fig. 8 it is possible to observe that a large number of
users have a high rating frequency (with more than 7
thousand rating events each). The model seems to obtain
larger error when considering users with few rating events
(less than 100). Regarding dietary groups and cuisine types,
which in this dataset are merged on a single set, it is clear
that most of the rating events are associated with a few
numbers of dietary groups. The set of dietary groups and
cuisine types having more than 100 thousand associated
events have a larger presence in all the observed rating
events. Regarding Epicurious, the model is independent of
information about cuisine types, dietary groups, ingredients
or even recipes. Moreover, the small difference between the
results obtained from complete Kochbar and Food datasets,
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and trimmed ones (see Fig. 5), show that there is a weak
association between the dimension of the dataset (i.e., the
number of rating events) and the system efficiency.

¥ 6000000
S 5000000
5 4000000
o 3000000
€ 2000000
‘®m 1000000
= 0

4963032

1414965
134432 o 500834

2.0

0.5

0.0

|
100<=x<3k 3k<=x<5k Ske=x<7k
Rating events based on users with x events

Fig. 8. Kochbar dataset users grouped by number of rating events

(1] x<100 x>=Tk

VII. CONCLUSIONS AND FUTURE WORK

The problem of making personalised recommendations in
the food domain has several unique characteristics that
motivate the usage of modern approaches that usefully
handle a large number of contextual features. Given that the
consumption of food items is naturally associated with
heterogeneous information about ingredients, their chemical
composition, nutritional aspects, cooking method. It is
possible to associate as well as monetary costs, availability
and cultural or social, even environmental factors, the task
of finding the correct description of each recipe is crucial
for an effective and robust recommendation system
methodology. This work proposes a new methodology that
explores the most basic recipe features and statistically
derived features from leveraging an efficient matrix
factorization based robust recommendation system which
can be applied to very different food and recipe datasets.
We report on experiments that modelled the user
preferences on food items as an aggregation of features,
latter leveraging factorisation machines to capture latent
low-rank interactions between the features for making
accurate recommendations. We assess which are the most
relevant and independent dataset features that can be used as
accuracy improving factors in the food domain context.

Experiments with three extremely different datasets
collected from online recipe sharing communities attest the
effectiveness of this approach showing that it is possible to
achieve recommendation performance gains by considering
multiple contextual attributes. Moreover, the use of item and
user average rating and standard deviation as model features
outperformed almost all other feature combinations,
independently of the very different characteristics of the
considered datasets.This study concluded that all food
datasets are strongly affected by noisy information
introduced by users, which limits the relevance of the
dataset size. Due to this negative impact, we proved that a
small part (near 70.000 entries) of a large dataset could be
used with virtually the highest possible efficiency while
lowering computational time and resources. The integration
of features derived from textual information associated to
recipe descriptions can be interesting as it might be less
error-prone. It might be possible, for instance, to consider
mining text from user reviews to extract relevant food
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terminology, or use sentiment analysis methods to infer food
preferences [25], including this information in factorisation
machines enhancements [4, 18].

As future work, the introduction of other feature types
can also experiment, namely some that are not directly
available in the datasets that were used in the experiments
here described (e.g., features computed from the weight of

the

such as temperature at the time,

ingredients in each recipe, or environmental features
external medical

information can be added). In large datasets is made clear

the

need of algorithms that can identify and despise the

erroneous or noisy contextual information, while keeping
the dataset coherent.
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