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Où	l’on	parle	d’«	avalanche	»	de	données	

•  Des	données	capturées	à	foison	quand	nous	allons	sur	Internet	
–  Sur	quels	sites	

–  Combien	de	temps,	les	clics,	les	durées,	les	achats,	…	

•  Smartphones	

–  Localisation	même	si	on	a	dit	non	

–  Des	tas	d’applies	pleines	de	curiosité	

•  Bracelets	connectées	

•  Moyens	de	paiement		(banques)	

•  Capteurs	dans	les	véhicules		(assurances)	

•  Compteurs	Linky	

•  «	Smart	»	cities	
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Tous	les	domaines	sont	touchés	... 	

•  La	bio-informatique	
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•  La	sociologie	

•  La	e-medecine		(le	me-data)	

•  Le	domaine	juridique	

•  L’	industrie	

•  L’	assurance	
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Tous	les	domaines	sont	touchés	... même	

•  L’agriculture	numérique	
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o  Gros	volume	de	données	

u  Capteurs	

u  Drones	

u  Réseaux	sociaux	et	pro	
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Tous	… sauf	…	

•  L’alimentation	

–  Enquête	Nutrinet	
•  ~	277	000	internautes	théoriquement	sur	des	années	
•  Mais	

u  à	80%	des	femmes	

u  Milieux	socio-professionnels	élevés	

u  Abandonnent	après	quelques	jours	

•  L’éducation	
–  Peu	de	données	sur	ce	qui	se	passe	en	classe	ou	devant	un	écran	
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Manque	de	données	
représentatives	
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Quelles	données		

sur	l’alimentation	
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Bases	de	données	INCA	

Étude	Individuelle	Nationale	des	Consommations	Alimentaires	
–  Photographie	des	habitudes	de	consommations	alimentaires	de	la	

population	en	France	métropolitaine	

–  Études	réalisées	tous	les	7	ans	
•  INCA1	(1998-1999),	INCA2	(2006-2007)	et	INCA3	(2014-2015)		

–  Types	de	descripteurs	
•  Caractéristiques	des	individus	
•  Critères	de	choix	des	aliments	
•  Attitudes	et	opinions	en	alimentation	
•  Habitudes	de	vie	/	état	de	santé	
•  Apports	nutritionnels	journaliers	en	38	nutriments	
•  Consommations	alimentaires	détaillées	et	quantifiées	sur	la	semaine	des	
individus	

•  Descriptif	des	occasions	de	consommation	:	lieu,	durée,	…	
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Bases	de	données	INCA	et	ANSES	

INCA2	

–  4079	individus	

–  541	526	lignes	

–  Table	relatives	aux	données	sur	les	ménages	

–  …

Bases	de	données	de	l’ANSES	sur	la	composition	des	aliments	
(apports	en	substances	bénéfiques)	
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Données	d’entreprises	privées	

Ustensiles	de	cuisine	connectés	

«	Astuces,	conseils	ou	recettes	originales,	nos	applications	nourrissent		
			votre	inspiration	et	vous	accompagnent	dans	la	préparation	de	plats		
			simples	et	savoureux	»	
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•  Avantages	

–  Recueil	automatique	

•  Limites	

–  Ne	recueillent	pas	toutes	les	informations	voulues	

–  Développement	«	agile	»		=>		données	non	cohérentes	
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Données	d’entreprises	privées	

Chaînes	de	restauration	

–  Les	usagers	qui	l’acceptent		

–  Peuvent	avoir	leur	consommation	enregistrée	
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•  Avantages	

–  Enregistrement	automatique	et	systématique	

•  Limites	

–  En	contexte	spécifique	
•  Seulement	à	midi	
•  Choix	limités	

–  Populations	biaisées	

–  Développement	«	agile	»		=>		données	non	cohérentes	
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Les	données	idéales	

Données	sur	les	historiques	de	consommation	d’un	(grand)	
ensemble	d’individus	

–  Mieux	si	on	peut	suivre	le	comportement	de	chaque	individu	

					On	aimerait	pouvoir	faire	du	clustering	pour	identifier	des		
					classes	de	consommateurs	en	se	basant	sur	:	

•  Age	
•  Taille	de	la	famille	
•  Éducation	
•  …	

–  Mieux	si	les	historiques	sont	longs	(plusieurs	semaines	/	mois)	

–  Mieux	si	les	détails	des	repas	sont	connus	
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Bilan	sur	le	recueil	de	données	

1.   Difficile	de	mesurer	la	consommation	individuelle	

–  Pas	de	système	de	mesure	automatique	

–  Compliqué	(e.g.	reconnaissance	de	photos	de	plats)	

	vs.	montres	connectées	

2.   Difficulté	à	recueillir	des	historiques	longs	
–  Coûteux	pour	les	individus	

–  Pas	d’incitation	à	le	faire	

vs.	médecine	personnalisée	

3.  Populations	et	contextes	biaisés	
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																				Vers	des								recommandations		

																							personnalisées	
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Projet	ANR	«	SHIFT	»:	l’objectif	

1.  Identifier	ce	qui	détermine	les	choix	alimentaires	des	
consommateurs	
–  Saisonniers	

–  Sociétaux	(e.g.	repas	de	famille,	sur	le	lieu	de	travail,	fête,	…)	

–  Les	repas	pris	avant	et	après	

2.  Réaliser	un	système	de	recommandation	personnalisé	
–  Fonctionnant	en-ligne		

–  Prenant	en	compte	le	contexte	des	repas	

–  S’appuyant	sur	les	facteurs	causaux	

		Par	contraste	avec	les	facteurs	qui	sont	corrélés	mais	non	causaux	
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Tâches	pour	le	projet	ANR	«	SHIFT	»	

Task	1.1		Collecting	a	large	and	comprehensive	enough	dataset		

–  Primary	source	of	data:	INCA2	(and	INCA3	if	available	on	time)	

•  But	the	temporal	depth	is	very	limited	(a	few	days)	

–  A	new	source	of	data	is	to	be	gathered	

•  A	data	collection	campaign	will	be	organized	and	performed	

•  It	is	expected	to	gather	data	on	500	young	adults	for	periods	at	least	4	months	
long	over	a	year	

•  Use	of	apps	on	smartphones	(e.g.	MyFitnessPal)	
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Tâches	pour	le	projet	ANR	«	SHIFT	»	

Task	1.2		Preprocessing	the	database	and	correcting	the	biases		

–  Identification	of	the	systematic	biases	

•  Biases	that	may	be	related	to	gender,	age,	societal	and	cultural	status,	habits,	…	

•  Exemples	are	almost	entirely	positive	

•  There	might	be	systematic	missing	information	
	(E.g.	Side	consumption	outside	of	the	main	meals)	
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Apprentissage prescriptif	

•  Apprentissage	«	prescriptif	»				(recherche	de	causalités)	

1.  J’observe	que	les	gens	qui	mangent	des	glaces		

sont	souvent	en	maillot	de	bain	

2.  Je	voudrais	vendre	davantage	de	glaces	

			Je	demande	aux	gens	de	se	mettre	en	maillot	de	bain	
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•  Quelles	recommandations	faire	à	un	consommateur	pour	qu’il	

baisse	sa	consommation	d’aliments	carnés	?	

•  Quel	impact	si	on	double	le	prix	de	…	?	

•  Quel	rendement	aurais-je	eu	l’année	dernière		

si	j’avais	planté	du	...	au	lieu	de	...	
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Figure 7 – Graphe de dépendance centré sur la variable faim

4.2.2 Mise en forme des données

Calcul du score protéique : Un score caractérisant l’appétence pour les pro-
téines d’une personne a été calculé à partir des réponses aux questions. Pour chaque
aliment proposé dans le questionnaire, on a accès grâce aux données de la table CI-
QUAL (https://pro.anses.fr/tableciqual/) à la quantité de protéines en g/100g
contenue dans celui-ci. Pour chaque test, l’envie de manger des protéines a été esti-
mée en calculant l’écart moyen de quantité de protéine entre le plat choisi et le plat
rejeté sur les 18 questions posées, les deux dernières questions étant identiques aux
deux premières. Les plats étant proposés aléatoirement à la comparaison, le score a
été normalisé par la déviation absolue moyenne sur les 20 questions :

Y =

∑n
i=1(Qi(choisi)−Qij(rejeté))∑n
i=1 |Qi(choisi)−Qi(rejeté)|

avec Qi(choisi)(resp.rejet) la quantité de protéine contenue dans l’aliment choisi
(resp. rejeté) à la question i. Le score est donc borné entre -1 et 1.
Ce score a été calculé d’une part en prenant en compte toutes les questions posées aux
individus lors du test. D’autre part, les plats contenant des produits animaux étant
plus facilement associés par les individus à la présence de protéines, un deuxième
score a été calculé en ne prenant en compte que les questions pour lesquelles au moins
un plat contenant un ou des produits animaux était proposé dans la comparaison.

Les variables causales doivent être binaires pour qu’on puisse mesurer l’effet cau-
sal. Les variables étudiées n’étant pas toutes binaires, elles ont été modifiées de la
manière suivante :

— Quatre questions différentes étaient posées pour caractériser la faim d’un
individu, l’individu notant chaque réponse entre 0 et 100. Un score moyen a
tout d’abord été calculé à partir des réponses aux questions. Ce score étant

21

La	recherche	de	relations	causales	

Qu’est-ce	qui	cause	l’appétence	pour	des	plats	protéinés	?	
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–  La	faim	?	

–  L’heure	dans	la	journée	?	

–  Le	genre	?	

–  L’aspect	visuel	?	

–  L’aspect	olfactif	?	

–  La	richesse	en	protéines	des	repas	précédents	?	

–  …	
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Un	coach	nutritionnel	

Étant	donnés	:	

–  Un	individu	(et	des	données	sur	ses	habitudes	de	consommation)	

–  Des	données	sur	les	comportements	alimentaires	d’un	ensemble	
représentatif	d’individus	

–  Des	connaissances	sur	ce	qui	détermine	les	choix	de	consommation	
alimentaire	

Suggérer	des	opérateurs		

–  Qui	induisent	des	modifications	désirables	d’habitudes	de	consommation	

–  Qui	sont	personnalisés	

–  En	temps	réel	
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Opérateurs	

Suggestions	de	substitution	d’un	plat	par	un	autre	

–  Remplacer	des	frites	par	du	riz	
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Our objective is to mine food pair substitutability applied by
consumers when they compose their meals. Given a database of
meals, we want to extract substitutability relationships based on
the way people consume food. No nutritional information is used
during this process. Instead, contextual information is used in order
to extract meaningful substitutability relationships.

2.2 De�ning Context
The notion of context is quite complex and di�cult to de�ne uni-
versally. In the �eld of recommender systems, the context is usually
de�ned according to the �eld of application of the system.

In the nutrition �eld, we de�ne two types of contexts: the dietary
context and the food intake context. We de�ne the dietary context
of a food item x as the set of food items c with which x is consumed.
For instance, in themeal {co�ee, bread, jam, juice}, the dietary context
of {co�ee} is {bread, jam, juice}. We think that the dietary context is
fundamental when seeking substitutability of food items because
the way people compose their meals is intrinsically dependent on
the relationships between the items.

The food intake context is de�ned as the set of all variables
such as the type of the meal (breakfast, lunch, dinner, snack), the
location (home, workplace, restaurant), the participants (family,
friend, coworkers, alone). This corresponds to the notion of context
usually used in context-aware recommender systems [2].

There are three paradigms for incorporating context in recom-
mender systems : contextual pre-�ltering, contextual post-�ltering
and contextual modelling [2]. Contextual pre (post)-�ltering con-
sists in splitting the dataset according to contextual variables before
(after) applying algorithms. Contextual modelling consists in incor-
porating contextual information in the algorithm. In our framework,
dietary context is used in order to model substitutability whereas
the food intake context is used for contextual pre-�ltering.

Our objective is to investigate substitutability among food items
based on the assumption that two food items are highly substi-
tutable if they are consumed in similar dietary contexts and in the
same intake context.

Investigating all possible dietary contexts of a food item is com-
putationally expensive because the number of possible dietary con-
text is exponential in the number of food items and the length of
the dietary context. The number of interesting contexts is actually
limited by the characteristics of the available data. Instead of in-
vestigating all the dietary contexts of a food item, we decided to
explore collections of meals that di�er only by one item. We de�ne
the dietary context of a meal database, or meal context c as the
intersection of a set of meals Sm such that :

len(c) = max
x 2Sm

(len(x)) � 1 (1)

Let us de�ne the substitutable set Sc associated to a meal context
c as the set of food items such that the context c plus one item of Sc
can be e�ectively consumed together. For instance, the substitutable
set of the meal context c = {bread, jam, juice} might be Sc =
{co f f ee, tea,�o�urt}.

2.3 Mining substitutable items
To e�ciently retrieve interesting sets of meal contexts and their
substitutable set, in this paper, we propose an approach based on

graph mining techniques. Let us denote the meal graph G = (V ,E)
where V is the set of nodes representing meals from the database
and E is the set of edges such that two nodes are connected if there
is at most one item that changes between them. A meal should
appear at least once in the database in order to appear as a node in
the graph. Figure 1 is a simple illustration of a meal network.

Figure 1: Example of a simple meal network

Designed in this way, the nodes of the substitutable set of a meal
context are adjacent. They form a sub-graph that is completely
connected. Such an object is called a clique in graph mining. More
speci�cally, the nodes form a maximal clique. A maximal clique
is a clique to which another node cannot be added. In our setting,
discovering substitutable sets is similar to mining maximal cliques
in a graph. In this paper we use the algorithm of Bron-Kerbosh [4]
to search for maximal cliques.

All discovered maximal cliques are not cliques that are inter-
esting for our study. We want cliques such that the size of the
intersection of the nodes is a meal context as de�ned above. We
denote these cliques as substitutable cliques. However, we may
encounter cliques as in Figure 2. In this case, the intersection of
the nodes is {A} and we cannot derive a substitutable set from this
clique.

ABD

ABC

AED

Figure 2: Example of an uninteresting clique

To avoid retrieving uninteresting cliques, we apply Algorithm 1
that �lters out substitutable cliques.

For instance, when we apply our algorithm to the example of
Figure 1, we get that this graph is a maximal clique and a substi-
tutable clique more particularly. The context is {bread, butter} and
the substitutable set associated to this context is {co�ee, tea, milk,
jam, nothing}. In this particular case, it is possible to substitute an
item by nothing because {bread,butter } can be consumed as such.

2.4 Computing a substitutability score
Substitutability is not a binary relationship because there are dif-
ferent degrees of substitutability. If two items are consumed to-
gether, they are less substitutable because they might be associated.

HealthRecSys 2017, August 2017, Como, Italy Akkoyunlu et al.

Breakfast and lunch Breakfast Lunch

Food Item Substitute item
(ordered by score) Score Substitute item

(ordered by score) Score Substitute item
(ordered by score) Score

Bread
Rusk
Viennoiserie
Cakes

0.2234
0.1359
0.0745

Rusk
Viennoiserie
Cakes

0.3716
0.2010
0.1243

Fruits
Yogurt
Potatoes

0.0497
0.0490
0.0468

Co�ee
Tea
Cocoa
Chicory

0.2799
0.1729
0.1486

Tea
Chicory
Cocoa

0.4219
0.2550
0.2255

Sodas
Yogurt
Fruits

0.065
0.0642
0.0633

Tea
Co�ee
Cocoa
Chicory

0.2799
0.1721
0.1289

Co�ee
Chicory
Cocoa

0.4219
0.1965
0.1462

Cakes
Viennoiserie
Co�ee

0.0536
0.0417
0.0412

Cocoa
Chicory
Co�ee
Tea

0.2171
0.1729
0.1289

Chicory
Co�ee
Tea

0.2211
0.2077
0.1965

Cereal bars
Preprocessed vegetables
Hamburgers

0.25
0.0526
0.0256

Butter
Margarine
Honey/jam
Chocolate spread

0.2413
0.0924
0.0786

Margarine
Chocolate spread
Honey/jam

0.4030
0.1240
0.1175

Margarine
Fruits
Sauces

0.0602
0.0431
0.0431

Milk
Juice
Yogurt
Sugar

0.1409
0.1264
0.1089

Yogurt
Juice
Tap water

0.1815
0.1504
0.1361

Doughnut
Other milk
Milk in powder

0.0869
0.0666
0.0625

Wine
Sodas
Beer
Tap water

0.0814
0.0704
0.0412

/ /
Sodas
Tap water
Beer

0.0860
0.0755
0.0746

Pizza
Sandwich baguette
Other sandwiches
Meals with pasta or potatoes

0.2429
0.1729
0.1513

/ /
Sandwiches baguette
Other sandwiches
Meal with pasta or potatoes

0.2810
0.2177
0.1658

Potatoes
Pasta
Green beans
Rice

0.1111
0.0922
0.0602

/ /
Pasta
Green beans
Rice

0.1142
0.0941
0.0616

Table 2: Top 3 substitutable items for several items for breakfast and lunch

for lunch, it can be substituted by sodas, yogurt and fruits. Food
items are consumed di�erently according to the type of meal. The
relationship of substitutability is therefore di�erent too.

Di�erence of scale in scores is noted according to the type of
meal. It may be due to the fact that the diversity of food items
consumed during lunch is higher than during breakfast. A rescaling
factor based on the diversity of the type of meal can be introduced.

The frequency of meals is not taken into account in the com-
putation of the score. Atypical eating habits can impact the score.
Considering the frequency would mitigate this problem. As future
work we plan to investigate this aspect and to consider di�erent
contextual variables such as location and commensals.
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Score	de	substituabilité	:		
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Algorithm 1 Find substitutable clique

function ��S�������(clique)
context = getContext(clique)
lenmax =max(len(x) for x in clique)
if lenmax - len(context) = 1 then

return True
else

return False

Therefore, we need a function to quantify the relationship of sub-
stitutability that incorporates the possibility of associativity. Our
hypothesis is that two items are highly substitutable if they are
consumed in similar dietary contexts.

We want to compute a substitutability score such as :
(1) Two items are highly substitutable if they are consumed in

similar contexts.
(2) Two items are less substitutable if they are consumed to-

gether.
(3) Substitutability is a symmetrical relationship.
Let us denote, for an item x , the context setCx as the set of meal

contexts in which x is a substitutable item. If the cardinality of
Cx denoted as |Cx | is high, then x is substitutable in many meal
contexts.

For two items x and �, the condition (1) is described by the
intersection of Cx and C� . If |Cx \ C� | is high, then x and � are
consumed in similar contexts.

We denote Ax :� the set of contexts of x where � appears :

Ax :� = {c 2 Cx |� 2 c} (2)

The cardinality of Ax :� denotes how � is associated to x .
Taking into account these considerations, we propose the sub-

stitutability score inspired by the Jaccard index [9]:

f (x ,�) =
|Cx \C� |

|Cx [C� | + |Ax :� | + |A� :x |
(3)

The score equals 1 when x and� appear in exactly the same contexts
and Ax :� = A� :x = ;. If x and � are never consumed in the same
context then the score equals 0. The higher |Ax :� | + |A� :x | is, the
higher the association of x and � is and the lower the score is.

3 EXPERIMENTS
3.1 The INCA 2 database
The French dataset INCA 2 1 is the result of a survey conducted
during 2006-2007 about individual food consumption. Individual
7-day food diaries are reported for 2624 adults and 1455 children
over several months taking into account possible seasonality in
eating habits. A day is composed of three main meals : breakfast,
lunch and dinner. The moments in between are denoted as snacking.
For the main meals, the location (home, work, school, outdoor) and
the companion (family, friends, coworkers, alone) are registered.

The 1280 food entries are organized in 44 groups and 110 sub-
groups of food items. We chose to consider the medium level of

1 : https://www.data.gouv.fr/fr/datasets/donnees-de-consommations-et-habitudes-
alimentaires-de-letude-inca-2-3/

hierarchy in order to capture substitution relationships inter-groups
and intra-groups.

Only adults are considered in this paper. All meals are gathered
in a meal database DBmeals regardless of the type of meal. The
database can be split according to contextual information in order
to get better results [3]. We compare the results of our methodology
on three datasets : DBbreakf astlunch , DBbreakf ast and DBlunch .

3.2 Results
Applying our algorithm onDBbreakf ast yields 2368 contexts. Some
of these and their substitutable sets are given in Table 1. Our results
are coherent. For example, either bread, rusk or viennoiserie can
be consumed for breakfast with co�ee, sugar and water.

Context Substitutable set

co�ee, sugar, water, butter
bread
rusk
viennoiserie

tea/infusions, donuts

yogurt
sugar
jam/honey
nothing

Table 1: Results of context and substitutable set retrieval for
breakfasts

We applied our algorithm to the three datasets. The results are
reported Table 2. We can see that we can obtain inter-group sub-
stitutions such as {potatoes ) green beans} but also intra-group
substitutions as {bread) rusk}.

The substitutions proposed are consistent with regards to eating
habits. Substitutes of drinks are also drinks : the substitutes of
co�ee are tea, cocoa and chicory. The semantic information about a
food item being a drink is not encoded in the data and yet taking
into account the dietary context is enough in order to retrieve
a substitution rule such as "substitute a drink by a drink". More
surprisingly, we can also retrieve the rule "substitute a spreadable
item by another one" in the case of the substitutes of butter for
breakfast. No semantic information describing how a food item can
be eaten is available in the dataset and yet considering the dietary
context helps us retrieving this kind of information.

Substitutions between food items of the same nutritional food
groups are found. For instance, the substitutes for potatoes are pasta
and rice. They all contain starches. The nutritional information is
not used during the mining process. This shows that people can
vary the source of carbohydrates.

4 DISCUSSION AND CONCLUSIONS
We proposed a score of substitutability based on consumption data
with the assumption that two items are substitutable if they are
consumed in similar contexts. Preliminary results on the INCA 2
dataset show that this assumption helps us retrieve substitutability
relationships based on eating habits.

When we split the dataset according to the contextual variable
"type of meal", the substitutes and the scores are di�erent. Co�ee
can be substituted by tea, chicory and co�ee for breakfast whereas
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Un	modèle	
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A	model	

•  Two	“players”	
–  P1:	the	consumer	

–  P2:	the	recommending	system	

•  P2	acts	as	a	“coach”	to	P1	
–  Suggests	changes	to	P1’s	choices	when	appropriate		

–  Adapts	to	the	specificities	of	P1	(probability	of	following	suggestions)	

•  P1	may	follow	or	not	the	suggestions	of	P2		

–  If	yes:	modifies	(slightly)	its	rules	for	future	choices	
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Les	objectifs	

•  But	:	
–  Que	P1	atteigne	le	plus	haut	score	Pandiet	possible		

étant	données	ses	caractéristiques	

–  Aussi	rapidement	que	possible	

•  Meta	but	

–  Trouver	la	politique	optimale	pour	le	coach	(P2)	

•  Personnalisée	

•  Sensible	au	contexte	
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A	model:	learning	phase	

•  P1:	speed	of	convergence		
						to	optimized	Pandiet	score		

25	
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•  P2:	adaptability	to	player	P1		
						and	to	context		

Performance	of	learning	depends	on	similarities	

–  between	contexts	

–  between	consumers	

So	as	to	generalize	from	specific	experiences	
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A	model:	learning	phase	

•  P1	selects	mi		according	to		
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mi = ArgMax
m

⇥
Q(m, ck) + noise

⇤

•  P2	selects	sj		according	to		

sj = ArgMax
s

score(s, ck)

score(s, ck) = Pandiet gain
⇥
sj(mi)�mi

⇤

⇥ p
�
sj(mi) accepted by P1 in context ck

�

Estimated	on	line	

•  P1	selects	‘accepts’		according	to			p
�
sj(mi) | ck

�

Q
�
sj(mi), ck

�
 Q

�
sj(mi), ck

�
+ "

p̃
�
sj(mi) | ck

�
=

sj(mi) accepted in ck
1 + # tests
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Un	problème	de	planification	(en	IA)	

•  Les	opérateurs	de	changement	peuvent		
seulement	être	suggérés	

–  Il	faut	qu’ils	soient	acceptables	

•  Leurs	effets	prennent	du	temps	pour	être	mesurables	

•  Les	opérateurs	peuvent	interagir	de	manières	diverses	

–  E.g.	Changer	le	contexte	du	repas		
								peut	rendre	une	substitution	de	plat	impossible	

27	22/05/2019			«	Apprentissage	automatique	et	Alimentation	»			(A.	Cornuéjols)		

Mais	:	
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Comment	mesurer	l’efficacité	du	système	de	recommandation	?	
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Spécificités	

•  On	veut	modifier	des	habitudes	

–  Renouvellement	sans	fin	des	choix.		

–  Dans	des	contextes	répétés	

•  Modification	graduelle	de	la	fonction	de	décision	du	
consommateur	

–  Accepter	des	«	reculs	»	parfois	:	stratégie	de	recommandation	non	myope	

–  Suggestions	acceptables	...	et	suffisamment	variées	

•  Non	indépendance	des	choix	proches	dans	le	temps	
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Conclusions	

1.  Le	recueil	de	données	en	alimentation	est		
un	défi	qui	reste	à	relever	

2.  La	recommandation	personnalisée	en	alimentation		

–  Est	un	problème	intéressant	

•  Voir	aussi	le	concept	de	nudging		

–  Demandant	des	développements	méthodologiques	

–  Avec	un	fort	impact	potentiel		

•  Sur	la	santé	publique	
•  Sur	la	durabilité	des	systèmes	de	productions	
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