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Balancing Meals Using Fuzzy Arithmetic and
Heuristic Search Algorithms

Jean-Christophe Buisson and Alexandre Garel

Abstract—This paper aims at showing how well-known ideas to analyze a particular meal and get it well balanced. A second
in the fields of fuzzy arithmetic and heuristic search have been module gives well balanced daily diets of different kinds (or-
combined in an educational software in nutrition in order to pro- dinary, green, exotic, parties, etc.) The quantities of foods are

vide not only a better mathematical modeling, but also significant . - . .
functional improvements for end-users, comparing to other nutri- adapted to the patients caloric needs and their medical problems,

tion programs. This software, called Nutri-Expert, helps patients and a proposed meal can be imported into the analysis module
to improve their nutritional habits, by analyzing in detail their food  in order to be modified and corrected. There are more than 200
intakes, and by suggesting changes that result in well-balanced of such meals in the database. A third module acts as an ency-
meals. Fuzzy arithmetic is used to model the input and database ¢|o5adia on nutrition, giving information and definitions about

data, and for all computations. A fuzzy pattern matching is per- th d d t din th fi lories. fat
formed between total amounts of nutrients and different norm pat- (€ words and concepts used in the software (calories, fat, pro-

terns, and the results are displayed using a galvanometer metaphor. teins, blood 9'“0039, criteria of equili.brium, EtC-).- It also gives
A heuristic search algorithm is used to find out minimal sets of complete recipes (more than 60) of dishes used in the other two
pertinent actions to perform on a meal in order to make it well modules.

balanced. The search is guided by an evaluation function based on Each patient is recorded in the system, and her file contains

fuzzy pattern matching indexes. The different versions of the algo- h . hvsical t h h heiaht d
rithm have been benchmarked against a test database of real meals. er main physical parameters such as her age, height, an

Finally, the medical efficacy of Nutri-Expert and its acceptance by Weight, as well as her level of physical activity and a descrip-
end-users have been demonstrated in several medical studies, thetion of her possible medical problems or diseases. Her weight

main results of which are presented. is asked and updated at most once a week.
Index Terms—Fuzzy arithmetic, heuristic speech, Nutir-Expert, The analysis module uses a custom made food composition
nutrition. database of more than 1800 foods, permanently updated by a

pool of nutritionists. It gives the values of more than 20 nutri-

ents, for all the common cooked and raw ordinary foods and the

most common dishes. The nutritionists have been trained to use
HE educational software Nutri-Expert has been designésk input tools which allow them to express the possible impre-
in cooperation with the Diabetes Department of theision and fuzziness attached to these values, as it will be shown

Toulouse Hospitals, Toulouse, France. For many chronic diater.

eases such as diabetes, a particular attention must be paid to ththe meal analysis proceeds as follows. The patient describes

diet, which should be properly adapted to the patient. A ne@dr meal food by food. She can choose a food in a hierarchy

has been identified by the medical group for an educationsf categories and subcategories, use a search tool, or point to a

software of diet self monitoring, which should perform theicture of it. The main nutritional information about the food is

daily task of analyzing and correcting the patient’'s meals #fen displayed. The patient must then provide the weight of this

home. This program is available for most computer operatifigod, and she can do it in any of the following several ways:

systems, as well as on the Internet. « by typing the weight in grams;

Medical experiments have shown that an unsupervised . py specifiying a number of portions (glasses for a drink,

six-month use of the software improved very significantly the  gjices for bread, etc.);

patients’ knowledge on nutrition and their cooking habits, and by choosing among a set of pictures showing different

even improved significantly several physiological indicators quantities of this food (Fig. 1).

such as blood glucose. They have also shown an increase Q4s the meal description progresses, the quantities of the main

dialog between the patients and their physicians [11], [12]. nytrients concerned with the meal balance and their relative po-

Nutri-Expert is composed of several modules closely linkegkion to corresponding norms are displayed as galvanometers,
together. The main one is the analysis module, which will Bgnich will be described in detail in Section 11-E3)

described in detail in this paper, and which allows the patientThe nputrients involved in the balance are: energy, car-
bohydrates, fat, protein, complex carbohydrates, simple

. . _ carbohydrates, saturated fatty acids, monounsaturated fatty
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2002. acids, polyunsaturated fatty acids, calcium, potassium, dietary
J.-C. Buisson is with the ENSEEIHT 2, rue Camichel, 31071 Toulouséipers, cholesterol, and alcohol. The constraints on these 14

France (e-mail: buisson@enseeiht.fr). _nutrients depend partly on the medical problems of the patient.
A. Garel is at 4, imp. Ferret, 69008 Lyon, France (e-mail: . . .

alex.garel@nomad.fr). The evaluation option allows her to have a clear written
Digital Object Identifier 10.1109/TFUZZ.2002.806323 assessment of his meal, which points out the main problems.

1063-6706/03$17.00 © 2003 IEEE



BUISSON AND GAREL: BALANCING MEALS USING FUZZY ARITHMETIC AND HEURISTIC SEARCH ALGORITHMS 69

Fig. 2. Fuzzy interval.

A fuzzy interval generalizes the concept of a closed interval,
including real numbers. It may model the range of some variable
2 with some more sophistication than a usual interval. Namely,
thesupportS(M) = {r|ux(r) > 0} is the widest range far

[e]

Fig. 1. Using pictures to choose foods and food quantities. (z cannot take a value outside §{M)), _Wh”e thecore ;, =
{r|par(r) = 1} is the set of most plausible values:afcalled

She can then try to get the meal well balanced by adding ‘®0dal values.
removing foods or by changing the weights of the foods, but A fuzzy interval is a convenient tool for representing impre-
this is a difficult task, which she seldom carries out to the en@iS€ quantities. In many real situations in which we are to eval-
The correction option automatically finds the smallest setite a given parameter (not known with precision), a closed in-
of acceptable changes which make the meal well balancé®fval is unsatisfactory. If we make the interval rather large in
They are only suggestions, and the patient does not havePtger to be sure that the real value is inside it, the subsequent
follow them. Usually, she modifies one or two elements, arfeplculations based on it may yield too imprecise results to be
the analysis cycle starts again. of any practical interest. On the contrary, if the interval is too
The details of the balancing algorithm, and how the systeRrrow, the high precision of the results could be illusory if an
deals with the inherent imprecision and fuzziness of data is tBEOr have been made atthe beginning. The fuzzy interval allows

main purpose of this paper. us to be pessimistic and optimistic at the same time: the support
of the interval will be chosen large enough to be sure that no
Il. FuzzY ARITHMETIC value is unduly excluded, and the core will represent what we

think are the most plausible values.
We shall assume that the involved fuzzy numbers are all of
There are two different sources of imprecision or fuzzineslse same type, i.e., there are shape funciipf®, modal values
in Nutri-Expert. The first is in the food composition databaser, m € R, spreadsy, 5 < 0 such that (see [5])
where some values are imprecisely known, sometimes even m—u
completely unknown. For instance, there is only one entry w<m:pp(u) =L <_a )
for applein the database although there are several species of
apple on sale, which can all be at various stages of maturity.

A. Sources of Imprecision in Nutri-Expert

m < u <7y (u) =1

In this case, imprecision is a result of the averaging of several w>m:pp(u) =R (u — m)
values. For other foods, the values of some nutrients have not _ . . g . _
been measured, and the nutritionists must still express wMétereL (or i) is an upper semicontinuous monotonic function
they know about it, even if it is very imprecise. with

The second source of imprecision comes from the patient, L(0) =1, 0< L(z) < 1V¥z €]0,1]

when he enters the food weights for his meal into the analysis
. . : L(z) =0Vz > 1.

module. If the weights of some packaged items are precisely T .

known (yogurts, bottles, etc.), all other foods (vegetables, meatfor a valuer which is inside the support af/, but outside

pastas, etc.) must be either weighted with a kitchen scalediits peak, the membership degregiis;) € |0, 1[.

described in terms of portions. In practice, patients rarely useWhat is of primary importance is to determine the set of

a scale, so we have been assuming that the weights of nealues which are completely impossible (for whicly is equal

packaged items were an approximate assessment expressei@ By and the set of values which are completely possible (for

a whole number of portions. which p,/ is equal to 1); the remaining subsets of the domain
correspond to gradual transitions. The possibility theory is not
B. Fuzzy Intervals very sensitive to slight variations of the possibility degrees; what

A fuzzy interval is a fuzzy set [13] of real numbersreally mattersis thatif a value is considered more possible than
denoted M, with a membership functior,, which is @notherone foravariable, then a greater possibility degree must
unimodal and upper semicontinuous, thatvis € ]0,1], Pe assigned to the former valte.

M. = {rlpar(r) > a} (thea —cutof M) is a closed interval = 11y i why possibility theory is often said to be a “qualitative quantitative
(cf Fig. 2) model.”
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1 A In terms ofa-cuts we have
prr«n(u) =sup{a €]0,1] | u € M, * Ny} @)
that is to say

M, + N, C (M xN),. 3)

0 m m . . .
It can be shown that, for arithmetic operations, the supremum

o B R in (1) is attained and (3) stands as an equality, so

(M % N)y = My x Ny, = {uxvju € My,v € Ny} (4)
(4) allows us to calculatel « N for the four arithmetic
In other words, the linear by panisax(1 — z, 0) function for operations)/ and N being the trapezoid-shaped fuzzy inter-

Fig. 3. Fuzzy interval modeled by a 4-tuple.

L and R will provide the desired properties of resilience. vals (ny, my, ay, (1) and @7_7”_27 _0{27/32)
From a computational point of view, such intervals will be FOr addition and substraction, it is easy to see that
modeled by the 4-tuplex, m, o, B) (cf. Fig. 3). M + N =(my1 + mao, 1 + g, 01 + g, 1 + F2)  (5)

Precise values, ordinary intervals and fuzzy numbers can be ,, _ n =(my — 713, 7T — Ma, a1 + Pa, B + aa). (6)

represented by these 4-tuples. L L N
For multiplication and division, an approximation must be

C. Elicitation of Fuzzy Data From Users made, for the result is no longer trapezoidal. The most impor-

| q listi K . hi b h _tant parts of the result, namely the core and the support, can be
t _se_emef rl:.m?a 'Zt'f: to gsh a F\),s::ent anyt Ing & out t € 1% Iculated exactly, and we have no choice but to draw a straight

precision of his foods’ weights. en a user gives a Weigpf o henyeen them on both sides if we want a trapezoid-shaped

value,_the program looks up in t.he fQOd database if itis a pa sult again. This approximation will leave unchanged the order
aged item or not. If so, the weight is assumed to be a precisiine membership values of [0,1]

number, represented by a fuzzy interval,¢n, 0, 0). If it is It can be checked that

not a packaged item, the program looks if the weight has been

given as a number of portion or in grams. The number of por- M x N =(my * ma,my * Mz, as, 43)
tion is assumed to imply a greater imprecision. In both cases, thikere
precise value given by the patient is transformed in a fuzzy in-

) . . . g =ag * (my — a1) + ag * my
terval, using a transforming function associated to the food and — o

the portion/gram choice, the name of which is stored in the food Bz =Pz + (1 + ) + B2 (7)
database. Presently there are 15 different such functions. FordRd
stance, thef/10/20 function is associated to the bread’s weight M (g LN )
when expressed as a number of slices, and transforms a weight N \mz my’ b
z into the fuzzy interval{ — 10%, z + 10%, = * 20%, £ * 20%).  where
As for the values stored in the food composition database, my * By + oy x My
they are all fuzzy intervals, and the nutritionists have been in- e = 7z * (B + g)
structed how to deal with them. A value is stored as a pre- Mo * B1 + o % Ty
cise number, along with a transforming function such as the Ps == (8)

: _ . . mg * (Mg — a)
aforementionedf/10/20; the set of transforming function has

been elaborated by the nutritionists themselves. When a vagje
field is left blank, it means that absolutely nothing is known™ _ _ _ ) )
on the value. It corresponds to a possibility distribution uni- 1) Computation: Using the fuzzy arithmetic described
formly equals to 1, which can be implemented by the fuzzy i,@.boye, the program is able to compute assessments on a set of
terval (— oo, 400, +00, +00). For instance, it is often the casghutrients, leading to a vector of data, D, ... D,,. EachD;

for the calcium of commercial foods, the quantity of which i & fuzzy interval, which must be compared to a corresponding
not printed on the package. The total amount of calcium in™@'m Fi, and the different pattern matching indices must be
meal containing such foods can still be computed, but the res@igregated in order to assess to normality of the whole meal.

will have an increase of imprecision affecting its upper bound, After discussion with the medical group, it has been estab-
lished that the different norm&; were also fuzzy intervals. For

D. Fuzzy Arithmetic instance, they told us that, for an ordinary lunch and for all kinds

Zadeh's extension principle [14] can be used to compute tﬁfemedlcal diseases, “the fat percentage of the caloric goal must

i 0, 0f " 0,
fuzzy range of\l « N, whereM andN are two fuzzy intervals € approximately between 25% and 35%. Thgy added that 20%
. ) . .~ and 40% were clearly out of the norm, so their statement could
associated to variablesandy respectively, and an operation be translated into the following trapezoid-shaped fuzzy interval:
between real numbers. Dubois and Prade [5] have shown t e[ gtrap P y '

: ; e 1 8.25,35,5).
applying the rules of computation of possibility theory, and su ',Let,P ’ar)ldD be the fuzzy interval representing the pattern
posing that: andy are not linked (noninteractive)

and the data, respectively. Two scalar measures are used to esti-
pnrxn (w) = sup {min(pps (u), uny(v)) |uxv =w}. (1) matethe compatibility betwedhandD: a degree of possibility

Fuzzy Pattern Matching
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of matchingII(P; D) and a degree of necessity of matching
N(P; D) which are, respectively, defined by (see [15])
I(P; D) = sup min(up(w), pp(w)) ©)

u

N(P;D) = inf max(up(u), 1 - p(u).  (10)

The measurél( P; D) estimates to what extent itis possible that
P andD refer to the same value in other wordsJI(P; D) is a R
degree of overlappingf the fuzzy set of values compatible with _ , o

P, with the fuzzy set of values compatible with The measure Fig. 4. Geometric computation of the possibility measure.

N(P; D) estimates to what extent it is necessary (i.e., certain)

that the value to whiclD refers is among the ones compatible 1
with P; in other wordsN (P; D) is adegree of inclusionf the

set of values compatible with into the set of values compatible

with P. The duality possibility/necessity, i.e., the necessity of an
event corresponds to the impossibility of the opposite event, is 1_ ..
expressed here by the relation 0

N(P;D) =1-TI(P; D) (11)

whereus = 1 — pp is the membership function a?, com-
plement of the fuzzy set of values compatible wih Clearly,
we always havdI(P; D) > N(P;D). Besides it is worth
noticing thatN (F; F') = 1 if and only if up if the member-
ship function of an ordinary subset 6f; otherwise, we have
only N(F;F) > 1/2. Indeed, when two identical constants
have a fuzzy meaning, we cannot be completely sure that they
refer exactly to the same set of values. In any case we have
N(S(F); F) = 1, whereS(F) is the support off’. The lim-

iting cases wherél(P; D) and N(P; D) take values 0 and 1 0

Fig. 5. Geometric computation of the necessity measure.

1 very-hypo hypo normal hyper very-hyper

are also useful to characterize. As previously definedS (ét) R
and ;. be the support and the peak Bf respectively. Then it _ _
can be checked that Fig. 6. Overlapping norms of Nutri-Expert.
1) II(P; D) = 0ifand only if S(P) N S(D) = ¢;
2) I(P; D) = 1ifand onlyif 5 N & # ¢; where
3) N(P;D) =1ifandonly if S(D) C 5. XN = 0 mp —Mmp + fp
Note that Property 3) defines a stronger inclusion between = max ( ’ W)
fuzzy sets than the usual one (i/en < pp)which only implies
N(P;D) > 0.5. and
In conclusion, II(P; D) and N(P;D) are not ad hoc mp —mp+ ap
similarity measures; they have clear and precise semantics YN = max <07 W)
which correspond to the nature of the flexible pattern-matching
problem. 2) Overlapping Norms:As for the norm patterns used

The computation ofI(P; D) and N(P; D) on trapezoid- in Nutri-Expert, it has been decided with the medical group
shaped intervals is a matter of lines intersection (cf. Figs. 4 alitdt, for each nutrient, five partially overlapping fuzzy inter-
5).Let (M p, M p,ap, fp)and (M p, M p, ap, 3p) be the rep- vals would be used, calledrery-hypo, hypo, normal, hyper,

resentation of” and D, respectively. very-hyper(ct. Fig. 6).
It can be checked that 3) Using Galvanometers to Represent Matching De-
) grees: For each nutrient, the possibility and necessity
II(P; D) = min(1, X P, Y P) (12) compatibility degrees must be displayed to the end-user in a
where clear and not oversimplified manner.
A metaphor of galvanometer has been used, with colored area
XP = max (0. 1- 2o — mp> representing the accepted parts of the data domain, and where
’ ap + fBp the needle may be “fuzzy” (Fig. 7).

More exactly, the green, orange and red parts represent the
. core, the support and the complementary of the support respec-
YP = max (07 1- 2p —MD ) tively, an.d the needle has the thi'ckn'ess ofthg support of the data.
ap+ fBp The nutrient label at the bottom is displayed in a background the
N(P;D) =min(1l,XN,YN) (13) color of which summarizes the compatibility: greenif the needle

and
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taking into account the importance assessement, will be given

£ore TR
® support data by (see [7] and [8])

5= 1111%1; max(1 — w;, 8;). a7
Note that if all thew;’s are equal to 1 (equal importance),
we gets = min;—1 , s;; whenw; = 0, the matching with the
patternP; is not taken into account.
The introduction of weights as proposed in (19) amounts to
modifying the patterng; into P such that

Fig. 7. Galvanometer. The core and support are the lightly colored areas; the _ ( ) _ ( ( ) 1— )
“fuzziness” of the needle expresses the imprecision of data. Hpy(U) = max{fp;(U), wi).

The implementation in Nutri-Expert of this weighted fuzzy
if completely included in the green areal (P; D) = 1), red if pattern matching technique has been quite simple, and takes

the needle if completely in the red ard&((; D) = 0), and a place in two stages. . ,
mix of red and green in other situations. A two-dimensional array indicates for each kind of meal and

for each nutrient the norm pattern to use, and its weight in the
global matching.
Then the program takes into account the possible medical
We can now compute a set of indicd$(P;;N;) and problems of the patient in the following way. For each disease
N(P;; N;) when matching separately each data of the setthe patient (he may have several) and for each nutrient, an-
D.,D-,...,D, with the corresponding pattern of the sebther two dimensional array specifies a new norm pattern and a
P, P,,...,P,. EachD; and P; were defined above as annew weight, which overrides a possible previous setting of the
assessment and its corresponding norm for each nutrifirat stage.
considered for the balance of the meal. Finally, a meal is said well balanced if the global pattern
Since the involved variables are independent (i.e., the fuzayatching with the “well balanced” norm patterns leadHte- 1
set of values compatible with a variable does not depend on &rRd N > 0.7. Otherwise, for each nutrient responsible for the
value given to another variable), and if we suppose that all thebalance, the program makes a verbal comment using a simple
parts of the pattern have an equal importance, an aggregatioalgorithm.
the different measures is (see [6])

F. Global Matching Evaluation

IIl. HEURISTIC SEARCH ALGORITHMS TO BALANCE MEALS
(P, x -++ X Pp; D1 X -+ X Dy,) = min II(P;; D;)

i=1n So, Nutri-Expert takes into account the natural imprecision

(14) and fuzziness of the user’s food quantities as well as the impre-

N(Py X -+ % Py; Dy X -+ x D,,) = min N(P;; D;) cision and fuzziness of a food composition, in order to compute
=1 the fuzzy quantity of each of the 14 nutrients considered in a

(15) meal. A global pattern matching is then performed to assess to
) i which extend the meal is well balanced. Now, the program aims
wherex denotes the Cartesian product defined for fuzzy sets QYteIIing the patient how he may modify this meal to make it

. well balanced and adapted to his possible medical problems.
Vu; €Uy, Yuj €Uj, ppxp, (wi,u;)=min(pup, (u;), pp;(u;)). P P P

. . . . _ (16) A. Analysis of the Problem
This aggregation using the “min” operation preserves the re-

spective semantics of possibility and necessity. As a example, Romain, a child of eight, wanted to eat for
Yet, in the particular case of Nutri-Expert, the differenPreakfast:

variables have not an equal importance. According to the ¢ four slim slices of “baguette” (french bread) (60 g);

medical team, the fat, carbohydrate and protein percentage and® one glass of skimmed milk (250 g);

the caloric intake are by far the most important variables. As for ¢ four teaspoonfuls of sweet cocoa powder (20 g);

the others, it depends very much on the kind of meal and of the * a teaspoonful of fruit marmelade (15 g).

particular medical problems of the patient: some variable mayAccording to the physical and medical record of Romain, this

be as important as the first four, and others may be complet&hgal is unbalanced, due in particular to an excess of carbo-

unimportant. hydrates and a deficiency of fat. An acceptable transformation
Let wi,wo, ..., w, be the grade of importance of patterngvould be, for instance

Py, P, ..., P,, respectively. It is supposed théat, w; € [0, 1],  decrease bread quantity to 3 slices (45 g);

the greatew; the greater the importance 6f; we also assume  + decrease cocoa to one teaspoonful and a half (8 g);

that max;—1 ,w; = 1 (normalization), i.e., the most impor- « add 10 g of butter.

tant patterns are graded by 1. Theng,fdenotes a degree of Even with the help of an evaluation module which points out

matching of a datum (possibility or necessity) with respect the nutrients responsible for an unbalance, patients generally

the atomic patterP;, the corresponding degree of matching happen to be unable to perform this balancing task by them-

of this datum with respect to the whole patteRy (P, . .., P,,), selves. Itis indeed difficult because modifying the weight of a
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food for instance often leads to have the balance of several nu- — add bread (+5carb)

trients modified at the same time. —> add pastry (+3carb)
This problem could be seen as linear. Foods could be consid-
ered as vectors in the space of nutrients while quantities of each 10 carb

. root
food would represent a solution meal.

For the previous example of Romain’s meal, the linear point

1 \2
of view would lead to solving 15carb 13carb
Calbread --- CaTbutter Calgoal \
4 5

PIOpread +++ PIOputter qbr.ead progoal 3
: : : : = . . 20carb 18carb 16carb
Chobroad .. Chobuttor butter Chogoal 6 7 \8 9
Where the unknown quantities afg-cad; - - - , gmitk- 23carb 21carb 9carb
. . 25carb,
However, the following two aspects of the problem make this
model useless: 4 N
« for many foods, the quantity should be a whole numberof O o o O o

portions (ie. fruits, yoghurt, packaged foods, etc.);
 such equations cannot be solved easily in the framework
of fuzzy arithmetic. _
After discussing these issues with the medical group, the d:[ﬁg' 8.

erational notion opossible actionen a meal emerged as cen-
tral, and it has been characterized to an operational level. Thatisi-€t us consider a list of “generated meals” and another of
we can consider a set of operations that can be applied to a m¥igited meals.” At the beginning, “generated meals” contains
in order to transform it. For each food, the database containsta§ meal given by the patient (= thitial meal) and “visited
the necessary information to compute the possible actions Bgals” is empty. The graph search procedure consists in the
the meal. Some elements such as the patients’ habits regard@fgtition of the following.
the use of fats when cooking meat or fish, for instance, are asked

#tcarb = amount of carbohydrates

Example of breadth-first graph search.

once and then recorded in their personal file. repeat
So, the meal provided by the patient generates a state—spagechoose a meal m from “generated
where the solution is to be found. This state—space is not expligibals” _“visited meals” 2

and we have to build it gradually with a local search algorithmy, check the balance of meal m

In addition, each operation has to be weighted with a cost, i3 generate meal m’s neighbors by ap-
order to rank the different found solutions. Putting it all togethegying operations and put them in “gener-
everything is set for an heuristic search. ated meals”

d put meal m in “visited meals”

B. Search Algorithms in a State—Space untl  check in b is positive

1) General Form of Search AlgorithmsSolving a combi-
natorial problem such as getting a meal well balanced can b . .
viewed as finding a path in a graph, called gearch graph %tt shogldlbz nfpteg t_rl]_? thﬁ chmcel of thgtﬁl:rr]rent mezaic;m
from a node- called theroot to a node: called agoal node The notprecisely defined. This choice, along wi € way nodes are

root is the representation of the initial state of the system, or a (gff n “genera_ted r_neals” a Ieads_to different classes of search

of unassigned decision variables. A path from the rootto a g orlthms, with dn‘fer(_ent prpperhes. . -

is viewed as the set of elementary transformations modeling thé:Or mstanc“e, on Fig. 8 Is r?presentgd a S'”.‘p"f.'ed search

process of building a feasible solution to the problem at hanograph' where “generated ”.‘ea's 'S u;ec!as afirst-in—first-out
The search graph, which can be interpreted as a state—spgllzléz,o.)3 apd where the first meal a1 choseq. Such ex-

is only potentially defined, in the sense that only the root I%Ora“"f‘ is called a breadth-first search algc_)rlth_m, because

explicitly available (the initial meal), together with a set of ruleghex_am_mes all states that are operators applications from

which specify how to build the successors of a current node."® initial state before any that ave + 1 away. It has the

Using applicable rules on some node (“the father”) Creatk%portant property that it will eventually explore every state of

new nodes (“the sons”), together with an arc from the father e state-space. . .
each son. This is calledode expansiarEach arc is valuated Only the amount of carbohydrates is considered here, and the

by a cost which is supposedly a positive number. The cost' tial me?‘ _contams 10g, whereas the g_oal is 19 g. To simplity,

a path is the sum of the costs of its arcs. An optimal solutidf® guantities are represented as precise values. The only two
corresponds to a minimal cost path from the root to a goal nocﬁ)éj.ss'ﬂe OP? at|So ns ar:eAladd_tlzreag an(_j ?dd Past;]y..

The graph search methodology consists in applying rules, whergl) euns 'Cf thearc . gorll m;theurlsh|c S?ﬁrc IS a patr-_
possible, to nodes until a goal node is reached. As long as a gtb%f ar case ot the previous aigorithm where the program tries
node is not reached, the main problem is to select the propex-» is the minus operation for sets.

node to be expanded. 3The nodes are selected in the order in which they where put.
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to cleverly visit the state—space in order to quickly find the s¢ —s add bread (+5carb)
lution. In the previous search canvas, each stage, €, andd) —> add pastry (+3carb)

can be now refine to be ruled by an heuristic. Let us assume tt roo
for each meain in “generated meals,” the following is known:

» the minimum cost of transformation from thtial meal

_ 1/ \3
to m, notedy; 15carb, f=1+ 13carb, f=1+6
+ an estimation of the cost to transformto its closest so- / /
2

t
@® 10 carb, f=0+9

lution, notedh.

Then, the algorithm is called a\"algorithm” and it goes as o q 16carb, f=2+3

follows. 23carb, f=2+infinitggcark, f=3+
VAAVARS

repeat 0O O

a choose the meal m from “generated 23carb, f=3+infinity 2lcarb, f=3-+infinily N .
meals” — “visited meals” with the best 7 —x
evaluation ) O

b check the balance of meal m

c generate meal m’s neighbors by ap- #carb = amount of carbohydrates

plying operations and put them in “gen-
erated meals”. For each generated meal,
compute an evaluation term f=g+h if carb < 19, h = 19-carb, else h = infinity
d put meal m in “visited meals”

until check in b is positive

f=g+h cost evaluation term

Fig. 9. Example of an A search.

f is an estimation of total cost of closest solution in the area. ) _ ) )

From the previous example, it is possible to replace tfjaeals of a given period of time, and we did not make any change
breadth-first search by an A search. The heuristic teiithe  ©N them. Some are clearly aberrant, with the same food repeated
goal amount of carbohydrates minus this actual amount aiqyr times for instance. A meal’s correction is said to exist for
infinity if we are over (Fig. 9). the algorithm if it is f_ound befpre 20000 states are developed.

If & is always lower than the real cost to the closest solution FOT the breadth-first algorithm, 1087 meals were not cor-
(i.e., h is “optimistic’) then the search is called* and it has Tected, so the success rate was 2392/3479.
been proved that the first found solution always has the lowest3) First Heuristic Algorithm: 2569/3479Thereafter, the

possible cost ([9]). first heuristic search algor!thm developed was of typécf.
Note: An heuristich; is better informed than anothes  S€ction llI-B.11). Itsh term (in f = g + h) was
if h = > Wn (19)
Vm € “meals”hgm) S hé’"‘). (18) neunsatisfied nutrients

wherew,, weights the importance of the nutrientin practice,
_ _ _ 2 for important nutrients and 1 for others, down to 0 for those
C. First Balancing Algorithms which are too strongly linked with others (e.g., saturated lipids
1) A Simple Set of Operationdn the first generation of the with lipids).
algorithms, we used the following set of operations on foods: This term characterizes the extent of nutritional imbalance
» modify its quantity to a minimum; rather than the cost of the closest solution.
« modify its quantity to an average; From the test database of 3479 meals, 2569 were corrected.

« modify its quantity to a maximum;

* remove it from the meal;

« replace it by the same amount of a better equivalent; It had been found on the previous experiments that the main
where minimum,average and maximum quantities are foundifPblem was the set of possible operations on foods, which
the foods database. The computatiorypfinimum cost from generated a gap too large between minimum/average/maximum
the initial meal to the current meal, was performed on the bagigantities for some foods.
of an equal cost of 1 for all of these operations. 1) New Set of Operationstt appears that, for each foof

2) Breadth-First Search Algorithm: 2392/ there exists a quantity’ which is the smallest portion of we
3479: Considering that the primary goal is to change as le§8n reasonably consider in practice. This quantityhas been
food as possible, each operation is weighted with the saf@lledincrement amount of; itis, for instance, a spoonful for
cost (= uniform cost). The very first algorithm which has bee@very food which can be served with a spoon, etc.
implemented as a reference was the breadth-first search, aé/e then adopted the following new set of operations:
described in Section IlI-B.1. + add a quantity:’ to the quantity of foodf;

To test it, we used a database of 3479 meals which had beene substract a quantity’ to the quantity of foodf;
really entered into the program by users. They were the users’e replace foodf by the same amount of a better equivalent;

D. More Sophisticated Balancing Algorithms
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where the quantity cannot be outside the minimum/maximuwhere$?9°! is the goal quantity of nutrient, ™ the quantity
range. of nutrientn in mealm anda®* is the maximum increment
This new set raises new objections. Increasing then der nutrientn in one operation
creasing a food has a nonzero cost while it brings back to the max Fof
o S . ay® = max (a’¢)) (23)
same meal. So, it is important to bear in mind that is g + h, re«foods
g is the minimum cost from thaitial meal. Ly ; ; ; Iy
. - ... with uantity of nutrient. in (1 g of) food f anda’ incre-
2) Computing a Bettey, Minimal Cost From the Initial ¥n 9 y . (1 gof) ! “
Meal: We are going to take into account the fact that removinmem amounof food f (in grams):
: going 9 A, (m, goal) measures the minimum cost, in number of

or replacing a food is a transformation of the initial meal Wh'CBperations, it demands to level the nutrientz: in other words,

is somehow more radical than simply changing a food’s Welgki‘tt'is the number of operations it takes to have this nutrient nor-

In the previous computation gf, all operations h?d the SaMEalized using the better food for i\, (mn, goal) is negative if
cost of 1. From now on, the costs of the operations on a m?ﬁ‘z nutrient is over its norm, positive if it is under.

are _ _ , _ _ To balance a meah, each nutrient has to be normalized,
» 1for increasing a food’s quantity by'; particularly the nutrient with the maximurdistance before
* when decreasing a food: matching So, the closest solution is farther than

DeleteCost if it causes deletion
S o max |A,, (mn, goal)|. (24)
1, otherwise; ne“nutrients
+ a constant ReplaceCost for replacement In fact, more information can be worked out from this

A large value for ReplaceCost and DeleteCost induces a seateluristic term. If the nutrient unbalance responsible for the
which tends to avoid replacements and deletions. Typicallyax is negative, a lower estimation of the number of “increase

ReplaceCost 4 and DeleteCost 3. food” operations to the nearest solutial,{ > 0) is
So, the valugy for a meakn, denoted;™, is computed as
’i’;lcrease = max (O/ ma)_( (An(m7 gO&l))) (25)
" |q}n q}| ne“nutrients
g = Z —a7 7 Z DeleteCost  and the minimum of “decrease food” operations,(< 0) is
re<foods feinitial foods
7 =0 Necroase = — min (0, min (An(m,goal))) . (26)
ne“nutrients
+ Z ReplaceCost (20) Finally, the closest solution is farther than

re«foods r replaced
hm = h’{ﬁcrease + h’g;crease' (27)
whereg}" andg} are the quantities of foofl in the mealn and 2) Exact Computation of the Distance Before
theinitial meal, respectivelya” is theincrement amourdf food Matching: Considering that all computations are made using
[ (see Section IlI-D.I). fuzzy arithmetic, thedistance before matchinigr the nutrient
3) First Algorithm With the Improved Value ofy: , A, (m,goal) should measure the number of times you can
2757/3479: Another version of the algorithm was set Upadda™a to nutrientr before it matches the goal norm. Itis not

using the improved value fog, and the following heuristic a5 simple as a minus operation, and may be expensive in time.

termh: Assuminga™* and¢g°a! — ¢™ = A¢ are fuzzy computed,
> wn - (1= N,,) the distance is found by dichotomy, using the matching func-
ne“nutrients tion qualify(data, pattern), which returnsHyPo, NORMO, or
h= 2 @D Lveer

whereN,, is the necessity of matching of the nutrienith the 1 ne 90al of the dichotomy is to find,,, minimum number

NORMO norm (see Section II-E) ang, a value weighting the by which to multiply a;7** so thatqualify (A, &, A¢) is

medical relative importance of the various nutrients (carbohvpl_R'\:O' der th here th wrienti derits A
drates, lipids, etc.) et us consider the case where the nutrient is under its Aorm.

The problem here is that the teim- N,, is almost always 1, The dichotomy begins with a lower bound €) and an upper
and decreases only near the perfect matching. bound & U) such that
From the test database of 3479 meals, 2757 were corrected. * dualify(L x a7, A¢) is HYPO;
o qualify (U x o™, A¢) is NORMO.
E. Heuristic Search Algorithms Close # The dichotomy algorithm is as follows.

The set of operations which is described in Section IlI-D.I
increases the size of the state—space, so we need a more effiéRRfat _
heuristic search to reach solutions. M — U+ L/2 {compute the middle}
1) Distance Before MatchingLet us consider thdistance if  (qualify(M x a7, 6) = NORMO) then
before matchindor nutrientn Ue— M
4Consequentlyz”»/ is the quantity of nutrient that an operation on food
¢§L°a1 — o (22) f add or remove.

A, (m,goal) = . . . )
n( '8 ) qmax 5The case of a nutrient over its norm is symetric.
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else 1

meal goal
L— M
end if

untl - (U -L) <0.1.
Then, L contains the minimum value @, (m, goal).6
Initial valuesU and L have to be determined, as close as

possible of the solution to accelerate the dichotomygAdify -— >

is based on the value of possibility of matching plus necessity of d(meal,goal)

matching, and considering thak necessity< possibility < 1
L is the value where Possibility for NORMO starts to beig. 10. Example fori(meal, goal).
greater thanQ
» U is the value where Necessity for NORMO reachés 1
considering shapes of involved fuzzy sets, this is 1

goal
L =max <07 < Ad )) (28)
\amaxn /. meal
U =max (0, ix> . (29) 0
2n -
There afteh™ is computed from\,, (m, goal) with (27). d(meal,goal) > 0

3) Algorithm  Using  This  Exact  Computation:
2882/3479: The heuristic term using the exact computatiopig 11. Example wherd(meal, goal) is pessimistic.
of the distance before matching is “optimistic,” since it is
a worst case measure for each nutrient. This gives a truly
A* algorithm which is a good standard to evaluate other 5) Fuzzy Heuristic: The idea now is to compute the distance
algorithm’s performances, and which has been implementedpefore matching as a fuzzy number. But of course this choice

From the test database of 3479 meals, 2882 were correctdgiads to arA search with a fuzzy heuristic.

4) Simplifying the Evaluation of the Distance Before S0, ** is computed with “fuzzy max” ofifpf. A¢ =
Matching: 2910/3479:Keeping fuzziness apart to simplify, p2°*' — ¢y is also computed as a fuzzy number. Now, the nu-
o> can be computed as a real number. This is done in (23) Bignt quantity begins to match its goal when it overlaps the
replacingy! with an average of its fuzzy value{ is already closer partP of the goal$?>*'. That is
real). Yet, ¢2°*! and ¢ are fuzzy numbers. The difference < the part betweengoa! and@2oa! if ¢ < ¢g°2l(= Py, );
of nutrientn between meak and goalA¢ = ¢8°a! — ¢ is —

computed as « the part betweent™™ and¢&™™ if g™ < ¢soal(= Pyp).
« distance between lower boundsgif' beneathpga! (cf. se'?s(l);h(i(ea Ig}gele‘sw and upper parf,,, can be seen as fuzzy
Fig. 10); __ OnceP is chosen, the distance before matching can be com-
« distance between upper boundspif over $&°*'; puted as the fuzzy number
+ 0if bounds ofp™ are included in the bounds @g°!. m
A¢ does not perform a truly “optimistic” evaluation of the A, (m, goal) = Ll % . (30)
distance before matching for several reasons ap™*
* d(meal, goal) may be pessimistic (Fig. 11); Finally, »™ ... andh?_  takes the “fuzzy max” and

« the real value ofp/ (and, consequentlyy**) is an av- the “fuzzy min” of theA,, (m, goal). Consequently, we have to
erage of the fuzzy term, not an optimistic evaluation.  compare fuzzy numbers to choose the meal to be developed (in

However, this heuristic gives better results than with the exagéction 111-B.1a). Such an operation can be very hard to work
computation. In fact, in most cases, the estimation of the disat completely. However, a gross but simple means to sort fuzzy
tance before matching is just above its real value. This terats is to compare their area-average values (see Fig. 13).
seldom exagerates the cost to the closest soludind the search  There, sincé,™ is a true optimistic evaluation of the closest
is very close tad*. solution, the search ig* but in the sense of “area-average”

From the test database of 3479 meals, 2910 were correctesider. Unfortunately, this order let us lose most part of the profit

SWith a precisi of fuzzy computation and results are not those expected. More-

precision of 0.1. . . . .
7If this value is lower than 0, we choose 0 since we know that> 0. OY‘?“_ durmg the dISt?‘nce bef(_)re m_atChmg CompUtatlon’ fuzzy
8N may never reaches 1 but a value *has if” is taken. division spreads fuzziness which brings confusion to the search.

9t slightly exagerates the distance before matching, which is often far beneath
the cost to the closest solution. 10p,,,, andP,,, are viewed as an optimistic restriction of the goal.
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« then, for other nutrients (in excess), we compute the excess
which would eventually remain after these operations;
Pup « thereafter, we compute distance before matching for these
remaining excesses;;
« finally, we take the max of remaining excesses and add it

low

goal / to N/.
So, we obtainV/ +max, _nytrientd ), Which is the minimum

number of operations reaﬁilfléaa{ to find a solution using f@ad

level nutrientn .

Fig. 12. Both parts can be seen as fuzzy sets. To compute this, we need, for each nutrient, the percentage
that oneincrement amount of foofl brings compared with the
maximuma:#x : P Then, it can be checked that

area average Nf = P?fmax * hiﬁcrease' (31)
Consequently,7{ is computed as the distance before

matching minus quantities brought by the first increases
rf = A, — Ny Pl (32)

n

Example: In the mealm: eggs, butter, cereal, milk, the
distance before matching for nutrients is

Fig. 13. Area-average value of a fuzzy number. * 15 for lipids;
10 for carbohydrates;

o h « 7 for proteins.
F. Modifying theA Searc The nutrient responsible for the max is lipids. Gnerement
1) Developing the Best Way: 2969/2478 a concern for amountof milk adds

performance, our goal is now to limit the size of “generated « 6694 ofamax | so N™ilk = 15 % 100/66 = 22.5;
1pids’ e

B ( i - i i max milk
meals” (in Section IlI-B.I). In our search, the order in which . 1094 of QIS 1 avatesr SOTIE | qrates = 10 — 22.5 %
operations are applied is of little importance. Moreover, 9 — ¢ 5:
R erease ANARTL .. (in (27)) indicates the minimum number . 3004 of™2x . gormilk . — 7 _99540.3 = 0.25.

proteins? proteins

of increase/decrease operations to be done independerg[y. the evaluation for milk is 220.5 + 6.5).

Then when genergtlng _nelghbors, it can be decided to Or_‘lyNow, the new heuristic term for increasing is the minimum of
develop meals which will decrease the biggest term. That 1S/ these values

during computation oh™ a valuedirection™ is set to indicate

whether m ] N7 () (33)
. . . ; — min + max T .
* Micrease > Milucrease thendirection™ = UP; INCrease - ;cfoods nenutrients
o A ase < M eroase thendirection™ = DOWN; n# nmax
* both are equal thedirection™ = ALL. The computation o7 is similar.

Afterwards, when the meal is selected, only decrease or increash is interesting to note that, sinc&,, n.x is greater than
operations are performed according to the valudinfction™. €achA,, N/ is always higher thamax, - nytrients., . (7F)-
This adaptation of the standartl search algorithm is an im- Therefore, a food is interesting only ifP,{max > 0.5.
provement here, since there are less meals that are uselessly visy our previous example, only milk and butter verified
ited. P! > 0.5. For milk, evaluation is 29, and for butter eval-

From the test database of 3479 meals, 2969 were correcigation is15 + 10 = 25 (butter brings 100% lipids and 0%
Moreover, the algorithm is significantly faster than all previougarbohydrates). SFH ., ... = 25.

2) Introducing a Second Term in the Heuristic: This is not a truly optimistic term since, in certain cases, the
3059/3479: The hiy. ... and AT . ... terms as seen in best way is a mixing of two foods. However, it gives a good
Section IlI-E.I are a kind of approximation to the first degreesvaluation in most cases, and the added computing time is com-
Indeed, they consider each nutrient separately and the fipahsated by a faster search and a gain in memory consumption.
result reflects the distance to the closest solution for only oneFrom the test database of 3479 meals, 3059 were corrected.
nutrient. Yet, we could had a second degree, if we could takds so far our best algorithm, and it has been implemented in
into account other nutrients as well. the current version of Nutri-Expert.

Let us consider we have already computecttistance before
matchingfor each nutrient and the nutrient responsible for the. Results of Medical Evaluations

Max, nmax (@nd Min) ink{f, ... (@NAhG, . c.c.)- NOw, foreach e will briefly discuss the results of a recent extensive med-
food ical evaluation ([12]). Two groups of obese patients were fol-
* we computeV¢, the number of increase operations corrdewed up over one year in a randomized study: the first group

sponding toh!” with this food; received close traditional management (seven nutritional visits

mcrease
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over the year, with physicians and dietitians conjointly) and the REFERENCES
second one also used at home the Nutri-Expert system. 557 pg1) j.-c. Buisson, H. Farreny, and H. Prade, “The development of a med-
tients were enrolled in the study by 16 French centers of dia- ical expert system and the treatment of imprecision in the framework of

it i i ; possibility theory,”Inform. Sci, vol. 37, pp. 211-226, 1985.
bet0|09y and .nUtrItlon' BOdy mass |nde>.< (BMl.)’ tes_ts of dietetic [2] J.-C. Buisson, H. Farreny, H. Prade, M. C. Turnin, J. P. Tauber, and F.
knowledge, dietary records and centralized biological measure=" gayard Toulmed, An Inference Engine Which Deals With Imprecise and

ments were assessed at inclusion, six and 12 months. 341 pa- Uncertain Aspects of Medical Knowledgk Fox, M. Fieschi, and R.

tients were evaluated at the end of the year Engelbrecht, Eds. New York: Springer-Verlag, 1987, vol. 33, Lecture
) Notes in Medical Informatics, pp. 123-140.

The group using Nutri-Expert scored significantly better in (31 j.c. Buisson, “Nutri-expert, an educational software in nutritiant”

the tests of dietetic knowledge than the control group. For all ~ J. Intell. Syst.vol. 12, pp. 915-933, 1997.
; it ; iNifi ; [4] ——, “Approximate reasoning in computer-aided medical decision sys-
patlents, .nutrltlonal educatlon. led t.o a significant |mprovgment tems. inThe Handbooks of Fuzzy SetsNorwell, MA: Kluwer, 1690
in BMI, dletqry records and biological measurements, without o). 7, ch. 11, pp. 337-361.
significant difference between the two groups. Five years after[5] D. Dubois and H. Pradéuzzy Sets and Systems: Theory and Applica-

the end of the study, the weight of 148 patients was recorded;  tions New York: Academic, 1980.

mean BMI was significantly lower than the initial value but there R vol. él,E r\alllad-%rlf?e—gntsezé,islugrg;.ba%d on fuzzy informationomatca

was no significant difference between the two groups. [7] ——, Possibility Theory — An Approach to the Computerized Processing
of Information NewYork: Plenum, 1988.

H. Concluding Discussion [8] D. Dubois, H. Prade, and C. Testemale, “Weighted fuzzy pattern

matching,”Fuzzy Sets Systol. 28, pp. 313-331, 1988.
Nutri-Expert uses well known ideas in the fields of fuzzy set [9] P.E.Hart, N.J.Nilsson, and B. Raphael, “A formal basis for the heuristic
o : : determination of minimum cost pathlEEE Trans. Syst. Sci. Cybeyn.
theory and heurlst!c search glgonthms, to _;uccessfully provide vol. SSC-4, pp. 100-107, Feb, 1968,
a better mathematical modeling of the nutritionnal problems, agoj N. Nilsson,Principles of Artificial Intelligence Palo Alto, CA: Tioga,
well as better end-user features. 13 &A%CO-T R Beddok 3. Cl R Abadie. . Martini. 3. C. Bui
: F H . C. Turnin, R. Beddok, J. Clottes, R. adie, P. Martini, J. C. Buisson,
qu;y amhme“? is used for, all ComputaFlpns on data. Im C. Soule-Dupuy, F. Bayard, and J. P. Tauber, “Telematic expert system
precision and fuzziness of user’s food quantities as well as food  diabeto : A new tool for diet self monitoring for diabetic patien®i3-
composition values are represented by fuzzy numbers, and com- EﬂetgsTCarc_eVO(lj. 185, no. 2, 1%5926 el AL o S Halimi
.C. Turnin, O. bourgeais, G. athelineau, A. M. eguerrier, S. Halimi,
putations lead to fuzzy values for each of the 14 con&dere& D. Sandre-Banon, V. Coliche, M. Breux, E. Verlet, F. Labrousse, D.
nutrients in a meal. The user usually chooses the food quan- Bensoussan, J. L. Grenier, M. F. Poncet, F. Tordjman, J. M. Brun, J. F.
tities using pictures, issuing corresponding fuzzy numbers. The  Blickle, C. Mattei, C. Bolzonella, J. C. Buisson, D. Fabre, J. P. Tauber,
norms given by international medical organizations have been and H. Hanaire-Broutin, “Multicenter randomized evaluation of a nutri-

e e . . o tional educational software in obese patienBigbetes Metahvol. 27,
used; it is difficult to satisfy them all, and it justifies the need pp. 139-147, 2001.

for a balancing algorithm. [13] L. A.Zadeh, “Fuzzy sets hform. Contro| vol. 8, pp. 338-353, 1965.
During the stage where fuzzy results are computed, theH?! @él@igmﬁlﬁgia"'g%‘if'gi'_cp";rt'alb:'%f‘gg.'tlsgzp_gf;t'log;gappmx'
matched against norms, the time spent into fuzzy computationgs) ——, “Fuzzy sets as a basis for a theory of possibiligiizzy Sets Syst.
is not perceptible by the user. If food weights are progressively  vol. 1, no. 1, pp. 3-28, 1978.
modified, galvanometers and assessment sentences modify
continuously in a robust manner, without any important discon-
tinuity in results when nutrient values cross norm boundaries.
When exploring the search space in order to improve tl:
meal, the burden of fuzzy computations grows heavier. A gro
performance profiling has shown that the program spends
much time in fuzzy computations as in managing the nodes
the state graph. This price is repaid by the quality of the sol
tions.
Balancing meals is an activity we practice informally ever
day, and which happens to be a difficult problem, of an ope
tional and numeric nature. We were lead to adopt a set of opera-
tions on a meal which does not enlarge too much the state—space,
and yet enables each problem to have a solution in it. Then, we
studied different kinds of heuristic evaluation, in order to ex-
plore the search graph as fast as possible, and the notion of
tance before matching appeared as central.
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