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Abstract. Lifestyle related public health problems are
common around the world. Personal nutrient guidance
is a tool for promoting healthier lifestyles. Most of the
applications available on the market are based on en-
ergy only, and a reliable individual assessment and guid-
ance is given by licensed nutritionists. Nutri-Flow has
a novel approach into personalized nutrition guidance
with Fuzzy Expert System (FES) enhanced with Genetic
Algorithms (GA) optimization. While FES assesses the
foods and beverages added into a search space, GA is
used to find the level of intake for them. The optimiza-
tion problem is to minimize the distance to ideal nutrient
intake levels, and to keep the level of change in a feasible
level and take into account other nutrition variables. In
this study, the suitability of GA was assessed. Also, the
performance the GA was evaluated and evolved. The ob-
jective function is presented, and the overall results were
evaluated numerically if the system was feasible in the
domain of nutrition. The nutritional aspect is not in the
scope of this study.

Introduction
According to FinHealth 2017 study [1], obesity is still

one of the key public health problems among all age

groups in Finland. It is also stated in the study that

healthy diet is one solution to prevent many key pub-

lic health problems. It was found that there is a need to

promote healthy lifestyle.

There are available national nutrition and food rec-

ommendations. Food pyramids and plate models are

given as a general guidance towards a balanced diet.

General guidelines and recommended intake levels for

each nutrient are introduced nationally, too [2]. In this

study, all nutritional values are achieved from Finnish

nutrition and food recommendations, which are based

on Nordic recommendations [2]. To find the nutri-

ent composition in a diet, there is a need also for a

food composition database. National food composition

databases are used for this purpose, such as Fineli [3]

in Finland, Livsmedeldatabasen [4] in Sweden, USDA

[5] in the USA, etc. These databases are collections of

foods, beverages, and recipes with their averaged nutri-

ent composition.

A lot of data is available for healthy eating habits,

therefore, experts are needed to put all together for as-

sessment and guidance for individuals. In the Internet,

there are available thousands services and applications

to monitor and balancing the diet. Those are too simpli-

fied approaches, since they take into account only the

energy in a very complex problem domain. If only the

energy is taken into account, the rest of the variables,

protective nutrient levels, will deteriorate and might

lead even to malnutrition. Typical diets are shown in

Figure 1:

• Diet 1: The sufficient intake of protective nutrients

is accompanied by an excess intake of energy;

• Diet 2: The insufficient intake of protective nutri-

ents is combined with the excess intake of energy;

• Diet 3: Insufficient intake of protective nutrients

with sufficient intake of energy;

• Diet 4: Nutrient dense diet with ideal proportion

of intake of protective nutrients and energy. [6]

The eating habits have widely moved to excess energy

(Diet 2) and the energy-only approach has neglected the

importance of the protective nutrients (Diet 3). Diet 4

is needed to balance these problems.
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Figure 1: Differences between typical diets [6].

For individual nutritional guidance, there are four

main steps to take into account when developing an al-

gorithm for the problem domain. First, there should be

a food record or a meal diary which is used to assess

nutrient intake levels. This step includes imprecision

and uncertainty due to human error while filling in a

record with kitchen units. Second step is to assess a

personal nutrition recommendation based on the cur-

rent national recommendation. Third step is to assess

the needed level of change to balance the diet. Fourth

step is to generate the guidance as foods and beverages

with their portion sizes.

In the previous research [7, 8], a Fuzzy Expert Sys-

tem was developed to handle the imprecision and un-

certainty present in the system. It was also discussed

in the previous publications that an optimization algo-

rithm is needed to assess the portion sizes. GA was

selected initially for testing. GA was selected due to

the complexity of the problem. GA is widely used with

complex real-world problems [9, 10, 11].

This research combines computational intelligence

(Section 1) for personalized nutrition guidance with fo-

cus on genetic algorithms (Section 2). The operation is

demonstrated in a test case (Section 3) and the results

are presented in Section 4. Conclusions and future re-

search are discussed in Section 5.

1 Background

1.1 Data Acquisition

Nutrition experts have generated test cases with typical

personal data and a meal diary example for the study. In

this study, a test case called Sum Mikko, is used. The

test case is 41 years old, thus national recommendations

for males of ages between 31 and 60 are used to calcu-

late the personal recommendation. The personal data

are acquired from Nutri-Flow directly. The meal record

of one day represents one week average including seven

meals with 16 different foodstuffs. Nutrient intake lev-

els are calculated based on the food record and Fineli

Food Composition Database [3]. No personal data from

Nutri-Flow database is used in this study.

1.2 Fuzzy Expert System

Fuzzy Expert System (FES) has the key role to handle

the imprecision and assesses the personalized dietary

guidance. FES is adapted to personal recommendation,

by applying the personal nutrition recommendation val-

ues. Nutrient intake levels are converted into the fuzzy

domain with membership functions. Three linguistic

fuzzy variables are used to define the intake levels: too

little, ideal, too much. Personal nutrient recommenda-

tion values are used to tune the membership functions.

Most of the 30 nutrients to take into account have three

recommendation values: Lower Intake Level (LI), Rec-

ommended In-take Level (RI), and Upper Intake Level

(UI). The fuzzy variables are defined with values A,B
and C (Figure 2) are tuned with LI, RI, and UI, respec-

tively.

The linguistic variables are applied to form the

knowledge base for the fuzzy inference machine.

Knowledge of nutrition experts was acquired and coded

into the knowledge base as rules, for example

IF vitamin C is too little AND fiber is too little
THEN fruits and berries group IS add
The rules are mapping the guidance directly into

foodstuff level from the nutrient level. The inference is

Mamdani type, therefore, the output is also fuzzy with

similar sets of linguistic fuzzy variables. The used vari-

ables are “reduce”, “no action” and “add”. The desired

output for each food is a crisp number representing the

direction and importance of recommended change.

1.3 Optimization problem

The output of FES is a list of foods and beverages with

the defuzzified value expressing the direction and im-

portance of change. The objective is to find the best

way to balance a diet. To achieve this objective, portion

sizes of the foods and beverages for the guidance should

be assessed. As discussed in [7], the problem domain is

complex. There are 30 nutrient variables and energy

to be taken in account. Also, foodstuffs and recipes

present a complex composition of sources of each nu-

trient.
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Figure 2: Guidance mapping represents recommendations

as fuzzy numbers.

A diet can be altered in various ways to reach simi-

lar composition in the nutrient domain. Therefore, there

can be solutions which have the same fitness value or

the fitness values are very close to each other. The sys-

tem must be feasible in the field of the nutrition domain,

which brings more constrains to be taken into account.

E.g. the difference between recommended diet and ini-

tial diet cannot be too drastic. The diet should be al-

tered with smaller steps if it was originally far away

from the recommendations. Also, other nutrition re-

lated variables should be taken into account. The main

objective of the optimization algorithm is to minimize

distance from ideal nutritional composition, keep the

recommended step in desired magnitude, and take into

account the other tuning variables.

As discussed in [7], traditional optimization meth-

ods are not suitable due to the nature of the problem.

The initial approach was to study if GA is a suitable

solution.

2 Genetic Algorithms
Genetic Algorithms belong to the group of Evolution-

ary Algorithms. The roots and ideology of GA are

based on Darwin’s theory of natural selection. The the-

ory was introduced in 1975, and the terminology was

closely adapted from natural genetics. [12]. A single

solution is called a chromosome, which has locus bind

variables, genes. When the theory was published, a bi-

nary approach for coding the results were applied. It

was discussed that binary coding is not always the best

way with real world problems where the high precision

makes the chromosomes long and the algorithm gets in-

efficient [13].

A population is a set of chromosomes, which is set

in a competitive environment to find the global opti-

mum. Each chromosome is evaluated through an ob-

jective function. The calculated fitness value is used to

rank the solutions. The population is evolved by apply-

ing GA operators in every iteration round. The opti-

mization starts with generating the population, where

the selection and crossover operators are applied to

combine genetic material for the new population. With

a mutation operator, random variations are introduced

into the population. This helps to prevent stopping

on local minimas. Crossover and mutation operations

might lead to the loss of the best solutions, the elitism

operator can be used to copy the best solutions into the

new population directly [12, 13].

There has been a lot of development with the GA

since the theory was published. In the literature, there

is a large number of problem specific approaches for

the operators [14, 15]. The variables for the operators

have been traditionally found by trial and error. There

are also studies which provide tools for finding the best

configuration [15].

2.1 Configuration

The configuration of GA has a strong effect on conver-

gence and on finding a global optimum. Convergence

time and feasible solutions are key factors when apply-

ing GA in an online service.

Population Population is a set of possible solutions.

The size of the population is an important variable. Too

small a population might lead to insufficient divergence

between the solutions and the optimum is not reached.

Too large a population might lead to slow convergence,

since the evolving needs more iterations and the ob-

jective function must evaluate more solutions. It is

discussed in [16] that, the longer the chromosome is,

the larger the number of individuals in population is

needed.

The initial population is usually generated randomly

within the given constraints. There are also statistical

methods available. If the population is generated ran-

domly, it is recommended to run the GA with different

initial populations, since the initial guess might not al-

ways lead to the global optimum [17].

The size of the population can be static or vary be-

tween the iterations [18].

Coding The results can be coded into chromosomes

in binary or real-valued domain. The size of search

space and accuracy level of the results should be used

when selecting the coding. Real-value coding is used
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widely in real world optimization when the size of

search space is big and higher accuracy is required on

the results. With real-value coding there is no need for

result mapping which reduces need for computational

resources. However, it has been discussed that real-

value coding has problems to yield good results always.

Crossover Crossover is the core operator to evolve

population towards better solutions. The good genetic

material is distributed between generations. The good

genetic material from the population is found with a se-

lection method. The selection is done usually by the

roulette wheel method or by the tournament selection

method.

The tournament selection method selects randomly

chromosomes from the population and the fitness val-

ues are compared. The better chromosome is selected

into a mating pool for the crossover method. The tour-

nament selection method has a configuration parameter

k, which defines the number of selected chromosomes

from the population. Typical value for k is two.

The crossover operator is applied to mating popu-

lation to form offspring. Crossover probability, Pc, is

a design parameter for the crossover operator. The pa-

rameter is used to determine if current mating popula-

tion chromosomes are combined with the crossover op-

erator or directly to the offspring population.

The selection of the crossover operator depends on

the coding and the problem. For real-value coded

chromosomes, non-uniform and uniform crossover op-

erators are applied. The operation of non-uniform

crossover operators depends on the age of the popu-

lation, and the uniform crossover operators operate in

the same way in every generation. Arithmetic crossover

operator combines two parent chromosomes to two off-

spring chromosomes as shown in

y1
i = αix1

i +(1−α1
i )x

2
i , (1)

y2
i = αix2

i +(1−α1
i )x

1
i , (2)

where αi are uniform random numbers. In the non-

uniform crossover, the parameter αi can vary between

the iterations, and in uniform crossover the value is con-

stant. There are several studies presenting different ap-

proaches and new development on crossover operators.

Mutation Optimization can stop at local minimums

if the diversity of the population is low. With random

variation in the population, new solutions are found and

the diversity will grow. Mutation operation is applied to

prevent from stopping at local minimums. With correct

design parameters, the mutation operator can be used

efficiently. Mutation probability Pm controls how strong

effect the mutation brings into the population. A too

low value does have only a very little or no effect and

too big value could lead to the loss of good genetic ma-

terial and slowing down the convergence rate. Mutation

operator with real-coded chromosomes can be uniform

or non-uniform.

Elitism GA operators alter the genetic data of a pop-

ulation towards to better solutions. The best solution

is possible to be lost during the iterations. The elitism

operator is used to prevent this to happen. The elitism

saves the one or several best chromosomes and trans-

fers them directly into new population. If the popula-

tion size is static, usually the best chromosome replaces

the worst chromosome in the new population.

3 Genetic Algorithms in
Personalized Nutrition
Guidance

The main objective is to find a feasible solution to bal-

ance a diet. Initial values for the test case are acquired

from Nutri-Flow software. The test environment is de-

veloped in Matlab and Genetic Algorithms solver is ap-

plied.

3.1 Configuration

Configuration used in [7] is applied in this study, too.

Configuration parameters are presented in Table 1.

Real-value coding is selected due to search space. In-

take levels vary between the foodstuffs in a great level;

e.g. cinnamon one teaspoon vs. 1000 g water.

Parameter Value
Population size 100

Pc 0.8

k 2

Pm 0.01

Elite individuals 5% of the population

Maximum iterations 500

Table 1: GA configuration parameters.
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Name Lower limit Upper limit
Bread, graham 0 0

Potato, peeled, cooked 180 540
Minced meat, beef 17% brown sauce, no fat 0 0

Salad, buffet, no dressing 50 150
Rye bread 0 0

Macaroni casserole, beef-pork, milk 1.5% fat 0 0

Bread, wheat 0 0

Coffee drink, brewed 600 770

Margarine 40%, industrial average 0 0

Cheese, hard cheese, fat 24-27% 0 52
Margarine 60% 0 0

Fat-free milk, vitamin-D 1 μg 0 510
Water 170 3000
Ketchup 0 0

Cider, sweet, 4,7 vol% alcohol 0 1000
Cookie, oatmeal, industrial 0 0

Bell pepper 0 200
Orange, peeled 0 800
Tangerine, peeled 0 450
Kiwi fruit, peeled 0 300
Apple, peeled 0 800
Wok vegetables 0 500

Table 2: Search space in the test case.

3.2 Initial state

Sum Mikko has a meal diary for one day filled in Nutri-

Flow database. The state of the diet can be presented as

membership degrees for each 30 nutrients. The search

space has 22 foods, and nine of them should be added

and three reduced according to FES output.

3.3 Search space

The search space is generated following output of FES

and meal diary of test case Sum Mikko. The search

space is presented in Table 2. Foodstuffs to add or re-

duce are shown in bold. The direction of change is in-

herited from FES output. The constrains for the intake

levels are defined for foods to add with original input

Mi, and upper intake recommendation Mu as [Mi,Mu],
and foods to reduce with zero and Mi as [0,Mi]. Foods

with no action needed, constrains are exactly at Mi,

[Mi,Mi].

3.4 Objective function

The objective is to balance a diet. In this study, the

fitness is evaluated applying membership grades. The

distance to ideal state is minimized when membership

grades for too little μl and too much μl are minimized.

Calculation of fitness value, Fμ , for nutrients is pre-

sented in

Fμ =
n

∑
1

(bl,nμl,n +bu,nμu,n) (3)

where n is nutrient Id, bl,n is a weight factor for too

low intake level for nutrient n, μu,n is a membership

grade for too little for nutrient n, bu,n is a weight factor

for too much intake level for nutrient n, and μu,n is a

membership grade for too little for nutrient n.

According to experts in nutrition, too drastic

changes are difficult to follow. The balancing should

be done in smaller steps. Minimizing fitness value Fd
for food intakes take into account the step size for the

guidance. Calculation of Fd is presented in

Fd =
n

∑
1

|dm|, (4)

where m is Id for a foodstuff and dm is distance from

the initial diet. Other nutrition related factors, such as

SNE 32(1) – 3/2022



52

Heinonen and Juuso Genetic Algorithms in the Domain of Personalized Nutrition

the amount of vegetables, or even the carbon footprint

if available, should be taken in account when assessing

guidance. Fo is reserved for other variables to be calcu-

lated in the fitness value as presented in

Fo =
n

∑
1

|kp|, (5)

The objective function minimizes all the fitness val-

ues Fμ , Fd , and Fo as presented in

MIN(aFμ +bFd +bFo), (6)

where a, b and c are tuning factors for each component.

Tuning factors are applied to enhance the importance of

the fitness values. The main factor is naturally the nu-

trient state, and the two other fitness values are used to

guide the optimization towards to desired and feasible

result.

3.5 Matlab model

This study applies Matlab Optimization Toolbox and

Genetic Algorithms solver for testing the system. All

the data used in the optimization are first acquired from

Nutri-Flow software into Matlab workspace. The re-

sults are saved numerically and graphically for further

evaluation. Custom objective function is applied ac-

cording to equations presented in Section 3.4.

4 Results
Convergence of calculations and effects on foodstuff

level are used for assessing the operation.

4.1 GA performance

Convergence was recorded on all the test rounds. How-

ever, the best result was not reached on all rounds within

500 iteration rounds. Most of the test rounds were

stopped by Matlab algorithm after no improvement dur-

ing last 50 iterations. The stopping point was recorded

between 100 and 200 iterations except two tests where

the maximum number of iterations was the stopping cri-

teria.

The population size was kept at 100 which was suf-

ficient for the current test case which had 22 genes in

each chromosome. It is recognized that the chromo-

some size varies between the test cases and between the

evaluation periods. The population size needs further

testing with a larger test case set.

The convergence speed is the fastest at the beginning

of the iterations and drops fast as shown in Figure 3.

GA design variables have an effect on the conver-

gence speed and finding the global optimum. For fur-

ther testing, different values for design variables should

be tested.

Id Initial GA Difference
1 0.36 0.53 0.17

2 0.50 0.52 0.02

3 0.35 0.47 0.12

4 0.97 0.61 -0.36

5 0.32 0.39 0.08

6 N/A N/A N/A

7 0.00 0.83 0.83

8 0.00 0.69 0.69

9 0.00 0.78 0.78

10 0.92 0.98 0.05

11 0.93 0.84 -0.09

12 0.77 0.87 0.10

13 1.00 0.98 -0.02

14 0.31 0.63 0.32

15 0.68 1.00 0.32

16 1.00 0.94 -0.06

17 0.93 0.93 0.00

18 1.00 0.99 -0.01

19 1.00 1.00 0.00

20 0.64 0.89 0.24

21 N/A N/A N/A

22 0.57 0.93 0.37

23 0.81 0.75 -0.06

24 0.54 0.68 0.14

25 0.86 0.92 0.07

26 0.72 0.80 0.08

27 0.44 0.58 0.14

28 1.00 1.00 0.00

29 0.73 0.90 0.16

30 0.99 0.99 0.00

Table 3:Membership grade for ideal input for initial and GA

recommendation with difference.

4.2 GA output

The overall assessment is done by evaluating the out-

put of GA on the nutrient level and on the foodstuff

level. Only a numerical evaluation is carried in this

study. The nutrient level analysis is done by compar-

ing the membership grades for each nutrient. Table 3

presents the results of one GA optimization run. The

status of most nutrients has improved, but one value has

dropped significantly and the status of five nutrients has
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Figure 3: GA optimization with test case Sum Mikko.

moved slightly away from the original ideal status. Two

values, added sugar and salt intake are not taken in ac-

count in this study directly.

Default feasible range for intake levels for nutrients

is set at [0.5,1] for ideal level. Conclusion of nutrient

level evaluation is that the result is at the feasible level.

Actual guidance is given as foods and beverages as pre-

sented in Table 4. All the recommended values are in

the feasible level and the direction of the change is cor-

rect. Assessment of level of change should be done as

portions. A weekly food plan should be able to generate

from the recommendation.

5 Conclusions and Discussion
The test was carried out for one test case. The results

are promising, and the nutritional status was improved

with the GA optimization. It is important to keep the

nutrient intake levels in the feasible range. More studies

are needed with a larger test set.
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