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AN INTELLIGENT SYSTEM FOR DISH-LEVEL DIET PLANNING BASED ON AN OPTIMIZATION
MODEL

The paper addresses the problem of developing intelligent systems for personalized nutrition planning. Modern research in this field demonstrates a
transition from classical formal diet models to hybrid architectures that combine two methodological paradigms: knowledge-driven and data-driven
approaches. However, there is some methodological gap between them. Knowledge-driven models provide mathematical rigor and guarantee the
satisfaction of nutritional and resource constraints, but they are usually limited in adaptability and personalization. In contrast, data-driven approaches,
including modern generative models, demonstrate high flexibility and the ability to incorporate behavioral data, yet they do not provide formal guarantees
of optimality and constraint satisfaction. This contradiction motivates the development of an integrated intelligent nutrition planning system that
combines the advantages of both approaches. The objective of this study is to develop an intelligent dish-level nutrition planning system whose core is
a formalized multicriteria diet optimization model. Unlike the classical diet problem, where optimization is performed over individual food products, the
proposed approach models nutrition at the level of complete dishes, which improves the practical feasibility, interpretability, and usability of the resulting
dietary plans. The mathematical model is formulated as a multicriteria optimization problem in which the decision variables represent the number of
dish portions, while constraints reflect nutritional, energetic, logical, and temporal requirements. The proposed model is implemented within a multi-
layer system architecture consisting of a data layer, an optimization core, an intelligent decision-support layer, and a user interaction layer. The
optimization core ensures mathematical correctness and computes optimal solutions, whereas the intelligent layer provides adaptation, personalization,
and interpretation of results. The model is further extended to a dynamic form using a rolling planning horizon, allowing the diet plan to be updated as
new data and user preferences become available. Computational experiments have demonstrated that changes in criterion weights lead to transitions

between several stable optimal meal structures, reflecting the discrete nature of the considered multicriteria optimization problem.
Keywords: Nutrition planning, diet, dish-level model, decision support system, multicriteria optimization, hybrid Al systems, recommendation

systems.

Introduction. Nutrition planning is an important task
in the field of dietetics, as dietary intake directly affects
human health, disease prevention, and the maintenance of
an adequate level of energy and physical activity. Modern
approaches to diet formation require consideration of
multiple factors, including individual physiological needs,
taste preferences, cultural characteristics, food availability,
and economic constraints. Due to the need to account for a
high degree of personalization, the development of
personalized decision support systems based on the use of
modeling and optimization methods has become increa-
singly relevant, enabling the formation of balanced dietary
recommendations adapted to individual conditions.

The classical diet problem is one of the first
mathematical tools that was applied for rational nutrition
planning. It allows one to minimize the total cost of a diet
while maintaining nutrient intake standards. Despite its
mathematical rigor and widespread application in
optimization theory, the classical model has limitations: it

does not account for taste preferences, meal structure,
dietary diversity over time, or the dynamics of user needs.
These limitations create a gap between the formal solutions
of the optimization model and the practical realities of
nutrition.

Modern intelligent systems and artificial intelligence
methods open up new possibilities for the automation and
personalization of meal planning. They enable the
integration of expert knowledge, product and recipe data,
and the application of machine learning methods to predict
nutrient needs and dynamically optimize menus. One
promising area is nutrition modeling at the dish level, rather
than individual products, ensuring the practical feasibility
of recommendations, taking into account taste preferences,
and ensuring dietary diversity.

Literature review. The development of automated
nutrition planning systems demonstrates a clear evolution
from isolated formal models to hybrid intelligent architect-
tures, namely those that are a combination of two metho-
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dological approaches: knowledge-driven and data-driven.
While early solutions were based primarily on formal
optimization models and expert rules, modern systems
increasingly integrate decision support methods, machine
learning, and generative models [1-9].

The data-driven approach is based on the analysis of
large data sets about users, their dietary preferences, health
status, weight dynamics, physical activity, and other
parameters. Unlike expert systems, decisions are made not
based on predefined rules, but on identified statistical
relationships. In the context of meal planning, a data-driven
approach typically involves the use of machine learning
algorithms for classifying users by diet type, regression
models for predicting nutrient requirements, clustering
methods for segmenting eating habits, gradient boosting
and ensemble methods for optimizing calorie intake and
balance, neural networks for modeling complex nonlinear
relationships, and large language models (LLM) for
generating recipes and text recommendations. Among main
advantages of the approach are high adaptability to
individual data, scalability, ability to account for complex
nonlinear relationships, model updates for new data.
However, the standalone use of the data-driven approach
also has limitations. You may face such problems such the
lack of strict constraint guarantees, low explainability of
model decisions, dependence on the training sample
quality, risk of generating incorrect or unbalanced menus.
Thus, the data-driven approach ensures adaptability, but
does not always guarantee the formal correctness of the
diet.

Knowledge-driven approaches rely on modeling the
knowledge of experts, the use of "if-then" rules, product
databases, and nutritional guidelines. Classic expert
systems can automatically select menus based on the user's
parameters [10-13]. Another important tool is constrained
optimization methods, which make it possible to construct
a diet that simultaneously satisfies several requirements
[14-16]. The main advantage of mentioned approach is the
transparency of decisions, allowing specialists to trace the
rules that led to the formation of a specific menu. However,
they have a number of disadvantages, such as: limited
adaptability — systems respond poorly to new or non-
standard conditions, such as unexpected user dietary
preferences; dependence on a knowledge base — outdated
or incomplete data can lead to incorrect recommendations;
scaling difficulty— maintaining rules and restrictions up-to-
date for a large number of users is difficult.

One of the classic problems illustrating the
application of this approach is the diet problem, which
originally arose as an applied economic model for
determining the cheapest diet that satisfies human
physiological needs [17]. In such formulation, it is assumed
that there is a finite set of foods, each characterized by its
cost and nutrient content. The objective of the model is to
minimize the total cost of the diet while satisfying the
minimum nutritional intake requirements. Even in its basic
form, the mentioned model solves a number of practically
important problems: rational nutrition planning, economic
evaluation of diets, and basic automation of calculations. In
this sense, it remains a correct and mathematically rigorous
model [18-19]. However, the classical formulation has

several significant limitations when considered from the
perspective of real-life tasks: ignoring taste preferences,
habits, and cultural characteristics; foods are considered in
isolation rather than as dishes consisting of multiple
ingredients; the linear model may suggest fractional or
excessive quantities of foods; dietary diversity and
repetition over time are not taken into account; rigid and
deterministic parameters (prices, food composition,
consumption norms), which rarely correspond to real-life
conditions.

To overcome these limitations, it's necessary to move
from individual products to dishes. In everyday practice,
people operate with dishes, not individual grams of
ingredients: a diet is formed as a sequence of prepared
meals with their own structure, taste, and context
(breakfast, lunch, dinner). Shifting to dish-level modeling
allows for the integration of recipes as fixed or
parameterized combinations of products, taking into
account technological constraints, repetition frequency,
ingredient compatibility, and user preferences. This
increases the interpretability of results and improves the
practical applicability of models.

Thus, the conducted analysis has shown a number of
remaining methodological limitations and underdeveloped
aspects. Firstly, integrated dietary optimization models at
the dish level are underrepresented, while actual meal
planning is typically carried out in terms of ready-made
dishes. Secondly, the multi-criteria nature of the problem is
often formalized in a simplified manner and does not reflect
all real economic, nutritional, behavioral and technological
factors. Third, a significant limitation of many solutions is
their static nature. The optimization problem is formulated
for a fixed time horizon without a mechanism for revising
the solution as conditions change. User preferences,
changes in health, product seasonality, price fluctuations,
and other factors remain outside the dynamic model. Thus,
there is no mechanism for a rolling planning horizon,
whereby the diet is adjusted as new data becomes available.
Fourth, adaptive learning of user preferences is rarely built
directly into the optimization problem formulation. Fifth,
modern generative models demonstrate high flexibility in
menu generation, but their decisions are not backed by
strict optimization guarantees. They can generate diverse
and personalized recommendations, but they do not
guarantee global optimality and do not provide a formal
structure for explaining the decision. This leads to a
contradiction between adaptability and formal rigor.

Taken together, this means that existing research
predominantly either provides formal rigor without
sufficient adaptivity or provides adaptivity without strict
constraint guarantees. An architecture that integrates these
advantages into a single system is lacking.

Given the identified limitations, developing an
integrated intelligent meal planning system based on a
formalized, dish-level optimization model with a multi-
criteria objective function seems a viable option. This
model should operate in a dynamic, rolling-horizon mode,
provide adaptive learning of user preferences, and maintain
the explainability of decisions through a transparent
optimization core. This architecture combines the rigor of
classical models with the flexibility of modern artificial
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intelligence methods, bridging the identified methodolo-
gical gap and providing a coherent foundation for further
research.

The objective of this work is to develop an intelligent
meal planning system at the dish level, where the core is a
formalized diet optimization model, and the intelligent and
user levels provide adaptation, personalization, and
explainability of decisions.

The proposed information system is designed to for-
mulate diet plans based on a formalized multi-criteria dyna-
mic diet optimization model, expanded to the dish level. A
key feature of the system is that the appropriate mathe-
matical model serves as the computational core, defining
the feasible and optimal solution space, while the intelligent
and user components operate on top of this core. The design
is based on the principle of strict separation of respon-
sibilities between system components, which ensures the
correctness of decisions, scalability, and explainability of
results. The system is implemented as a multi-level archi-
tecture and includes the following logical layers:

e (data layer,

e optimization core layer,

¢ intelligent decision support layer,

e user presentation and interaction layer.

The presence of layers allows us to separate the sto-
rage and preparation of data from decision-making, nume-
rical solution of optimization problems, and interpretation
of results. Fig. 1 shows a conceptual UML class diagram
that clearly demonstrates the key entities of the system,
their functions, and their relationships. Let's briefly review
the contents of each layer.

The data layer is represented by two classes:
UserProfile and Dish. The UserProfile class represents the
system's personalization parameters. It contains user goals,
individual preferences, constraints (medical, ethical, and
taste-related), and a vector of criteria weights for the multi-
criteria objective function. This class is associated with
DietModel and performs the function of parameterizing the
model: it is the user profile that determines the structure of
the constraints and the relative importance of the criteria.
The Dish class describes dishes as alternatives in an
optimization problem. It includes nutrient profile, cost, and
category characteristics.

The optimization core layer consists of three classes:
DietModel, Solver, and Solution. DietModel is the central
entity of the system. It formalizes the mathematical model
for multi-criteria dynamic diet optimization. This class
aggregates the Dish set, obtains parameters from the
UserProfile, generates a constraint system, and constructs
an objective function. Thus, DietModel defines a feasible
solution space but does not perform a numerical search for
the optimum. The Solver class implements the computa-
tional procedure for solving the optimization problem,
producing a Solution object as the result. It is important to
emphasize that the Solver does not interpret the solutions
or modify the model structure; it performs strictly a
computational function. This ensures the autonomy of the
optimization core. The Solution class represents the
outcome of the optimization problem and contains the
selected dishes, aggregated indicators (criterion values),

and the final values of the objective function. This class
serves as an intermediate object between the computational
core and the intelligent layer.
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Y
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+adaptWeights(profile: UserProfile)
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Fig. 1. Intelligent nutrition planning system conceptual UML
class diagram

The decision support intelligent layer is represented
by the Al Assistant class, which implements the system’s
intelligent overlay. This class initiates the execution of the
Solver, analyzes the Solution object, adapts criterion
weights based on the user profile, interprets the results, and
generates explanations. Class relationships: association
with Solver (managing the solution process), association
with Solution (interpreting the result), association with
UserProfile (updating parameters). The intelligent layer
does not interfere with the mathematical structure of
DietModel, but operates within the feasible solution space.

At the presentation and interaction layer, the diagram
has a User class, which represents the end user of the
system and is associated with Al_Assistant.

The presented UML class diagram reflects the
structural organization of the key entities of the system and
the nature of their interactions. At the same time, for a more
complete understanding of the logic of the intelligent
system’s functioning, we should consider its architecture in
terms of logical layers.

The data layer serves as the basis for the formation
and parameterization of the optimization model. It stores
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structured information necessary for creating nutrition
plans and personalizing decisions. This layer does not
contain decision-making logic: its purpose is to provide
reliable and organized data to the upper layers of the
system, including the optimization core and the intelligence
layer. The layer includes the following databases: a product
database, a dish database, a nutrient standards database, and
a user profile database.

The product database contains nutritional information
for each product, including calories, macronutrients, and
micronutrients. It also stores product costs, information on
potential allergens, and seasonal availability. This data
allows for the appropriate planning of meals, taking into
account nutritional value, economic factors, and seaso-
nality.

The dish database includes the ingredients for each
dish, creating a "food-dish" matrix. It specifies standard
portion sizes, cooking restrictions, and categorization of
dishes by mealtimes — breakfast, lunch, dinner, etc. It
ensures the correct combination of ingredients in dishes and
facilitates meal planning.

The nutrient database contains information on daily
and weekly nutrient intake ranges, upper and lower limits
for each nutrient, and energy balance targets. It serves as a
guide for creating diets to ensure that nutrition meets the
user's health standards and energy needs.

The user profile database stores personal data for each
user: their goals (weight loss, weight maintenance, weight
gain), dietary restrictions, including allergies and
individual diets, food preferences, as well as their
consumption history and previously created diets. This
information allows the system to create personalized
recommendations that best suit the user's needs and
preferences.

Structured data at this level enables the dynamic
generation of optimization models for each user and each
scenario. It defines the parameters and constraints for the
core of the system-the diet optimization model-forming
the basis for accurate, personalized, and explainable
decisions.

The central component of the architecture is the
optimization core, represented by the diet model. The
model formalizes the task of meal planning as an
optimization problem, where the variables are the
quantities of dish portions, and the constraints reflect
nutrient, energy, logical, and time requirements. The
optimization core does not contain user logic and does not
interpret the results — it is solely responsible for the
mathematical correctness of the solutions. The model can
be formulated as a mixed-integer linear programming
problem or its extension, depending on the complexity of
the factors considered. The basic version of the model is
described below.

Let's introduce the following notations:

Y. €Z,Y, 20 — number of portions of the k -th dish

included in the diet, k =1,...,K ;
K — total number of dishes;
r, — the amount of product j included in one portion of

dish k, j=1,...,n;
n — total amount of food products;

¢; — unit cost of the j-th product;

a; — the content of nutrient i in one unit of product j,
i=1..m;

m — total number of nutrients;

b™,b™ — minimum and maximum acceptable intake of

the i -th nutrient.
It is suggested to apply the following aggregated
parameters of dishes: amount of the i -th nutrient in the

k -th dish: A, =Z?:la.. r, ; total cost of the k-th dish:

ij
n
C, :Zj:lcjrjk .
The basic single-criteria version of the model is the
following.

Objective  function: minszlekyk; nutrient

- i K .
restrictions: b™ SzkﬂAk Yy, <b™: restrictions on the

number of dishes: 0<y, <Y, ; structural restrictions:

Zszlyk =M, ZkeG Yi <1

Let's consider possible extensions of the basic version
of the model.

Below, we propose a multi-criteria model that
simultaneously considers several, potentially conflicting,
nutritional planning objectives. Unlike single-criteria mo-
dels, this formulation allows us to formalize real trade-offs
between economic, nutritional, behavioral, and consumer
diet aspects.

Generally, the model can be presented as follows:

min f(y) = (f,(y),..., fs(y)) , where f,(y) — g -th opti-
mality criterion, g =1,...,G .

Due to the inconsistency of the criteria, such a
problem typically does not have a single optimal solution
in the classical sense. Instead, a multitude of compromise
alternatives is generated, between which a choice is made
using specialized multi-criteria optimization methods (sca-
larization, e-constraints, Pareto frontier) [20-23].

In the developed system we propose using a scala-
rization method to solve a multi-criteria dietary problem.
This reduces the vector objective function to a single
aggregated function of the form:

. G G
min Zg:lwg f,(y), w, >0, Zg:lwg =1,

where w, —weight of the g -th optimality criterion.

This approach significantly simplifies the compu-
tational implementation of the model and ensures its
compatibility with MILP solvers. However, the key metho-
dological challenge of scalarization is determining the
weighting coefficients reflecting the relative importance of
individual optimality criteria.

To solve this problem, we propose using expert
methods of multicriteria analysis, particularly pairwise
comparison methods. These methods allow us to formalize
the subjective preferences of an expert or user and
transform them into quantitative weights used in the model.
It is assumed that the decision maker is able to express
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preferences between each pair of criteria in terms of relative
importance. The pairwise comparison model is then
defined by so cold square preference matrix:

H=(h),ij=1..,G, h; >0, h; =1, h, =i.

Ji

Matrix H is interpreted as a formalized representation
of expert judgments regarding the importance of criteria.
Based on this matrix, a weight vector is determined that
reflects the aggregated relative importance of the criteria.
Additionally, a measure of the preference matrix
consistency can be considered, allowing one to assess the
internal consistency of expert judgments and, if necessary,
adjust the initial estimates. This ensures the stability and
reliability of the resulting weighting coefficients. Thus, the
pairwise comparison model serves as a link between the
subjective preferences of the user or expert and the
formalized optimization model, ensuring a correct and
interpretable assignment of the parameters of the multi-
criteria objective function [24-26].

The multi-criteria diet model discussed above
describes the meal planning process in a static mode, where
the diet is formed without explicitly considering the
temporal structure of consumption. However, in practice,
nutrition is distinctly dynamic: meals are distributed over
time, nutrient and energy restrictions apply on both a daily
and weekly basis, and the user's preferences and goals may
change.

In the dynamic model, a diet is considered as a se-
quence of decisions y ={y,},.; , where y, describes the set

of dishes consumed at time t. The set of feasible decisions
is formed taking into account time constraints, such as:
daily and weekly nutrient intake standards, restrictions on
the frequency of meal repetitions, requirements for menu
variety over time, cumulative effects (nutrient deficiencies
Or exXcesses).

Accordingly, the vector of objective functions also
acquires a temporal structure and can be written in the
following aggregated form:

min F(y) = (ZteT flt(yt)""’zle-r fe(¥)

Further, the problem can be represented as a problem
of minimizing the weighted sum of aggregated criteria:

. G
T?EIYI‘] ZgzlzteT Wy fgt (yt) )

where f, (y,) — local indicator of diet quality at time t
according to criterion g .

The dynamic multi-criteria model allows for
consideration of trade-offs not only between various
criteria but also between the user's short-term and long-
term goals. For example, a temporary deviation from
energy balance on a particular day can be compensated for
within the weekly plan without compromising overall
nutrient standards. The result is an adaptive nutrition plan
that simultaneously considers the user's short-term needs
and long-term goals.

From the perspective of the architecture of an

intelligent meal planning system, dynamic formulation
creates an expanded solution space within which the intel-
ligent assistant performs:

e consistent adaptation of diets over time;

o recalculation of solutions when user data or

external conditions change;

e support for "what if" scenarios and planning on a

rolling horizon.

Using a sliding horizon mechanism means that
optimization is performed over a limited time interval, after
which the horizon is shifted forward, taking into account
decisions already made and updated information.

Let the planning horizon be P days. At time t, the
system solves a dynamic multicriteria problem over the
interval [t,t+ P], generating a supply plan for several days

in advance. After the solution for the first period is
implemented, the horizon shifts, and the problem is solved
again for the interval [t+1,t+1+P].

This mechanism allows:

e to account for actual dishes consumed;

e to correct accumulated nutrient deviations;

e to adapt to changes in preferences or external

conditions;

¢ to maintain flexibility without having to recalcu-

late the entire long-term plan.

Additionally, a user preference learning mechanism
can be integrated into the dynamic setup. User preferences
are rarely explicitly and statically defined. In a real system,
they are refined as the user interacts with the assistant. This
requires the inclusion of an appropriate learning mecha-
nism.

Let's say one of the model's criteria describes the
discrepancy between the diet and individual preferences:

foer (V,0), where 6 — user preference parameters. During

system operation, these parameters are updated based on
actual dish selections, rejections of proposed alternatives,
satisfaction ratings, and the frequency of repeat selections
for certain categories. Based on the history of accepted and
rejected meal plans, the system adjusts the weighting
coefficients of the multi-criteria objective function and the
penalty parameters for deviations from preferences, ensu-
ring gradual personalization of the model without changing
its basic structure.

The described mechanisms of dynamic optimization,
rolling horizon, and user preference learning are not
implemented directly at the optimization core layer. Their
use requires a separate control layer responsible for
adapting model parameters, reinitializing optimization
problems, and interpreting the resulting solutions in the
context of user goals and behavior. In the architecture of an
intelligent meal planning system, this function is performed
by an intelligent decision support layer, described below.

The intelligent decision support layer adapts, perso-
nalizes, and explains the optimization model's results. It
operates on top of the optimization core and uses the
solutions provided by the solver to generate recommen-
dations that can be directly understood and used by the user.
Unlike the optimization layer, which is solely responsible
for the formal correctness of solutions and the numerical
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solution of the optimization problem, this layer ensures
interpretation, parameter management, and adaptation of
solutions to the user's individual needs. The layer follows a
hybrid approach that combines rule-based reasoning with
lightweight data-driven adaptation mechanisms. Rule-
based components ensure consistency with nutritional logic
and model constraints, while data-driven elements enable
personalization based on user preferences, feedback, and
behavioral patterns. Let's consider the tasks at this layer.

Model parameter adaptation. The layer enables
dynamic adjustment of multi-criteria model parameters,
including weight adjustments in the multi-criteria objective
function based on user preferences, activation or
deactivation of constraints based on individual dietary
requirements, consideration of the user's personal goals,
such as weight loss, weight maintenance, or muscle gain.
The update rule can be defined as:

WHl

ot t
p —Wg+aug,

where u, — user feedback signal;

a — learning rate parameter.

In a rolling horizon context, adaptation is iterative:
model parameters are adjusted as information about the
user's behavior and preferences accumulates.

Solution space navigation. The dynamic model
generates a set of feasible diets, including the Pareto
frontier in multi-criteria settings. The intelligent layer
evaluates and ranks these alternatives using a user-specific
utility function constructed from the adapted weights:

u(y) =Zj:1W; f,(y) . The preferred solution is selected

from the Pareto set Pc Y as y =arg min,_,U(y).

The layer constructs a ranked subset of alternatives to
support comparison, trade-off analysis, and “what-if”
exploration. This enables informed decision-making in an
expanded solution space that reflects both short-term
preferences and long-term user goals.

The task of interpreting and explaining decisions. The
explanation process consists of three sequential stages:
feature extraction from the optimization solution,
transformation into semantically meaningful indicators,
and generation of user-oriented textual explanations. For
each feasible diet plan, the system evaluates the
contribution of individual dishes to objective criteria and
constraint satisfaction. These contributions are directly
derived from the parameters and structure of the
optimization model and therefore remain fully consistent
with the underlying mathematical formulation. Based on
these evaluations, the relative importance of each dish
within the solution is determined, allowing the
identification of key elements responsible for achieving
nutritional balance and satisfying user-defined goals. The
interpretation mechanism is implemented using a set of
deterministic rules that map quantitative indicators to
predefined explanation templates. This enables the system
to generate consistent justifications for dish selection, as
well as to identify feasible substitutions that preserve
nutritional and energetic properties of the diet.

Thus, the intelligent layer serves as a link between
numerically determined optimal solutions and the end user,

transforming the model's formal results into practical
recommendations that are understandable and convenient
for decision-making. This layer enables dynamic adap-
tation, supports "what-if" scenarios, and allows for real-
time consideration of changing user preferences and con-
ditions.

Let's consider the presentation and user interaction
layer. It facilitates communication between the user and the
intelligent meal planning system and serves as an interface
layer over the system's analytical components. The layer
does not contain its own data storage mechanisms or
implement computational optimization logic, but rather
handles query generation, result visualization, and
interpretation of decisions received from the underlying
architecture layers. Architecturally, this layer serves as an
intermediary between the user, the intelligent decision
support layer, and the centralized data layer. All access to
recipe databases, nutrient tables, and user profiles is
handled through the data layer's service interfaces,
eliminating information duplication and ensuring system
integrity. Let's consider it’s main functions.

The user query generation and structuring function
collects input parameters for the nutrition planning task.
The user can specify target indicators (weight loss, fitness
maintenance, weight gain), restrictions (allergies, medical
contraindications, excluded foods), preferences (flavor
categories, frequency of meal repetitions), planning time
horizon, and acceptable deviations from target values. Input
can be performed both in structured form (via parameters
and filters) and in dialog mode. When using text input, the
interpretation module transforms the natural language
query into a formalized set of parameters passed to the
intelligent layer. Thus, the presentation layer performs the
function of parameterizing the multi-criteria optimization
model without changing its mathematical structure.

Interaction with the intelligent layer. After the query
is structured, the parameters are passed to the intelligent
decision support layer, which refines criteria priorities,
adjusts weighting factors, takes into account interaction
history, and generates a problem statement for the opti-
mization core.

The presentation layer does not make dietary deci-
sions independently. It initiates the computational process
and receives from the intelligent layer a pre-processed
result corresponding to the feasible solution space
generated by the optimization core.

Data layer access function. All operations related to
obtaining information about dishes, recipes, nutritional
composition, and user profiles are performed through a
centralized data layer. The presentation layer requests the
necessary data through service interfaces, displays the
received information in a user-friendly format, and
transmits updated parameters back to the system. Data
storage, updating, and consistency are fully supported by
the data layer and are not duplicated in the interface.

Decision visualization and explanation function. After
receiving a decision from the intelligent layer, the user
interface displays the diet plan by day and meal, displays
the nutrient balance, visualizes deviations from target
values, compares alternative options, and explains the
reasons for choosing specific dishes. The explanation
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mechanism is based on the decomposition of the objective
function and model constraints. The user can obtain infor-
mation about the criteria and constraints that influenced the
proposed diet. This ensures the transparency and explaina-
bility of decisions characteristic of intelligent decision
support systems.

Feedback function. The presentation layer also
collects feedback, including: acceptance or rejection of a
proposed dish, request for alternatives, preference adjust-
ments, and satisfaction ratings. The received information is
passed to the intelligence layer, where it is used to
adaptively adjust the model parameters (specifically, the
criterion weights and preference function parameters).

Thus, the presentation layer closes the interaction
loop: user data is fed to the intelligence layer, which
manages the optimization model, and the decision results
are returned to the interface for analysis and selection. This
approach ensures the system's dynamic and personali-
zation.

To illustrate the performance of the proposed
multicriteria model, we consider the problem of creating a
daily diet from a finite set of ten alternative dishes. Each
dish is characterized by the following parameters: energy
value, protein, fat, and carbohydrate content, cost per
portion, and its functional group (breakfast, main meal,
light meal). The goal is to create a daily diet from three
dishes that satisfies established nutrient restrictions. The
diet is created taking into account three optimality criteria:
minimizing the total cost of the selected dishes, minimizing
the deviation of the actual caloric content of the diet from
the target value, and minimizing the penalty for not
including representatives of functional groups in the diet.
The numerical parameters of the problem are formed on the
basis of generalized data contained in open tables of the
chemical composition of food products.

The mathematical formulation of the problem is
presented below:

. K
min(w, >, SV +wed + W30 Z,)
W +W, +W, =1, w,w,,w, >0,
K *
a=[x e,

z, Zl_Zk:gk:g Yi» Z, 20,

where Y, €{0,1} — the number of portions of the k-th dish
included in the diet, k =1,...,K ;

d - deviation of the caloric content of the diet from
the standard value;

z, — penalty for absence of functional groups of

dishes;
K — total number of dishes;
S, — unit cost of the k-th dish;

e, — unit calorific value of the k-th dish;

e” — standard caloric value.

In this case, the following restrictions must be met.
Structural restrictions:

K
Zk:l Yo = 3.
Nutrient restrictions:
0 K
bimln < Zk:lAk yk < bimax ,
where A, — the amount of nutrient i in dish k ;
i=1,..,m, m=3 —total number of nutrients;

b™, b™ — minimum and maximum acceptable

intake of nutrient i .
Calorie restrictions:

min K max
e™ <Y ey, <e™.

To study the influence of the decision maker's
preferences on the structure of the optimal diet, a com-
putational experiment was conducted in the Python envi-
ronment using the PULP library.

During the experiment, the weight coefficient w, was

sequentially varied within the range [0;1]. The remaining
weight was distributed equally between w, andw,. For

each value of w; an optimization problem was solved, and

the values of the key indicators were recorded: the total cost
of the diet, the deviation from the target caloric level, and
the diversity indicator. Based on the obtained results,
graphs were constructed showing the dependence of these
characteristics on the weight w, (see Fig. 2 — Fig. 3).
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The cost graph demonstrates two stable solution
regimes. For relatively small values of w,, the optimal diet

is the one that more closely matches the target caloric
intake, but has a higher total cost. As w, increases, a

transition to an alternative diet with a lower cost occurs.
This transition occurs abruptly upon reaching a certain
threshold.

The graph of deviation from the target calorie value
shows the opposite trend. A decrease in the cost is
accompanied by an increase in deviation from the target
calorie value. This indicates a conflict between the criteria
and confirms the need for a multi-criteria approach.

We do not present here the dependence of diet
diversity on w,, as in the current experiment, this diversity

indicator remains constant. This means that both found
optimal diets have the same structure across meal groups.
Consequently, the diversity criterion in this set of
alternatives does not significantly influence the choice of
the optimal solution, although its inclusion in the model
allows for control over the structural characteristics of the
diet and may play a more significant role when expanding
the set of feasible alternatives. Overall, the analysis shows
that changing preferences between criteria leads to a
transition between several stable structures of the optimal
diet, reflecting the discrete nature of the current multi-
criteria optimization problem.

Conclusions and future research directions. This
paper develops the concept of an integrated intelligent meal
planning system at the dish level, based on a formalized
multi-criteria dynamic optimization model. Unlike the
classic diet problem, where individual products are the
object of optimization, the proposed approach implements
modeling at the level of finished dishes, improving the
practical feasibility, interpretability, and applicability of the
resulting diets.

An analysis of existing research revealed a
methodological gap between knowledge-driven and data-
driven approaches to personalized nutrition. The former
provide mathematical rigor and constraint guarantees, but
have limited adaptability. The latter are characterized by
high flexibility and the ability to incorporate behavioral
data, but do not provide formal guarantees of decision
correctness. The proposed architecture bridges this gap by
integrating a formal optimization core and an intelligent
adaptation layer.

A multi-criteria diet model was developed using a
scalarization method and an expert-based weighting
mechanism based on pairwise comparisons of criteria. This
ensures the formalization of user subjective preferences and
their integration into a rigorous optimization formulation.
Additionally, the model was expanded to a dynamic form,
taking into account the time structure of nutrition,
intertemporal constraints, and a sliding planning horizon
mechanism.

A multi-layered system architecture is proposed,
including a data layer, an optimization core, an intelligent
decision support layer, and a user interaction layer. A clear
division of responsibilities between the components
ensures scalability, modifiability, and explainability of the
system. The intelligent layer implements adaptation of

model parameters, navigation in the solution space, and a
preference learning mechanism without disrupting the
mathematical structure of the problem.

Thus, the developed approach forms a holistic
theoretical and methodological basis for the construction of
intelligent personalized nutrition planning systems that
combine the rigor of optimization methods with the
adaptability of modern artificial intelligence technologies.

Promising areas for further research include
experimental validation of the model on real user data;
integration of stochastic factors; and the use of robust and
stochastic optimization methods. In addition, the
preference learning mechanism can be extended using data-
driven approaches to improve the adaptation of criterion
weights over time. Further development of the intelligent
decision-support layer, particularly the explanation
module, is also of interest, including the use of advanced
natural language generation techniques to enhance the
quality and interpretability of recommendations. Finally,
future work may focus on the development of a prototype
software implementation of the system and its comparative
evaluation with existing solutions.

Declaration on the use of generative Al. During the
preparation of this work, the authors used ChatGPT and
Grammarly for grammar and spell checking, as well as for
rephrasing and reformulating the text. After using these
tools, the authors reviewed and edited the content as
necessary and take full responsibility for the content of this
publication.
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IHTEJEKTYAJIbHA CUCTEMA IVIAHYBAHHSI JIETU HA PIBHI CTPAB HA OCHOBI
ONTUMIBALIIMHOI MOJIEJI

VY cTaTTi po3rIAHYTO HPOOJEMH CTBOPEHHS Ta BIPOBAKECHHS IHTEJEKTYaJIbHMX CHUCTEM IE€PCOHAII30BAHOrO IUIAaHYyBaHHS XapuyBaHHsA. CydacHi
JIOCITIJDKEHHS y Wil Taimy3i IEMOHCTPYIOTh ITepexis BiJ KIacHYHMX (opMalti3oBaHHX MOZAENEH Ai€eTH 0 TiOPUIHMX apXiTeKTyp, IO NMOEIHYIOTH JBi
MeTozonoriyni napagurmu: knowledge-driven Ta data-driven migxomu. [Ipote Mixk HUMH iCHY€e NEBHUI METOOIOTIYHUM pO3pHB. Moeri, OpieHTOBaHi
na 3uauHs (knowledge-driven), 3abe3medyioTh MaTeMaTHYHY CTPOTICTh i TAPAHTYIOTh IOTPUMAHHS HYTPIMiHHUX Ta PECYpPCHUX OOMEKEHb, OJHAK
3a3BHYail MaroTh OOMEXKEHY aJalTHBHICTb i mepcoHaisarit. HatomicTs migxonm, opienToBani Ha nawi (data-driven), 30kpema cydJacHi reHepaTHBHI
MO/IeJi, IEMOHCTPYIOTh BUCOKY THYUKICTb 1 3JaTHICTh BPaXOBYBATH ITOBE/IIHKOBI JlaHi, aje He 3a0e3MneuyoTh (POpMabHUX TapaHTiid ONTUMAaIbHOCTI Ta
BHUKOHAHHS 0OMexeHb. Lle mpoTupiyus 3yMoBIIO€ HEOOXIIHICTh PO3POOIICHHS IHTErPOBAHOI 1HTEIEKTYaIbHOT CUCTEMH IIJIAaHYBAaHHS XapyyBaHH, SKa
TIO€THYE TIepeBark 000X MiXoiB. MeToro JIOCiKeHHS € CTBOPEHHS iHTeNeKTyalbHOI CHCTEMN TUIaHyBaHHS XapdyBaHHS Ha PiBHI CTPaB, SAPOM SKOT
€ ¢opmarizoBaHa OaraTokpuTepiagbHa ONTHMI3alliliiHa MoJenb Aietd. Ha BiAMiHY BiJ KIacH4HOI 3aiadi Ji€TH, JI¢ ONTHUMI3allisl BUKOHYETHCS 100
OKpEMHUX XapyOBHUX IPOAYKTIB, 3aIPOINIOHOBAHHUHN MiJIXiJ MOJEIIOE Xap4yBaHHS Ha PiBHI TOTOBHX CTpPaB, LIO IMiJBUIILYE MPAKTUYHY peasi30BaHiCTh,
IHTEPIPETOBAHICTh Ta 3py4HICTh BUKOPUCTAHHS OTPHMMAHUX AIETHYHHUX IUTaHiB. MaTeMaTH4IHa Mo/ielb (JOPMYITFOETBCS SIK 3a/]a4a OaraToKpUTepiaabHOl
ONTHMI3allii, y sIKiif 3MiHHI PilICHHS MPEACTABISIOTH KIIbKICTh MOPLIi CTpaB, TOAI K OOMEKEHH BiJOOpa)aroTh HyTpilliliHi, eHEpreTUY Hi, JIOTIUHI Ta
4acoBi BUMOTH. 3alIPOIIOHOBAaHA MOJIEIIb Pealli3oBaHa B MeXax 0araTopiBHEBOI apXiTEKTypH CHCTEMH, IO CKJIAJA€ThCS 3 PIBHS IaHUX, ONTHMI3aIiiHOTO
71pa, 1HTEIEKTYa bHOTO PiBHS IMiATPUMKH TNPUHHATTS PIllleHb Ta PiBHSA B3aeMOJIl 3 KopucTyBadeM. OnrTumizamiiiHe A1po 3abe3nedye MaTeMaTHIHy
KOPEKTHICTh i OOYMCIICHHS ONTUMAJBHHUX PIllleHb, TOMI SK IHTENEKTYyaJbHUIl piBeHb 3a0e3Medye ajanTaliiio, NepCOHANI3AI0 Ta IHTEpPIPeTaLiio
pe3ynbTatiB. Moenb Takoxk PO3LIMPEHO A0 JUHAMIYHOI QOPMH i3 BUKOPHCTAHHSIM KOB3HOTO FTOPHU30HTY IIAHYBAHHS, 1110 103BOJISE OHOBIIFOBATH ILIAH
XapuyBaHHs y Mipy HaJXO/PKEHHsS HOBHX JaHUX Ta 3MiH KOPHCTYBAIbKHUX Yrono6ans. OOUMCITIOBANIBHI €KCIIEPUMEHTH TTPOAEMOHCTPYBANH, 110 3MiHa
Bar KpUTEpilB MPHU3BOAUTH 10 MEPEXOJiB MiX KiIbKOMa CTaOlIbHUMH ONTHMAILHUMH CTPYKTYpAaMH PallioHy, IO BiZoOpaXkae ITUCKPETHY MPHPOLY
PO3MIISIHYTOT 3a1a4i OaraTOKpUTEpianbHOT ONTHMI3aIli.

Korouoi cioBa: rutaHyBaHHs XapdyBaHHS, Ji€Ta, MOJENb Ha DIiBHI CTpaB, CHCTeMa MiATPHMKH NMPHHHATTS pilleHb, GaraToKpHTepiaabHa
ONTHMI3allist, TIOPUAHI CUCTEMHU ITYYHOTO IHTEIEKTY, PEKOMEHAliHI CUCTEMH.
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