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ABSTRACT

Artificial intelligence (AI) and machine learning (ML) methods are increasingly applied across various
domains of nutrition science and dietetics. This paper provides a thematic overview of the key research and
practical applications, including image- and sensor-based tools for dietary intake assessment, predictive
models used in food production and safety, public health and epidemiological applications, and precision
nutrition strategies in clinical diagnostics and therapy. It also addresses the integration of diverse data
sources and the recognition of complex biological patterns, while also highlighting ethical, legal, and data
protection challenges.
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1. INTRODUCTION

The emergence of artificial intelligence (AI) in nutrition science marks one of the most signif-
icant innovations of the past decade. Al technologies are becoming increasingly sophisticated
and accessible, playing a pivotal role in the development of novel models for dietary data
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processing, prediction, and personalisation. The aim of this paper is to provide a thematic - not
exhaustive — overview of the principal applications of artificial intelligence in nutrition science.
The review is based on keyword searches conducted in PubMed and Google Scholar, as well as
publications retrieved via the natural language search engine Scite.ai in July 2025, using the most
frequent and thematically central keywords identified in the literature (Fig. 1), such as
‘nutrition’, ‘diet’, ‘precision nutrition’, ‘obesity’, ‘microbiome’, ‘metabolism’, ‘prediction’,
‘machine learning’, and ‘artificial intelligence’. It briefly summarises current findings and out-
lines directions for future research and practical implementation, drawing on the most relevant
sources from these searches.

2. OVERVIEW OF ARTIFICIAL INTELLIGENCE IN HEALTH AND NUTRITION

Artificial intelligence is an umbrella term encompassing various machine-based algorithms
capable of learning from data, making predictions, and supporting complex decision-making

epideggiology smaking
oxidatige stress mogslity
mendelian g@pdomization
iffBmmation
Prevglence deprésion
pregpancy
body-m@s index
Y women
bionigrkers adults patterns
dietany fiber
ovenyel i population
rweight diggase
_ metaapalysis
metaboli drome * geneticalgorithm
& cardiovasqilar disease health
consumption validation imgact
brain
adoloscents
i 7 bagteria
obgsity assoclation ciassigpation
insulin-rgsistance genome Wit assoclation mic‘me
children
o negon
physicaliactivity genatype cancer met*llsm regr@ssion
prevention
genetic disk score SIS selagtion
G 3 ;
¢ i expression predigtion g gy,
mediterigpean diet diet waits
machinglearning
polym@gphism . -Body-composition hypértension management pratein
nutrigenetics gene
personaliged nutrition
dha methylation divegsity
weigiiloss N . artificial ingelligence _perfonance identifigation "
i
stiganoml precisiogihutrition y

metabglomics precisioninedicine

metagenomics

Fig. 1. Keyword co-occurrence network of Al in nutrition science.
Nodes represent keywords, with node size proportional to frequency of occurrence; links indicate
co-occurrence relationships, and clusters denote thematic groupings in the literature (adapted from
Ferreira et al., 2025)
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processes. In nutrition science, Al tools primarily employ machine learning (ML) techniques —
including supervised, unsupervised, and reinforcement learning - alongside deep learning (DL)
based on artificial neural networks, and natural language processing (NLP) methods for a range
of dietetic, research, and healthcare purposes. Al can extract interpretable patterns from un-
structured data, providing a foundation for predictive nutritional modelling. These systems
complement traditional tools in nutrition science, supporting real-time monitoring of health
status and optimisation of dietary decisions (Miyazawa et al., 2022).

Machine learning - particularly supervised learning — is well-suited for monitoring dietary
habits, nutrient intake, and predicting health risks. Deep learning models, especially convolu-
tional neural networks (CNNs), are especially effective in image-based food recognition and
portion size estimation (Dalakleidi et al., 2022). These technologies enhance the accuracy and
reproducibility of dietary data, particularly in the context of mobile applications and digital food
diaries. However, so-called “black box” models — whose inner workings and decision-making
logic are opaque or not readily interpretable by humans - are of limited use in clinical settings,
which is driving a growing demand for explainable AI (XAI) techniques (Kassem et al., 2025).

Al-based systems are capable of processing large and complex datasets (e.g., dietary records,
biological markers, images), uncovering associations, making predictions, and automating per-
sonalised decision support. While most such systems are currently in the research and
development phase, they hold considerable future potential. Nevertheless, clinical applicability
is limited by the frequent lack of interpretability and by data privacy concerns, which present
significant regulatory and ethical challenges (Sosa-Holwerda et al., 2024).

Al and ML technologies enable automated identification of dietary patterns and prediction
of health status, opening new horizons in preventive nutrition. Although predictive models are
typically tested on validated datasets (e.g., National Health and Nutrition Examination Survey -
NHANES 2007-2010), these often underrepresent cultural diversity within populations, and
dataset biases pose a major challenge to the generalisability of models (Theodore Armand
et al., 2024).

3. DOMAINS OF APPLICATION IN NUTRITION SCIENCE

This section provides an overview of the principal domains in which artificial intelligence is
applied in nutrition science, with particular emphasis on those research and practice areas where
Al technologies show considerable developmental potential.

3.1. Al in nutrition science and research

Al technologies offer a wide range of novel opportunities in nutrition research, from improving
dietary assessment and food recognition to advancing microbiome analysis. The following sub-
sections outline the key applications and related challenges.

3.1.1. Dietary assessment and food recognition. Traditional methods for assessing food and
nutrient intake - such as 24-h dietary recalls or food diaries - are often prone to bias.
AT technologies offer promising alternatives, particularly through real-time, image-based, and
sensor-based monitoring and documentation, which reduce human intervention and enhance
the objectivity and accuracy of estimating actual food consumption (Zheng et al., 2024).
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Dietary assessment tools designed for specific target populations (e.g., children, adolescents,
healthy adults, pregnant women) may vary considerably in both functionality and language to
accommodate age- or physiology-specific needs. Image-based systems (e.g., food recognition using
mobile photographs) and sensor-based tools (e.g., motion, jaw movement, or voice recognition)
are effective in tracking food consumption and nutrient intake (Phalle and Gokhale., 2025).

The direct relationship between Al-based dietary estimations and health outcomes remains
underexplored, limiting their use in clinical and public health practice. Further research and the
development of standardised validation protocols are needed. Most AI systems developed thus
far focus on estimating intake of macronutrients, with micronutrient intake less frequently
assessed, and biomarkers rarely incorporated to enhance the reliability of intake estimates (Cofre
et al., 2025).

Accurately determining the quantity and quality of consumed foods and meals is essential
for calculating energy and nutrient intake. Estimating food volume using reference objects,
stereo cameras, or 3D reconstruction algorithms is technically promising, but practical appli-
cation - particularly on mobile devices - remains challenging and often lacks sufficient accuracy
(Tahir and Loo, 2021).

Image-based food recognition systems typically estimate portion size through a combination
of image segmentation, classification, and volume estimation, often relying on 3D reconstruc-
tion or reference objects. Public food databases are crucial for training Al-based systems, but
their heterogeneity and cultural limitations may reduce the reliability of dietary assessments
(Dalakleidi et al., 2022). Nevertheless, recent advances in deep learning techniques have
significantly improved food recognition accuracy, even for heterogeneous food types (Konstan-
takopoulos et al., 2024).

3.1.2. Nutrigenomics, metabolomics, and biomarker integration. Nutrigenomics investigates
how genetic variations influence individual responses to nutrients, offering a framework for
uncovering complex relationships among dietary factors, particularly in the context of neuro-
logical disorders. The gut microbiota contributes to the regulation of cognitive function through
neural, endocrine, and immune mechanisms. Personalised dietary interventions targeting gene
expression and the gut-brain axis may enhance cognitive performance and reduce the risk of
neurodegenerative diseases. Future directions in this field will be shaped by the joint advance-
ment of omics technologies (genomics, epigenomics, metabolomics, proteomics) and artificial
intelligence, enabling integrated analysis of large biomarker datasets (Waheed et al., 2024).

Al-driven analysis of omics data can identify metabolite patterns that support early detec-
tion, prediction, and monitoring of metabolic diseases such as type 2 diabetes, obesity, and
non-alcoholic fatty liver disease (NAFLD). Pharmacometabolomics focuses on the relationship
between metabolic profiles and pharmacological responses, facilitating the prediction of
treatment outcomes and optimisation of individualised drug dosing (Singh et al., 2023).
This principle is illustrated in Fig. 2, which contrasts the conventional “one size fits all” model
with a personalised, omics-driven approach that integrates Al-based analysis to enhance efficacy
and reduce toxicity.

Beyond genetic characteristics, complex data derived from diverse biological matrices (e.g.,
blood, urine, saliva, stool, tissues) can be interpreted as biological fingerprints reflecting an
individual’s current physiological state. Al-based analysis of metabolite profiles presents new
opportunities for applying precision nutrition (PN) in clinical settings (Catussi et al., 2024).
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Fig. 2. From conventional “one size fits all” to personalized nutrition and medicine.
The figure contrasts uniform conventional care with individualised approaches supported by omics data
and Al (adapted from Singh et al., 2023)

3.1.3. Gut microbiome analysis. The gut microbiome is closely linked to nutrition, health
status, and numerous metabolic processes. Leveraging big data and bioinformatics tools,
artificial intelligence - often referred to in this context as Biomedical Industry 4.0 - enables
integrated evaluation of microbiome and dietary data, and supports targeted microbiome
modulation to develop individualised nutritional strategies. This approach may contribute to
maintaining optimal health as well as to the prevention and treatment of diet-related chronic
diseases, although its effective implementation still requires substantial technological advance-
ment (Yesilyurt et al., 2022).

Microbiota composition is influenced by a range of factors (e.g., diet, medications, environ-
mental exposures) and directly impacts nutrient metabolism, immune responses, and inflam-
matory processes. Dysbiosis, or microbial imbalance, has been associated with obesity and
chronic diseases. The gut microbiome can modulate food intake and metabolic homeostasis
by affecting hormonal regulation of hunger and satiety. Artificial intelligence enables analysis of
the microbiome’s composition and its complex interactions with the host, providing a founda-
tion for the next generation of personalised dietary recommendations (Saxena et al., 2024).

3.1.4. Nutrient-drug interaction studies. Drug—food interactions (DFIs) represent a critical yet
underexplored area. Advanced Al algorithms (e.g., XGBoost, neural network-based models),
trained on specialised food and drug databases such as DrugBank and FooDB, can classify
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compounds based on their chemical structures and effectively predicting potential DFIs. This
facilitates the generation of clinically relevant warnings (Kha et al., 2023).

Graph-based DFI network analysis, applied to large-scale data sources, can reveal complex
interactions - such as molecular communications spanning diet-microbiome-drug-food-drug
pathways — within a pharmacomicrobiome framework. This provides a valuable tool for more
precise mapping of clinically significant interactions and supports safer decision-making in
personalised medicine (Roy et al., 2022).

3.2. Al in food production and food sciences

Food production and food sciences are rapidly integrating artificial intelligence (AI) technolo-
gies, which offer new opportunities for optimising production, improving quality and safety, and
achieving sustainability and economic goals. Al enables complex analysis of large and hetero-
geneous datasets, the development of predictive models, and automated decision support,
thereby increasing the efficiency of food system processes. The following subsections review
the role of Al in food production, safety and quality control, and its influence on innovation and
market trends.

3.2.1. Food production optimisation and development. In food production, rising population
demands pose significant challenges to the efficiency and sustainability of conventional agricul-
tural systems, compounded by climate change, environmental degradation, and pest pressures.
AT supports predictive modelling and data-driven optimisation to improve the efficiency and
adaptability of agri-food systems. During the pre-production phase, Al can optimise soil quality,
seeding schedules, and weather forecasting. It also supports pest and disease detection (e.g., via
drone technology), autonomous harvesting, reduced energy use and waste during processing,
and improved logistics and product traceability throughout distribution. In the food industry,
AT facilitates predictive quality control (e.g., through next-generation sequencing), product
development, and analysis of consumer demand. Specific Al applications in food production
include 3D food printing and the use of “electronic nose” and “electronic tongue” algorithms
(Aghababaei, 2025).

AT also contributes to sustainability objectives by optimising water usage, improving harvest
timing, enhancing resource efficiency, and reducing the ecological footprint of production. As a
result, it can help make agricultural systems more sustainable and resilient, while strengthening
global food security (Raliya, 2024).

3.2.2. Food safety and quality control. The chemical composition of food extends far beyond
currently known nutrients and bioactive non-nutrient compounds. Of the more than 26,000
identified components (records of FooDB open-access database), the majority remain unquan-
tified and are considered part of the so-called “nutritional dark matter.” The complex food
matrix - including novel compounds formed during processing — can influence physiological
effects through synergistic or antagonistic interactions. Using data from published food chem-
istry studies, machine learning enables “foodome”-based mapping strategies that can function as
a form of chemical barcode. When linked to individual genetic variation and medical history,
such data open new avenues for personalised and therapeutic applications of nutrition (Barabasi
et al., 2020).
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The fourth category of the NOVA food classification system includes products that contain
chemically modified ingredients and specialised additives (e.g., flavour enhancers, colorants,
emulsifiers) typically absent from home-prepared meals. With the exception of infant formulas,
which are produced and controlled according to extremely strict requirements, ultra-processed
foods not only have poor nutritional profiles but also contribute — when overconsumed - to the
development of numerous diet-related conditions such as obesity, metabolic syndrome, and
certain cancers. The core issue lies not in processing per se, but in the extent of ultra-processing,
which displaces whole foods and generates public health, economic, and cultural harm
(Monteiro et al., 2019).

Processing significantly alters the nutrient content and structural complexity of foods. Ma-
chine learning analyses based on objective measurements can predict the degree of processing.
The FoodProX algorithm, together with a calculated index based on nutrient and metabolite
content, classifies foods into the four NOVA categories, enabling reproducible and objective
classification. The analysed metabolites include both polar (e.g., amino acids, nucleotides) and
nonpolar compounds (e.g., fatty acids, carotenoids); mass spectrometry-based profiling also
detects numerous unannotated features, reflecting the exploratory nature of untargeted metab-
olomics despite the use of extensive reference libraries (e.g., METLIN, MoNA). Epidemiological
analyses (e.g., from NHANES 1999-2006 and 2007-2010 data) show that consumption of foods
with high FPro index values - indicating greater ultra-processing - is positively associated with
increased risk of various metabolic diseases, particularly when accounting for the individual
gram-weighted contribution of such foods to total intake (iFProwg) (Menichetti et al.,
2023, 2024).

Climate change, globalisation, and emerging technologies have introduced novel food-
related risks that traditional risk assessment systems are often unable to detect or predict in
time. Machine learning models that integrate meteorological, microbiological, sensory, and
commercial data can greatly improve the reliability of risk forecasting and support proactive,
predictive protection of the food supply chain. Effective implementation requires international
collaboration among regulatory authorities, private-sector actors, and stakeholders across the
food production and distribution sectors (Mu et al., 2024).

In the food industry, Al supports the detection of chemical, biological, and physical con-
taminants, enables rapid and accurate interventions when combined with real-time sensing
technologies, and helps identify functional properties such as antioxidant capacity or probiotic
activity, thereby supporting the development of health-promoting foods (Yang et al., 2025a).
Food fraud represents a serious global challenge, as conventional inspection methods are time-
consuming and expensive. Advanced analytical and sensor technologies — such as spectroscopy,
chromatography, DNA barcoding, and biosensors - combined with Al-based data analysis
enable rapid and sensitive detection of adulteration. These algorithms enable automated,
high-resolution pattern recognition, risk prediction, and anomaly detection, thus contributing
to proactive protection of the food system (Sharma et al., 2024).

Barriers to the widespread adoption of Al-based systems in the food industry include high
initial investment costs, concerns about data security, and unresolved ethical and regulatory
challenges. Successful implementation depends on interdisciplinary collaboration and the estab-
lishment of transparent technological protocols (Zatsu et al., 2024).

Conventional food research and development processes are often time-intensive, costly, and
resource-demanding. Al, by leveraging large datasets, enables predictive modelling of new foods,
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flavours, textures, and nutrient profiles via “in silico” experimentation. This accelerates innova-
tion and makes food system development more accessible, including for smaller research groups
and enterprises (Kuhl, 2025).

AT also exerts a notable economic impact on the food sector. It supports consumer prefer-
ence analysis, sales trend forecasting, product development, inventory management, quality
assurance, and food safety. It can even analyse the emotional content of social media posts to
predict consumer behaviours. The Industry 5.0 paradigm emphasises the synergy between
AT and biotechnology, enabling the use of biological sensors for monitoring and controlling
production processes, thereby enhancing food safety and quality (Nikolola-Alexieva, 2024).

3.3. Al in public health nutrition

In the field of public health nutrition, artificial intelligence offers a range of innovative solutions.
It supports nutritional epidemiological research, facilitates the planning and monitoring of
personalised dietary interventions, enhances the effectiveness of educational and interventional
programs, and contributes to improvements in food security and global nutritional equity. Al-
based systems enable complex data analysis, predictive modelling, and decision support,
providing new tools to address public health challenges.

3.3.1. Nutritional epidemiology. Nutritional epidemiology aims to identify associations
between diet and disease using large-scale data. Traditional statistical methods are often inad-
equate for capturing complex, nonlinear relationships between variables or for managing
confounding factors. Artificial intelligence and machine learning approaches offer promising
ways to overcome these limitations — for example, by imputing missing data or developing
predictive models. However, their application requires careful design and validation to ensure
scientific reliability and interpretability of results. More advanced deep learning models may also
be suitable for analysing nutritional image data (Russo and Bonassi, 2022).

A key concern among health professionals is that data from nutrition-related mobile appli-
cations are often inaccurate or self-reported, leading to deviations and biases when compared
with measured data, thereby limiting clinical applicability. For these tools to evolve into practical
decision-support systems, it is essential to base them on scientifically validated principles, use
appropriate local databases, and ensure secure data handling (Vasiloglou et al., 2020).

In 2020, a smartphone-based dietary diary application was introduced that uses artificial
intelligence to analyse food images and automatically generate corresponding nutrient profiles.
The app also enables both qualitative and quantitative corrections of detected foods, thereby
improving data accuracy. Test participants reported positive experiences regarding the
simplicity, speed of data entry, and user-friendliness of the app. Although statistical differences
were observed between the app results and those of a conventional three-day food diary, these
differences were considered moderate in practical terms, and user preference for the app was
clearly favourable (Ji et al., 2020).

3.3.2. Personalised nutrition and precision diet planning. Digital technologies in precision
nutrition can be categorised into three main areas. The first involves food photography and
Al-based food recognition, which facilitate dietary logging, enable real-time data capture, and
improve recall accuracy. The second comprises various sensors that automate the tracking of
eating behaviour and the estimation of nutrient intake. These include physical sensors such as
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electromyographic glasses, piezoelectric and acoustic detectors for monitoring eating move-
ments, chewing, and swallowing, as well as smart utensils and environmental cameras.
The third area comprises Al-driven personalised nutrition programs that integrate genetic in-
formation, biochemical markers, and gut microbiome data (Mortazavi and Gutierrez-
Osuna, 2021).

A paradigm shift is underway in nutrition science, moving from generalised dietary guide-
lines toward personalised diet planning. Algorithms that incorporate individual preferences,
habits, and health goals can generate tailored dietary recommendations that dynamically adapt
to user feedback. Such systems are already widely used in areas like fitness apps, activity tracking
platforms, and diet-planning tools. However, designing personalised diet planning tools for
children presents specific challenges due to age- and nutrition-specific requirements (Sharma
and Gaur, 2024).

Chemical sensors — including continuous glucose monitoring (CGM) systems, breath ana-
lysers, sweat and saliva detectors — estimate nutrient intake through biomarkers, allowing for the
generation of personalised dietary advice. Systems based on computer vision and neural net-
works can identify foods and estimate nutrient content via image processing, which may
be further refined through integration with mobile apps and wearable data collection tools.
However, such Al nutritionist systems can only be ethically deployed if developed according
to professionally validated protocols and strict data protection standards (Liang et al.,, 2024;
Ferreira et al., 2025).

Precision nutrition systems are most commonly used to predict and manage metabolic
disorders such as diabetes and obesity. AD’s predictive and pattern recognition capabilities are
also particularly valuable in cardiovascular disease and certain cancers, such as colorectal cancer.
However, broad clinical validation is generally still lacking, and equitable application requires
attention to minority and cultural considerations (Wu et al., 2025).

In recent years, the use of large language models has further expanded the potential for
automated personalised diet planning. Algorithms based on fuzzy logic - a form of reasoning
that allows for degrees of truth rather than binary yes/no decisions — can account for uncertainty
in nutritional parameters (e.g., “moderately high fat intake”), perform rule-based food pre-
screening and refinement, and optimise meal plans by integrating individual preferences with
omics data. This enables greater efficiency and flexibility than manual diet planning, even when
multiple objectives - health, nutritional, or preference-related — must be considered simulta-
neously (Amiri et al., 2023).

Natural language models can also be used to generate structured dietary plans. For example,
variational autoencoders (VAEs) can create digital profiles by transforming user data into a
latent space — a compressed feature representation that captures meaningful patterns in indi-
vidual health characteristics and dietary-nutrient targets. This structured representation serves
as input for generating personalised meal plans. ChatGPT integration allows the system to
express dietary recommendations in natural language and offer equivalent meal alternatives,
thereby enhancing user experience and practical applicability (Papastratis et al., 2024).

3.3.3. Nutrition education and intervention. Al-based interactive platforms provide opportu-
nities for delivering personalised nutrition education aligned with WHO guidelines. These tools
enhance user engagement and learning outcomes, while also fostering positive changes in
nutritional attitudes. More advanced applications can be integrated into school curricula,
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supporting long-term health promotion - particularly when they incorporate age-appropriate
gamification features, virtual advisors, and feedback systems. However, for both children and
adult users - especially those from disadvantaged populations - it is essential to address the
digital divide, algorithmic bias, data security, and ethical compliance (Ojo et al., 2025).

Generative Al is playing an increasingly prominent role in dietetics education and the
development of communication skills. Traditional training with human patients is costly and
time-intensive. The Authentic Teaching and Learning Application Simulation (ATLAS) plat-
form enables students to practice realistic scenarios with voice-controlled, Al-based virtual
patients. These virtual patients are programmed based on clinical cases and incorporate per-
sonality traits, communication styles, and nonverbal cues. The system can provide feedback on a
lack of empathy or even simulate a “disengagement” response, thereby enhancing the realism of
the learning experience (Barker et al., 2024).

3.3.4. Food security and global nutrition. Achieving global, sustainable food production,
transforming dietary habits, and developing high-quality diets tailored to diverse population
needs require multidisciplinary approaches and advanced technologies. Artificial intelligence
supports the optimisation of soil and water management, increases crop yields, reduces envi-
ronmental impact, and mitigates damage from weather, pests, and disease. In the distribution
and consumption chain, it enables real-time quality control, food labelling, consumer informa-
tion, and behavioural analysis, while in waste management, it helps reduce losses through
predictive modelling and sensor-based solutions (Namkhah et al., 2023).

Modern food bank systems allow for the dynamic alignment of food surpluses with social
need. Such advanced Al-driven platforms can play a crucial role in reducing social inequalities,
particularly in addressing undernutrition, poverty, and food waste. Al can forecast demand,
optimise donation opportunities, and increase donor confidence through transparent systems
(Yang et al., 2025b).

Artificial intelligence and natural language processing tools can also rapidly identify
geographic patterns of food insecurity by analysing social media data. Such analysis can reveal
needs for aid and the mental health impacts linked to gaps in food access — such as anxiety,
stress, or changes in eating behaviour. This can offer actionable insights for decision-makers and
support the development of complex intervention strategies (Martin et al., 2022).

3.4. Al in diagnosis and treatment of nutrition-related diseases

Clinical applications of artificial intelligence provide new opportunities for more accurate risk
prediction and personalised therapeutic strategies for nutrition-related diseases.

3.4.1. Disease risk prediction and early detection. Artificial intelligence and machine learning
offer promising tools for personalised risk estimation of coronary artery disease (CAD), partic-
ularly when accounting for the interaction between dietary factors and gut microbiome compo-
sition. Combined AI/ML models - given sufficient data quality and standardisation - may
outperform current prediction systems such as the Framingham Risk Score (FRS) or the Sys-
tematic Coronary Risk Evaluation (SCORE). These data-intensive, personalised approaches can
integrate complex multivariable inputs - including nutritional, genetic, and microbiome data -
thereby supporting more effective clinical decision-making (Vilne et al., 2022; Kasartzian and
Tsiampalis, 2025).
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In patients with type 2 diabetes (T2DM) and diabetic kidney disease (DKD), the risk of end-
stage renal disease (ESRD) has traditionally been estimated using general clinical parameters
such as age, sex, glycaemic control, and blood pressure. However, a machine learning-based
model has demonstrated that key additional predictors include nutritional status, anaemia, and
renal function indicators — parameters that, when combined, enhance the predictive accuracy for
ESRD risk (Zou et al., 2022).

3.4.2. Precision nutrition for disease management. Maintaining long-term motivation is one
of the main challenges in weight management programs. An empathy-enabled chatbot
(SlimMe), which combines calorie estimation based on nutritional databases with behaviour
change techniques, has shown promise in facilitating personalised weight management. One
study found it to be a useful tool in personalised, empathic nutrition counselling, particularly in
fostering user engagement and behaviour modification (Rahmanti et al.,, 2022).

In another study, personalised weight-loss meal plans generated by ChatGPT (4.0) for hy-
pothetical patients were compared with control diets used at two major clinical institutions.
According to evaluations by dietitians, physicians, and nurses, the Al-generated plans generally
met expectations for effectiveness, balance, variety, and practical applicability. However, in more
complex dietetic cases — such as those involving multiple comorbidities — or in situations
requiring precise individual dosing, the limitations of Al-based dietary decision support became
more apparent, reinforcing the indispensable role of clinical dietitians (Kim et al., 2024).

Malnutrition remains an underdiagnosed and complex condition. Automated systems based
on machine learning can provide valuable support in its recognition and management. With
adequate clinical validation, these models may help identify malnutrition risk early, analyse
clinical documentation, and support personalised nutritional interventions (Janssen et al., 2024).

While general dietary guidelines are useful for the majority of the population, they often fail
to account for individual needs and psychological factors that influence dietary behaviour. This
limits their applicability for individuals living with obesity. There is an urgent need for targeted,
specific recommendations and advanced tools aligned with these to improve the effectiveness of
nutritional interventions (Marsall et al., 2023).

Childhood obesity is increasing worldwide, yet due to the heterogeneity of individual dietary
responses, standard recommendations are often inadequate. Artificial neural networks (ANNs)
may more accurately model the relationship between the microbiome and glycaemic responses
than traditional prediction formulas, thereby improving disease risk prediction and enabling
personalised dietary interventions. However, relevant data for paediatric populations are limited,
and further research is needed to develop effective AI models. This conclusion was reinforced by
a later review focusing on precision nutrition algorithms for managing obesity in children and
adolescents (0-19 years) (Milani et al., 2021; Huey, 2025).

Pathogenesis of inflammatory bowel diseases (IBD) - particularly ulcerative colitis and
Crohn’s disease - involves complex interactions between genetic, environmental, and immuno-
logical factors, with gut dysbiosis playing a critical role. Precision nutrition and targeted dietary
strategies based on genetic and microbiome differences can reduce inflammation, improve
clinical status, enhance predictive disease monitoring, and support the design of individualised
nutritional interventions (Baldi et al., 2025). Machine learning models can support the identi-
fication of malnutrition, predict enteral feeding intolerance (EFI), and detect early-stage sarco-
penia (Singer et al., 2023).
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Early identification of metabolic syndrome (MetS) and cardiometabolic diseases, along with
accurate risk stratification, is essential for effective intervention. Al-based tools enable the in-
tegrated analysis of multisource data—including clinical parameters, genetic and omics informa-
tion, and environmental factors - resulting in more sensitive prediction models. Liu et al. (2025)
highlight that although these models are promising, they often operate as “black boxes,” which
limits their clinical acceptance and underscores the need for population-specific validation.
Guasch-Ferré et al. (2025) further emphasise that AI- and big data—driven systems can uncover
complex interactions between genotype and environment, identify epigenetic changes and diet-
modifiable gene expression patterns, and elucidate the role of the gut microbiome in modulating
metabolic and inflammatory responses. This significantly enhances prediction accuracy and
validity for both prevention and treatment.

Precision nutrition has become indispensable for prevention, risk prediction, clinical ther-
apy, and the management of healthy aging in diet-related chronic diseases. It is grounded in
nutritional omics, which integrates the fields of nutrigenomics, nutrigenetics, nutri-epigenetics,
metagenomics, and metabolomics (Singh et al., 2024).

4. CHALLENGES AND ETHICAL CONSIDERATIONS

The application of artificial intelligence in the public health sector undeniably enhances diagnostic
accuracy and improves the efficiency of healthcare delivery. At the same time, it raises serious ethical
concerns — particularly regarding the protection of patient data, algorithmic bias, and legal account-
ability. Ning et al. (2024) explored the ethical dimensions of generative artificial intelligence (GenAI)
in healthcare through a comprehensive scoping review, which resulted in the development of the
Transparent Reporting of Ethics for Generative AI (TREGAI) checklist. This framework is designed
to support the responsible and safe use of GenAl, with specific applicability to both clinical practice
and research contexts. The authors identified nine ethical principles that are relevant in all healthcare
settings involving the implementation of GenAl: accountability, autonomy, equity, integrity (in
medical education and quality of clinical research), non-maleficence, privacy, security, transparency,
and trust. Systematic integration of these principles and consistent application of the framework are
essential prerequisites for the responsible deployment of generative Al in healthcare. The analysis
emphasises that while GenAI offers new opportunities — such as strengthening personal data pro-
tection through synthetic data - it also introduces novel risks. These are particularly evident in the
case of large language models, where issues such as inaccuracy, bias, and lack of transparency may
pose a threat to patient safety (Ning et al., 2024).

Although it is not possible to completely eliminate concerns related to Al use, they can be
mitigated through appropriate oversight. Effective implementation in healthcare requires a
strong partnership between clinicians and informaticians, the establishment of clear legal and
regulatory frameworks, the systematic incorporation of ethics and Al education into all training
programs, and a commitment to reducing inequality (Kooli and Al Muftah, 2022).

5. CONCLUSION

The application of artificial intelligence in nutrition science and dietetics constitutes a major
advancement in both research methodology and practical implementation. From measuring and
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monitoring dietary intake to enhancing food chain safety and quality, supporting public health
programs, and developing predictive models and personalised therapeutic strategies, advanced
machine learning and analytical tools are playing an increasingly central role. However, ethical,
legal, and data protection concerns, together with the challenges of methodological validation,
underscore the need to ground future developments in interdisciplinary collaboration and the
establishment of professional standards.

6. LIMITATIONS

This study aimed to provide a thematic overview of the major domains of artificial intelligence
application in nutrition science, rather than a systematic literature review. The selection of topics
was based primarily on relevance and the representativeness of the cited scientific publications;
consequently, some emerging or underexplored subfields may have been omitted. Given the
rapid evolution of AI technologies, some of the approaches or tools presented may become
outdated or be replaced by newer, more effective methods. Finally, although the study touches
on ethical, data protection, and regulatory issues, an in-depth analysis of these aspects was
beyond its scope and merits further investigation.
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