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Abstract— SAI-driven personalized nutrition is revolutionizing nutrition advice by merging individual biological,
behavioural, metabolic and contextual factors into adaptive nutrition systems. This study discusses the conceptual
basis, the technology, clinical applications and implementation barriers to a comprehensive approach linking dietary
habits, metabolic health and lifestyle. Data have shown that there is considerable inter-individual variability in glycemic
responses, lipid metabolism, body composition, gut microbiome profiles, and nutrient requirements, making a one-
size-fits-all approach to nutrition not very effective. The potential application of machine learning, deep learning,
natural language processing, computer vision, recommender systems, wearable sensors, and mobile health platforms
could enhance dietary assessment, food recognition, portion estimation, behavioral monitoring, metabolic-risk
prediction, and meal planning. Combining data from genomic, metabolomic, proteomic, microbiome, physical-activity,
sleep, stress, sedentary-behavior, and socioeconomic data provide more personalized, context-specific nutritional
advice. In obesity, diabetes prevention, cardiovascular-risk reduction, and preventive healthcare, such systems have
the potential for interesting applications. The success of their use, however, requires representative datasets, accurate
and validated measurements, clinical interpretability, user engagement, affordability, digital access and integration of
professional judgement. Multimodal data integration, long-term clinical trials, and diverse longitudinal datasets and
standardized validation procedures should be emphasized in future research. In conclusion, an AI-driven holistic
framework used to facilitate personalized nutrition, enhance metabolic outcomes and dietary adherence among
populations, and is a supportive tool for responsive, evidence-based nutrition.
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1. INTRODUCTION
Personalized nutrition is a novel nutrition approach that uses nutritional recommendations tailored to biological and
behavioral traits, metabolism and environment of each person. Personalised nutrition is different from the traditional
nutrition recommendations which are usually formulated for large population groups, as it acknowledges the fact that
people can react differently to food and nutrition patterns. These differences can be due to genetic, metabolic,
gastrointestinal microflora, health, age, physical activity, sleep, food preference and cultural differences. Personalized
nutrition thus aims to combine individual data with dietary advice that is more relevant, accurate and effective. It
needs to be scientifically valid, as well as practically feasible, ethically responsible and measurable in terms of health
and physical functioning (Adams et al., 2020). Personalised nutrition can also be defined as an evidence-based
approach that involves using individual characteristics to develop individual nutrition recommendations, not just
relying on generalised nutrition advice (Bush et al., 2020).
Although the traditional dietary guidelines are still vital in improving the health of the population in general, their
generalised nature might not be sufficient to achieve the best results for people with different metabolic profiles and
lifestyles. Generally, if dietary exposure is the same, the results will be the same in different populations. But various
actions of glucose metabolism, insulin sensitivity, lipid regulation, food preferences, disease risk and dietary adherence
can have a significant impact on individual responses. Precision nutrition has therefore been suggested as a way
around the challenges of one-size-fits-all approaches to nutrition. However, its public health value hinges on the
scientific validity, cost-effectiveness, availability, and ability not to exacerbate existing health disparities (Chatelan et
al., 2019). Personal nutrition should therefore be used in addition to population-level food and nutrition policies, not
as an alternative, as the latter are still essential to reduce social inequalities and enhance public health (Mathers, 2019).
With the ability to process large, complex and multidimensional data, AI technology has greatly increased the
possibilities for personalized nutrition. Machine-learning algorithms can detect patterns through dietary information,
clinical or biochemical markers, genetic data, gut microbiome information, physical activity, sleep and behavioral data.
The analytical capabilities provide for predicting dietary response, identification of metabolic risks and development of
adaptive food recommendations. Machine learning has significant potential to enhance the accuracy of dietary
assessment, dietary recommendations, and nutrition-related decision making (Ferrario & Gedrich, 2024). Moreover,
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the combination of AI and multimodal biological and lifestyle data can enhance the potential of dynamic and context-
sensitive nutritional systems, which may adapt recommendations over time based on evolving health profiles and
behaviors (Fu et al., 2026).
To truly understand personalized nutrition, one needs to grasp the interactions between eating behavior, metabolic
health and day-to-day patterns of lifestyle. While diet influences metabolic outcomes, the metabolic outcomes
influence dietary choices, with both influenced by taste, affordability, culture, social context, emotional condition and
daily routine, body composition, insulin sensitivity, genetic variation, gut microbiota and physical activity. There is
inter-individual variation in glucose and lipid responses to the same food, suggesting that blanket recommendations
based on nutrients may not be appropriate for all individuals (Berry et al., 2020). The interaction between genetic
factors and nutrients, the composition of the gut microbiome, dietary habits, and lifestyle behaviours also play a role in
obesity and associated metabolic diseases (Mansour et al., 2024; Ordovas et al., 2018). Thus, successful AI-supported
nutrition systems must be based on both biological, behavioural, and contextual factors and not only on dietary intake.
This study aims to explore how AI can inform a comprehensive personalized nutrition model connecting dietary
patterns, metabolism, and lifestyle modifications. It analyzes machine-learning techniques, food assessment
technology, microbiome and metabolic markers, wearable devices and lifestyle-monitoring technologies. The
personalized nutrition approach can enhance the effectiveness of nutrition intervention by incorporating individual
biological and behavioural characteristics; it can also play a role in disease prevention and in contributing to long-term
health improvements based on evidence-based interventions that are responsive to the individual.

2. Conceptual Foundations of Artificial Intelligence-Assisted Personalized Nutrition
2.1 Definition and Principles of Personalized Nutrition
Personalized nutrition is a nutrition concept that aims at nutrition recommendations shaped by the biological,
metabolic, behavioural and environmental profiles. It is based on the idea that the need and response to nutrition
differ significantly between people due to factors such as age, genetics, disease susceptibility, gut microbiota, lifestyle
and health status. Personalized nutrition is therefore more than just a conventional approach to nutrition, as it
includes multidimensional information in individualised nutrition recommendations. A comprehensive understanding
of nutrient responses and metabolic pathways linked to diseases can be achieved by integrating data from genomics,
transcriptomics, proteomics, metabolomics, and microbiome assessments (Ramos-Lopez et al., 2022). In addition, life-
stage attributes are crucial as nutritional requirements and metabolic risks differ across childhood and adolescence,
adulthood and older ages (Yoon et al., 2024).

2.2 Precision Nutrition versus General Dietary Guidance
General dietary advice gives general guidelines to minimise the risk of nutrition deficiencies and chronic disease on a
population level. This type of guidance is still useful, but it does not take into consideration the variation in
physiological reactions, food selections, culture, and disease types between individuals. Precision nutrition works
around this by tailoring a diet to a specific person based on personal information to create an optimal diet for them.
Precision nutrition can support good nutritional decisions by building biological and contextual variations instead of
making broad assumptions about the effects of nutrition on populations (Stover & King, 2020). A life stage approach
also shows that the dietary requirements of different life stages can differ (Yoon et al., 2024). The major differences
among general dietary guidance, personalized nutrition, precision nutrition, and AI-assisted holistic nutrition are
summarised in Table 1.

Table 1. Comparison of General, Personalized, Precision, and AI-Assisted Nutrition Approaches
Primary
basis

Principal data
used

Main
advantage

Key limitation Referenc
es

Population-
level
nutritional
requirement
s

Age, sex, dietary
standards, and
public-health
evidence

Provides
accessible
recommendatio
ns for broad
populations

Does not fully
address individual
metabolic
variability

(Stover &
King,
2020)

Individual
characteristi
cs and
preferences

Dietary
behaviour, health
status, lifestyle,
and food
preferences

Improves
personal
relevance and
dietary
adherence

May rely heavily
on self-reported
information

(Yoon et
al., 2024)

Biological
variability in
dietary

Genomic,
metabolomic,
microbiome, and

Supports
targeted
interventions

Requires
validated
biomarkers and

(Ramos-
Lopez et
al., 2022)
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2.3 Role of Artificial Intelligence andMachine Learning
AI and ML are used in the field of personalized nutrition to uncover complex and nonlinear patterns in vast amounts of
nutritional and clinical data. Algorithms, based on dietary data, glucose levels, exercise, microbiome composition,
laboratory indicators, and demographic data, can predict individual responses. The postprandial glycaemic response of
non-diabetics has been estimated using machine-learning models, and personalized dietary recommendations have
been made, as an example of the potential of computational prediction in nutrition practice (Mendes-Soares et al.,
2019). This is especially important in type 2 diabetes, where there is an inter-individual difference in glucose response
to meals, insulin sensitivity and glycaemic control, which need more personalised prevention and management
strategies (Wang & Hu, 2018).

2.4 Data-Driven Nutrition Assessment and Decision-Making
Data-driven nutrition assessment uses objective measures of metabolism and behaviour, as well as dietary information,
to support decision making. Controlled feeding studies have shown that the processing of food and macronutrient
content can affect energy intake and metabolic outcomes. Ultra-processed diets can lead to an excess calorie intake
and weight gain even when meals are matched on some nutrition parameters (Hall et al., 2019). Furthermore, there
are distinct differences between plant-based low-fat and animal-based ketogenic diets in their effect on spontaneous
energy intake, suggesting that general macronutrient groups are not the only factors affecting energy intake responses
(Hall et al., 2021).

2.5 Development of Holistic Personalized Nutrition Frameworks
A comprehensive personalized nutritional system should include diet and dietetic behavior, metabolic parameters,
omics data, physical activity, sleep, psychological status and the environmental context. AI can integrate these data
sources, provide real-time risk adjustments and make adaptive recommendations. These frameworks should also be
clinically interpretable, ethically responsible, inclusive and population-level nutrition policy compatible (Ramos-Lopez
et al., 2022). Biological accuracy together with behavioural and contextual information help in better prevention,
management and dietary adherence in the long-term. The proposed holistic architecture puts together several
individual-level data streams into a continuously adaptive personalized nutrition system as depicted in Figure 1.

Figure 1. Holistic Architecture of AI-Assisted Personalized Nutrition

3. Dietary Behaviour Assessment and AI-Based Nutrition Profiling
3.1 Dietary Intake and Eating-Pattern Assessment
The timing, frequency, composition and quality of meals are known to affect metabolic outcomes therefore accurate
assessment of dietary intake is essential for AI-assisted personalized nutrition. Assessments of eating patterns should

response clinical data based on
metabolic
profiles

specialised data

Continuous
integration
of biological,
behavioural,
and
contextual
data

Diet, biomarkers,
wearable data,
microbiome,
sleep, and activity

Generates
adaptive and
continuously
updated
recommendatio
ns

Requires high-
quality
multidimensional
datasets

(Mendes-
Soares et
al., 2019)



Vol. 1 No. (2026)
64

therefore not only determine nutrient intakes, but also mealtime, length of the fasting period, snacking habits and
intra-individual variability. Thus, early time-restricted feeding has been reported to be beneficial for insulin sensitivity,
blood pressure, and oxidative stress without any weight loss, highlighting the metabolic significance of the timing of
food intake (Sutton et al., 2018). Eating within ten hours has also been associated with weight loss, blood pressure and
atherogenic lipids among the metabolic syndrome population (Wilkinson et al., 2020).

3.2 Food Preferences, Habits, and Cultural Influences
Taste, cost, culture, family habits, food availability and beliefs influence food preferences and habits. These influences
should be considered for AI-based nutrition profiling, as recommendations that go against established behaviors will
not be followed up. Although intermittent fasting and other eating patterns may offer some metabolic benefits, it is
also important to consider the suitability of such practices for each person, depending on their health, lifestyle, and
daily routine (De Cabo & Mattson, 2019). Further, calorie restriction might also aid with weight loss without the
addition of time-restricted eating, suggesting that behavioural feasibility, as well as energy intake, should not be
overlooked (Liu et al., 2022).

3.3 Digital Food Diaries and Image-Based Dietary Recognition
Digital food diaries and image-recognition systems can enhance dietary assessment and decrease reliance on self-
reported memory. Smartphone apps can take pictures of meals, estimate portions, recognize the type of food, and
categorize the nutrient quality of food. These may be especially helpful for tracking carbohydrate sources as better-
quality carbohydrates and increased intake of dietary fiber have consistently been linked to better cardiometabolic and
overall health outcomes (Reynolds et al., 2019). AI can thus assist in determining whether a food is a refined or
minimally processed carbohydrate source in everyday foods. Table 2 shows the primary digital and AI-assisted
techniques to measure dietary intake, eating patterns and nutrition-related behaviour.

Table 2. AI-Supported Methods for Dietary Behaviour Assessment and Nutrition Profiling
Assessment
component

Digital or AI
method

Information
generated

Application in
personalized
nutrition

References

Food
identification

Deep-learning
image
classification

Food category,
ingredients, and meal
composition

Automated
dietary
recording and
nutrient
estimation

(Mezgec & Seljak, 2021)

Portion-size
assessment

Computer vision
and volume
estimation

Estimated food
volume and serving
size

Calculation of
calorie and
nutrient
intake

(Tahir & Loo, 2021)

Meal
documentati
on

Smartphone
food diaries and
photographs

Meal timing,
frequency, and food
combinations

Identification
of habitual
eating
patterns

(Höchsmann & Martin,
2020)

Dietary
behaviour
monitoring

Mobile nutrition
applications

Goal achievement,
adherence, and
behavioural changes

Delivery of
feedback,
reminders,
and
behavioural
support

(Villinger et al., 2019)

Automated
dietary
analysis

Integrated AI
dietary-
assessment
systems

Food recognition and
nutritional
composition

Rapid
generation of
individualized
dietary
profiles

(Lu et al., 2020)

Habit and
context
recognition

Food-computing
and multimodal
analytics

Dietary context,
preferences, and
consumption patterns

Prediction of
food selection
and
personalized
recommendat
ions

(Min et al., 2020)
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3.4 Wearable Devices andMobile Nutrition Applications
Activity, sleep, heart rate, glucose and eating-time data can be gathered continually with wearable devices and mobile
applications. These technologies, used together with food diaries, can provide insights into the connection between
food consumption and physiological responses in real time. Mobile systems can also deliver reminders, feedback and
adaptive guidance based on changes in behavior or metabolic indicators (De Zambotti et al., 2019).

3.5 Behavioural Prediction and Dietary-AdherenceMonitoring
Machine-learning models can assess repeated behavioral data to anticipate dietary missteps, understand obstacles to
sticking to a diet, and know when extra support is needed. Responses of gut microbiota should also be considered
when monitoring, as dietary changes may affect immune regulation and gut-microbial function (Wastyk et al., 2021).
The links between diet, microbiome composition and host metabolism are further proof of the importance of
combining behavioural and biological data in nutrition profiling (Asnicar et al., 2021).

3.6 AI-Assisted Personalized Meal Planning and Recommendations
AI-powered meal planning systems consider nutrition needs, taste preferences, metabolic risks, microbiome analysis,
and lifestyle factors to provide personalized meal plans. Information on the gut microbiome can help to fine-tune
dietary recommendations due to the role of gut microbes in glucose regulation, lipid metabolism, inflammation, and
metabolic disease (Fan & Pedersen, 2021). Therefore, effective systems should offer a flexible, culturally appropriate,
nutritionally balanced and continually evolving meal plan to help improve metabolism and encourage adherence. The
process of converting the general dietary guidance into personalized meal suggestions is shown in the AI-driven
workflow in Figure 2.

Figure 2. AI-Based Dietary Behaviour Assessment and Nutrition-Profiling Workflow

4. Integration of Metabolic Health Indicators
4.1 Metabolic Phenotypes and Individual Nutritional Responses
Metabolic phenotypes are observable variations in the way people metabolise nutrients, manage energy and respond
to nutrition changes. These differences result from the interplay between age, body composition, genetics, gut
microbiome, environmental exposure and lifestyle. Precision nutrition thus needs the recognition of different
metabolic profiles and not a “one size fits all” approach to nutrition. Longitudinal metabolic assessment showed that
people can have very personalised relationships between the food they eat and the change in their microbiome, as
evidenced by repeated measurements over time (Johnson et al., 2019).

4.2 Glucose Regulation and Glycaemic Variability
Glucose regulation is a key parameter of metabolic health and a postprandial glucose surge is linked to insulin
resistance and type 2 diabetes risk. AI-powered tools can combine glucose monitoring data with meal composition,
activity, sleep patterns, and microbiome characteristics to forecast glucose responses. The differences in microbiome
composition can be caused by host-related factors such as genetics, age, physiological state and exposure to
medication, which may indirectly affect glucose regulation (Kurilshikov et al., 2021). This type of monitoring can then
help to optimize carbohydrate choices, timing and portion sizes.

4.3 LipidMetabolism, Obesity, and Body Composition
Lipid profile, adiposity, waist circumference and lean body mass are useful parameters to assess metabolic risk of
obesity. Such indicators can be utilized in personalized nutrition systems to differentiate patients with different
metabolic conditions despite the same body weight. It appears that the composition of gut microbes is as much
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influenced by environmental or lifestyle factors as by inherited genetic traits, and that modifiable behaviours could
have a significant impact on lipid metabolism and obesity risk (Rothschild et al., 2018). Body-composition data
integrated with dietary habits and biomarker analysis to identify patterns associated with weight gain, dyslipidaemia,
and metabolic dysfunction through AI models.

4.4 Gut Microbiome and Nutrient–Microbiota Interactions
Gut microorganisms affect nutrient metabolism, immune function, intestinal integrity and production of bioactive
metabolites. The adaptations of the microbiome to dietary supplements and probiotics are highly individual, however.
Prolonged recovery after antibiotic exposure can be slow when using generic probiotic administration and may have
different effects when using personalised microbial recovery (Suez et al., 2018). Individual host and microbial factors
are also associated with resistance to probiotic colonisation, which suggests that universal recommendations for
probiotics may not be effective (Zmora et al., 2018). It is thus possible that microbiome-based precision models could
aid in predicting the dietary response (Hughes et al., 2019).

4.5 Genomic, Metabolomic, and Proteomic Data
The differences in nutrient metabolism may be determined by genetic information, whereas biochemical or
physiological processes that are occurring in the body may be reflected in metabolomic and proteomic data. These
data, when paired with microbiome data, provide a pathway between nutrients and inflammation, energy, and chronic
disease. There is still hope for commercial translation, but several standardised analytical methods, validated
biomarkers, and accessible technologies are needed (Mills et al., 2019). Beyond traditional markers of illness, microbial
metabolites could also impact neurological activity, emotional state and quality of life (Valles-Colomer et al., 2019).
Table 3 shows the metabolic indicators that can be incorporated into AI-assisted nutrition systems and their
significance for dietary decision making.

Table 3. Metabolic Health Indicators for AI-Assisted Personalized Nutrition

4.6 AI-Based Prediction of Metabolic Risk and Dietary Response
AI can combine glucose, lipid, body-composition, omics, microbiome and lifestyle data to assess and estimate
metabolic risk and individual dietary response. These models help to identify signs of early disease, adapt meal
planning and continually adjust nutritional recommendations (Chen et al., 2024). However, for reliable implementation,
various datasets, external validation, clinical interpretability and proper protection of sensitive biological information
are required. An example of the incorporation of metabolic markers and biological markers for risk classification and
prediction of dietary response is shown in Figure 3.

Indicator
category

Examples of
measurements

Nutritional
significance

Role in AI-based
analysis

References

Glycaemic
regulation

Fasting glucose,
postprandial glucose,
insulin sensitivity, and
glucose variability

Identifies
carbohydrate
tolerance and
diabetes risk

Predicts individual
glycaemic responses to
meals

(Mendes-Soares et al., 2019)

Lipid
metabolism

Triglycerides, cholesterol
fractions, and fatty-acid
profiles

Indicates
cardiovascular and
metabolic risk

Supports dietary-fat
and energy-intake
recommendations

(Aron-Wisnewsky et al.,
2020)

Body
composition

Body-fat percentage,
visceral fat, lean mass, and
waist circumference

Distinguishes
metabolically healthy
and unhealthy
obesity

Improves risk
stratification and
calorie targeting

(Hughes et al., 2019)

Gut
microbiome

Microbial diversity, species
abundance, and functional
pathways

Reflects nutrient
metabolism and
diet–microbiota
interactions

Predicts microbial
responses to dietary
interventions

(Johnson et al., 2019)

Genomic
information

Nutrient-related variants
and inherited metabolic
traits

Identifies genetic
differences in
nutrient processing

Supports genetically
informed
recommendations

(Kurilshikov et al., 2021)

Metabolomic
and proteomic
profiles

Metabolites, proteins,
enzymes, and
inflammatory markers

Represents current
metabolic and
physiological activity

Enables early risk
detection and
response prediction

(Mills et al., 2019)
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Figure 3. Integration of Metabolic Indicators for Dietary-Risk Prediction

5. Lifestyle Patterns in Personalized Nutrition Systems
5.1 Physical Activity and Energy Expenditure
Exercise has a significant impact on energy balance, glucose metabolism, fat metabolism, body composition and
appetite regulation. When building systems for personalized nutrition, the activity intensity, activity duration, activity
frequency and energy expenditure must be considered when developing diet recommendations. Data obtained
through wearable technology and mobile apps can be utilized to modify calorie and macronutrient intakes and meal
timing based on movement patterns throughout the day. Advanced nutritional evaluation tools more recently
incorporate both physiological and behavioural data with food intake, to ensure more personalized and context-
specific nutrition guidance (Cuparencu et al., 2026).

5.2 Sleep Quality, Duration, and Circadian Rhythms
The length of sleep, its quality, and the degree of alignment with the circadian rhythm affect the regulation of
hormones, insulin sensitivity, hunger, food preferences and metabolic health. Poor and erratic sleep can lead to eating
more of those high-energy foods and to irregular eating patterns. Therefore, personalized systems should take sleep
habits and circadian rhythms into account in addition to the dietary information. This integration can be facilitated by
image-assisted dietary assessment, which is able to assess the timing and content of food more accurately than
traditional dietary recall, especially when eating habits vary during the day (Höchsmann & Martin, 2020).

5.3 Psychological Stress, Emotional Eating, andMental Well-Being
Psychological stress can impact appetite, encourage emotional eating and decrease the likelihood of following
scheduled eating behaviors. Microbiome metabolites, inflammatory pathways and changes in the microbiome due to
diet also contribute to mental health. The gut microbiota is greatly influenced by diet over a lifetime and has important
implications for both physical and mental well-being (Zmora et al., 2019). They should therefore be integrated into
personalized nutrition platforms to predict dietary behaviour and offer dietary recommendations for reduction and/or
improvement when considering stress indicators, mood patterns and eating triggers.

5.4 Sedentary Behaviour and Daily Routine
Even those achieving the recommended amount of physical activity could be at risk of metabolic dysfunction in the
context of sedentary behaviours. The amount of time spent sitting, infrequent eating patterns, screen-based meals and
inadequate daily activity levels can impact weight management and cardiometabolic risk. Automatic classification of
foods using AI image assessment can enhance monitoring by identifying foods, measuring food sizes and detecting
trends associated with sedentary behavior. Despite this, there is still a degree of accuracy variance between the



Vol. 1 No. (2026)
68

current systems and those of the experts and objective ground truth measurements (Shonkoff et al., 2023).

5.5 Environmental and Socioeconomic Influences
Lifestyle patterns and metabolic outcomes are influenced by lifestyle factors and metabolic factors, both of which are
determined by environmental factors, food availability, income, education, occupation and culture of the region.
Extensive population studies have shown that the use of medicines, diet, smoking, the living environment, as well as
other exposures, can substantially affect the composition of the gut microbiome (Gacesa et al., 2022). Failing to
consider these population-specific factors creates the potential for population-specific microbiome reference ranges
and disease-prediction models to be developed, emphasizing the need for population-specific data (He et al., 2018).
Habitual diets can also induce the selection of distinct strains of microbes, with different genetic and functional traits,
as observed for Prevotella copri (De Filippis et al., 2019).

5.6 Integration of Multidimensional Lifestyle Data
The activity, sleep, and stress data need to be combined with microbiome data, sedentary behaviour, socioeconomic
context, and diet data to create holistic personalized nutrition systems. This integration is especially applicable to
metabolic diseases like non-alcoholic fatty liver disease, where the microbial signatures are related to obesity, insulin
resistance, drug use, and diet (Aron-Wisnewsky et al., 2020). AI can analyze these multi-dimensional inputs and detect
risk patterns, better predict behaviour and deliver adaptive recommendations. The models should be culturally
appropriate, clinically interpretable, and have a degree of flexibility to account for changes in health status and daily
living conditions. The multi-dimensional process of lifestyle information leading to adaptive nutrition guidance is
demonstrated in Figure 4.

Figure 4. Multidimensional Lifestyle Data Integration and Adaptive Nutrition Guidance

6. Artificial Intelligence Methods and Digital Technologies
6.1 Machine Learning and Deep LearningModels
AI-driven personalized nutrition relies on machine learning and deep learning. These models can detect intricate
relationships between food consumption, nutrient content, metabolic markers, lifestyle behaviours, and health
outcomes. DNNs are especially capable of determining food regions, classification, and learning visual elements that
might be challenging to be recorded by traditional dietary records (Mezgec & Seljak, 2021). The performance of the
models, however, relies on the diversity of the data sets, accurate food labeling and cross-cultural and dietary
validation.
6.2 Natural Language Processing for Dietary Data
All this unstructured dietary information contained in food diaries, clinical notes, survey responses, recipes, and
conversational applications can be transformed into analysable information through natural language processing.
Capable of recognising food names, ingredients, mealtimes, descriptions of portions and eating-related behaviours. A
larger body of research in the field of food computing shows the potential of combining textual, visual, nutritional and
contextual information to facilitate food recognition, recommendation and health-related decisions (Min et al., 2020).
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This could also allow for a conversational dietary assistant that provides information and gives instant feedback.

6.3 Computer Vision for Food Recognition and Portion Estimation
Computer vision can be used to automatically identify food objects and estimate the number of food items from
images. Go FOOD is one such system based on AI that can analyze images of meals and provide an estimation of what
is being consumed, thereby minimizing the need to manually record meals (Lu et al., 2020). In image-based methods,
object recognition, segmentation, depth estimation and volume calculation all take place, however mixed dishes and
foods that are similar in appearance are still problematic (Tahir & Loo, 2021). Realistic images of the diet can be
generated using shape-preserving techniques which could also further enhance the training of the model while
preserving essential structural characteristics (Chen et al., 2024).
6.4 Recommender Systems for Personalized Nutrition
Nutrition recommender systems are systems that generate personalized meal recommendations based on the
combination of dietary requirements, health problems, food preferences, allergies, cultural practices, and behavioural
goals. These recommendations can be provided continuously through mobile applications and can aid in behavioral
change by providing reminders, progress tracking and feedback. There is evidence that app-based nutrition
interventions are effective at improving diet and selected nutrition-related health outcomes, though the effectiveness
has been shown to differ by engagement and intervention design (Villinger et al., 2019).
6.5 Predictive Analytics and Digital-Twin Approaches
Predictive analytics can help to predict future metabolic risks, adherence to the diet and likely response to certain
foods. Dynamic virtual representations of individuals based on constantly changing biological and behavioural data are
added to this capability with digital-twin approaches. These models can simulate alternative meal plans before
implementing recommendations (Fu et al., 2026).
6.6 Internet of Things, Wearable Sensors, andMobile Health Platforms
Dietary records can be combined with data from physical activity, heart rate, sleep, glucose, and energy expenditure
for devices connected to the internet. Technology-based assessment tools facilitate data collection but need to be
assessed for usability, feasibility, validity, and participant burden (Eldridge et al., 2018). The coupling of mobile
platforms with wearable sensors can aid in real-time monitoring and adaptive guidance. The general overview of the
main AI techniques, inputs, outputs, and their applications in personalized nutrition systems is presented in Table 4.

Table 4. Artificial Intelligence Methods and Digital Technologies in Personalized Nutrition
AI or digital
technology

Primary data input Analytical
output

Personalized nutrition
application

References

Machine
learning

Dietary, clinical,
metabolic, and
behavioural
variables

Risk classification
and response
prediction

Identification of suitable dietary
interventions

(Ferrario & Gedrich,
2024)

Deep learning Food images and
multidimensional
datasets

Automated
feature
extraction and
food
classification

Dietary intake and meal-
composition assessment

(Mezgec & Seljak, 2021)

Natural
language
processing

Food diaries,
clinical notes,
recipes, and user
descriptions

Extraction of
foods,
ingredients,
portions, and
meal timing

Conversational assessment and
automated record analysis

(Min et al., 2020)

Computer
vision

Meal photographs
and videos

Food
recognition,
segmentation,
and volume
estimation

Automated calorie and nutrient
estimation

(Tahir & Loo, 2021)

Mobile
recommender
systems

Preferences,
health goals,
allergies, and
dietary restrictions

Personalized
meals and
behavioural
prompts

Meal planning and adherence
support

(Villinger et al., 2019)
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Wearable and
IoT systems

Activity, sleep,
heart rate, glucose,
and energy
expenditure

Continuous
physiological and
lifestyle
monitoring

Real-time adaptation of
recommendations

(Eldridge et al., 2018)

Validation and
explainability
tools

Model predictions
and reference
dietary
measurements

Accuracy,
transparency,
and error
assessment

Improvement of clinical
confidence and interpretability

(Kirkpatrick et al., 2019)

6.7 Explainable and Responsible Artificial Intelligence
Transparency, data security, representative data sets, and the prevention and mitigation of algorithmic bias are
essential for responsible AI. The dietary assessment tools should be compared to an appropriate reference method as
there can be systematic errors between the self-reported and automated tools (Kirkpatrick et al., 2019). Explainable
models are therefore critical for enabling those working with the practitioner and those using the model to understand
why certain dietary recommendations are given.

7. Holistic Framework, Applications, Challenges, and Future Directions
7.1 Proposed Holistic AI-Assisted Personalized Nutrition Framework
An integrated and personalised artificial intelligence-driven nutrition system should be linked to consumption of food,
monitoring of metabolic markers, physical activity, sleep and monitoring of behavior and environmental factors, and
be continually integrated into a decision-making process. Using mobile apps, wearable technology, clinical data and
food intake questionnaires, personalized suggestions can be derived from the data and sent to the individual.With the
data gathered via mobile applications, wearable technology, clinical records, and food intake questionnaires, individual
recommendations can be made and sent to the individual. The ease of use, perceived usefulness, digital literacy,
quality of personalization, and user engagement of nutrition applications are all key factors that impact the successful
implementation of these apps (De Zambotti et al., 2019; König et al., 2021).

7.2 Integration of Dietary, Metabolic, and Lifestyle Data
Food intake and energy expenditure should be included in the list of components of an integrated model, along with
sleep, glucose regulation, body composition and dietary adherence. Activity trackers have the potential to drive higher
levels of physical activity and create objective behavioural information for tailored nutrition profiling (Brickwood et al.,
2019). Additionally, evidence suggests that when used as part of structured health interventions, wearable
technologies can enhance physical activity and target health outcomes (Ferguson et al., 2022).

7.3 Applications in Obesity, Diabetes, Cardiovascular Disease, and Preventive Healthcare
AI systems could be used to help manage weight, prevent diabetes, reduce cardiovascular risk, and detect unhealthy
lifestyle habits. Ongoing data on activity, heart rate, energy expenditure, meal consumption and sleep aid in tailoring
calorie goals and recommendations for lifestyle. Commercial wearable devices, however, have different levels of
accuracy in measuring steps, energy expenditure and heart rate and should be carefully selected and validated before
use in clinical practice (Chinoy et al., 2021; Fuller et al., 2020).

7.4 Clinical and Community-Based Implementation
Clinical implementation necessitates the incorporation of health care workflows, professional supervision, validated
algorithms and recommendations that are easily understood by health care workers and patients. Mobile platforms
and cheap fitness trackers can be incorporated into community programmes to encourage healthy diet and activity.
Wearable devices can also be worn by consumers and can deliver important research data, but the characteristics of
the sensor, the algorithm used to process the data, the availability of data, and the design of the devices could affect
the quality of the measurements (Henriksen et al., 2018).

7.5 Accessibility, Affordability, and Digital Inequality
While AI-driven personalized nutrition can offer many advantages, this may not be the case for people who are not
tech-savvy, do not have a smartphone, Internet connection or the financial means to support these and other nutrition
services, or do not receive professional guidance. Limited technological infrastructure, language barriers and
subscription fees, as well as the cost of the devices, may limit adoption among disadvantaged groups. Such systems
should therefore be easy to access and culturally appropriate and be affordable.
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7.6 Research Gaps and Future Directions
Future research is needed to create a variety of tools for longitudinal data and to establish a set of uniform validation
protocols, and to explore if the recommendations generated by AI lead to lasting clinical benefits. Consumer sleep
monitoring data should be evaluated with extra care as there is some variation in the level of agreement between
consumer and polysomnography. Sleep technologies, when embedded in a wearable format, also need to be better
validated and understood before being widely integrated into nutrition and health care practices.

8. Conclusion
Artificial intelligence (AI)-supported personalized nutrition is a significant leap beyond basic nutrition advice and
towards dynamic, personalized and evidence-based nutrition care. Combining dietary behavior, metabolic markers,
physical activity levels, sleep patterns, psychological factors, environment, and other lifestyle factors, AI systems can
offer a holistic view of each person's nutritional needs. Combined with other areas, such as machine learning, deep
learning, natural language processing, computer vision, recommender systems, wearable sensors, and mobile health
platforms, these technologies contribute to robust dietary assessment, metabolic-risk prediction, behavioural
monitoring, and personalized meal planning. Technology could help to prevent or manage obesity, diabetes,
cardiovascular disease and other nutrition-related metabolic diseases. However, the accuracy, variety and
trustworthiness of the data to be used in predictive models are the foundations for their successful implementation.
To build personalized nutrition systems, one should consider the differences in food culture, socioeconomic status,
digital literacy, phenotypes, and access to technology. Automated recommendations must be in support of the
person's nutrition and clinical judgment and not be used as a replacement for nutrition and clinical expertise. There is
also a need for increased standardisation of dietary data, wearable measurements, metabolic biomarkers and
validation procedures. In sum, a comprehensive AI-supported system can interrelate all dietary, metabolic, and
lifestyle aspects within an adaptive decision-making system. Interdisciplinary research and clinical follow-up will be
critical to bringing these technologies to fruition in the form of easy-to-use, reliable, and effective personalized
nutrition interventions.
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