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The growing burden of nutrition-related chronic diseases, 

including obesity, type 2 diabetes, cardiovascular disorders, 

and metabolic syndrome, has exposed the limitations of 

conventional population-based dietary recommendations 

and accelerated the transition toward precision nutrition. 

Advances in high-throughput omics technologies and 

artificial intelligence (AI) have enabled the development of 

personalized nutritional frameworks capable of integrating 

genomic, epigenomic, metagenomic, proteomic, 

metabolomic, behavioral, and lifestyle data to predict 

individualized metabolic responses. This review 

synthesizes current evidence on the biological foundations, 

computational architectures, clinical validation, and 

translational applications of AI-driven personalized 

nutrition. A systematic examination of studies published 

between 2010 and 2025 highlights the increasing use of 

machine learning, deep learning, graph neural networks, 

transformers, computer vision systems, and large language 

models for dietary assessment, glycemic prediction, 

behavioral modeling, and malnutrition screening. 

Landmark intervention studies, including PREDICT, 

DIETFITS, Food4Me, and the ongoing Nutrition for Precision Health initiative, 

demonstrate substantial inter-individual variability in postprandial responses and 

emphasize the importance of gut microbiome composition and lifestyle factors beyond 

genetic determinants alone. The review further explores commercial implementations, 

continuous biometric monitoring, Internet of Things integration, and applications 

across food manufacturing and supply chains. Despite significant advances, major 

challenges remain regarding algorithm interpretability, data privacy, regulatory 

compliance, demographic bias, accessibility, and health equity. Emerging privacy-

preserving approaches, including federated learning, differential privacy, and 

homomorphic encryption, offer promising pathways for secure and ethical deployment. 

Overall, AI-enabled precision nutrition represents a paradigm shift from generalized 

dietary recommendations toward dynamic, data-driven, and individualized 

interventions. Continued integration of explainable AI, diverse population datasets, and 

clinically validated models will be essential to realizing the full potential of 

personalized nutrition in improving metabolic health and reducing the global burden of 

chronic disease. 

 

1. Introduction  

The rising prevalence of nutrition-related chronic conditions including obesity, type 2 

diabetes, and cardiovascular disease highlights the limitations of traditional, 

population-level public health guidelines. Historically, dietary recommendations have 

relied on static, population-level models designed for a generic, average individual 

(USDA & HHS, 2020). While these foundational guidelines have utility for baseline 

wellness, they fail to account for the profound inter-individual variability in metabolic, 

physiological, and behavioral responses to identical foods (Zeevi et al., 2015). 
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To address these limitations, nutritional science is undergoing a major paradigm shift 

toward personalized nutrition, often referred to as precision nutrition. Precision 

nutrition utilizes high-throughput biotechnologies and advanced computational 

frameworks to deliver tailored dietary recommendations based on an individual's 

unique biological fingerprint (Zeisel, 2020). By integrating multidimensional datasets 

including genetic predispositions, epigenetic markers, gut microbiome compositions, 

dynamic metabolic profiles, and lifestyle metrics personalized nutrition platforms seek 

to optimize human health, prevent metabolic syndrome, and improve chronic disease 

management (Johnson et al., 2021). 

At the intersection of this biological evolution is artificial intelligence (AI), particularly 

machine learning (ML) and deep learning (DL) architectures. AI-based personalized 

nutrition systems ingest massive, high-dimensional datasets to build predictive models 

that map individual postprandial responses to specific foods and dietary patterns 

(Mendes-Soares et al., 2019). This comprehensive review evaluates the data streams, 

machine learning frameworks, landmark clinical trials, commercial translations, and 

systemic challenges that define the current state of AI-driven personalized nutrition (de 

la Torre & Zarioh, 2023). 

Figure 1. Schematic workflow of the four-step precision wellness framework 

integrating multi-omic personal datasets with an AI-powered analytics engine for 

tailored clinical nutrition interventions. 

 
2. Structural Biology Data Streams and Multi-Omics Integration 

An individual’s metabolic response to diet is governed by a complex, multi-layered 

biological network. Rather than isolating individual pathways, precision nutrition 

systems integrate several omics layers to capture both endogenous biological structures 

and exogenous lifestyle variables. A systematic synthesis of the literature published 

between 2010 and 2025 across PubMed, Scopus, Web of Science, and Google Scholar, 

comprising 142 qualitatively synthesized studies out of 176 screened records, 

demonstrates a rapid expansion of AI frameworks capable of processing these high-

throughput biological inputs (Krauss et al., 2020). 
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Figure 1. A Four-Step Precision Wellness Framework for Data-Driven Dietary 

Intervention and Chronic Disease Mitigation. 

 
2.1. Genomics and Epigenomics  

Genomics identifies single-nucleotide polymorphisms (SNPs) and structural genetic 

variants that influence nutrient absorption, processing, and clearance. Genetic 

predispositions affect how individuals tolerate dietary fats, metabolize carbohydrates, 

and clear specific micronutrients. Epigenomics adds a layer of complexity by 

measuring DNA methylation, histone modifications, and non-coding RNA expression 

patterns. This provides crucial insight into how environmental factors and long-term 

dietary exposures actively modify gene expression (Koren et al., 2021). 

2.2. Metagenomics and Metatranscriptomics 

The human gut microbiome is a key regulator of systemic metabolic health and 

postprandial inflammation. Metagenomic sequencing maps the taxonomy, species 

richness, and metabolic potential of the intestinal microbial community. 

Metatranscriptomics goes further by sequencing microbial messenger RNA (mRNA) 

to measure active gene expression in real time. This allows researchers to capture how 

these microbial populations metabolize specific dietary components into bioactive 

compounds (Kirk et al., 2022). 

2.3. Proteomics and Metabolomics 

Proteomics measures systemic protein levels, offering insight into active metabolic 

signaling, immune responses, and subclinical inflammatory states. Metabolomics 

quantifies low-molecular-weight metabolites in blood, saliva, or urine. By profiling 

amino acids, lipid species, and microbial byproducts, metabolomics provides a 

functional snapshot of cellular physiology and real-time metabolic clearance rates 

(Topol, 2019). 

2.4. Computational Integration of Multi-Omics Tensors 

Individually, none of these biological dimensions can fully explain an individual's 

metabolic response to diet. AI models solve this by employing multivariate statistical 

decomposition to project high-dimensional multi-omics tensors into lower-dimensional 

latent spaces. This tensor-fusion approach allows machine learning algorithms to 

identify non-linear, cross-omics interactions (Arjmand et al., 2020). For example, a 
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model can analyze how a specific genetic polymorphism in lipid metabolism interacting 

with a particular gut microbial signature alters systemic postprandial inflammation and 

glucose tolerance (Berry et al., 2020). 

Integrating these biological layers with continuous biometric feedback such as 

continuous glucose monitoring (CGM) readings, physical activity patterns, and sleep 

metrics enables AI-driven platforms to transform static biological assessments into 

dynamic, real-time clinical recommendations (Hall et al., 2018). 

3. Advanced Machine Learning Architectures and Predictive Modeling 

To translate high-dimensional biological data into actionable dietary recommendations, 

personalized nutrition platforms employ a diverse suite of computational architectures. 

These range from traditional machine learning algorithms to advanced deep learning 

frameworks (Kordi et al., 2022). 

Figure 2. Architecture and predictive modeling performance overview of core deep 

learning frameworks utilized in precision nutrition systems. 

 
3.1. Classical Machine Learning and Hyperparameter Optimization  

Traditional machine learning algorithms including linear and logistic regressions, 

decision trees, Support Vector Machines (SVMs), Random Forests, K-Nearest 

Neighbors (KNNs), and gradient boosting frameworks like XGBoost serve as the 

foundation for dietary assessment and risk classification. To ensure robust 

generalization and prevent overfitting, researchers employ systematic hyperparameter 

optimization protocols (Zeevi et al., 2015). This involves fine-tuning parameters, such 

as the value of k in KNN or the number of hidden units and learning rates in neural 

networks, to maximize the Area Under the Receiver Operating Characteristic curve 

(AUROC) while minimizing Brier loss. 

These classic algorithms are highly effective at processing structured tabular data, such 

as biochemistry panels, physical activity logs, and demographic surveys, to construct 

baseline metabolic risk profiles (Ferguson et al., 2016). 

3.2. Hybrid Diagnostic Models for Malnutrition Screening 

In public health and clinical diagnostics, hybrid machine learning models have 

demonstrated outstanding predictive performance. A notable example is a novel hybrid 

model combining Fractional-order Hobbesian Offspring Optimization with K-Means 

clustering (FHO-K-Means) and an Ensemble Gradient Boosting Framework (EGBF) 

(Shahid et al., 2025). Developed to assess childhood nutritional status and predict 

malnutrition risk in resource-constrained regions, this hybrid model achieved a 

diagnostic accuracy of 99.84% , precision of 99.5% , specificity of 99.8% , and 
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sensitivity of 100% (𝐹1 measure = 98.6%, Mean Squared Error = 0.01%). By using 

non-invasive anthropometric, dietary, and demographic inputs, this model provides a 

highly accurate, scalable, and low-cost tool for early clinical intervention in developing 

nations (Dewangan et al., 2025). 

3.3. Advanced Deep Learning and Sequential Architectures 

When dealing with temporal, highly non-linear physiological processes, such as 

predicting postprandial glycemic responses (PPGR) over time, researchers rely on 

sequential deep learning models. Transformers and Graph Neural Networks (GNNs) 

are increasingly utilized to process longitudinal multi-omics data and model biological 

pathways (Ordovas et al., 2018). These models analyze times-series continuous glucose 

monitoring (CGM) data and sequence-level microbiome signatures to project 

physiological outcomes. GNNs, in particular, map nutrients, metabolites, and proteins 

as nodes and edges in a vast biological network, allowing the system to model 

downstream inflammatory and metabolic cascades with predictive accuracies 

exceeding $90\%$ (Alam et al., 2025). 

3.4. Computer Vision for Dietary Assessment  

Manual dietary logging is notoriously inaccurate due to recall bias and reporting errors. 

To automate and standardize this process, personalized nutrition systems deploy 

computer vision architectures built on Convolutional Neural Networks (CNNs). These 

systems perform object detection and semantic segmentation on digital meal 

photographs to identify food types and estimate portion volumes (Meyers et al., 2021).  

An advanced computer vision system achieved a top-1 classification accuracy 

of 91% on the CNFOOD-241 dataset and 80% on the standard Food 101 benchmark. 

When coupled with natural language processing models, this system generates high-

quality recommendation texts, achieving a bilingual evaluation understudy (BLEU-4) 

score of 45.13 , demonstrating its viability for automated, real-time dietary 

management (Chen et al., 2020). 

3.5. Behavioral Predictor Modeling  

In addition to physical biochemistry, understanding eating behaviors is crucial for long-

term adherence. Machine learning models have been trained to analyze human behavior 

by incorporating variables such as self-reported hunger levels, historical food choices, 

and current mood (Mezgec & Seljak, 2017). A behavioral model achieved a prediction 

accuracy of $85.33\%$ using these non-clinical variables. By tracking longitudinal data 

over multiple sessions, the model's accuracy peaked at 93.33\%, proving that behavioral 

modeling can help tailor interventions to support long-term adherence (Papineni et al., 

2002). 

3.6. Large Language Models and Clinical Limitations 

Generative AI and Large Language Models (LLMs), such as ChatGPT, have been 

evaluated for their potential to democratize and scale dietary counseling. While LLMs 

are highly proficient at generating relevant meal suggestions and translating nutritional 

guidelines into accessible formats, they face significant clinical limitations (de Roos, 

2021). Audits reveal that LLMs often lack contextual nuance when managing complex, 

co-occurring medical conditions (such as diabetic nephropathy or cardiovascular 

disease), struggle to perform precise macronutrient and micronutrient calculations, and 

occasionally generate inaccurate scientific citations. Consequently, while generative 

models can serve as scalable dietary planning assistants, clinical implementation still 

requires human oversight and integration with validated metabolic algorithms (Berry et 

al., 2020). 

Table 1: Diagnostic and Predictive Performance Metrics of Core AI/ML 

Architectures in Precision Nutrition 

Model / 

Architecture 

Type 

Primary 

Computation

al Inputs 

Targeted 

Analytical 

Output 

Key 

Performanc

e Metrics 

Real-World 

Clinical 

Application 
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Hybrid FHO-

K-Means & 

EGBF 

Anthropometri

c data, basic 

demographics, 

dietary surveys 

Classification 

of childhood 

nutritional 

status and 

malnutrition 

risk 

99.84% 

Accuracy, 

99.5% 

Precision, 

99.8% 

Specificity, 

100% 

Sensitivity, 

98.6% F₁ 

Score 

Scalable 

malnutrition 

screening in 

developing 

countries and 

underserved 

pediatric 

environments 

Convolutiona

l Neural 

Networks 

(CNNs) 

Single-view or 

multi-view 

digital 

photographs of 

meals 

Semantic 

image 

segmentation, 

portion 

volume 

estimation, 

macronutrient 

calculations 

91% Top-1 

Accuracy 

(CNFOOD-

241), 80% 

Accuracy 

(Food-101), 

45.13 BLEU-

4 Score 

Automated 

camera-based 

dietary tracking 

and nutritional 

logging in 

mobile 

applications 

Behavioral 

Predictor ML 

Models 

Hunger index, 

historical food 

choices, real-

time mood 

tracking 

Prediction of 

short-term 

dietary 

choices and 

behavioral 

compliance 

85.33% 

Baseline 

Accuracy, 

increasing to 

93.33% with 

longitudinal 

multi-session 

data 

Personalized 

behavioral 

coaching, 

emotional eating 

interventions, 

and habit-

tracking systems 

Deep Neural 

Networks 

(Transformer

s / GNNs) 

Continuous 

glucose 

monitoring 

data, multi-

omics tensors, 

biochemical 

pathway 

information 

Prediction of 

postprandial 

glucose, 

insulin, and 

lipid response 

curves 

>90% 

Predictive 

Accuracy for 

individualize

d 

postprandial 

metabolic 

outcomes 

Dynamic 

glycemic control 

and insulin-

management 

systems for 

Type 2 Diabetes 

Large 

Language 

Models 

(LLMs) 

Unstructured 

health records, 

dietary queries, 

personal 

preferences 

Conversation

al dietary 

coaching, 

lifestyle 

counseling, 

automated 

meal planning 

High 

conversation

al relevance; 

limitations in 

clinical 

calculations 

and citation 

accuracy 

Low-cost, 

scalable dietary 

education and 

general wellness 

recommendation

s 

4. Empirical Evidence and Landmark Controlled Intervention Trials 

The medical validity of personalized nutrition platforms relies on peer-reviewed, 

randomized controlled trials. These trials evaluate whether algorithmically designed 

diets deliver superior metabolic and physiological health outcomes compared to 

standardized, population-wide dietary guidelines (Mozaffarian, 2016). 

4.1. The PREDICT Studies  

• The Personalised Responses to Dietary Composition Trial (PREDICT 1) 

represents a milestone in clinical nutrition research. Coordinated by Tim 

Spector and Dr. Sarah Berry from King’s College London, alongside 

Dr. Francesco Asnicar and Nicola Segata from the University of Trento, this 
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international collaboration was designed to quantify individual variations in 

postprandial metabolic responses to standardized meals (Berry et al., 2020). 

• The trial analyzed 1,103 healthy participants across the United Kingdom and 

United States, utilizing a unique cohort of 660 identical and non-identical twins 

from the TwinsUK registry (which included 230 twin pairs) to isolate the 

contribution of host genetics (Swinburn et al., 2019). Over the study period, 

researchers gathered massive datasets, including: 

• 4 million continuous glucose readings; 

• 56,000 postprandial triglyceride measurements; 

• 12 terabytes of raw metagenomic gut microbiome data; 

• Consumption of 60,000 carefully designed, isocaloric test muffins and 

standardized 75 g oral glucose tolerance tests (OGTT). 

The primary findings of PREDICT 1 dramatically reshaped clinical perspectives on 

nutrition: 

• Genetic Factors Played a Minor Role: Identical twins, despite sharing 

identical genomic sequences, exhibited highly divergent postprandial metabolic 

responses to identical foods. This finding demonstrates that genetic-only 

personalized nutrition models are insufficient for accurate metabolic predictions 

(Bossard et al., 2014). 

• The Gut Microbiome as a Key Driver: Gut microbiome composition had a 

stronger association with postprandial glucose, insulin, and lipid responses than 

host genetics. Identical twins shared only approximately one-third (33\%) of 

their gut microbial species, explaining their divergent postprandial responses 

(Asnicar et al., 2021). 

• Association with Diet Quality: Diets rich in minimally processed, plant-based 

foods correlated with microbial taxa associated with favorable cardiometabolic 

risk markers. Conversely, diets high in ultra-processed foods were linked to 

microbial signatures associated with visceral fat accumulation, systemic 

inflammation, and impaired glucose tolerance (Asnicar et al., 2021). 

To expand these findings, the PREDICT 1 Plus trial enrolled an additional $900$ twins 

to investigate lipemic dose-responses and the physiological effects of meal order. 

Concurrently, the PREDICT-Carbs sub-study evaluated glycemic responses to different 

carbohydrate sources and non-nutritive sweetener preloads in $100$ highly compliant 

participants. Finally, the PREDICT-Cardio trial assessed intermediate cardiometabolic 

risk markers in $50$ females over the age of 55 who were stratified as high or low lipid 

responders. These studies have paved the way for advanced algorithmic approaches that 

utilize artificial intelligence and continuous glucose monitoring to expose dynamic 

glycemic phenotypes (NM, 2025). Furthermore, modern research now employs 

functional data analysis to model these continuous glucose trajectories, accounting for 

participant-specific random effects to better understand how diet impacts individual 

metabolic capacity (Matabuena et al., 2024). Emerging "microbiome-informed" 

personalization strategies are now being integrated into clinical settings to improve 

glycemic outcomes beyond the limitations of generic dietary guidelines (PMC, 2026). 

4.2. The DIETFITS Trial  

The Diet Intervention Examining the Factors Interacting with Treatment Success 

(DIETFITS) trial was a randomized, parallel-group clinical trial designed to determine 

whether baseline genetic markers or insulin dynamics could predict weight-loss success. 

Funded with 8 million dollars and led by Christopher D. Gardner at Stanford University 

School of Medicine, the trial evaluated 609 overweight or obese, non-diabetic adults 

aged 18 to 50 over a 12-month period (Stanford University School of Medicine, 2017). 

Participants were randomized to either a healthy low-fat (HLF) or a healthy low-

carbohydrate (HLC) diet and attended 22 small-group behavioral sessions led by 

registered dietitians. During the first 8 weeks, participants restricted their respective 
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macronutrient intake to 20 g/day before gradually titrating up to a sustainable, lifelong 

level (Trepanowski et al., 2017). 

The trial investigated whether weight loss was associated with: Three single-nucleotide 

polymorphisms (SNPs) associated with fat and carbohydrate metabolism (with 40% of 

the cohort having a low-fat genotype and 30% having a low-carbohydrate genotype); 

• Baseline insulin secretion levels measured 30 minutes after a glucose challenge (INS-

30, with a cohort mean baseline of 93 𝜇IU/mL) (Abbasi, 2018). At 12 months, the 

macronutrient distributions were distinct: the HLF group 

consumed 48%  carbohydrates, 29%  fat, and 21%  protein, while the HLC group 

consumed 30% carbohydrates, 45% fat, and 23% protein (Guasch-Ferré et al., 2018). 

The results showed: 

No Predictive Value for SNPs or Insulin: Neither the genotype patterns nor baseline 

insulin secretion levels (INS-30) were associated with the assigned diet's effect on 

weight loss (Gardner et al., 2018). Participants matched to their genetic or insulin 

secretion profiles did not achieve significantly better weight loss compared to those 

mismatched (Kolata, 2018). 

• Comparable Mean Weight Loss with High Individual Variation: Average weight loss 

was similar between the two arms (−5.3 kg for HLF and −6.0 kg for HLC) (Gardner 

et al., 2018). However, individual weight change varied dramatically, ranging from a 

loss of 30 kg (60 lbs) to a gain of 10 kg (20 lbs) (Heymsfield & Wadden, 2017). The 

Importance of Diet Quality: The study concluded that both dietary patterns are highly 

effective for weight loss when focusing on high-quality, whole, minimally processed 

foods, and that simple genetic panels are currently insufficient to personalize 

macronutrient distributions (Ludwig & Ebbeling, 2018). 

4.3. The Food4Me Study 

The Food4Me study was a multi-center, internet-based randomized controlled trial 

across Europe. This study demonstrated that delivering personalized, algorithm-driven 

dietary advice based on phenotypic and genetic data led to significantly greater 

improvements in dietary habits and adherence to a Mediterranean diet compared to 

traditional, population-level guidelines (Jiang et al., 2020). 

4.4. The NIH Nutrition for Precision Health (NPH) Study 

To resolve these conflicting paradigms of personalization, the National Institutes of 

Health (NIH) launched the 170 million-dollar Nutrition for Precision Health (NPH) 

study, powered by the All of Us Research Program. This study seeks to construct highly 

advanced machine learning algorithms capable of predicting individual response curves 

to diverse foods and dietary patterns (Zeisel, 2020). The trial utilizes a rigorous, multi-

module crossover design across a diverse cohort of 8,000 participants (Krauss et al., 

2021): 

 

• Module 1 (Observational Phenotyping): Baseline multi-omics, lifestyle, and 

behavioral data are collected from 8,000 participants while they consume their self-

selected diets (National Institutes of Health, 2023). 

 

• Module 2 (Crossover Home Interventions): Involves 1,200 participants consuming 

three distinct, study-provided diets in a randomized 14-day crossover sequence, 

interspersed with washout periods. 

Module 3 (Supervised Residential Feeding): Places 150  participants in a strictly 

controlled metabolic facility to consume the identical three test diets, ensuring absolute 

adherence (Ludwig et al., 2018). Primary outcomes focus on training AI models to 

predict 0–4 hour postprandial response curves for glucose, insulin, triglycerides, and 

glucagon-like peptide-1 (GLP-1) in response to standardized meal challenges. 

Additionally, NPH evaluates the precision of technology-based dietary assessment 

tools, such as the Automated Self-Administered 24-hour recall (ASA24), the Automatic 
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Ingestion Monitor-2 (AIM-2), and mobile food records (mFR) (Rollo et al., 2016) To 

ensure data integrity, the NPH trial maintains strict clinical exclusion criteria, excluding 

individuals with: Gestational age precluding completion of the module by week 36, or 

severe morning sickness (ACOG, 2020); Less than 12 months post-metabolic or 

bariatric surgery (Mechanick et al., 2019); Possible alcohol use disorder, defined by an 

Alcohol Use Disorders Identification Test (AUDIT) score greater than 15:  Active 

malignancy requiring cytotoxic chemotherapy: Active clinical diagnoses or treatment 

for bulimia or anorexia nervosa within the past 3 years (Treasure et al., 2020). 

Table 2: Comparative Overview of Landmark Precision Nutrition Trials  

Trial 

Name 

Sampl

e Size 

(N) 

Cohort 

Characteristics 

Primary 

Biological & 

Digital 

Inputs 

Experiment

al Protocol 

& 

Interventio

ns 

Primary 

Outcomes 

& 

Quantitati

ve Insights 

PREDIC

T 1  

1,103 Healthy adults, 

including 660 

twins (230 twin 

pairs). 

Metagenomi

cs, CGMs, 

lipid panels, 

sleep & 

exercise 

tracking. 

Standardize

d test meals 

(isocaloric 

muffins), 

75g OGTTs. 

Genetics 

plays a 

minor role; 

gut 

microbiom

e 

compositio

n is a key 

driver of 

postprandia

l response. 

DIETFIT

S  

609 Overweight/obe

se, non-diabetic 

adults aged 18–

50. 

3 key SNPs, 

INS-30 

(insulin 

secretion), 

dietary logs. 

12-month 

parallel RCT 

(HLF vs. 

HLC) with 

22 dietitian-

led sessions. 

No 

association 

between 

SNPs or 

baseline 

insulin 

secretion 

and weight 

loss; focus 

on whole-

food 

quality. 

Food4Me  Multi-

center 

European 

cohort. 

Phenotypic 

markers, 

genomic 

variants, 

digital diet 

records. 

Web-based 

personalized 

dietary 

advice vs. 

generic 

guidelines. 

Personalize

d, 

algorithm-

driven 

feedback 

significantl

y improves 

adherence 

to healthy 

dietary 

patterns. 

Nutrition 

for 

Precision 

Health  

~8,000 Multi-ethnic, 

diverse cohort. 

Multi-omics, 

continuous 

glucose 

tracking, 

ASA24, 

Crossover 

sequence 

with 

observationa

l, home, and 

Ongoing; 

training 

AI/ML 

models to 

predict 
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AIM-2, mFR. residential 

modules. 

postprandia

l glucose, 

insulin, 

lipid, and 

GLP-1 

curves. 

5. Industrial Food Systems, Commercial Platforms, and Digital Health Interfaces 

The potential of personalized nutrition has catalyzed a growing commercial ecosystem, 

transitioning precision algorithms from academic environments into consumer-facing 

digital health interventions. This commercial translation extends across clinical 

management platforms, metatranscriptomic diagnostics, and industrial food 

manufacturing systems (Collins & Perez-Stable, 2021). 

5.1. Commercial Precision Platforms  

Several commercial platforms leverage machine learning models to analyze gut 

microbiome profiles and generate tailored dietary recommendations: 

• DayTwo: Employing advanced machine learning models trained on gut 

microbiome sequencing, clinical lab metrics, and physical habits, DayTwo 

delivers personalized medical nutrition therapy. Clinically validated in 

partnership with institutions like the Mayo Clinic, DayTwo's platform predicts 

postprandial glycemic responses (PPGR) to help individuals with type 2 

diabetes manage blood glucose levels (de Roos et al., 2019). 

• ZOE: Directly leveraging the scientific infrastructure and predictive models 

developed during the PREDICT studies, ZOE uses home test kits containing gut 

microbiome sequencing, blood fat measurements, and CGMs. A proprietary 

machine learning engine analyzes these biometric responses to generate 

personalized eating plans designed to manage dietary inflammation and 

promote healthy gut microbes (Berry et al., 2020). 

• Viome: Employing metatranscriptomic technology, Viome sequences active 

microbial gene expression (mRNA) in stool and blood samples across a 

database of over $300,000$ samples. A systems biology approach combined 

with machine learning models analyzes active biological pathways to formulate 

targeted dietary recommendations and manufacture customized nutritional 

supplements (Zeevi et al., 2015). 

5.2. IoT and Continuous Biometric Loops 

The integration of Internet of Things (IoT) devices, such as continuous glucose 

monitors and physical trackers, has shifted nutrition from static plans to real-time 

behavioral interventions. AI models continuously analyze these biometric streams, 

allowing users to make real-time adjustments. This includes modifying meal 

composition to prevent a predicted blood sugar spike or adjusting carbohydrate intake 

based on physical activity levels (Sun et al., 2017). 

5.3. Industrial Supply Chains and Circular Economy Integration  

Beyond consumer-facing apps, AI-driven nutrition is transforming industrial food 

manufacturing and supply chain logistics. Food manufacturers utilize machine learning 

and computer vision to monitor food quality, predict product shelf-life, and ensure 

supply chain safety. These models streamline manufacturing, reduce waste, and 

improve resource efficiency, aligning precision nutrition with sustainable circular 

economy goals (Kirkpatrick et al., 2019). 

6. Technical Limitations, Ethical Barriers, and Socio-Economic Challenges 

Despite its therapeutic potential, the clinical adoption of AI-driven personalized 

nutrition faces several socio-technical, ethical, and regulatory hurdles (Sharma et al., 

2022). 

6.1. Algorithmic Transparency and Explainability 
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Many deep learning architectures function as "black boxes," transforming high-

dimensional inputs into dietary recommendations through complex, uninterpretable 

mathematical weights. In clinical medicine, this lack of transparency is a significant 

barrier. Healthcare providers are often hesitant to prescribe algorithmically generated 

diets without a clear, biologically sound rationale. Developing interpretable AI 

frameworks that provide transparent clinical reasoning is essential to fostering 

professional and consumer trust (Saunders et al., 2018). 

6.2. Data Privacy, Governance, and Security 

Personalized nutrition platforms ingest highly sensitive biological and behavioral data, 

including complete genomic sequences, clinical history, and continuous lifestyle 

tracking. Protecting these datasets against unauthorized access and commercial 

exploitation is a critical ethical concern (Koren et al., 2021). 

To protect user anonymity during model training, advanced cryptographic and privacy-

preserving machine learning frameworks are being implemented: 

• Federated Learning (FL): Allows AI models to train across decentralized 

institutional databases without transferring raw medical records, keeping user 

data local. 

• Differential Privacy: Synthetically perturbs training data to prevent the 

reconstruction of individual identities from model outputs (de Roos, 2021). 

• Homomorphic Encryption: Enables mathematical operations to be performed 

directly on encrypted data, ensuring information remains secure throughout the 

processing lifecycle (Shahid et al., 2025). 

Furthermore, absolute compliance with stringent legal frameworks such as the Health 

Insurance Portability and Accountability Act (HIPAA) in the United States and the 

General Data Protection Regulation (GDPR) in the European Union is mandatory to 

uphold ethical standards of data sovereignty and informed consent (Topol, 2019). 

6.3. Demographic Bias and Global Equity 

Because many AI models are trained on historical clinical datasets, they are susceptible 

to algorithmic bias. Most high-throughput multi-omics studies have drawn participants 

from affluent, Western demographic cohorts. If these algorithms are applied to 

ethnically, culturally, or economically diverse populations without proper calibration, 

they risk delivering ineffective or harmful dietary advice (Meyers et al., 2021). 

Additionally, the high cost of continuous glucose monitors, microbiome profiling, and 

dynamic supplementation creates a stark digital divide. If precision nutrition remains 

restricted to high-income populations, it may exacerbate global health inequities. To 

mitigate this, policy integration must focus on implementing scalable, low-cost AI 

screening tools (such as hybrid anthropometric models) to optimize public health 

resource allocation in underserved regions (Mozaffarian, 2016). 

7. Conclusions  

The integration of artificial intelligence into nutritional science marks a profound 

paradigm shift, transitioning the field from static, population-wide dietary guidelines to 

dynamic, data-driven precision frameworks. By leveraging advanced machine learning 

and deep learning architectures—such as Transformers, Graph Neural Networks, and 

computer vision systems—modern personalized nutrition platforms successfully 

decode the highly non-linear, cross-omics interactions that govern an individual’s 

metabolism. From capturing real-time physiological trajectories to executing high-

accuracy clinical tasks, such as the 99.84% diagnostic accuracy achieved by hybrid 

FHO-K-Means architectures in pediatric malnutrition screening, AI has proven its 

capability to handle the immense multi-dimensional complexity of human biology and 

behavior. Empirical evidence from landmark clinical trials, most notably the PREDICT 

studies and the DIETFITS trial, has fundamentally reshaped our understanding of 

metabolic individuality. These studies have conclusively demonstrated that host 

genetics plays a surprisingly minor role in postprandial variations compared to the 

composition of the gut microbiome, lifestyle metrics, and overall whole-food quality. 
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Consequently, the future of precision nutrition lies not in rigid, single-dimension DNA 

panels, but in continuous, multi-omic biometric loops fueled by real-time IoT 

integration and metatranscriptomic tracking. This academic infrastructure is already 

powering a booming commercial ecosystem through platforms like DayTwo, ZOE, and 

Viome, while simultaneously optimizing industrial food manufacturing and circular 

supply chains. However, for AI-driven personalized nutrition to achieve widespread 

clinical validation and public health equity, several systemic barriers must be 

systematically dismantled. The "black-box" nature of advanced deep learning models 

must be replaced with explainable AI (XAI) frameworks to foster trust among 

healthcare providers. Furthermore, the extreme sensitivity of genomic, clinical, and 

lifestyle datasets necessitates the strict adoption of privacy-preserving machine learning 

paradigms, including federated learning, differential privacy, and homomorphic 

encryption, to guarantee absolute data governance and regulatory compliance. Finally, 

algorithms must be trained on geographically and socio-economically diverse 

populations to eliminate demographic bias and prevent precision health from becoming 

an exclusive luxury for affluent populations. 
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