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Abstract 
Artificial intelligence (AI) is reshaping food safety and nutrition practices by delivering scalable, real-time, 
and personalized solutions. In food safety, AI enables predictive risk modeling, rapid contaminant detection, 
smart surveillance systems, and blockchain-based traceability. In nutrition, AI supports personalized diet rec-
ommendations, automated dietary tracking, and virtual nutrition coaching by integrating data from genomics, 
the microbiome, and behavioral inputs. Despite these advancements, AI introduces significant risks, including 
algorithmic hallucinations, biased training data, opaque decision-making, and ethical concerns related to data 
privacy and consent. Additionally, the absence of robust regulatory frameworks and unequal access to AI tools 
may widen existing health disparities. This narrative review synthesizes current developments in AI-based food 
and nutrition applications, examines emerging challenges, and highlights ethical, technical, and policy con-
siderations. It also proposes a roadmap for the responsible integration of AI into food systems, emphasizing 
transparency, equity, interdisciplinary collaboration, and global governance. While AI holds immense potential 
to enhance safety and nutrition worldwide, its success ultimately depends on how thoughtfully and ethically it is 
designed, implemented, and evaluated. This review aims to guide researchers, policymakers, and practitioners 
in aligning technological innovation with public health priorities.
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Introduction
Food safety and nutrition are fundamental pillars of global pub-
lic health. The integrity, traceability, and nutritional quality of 
the food supply affect not only individual well-being but also 
population-level outcomes such as disease burden, health equi-
ty, and socioeconomic stability. As global food systems grow 
more complex and interconnected, ensuring their safety and 
nutritional adequacy poses new challenges that demand inno-
vative solutions [1, 2]. In parallel, artificial intelligence (AI) is 
transforming multiple domains by processing large datasets, rec-
ognizing patterns, and making predictions at a speed and scale 
beyond human capacity. AI refers to computer systems designed 
to simulate human cognitive functions such as learning and 
problem-solving. From agriculture and logistics to medicine and 
education, AI is reshaping traditional practices. Its integration 
into food safety and nutrition science is therefore both likely and 
potentially transformative [3]. The urgency for digital innova-
tion in food systems has been underscored by recurring global 
crises, including pandemics, climate change, and geopolitical 
disruptions. These events expose vulnerabilities in food security, 
supply chain resilience, and nutritional adequacy [4]. Within this 
context, AI is increasingly seen as a strategic tool for enhancing 
resilience and enabling proactive, data-driven interventions in 
both food safety and personalized nutrition [5]. 

This Review Addresses Three Guiding Questions
1.	 What are the contemporary applications of AI in food safety 

and nutrition?
2.	 What ethical, infrastructural, and regulatory barriers limit 

their effectiveness?
3.	 How can the responsible use of AI advance public health 

goals?

Methods
We searched PubMed and Scopus for literature published be-
tween 2018 and 2025 using keywords such as “AI AND food 
safety” and “nutrition AND machine learning.” We included 
peer-reviewed empirical studies and policy documents in En-

glish, excluding editorials and commentaries.

From Reactive to Predictive Systems
Traditionally, food safety relied on reactive approaches such as 
microbial testing, physical inspection, and batch sampling. In 
contrast, AI enables predictive modeling using real-time data 
streams from environmental sensors, supply chain analytics, 
microbial genomics, and consumer behavior tracking. These 
tools allow authorities and producers to detect and prevent haz-
ards before they escalate [6]. Similarly, nutritional interventions 
have historically been based on generalized dietary guidelines 
designed for populations rather than individuals. With the rise 
of personalized nutrition and precision health, these limitations 
have become apparent. AI now supports individualized dietary 
recommendations by integrating genetic, metabolic, microbi-
ome, and lifestyle data, improving both efficacy and user en-
gagement [7– 9].

The Rise of Ai in Food and Nutrition Research
Recent years have witnessed increasing use of machine learn-
ing (ML), natural language processing (NLP), and neural net-
works in food-related research. In food safety, AI has been ap-
plied to contaminant detection via image analysis, optimization 
of storage conditions, and blockchain-based enhancement of 
product recalls [10]. In nutrition, AI supports automated food 
logging, dietary pattern recognition, virtual coaching, and pre-
dictive modeling of disease risks based on diet quality indices 
[11]. AI-powered “digital dietitians” are also emerging, offer-
ing continuous dietary support in settings with limited access 
to healthcare professionals. While promising, these tools raise 
concerns regarding accuracy, equity, privacy, and accountability. 
Without rigorous governance and transparent design, risks such 
as misinformation, data mismanagement, and algorithmic bias 
may undermine trust and exacerbate health disparities.

Objectives of This Review
Despite growing enthusiasm for AI in food systems, few critical 
syntheses examine both its promises and pitfalls. This review 
seeks to fill that gap by offering a structured overview of AI 
applications in food safety and nutrition, while also addressing 
risks, ethical concerns, and future directions. Specifically, our 
objectives are to: Summarize current AI applications in food 
safety (e.g., contaminant detection, predictive surveillance). Re-
view AI-enabled tools in nutrition practice (e.g., personalization, 
digital dietary counseling).

Highlight benefits for efficiency, accessibility, and data-driven 
decision-making. Discuss limitations and risks, including algo-
rithmic hallucinations, privacy concerns, and regulatory gaps. 
Provide recommendations for the responsible integration of AI 
into food systems. As a narrative review, we identified literature 
through PubMed, Scopus, and Google Scholar searches between 
2019 and 2025. Search terms included “AI in nutrition,” “food 
safety AI,” and “AI ethics in health.” Eligible sources includ-
ed peer-reviewed articles, technical reports, and relevant policy 
documents in English. Editorials and non-scholarly commentar-
ies were excluded.
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AI in Food Safety: From Contaminant Detection to Predic-
tive Risk Modeling
Food safety remains one of the most critical components of pub-
lic health, as foodborne illnesses continue to cause significant 
morbidity and mortality worldwide. According to the World 
Health Organization, unsafe food results in nearly 600 million 
cases of foodborne disease and 420,000 deaths annually [12]. 
Traditional approaches—such as microbial testing, physical in-
spection, and batch sampling—are often reactive, labor-inten-
sive, and limited in scope. By contrast, AI offers scalable, da-
ta-driven, and predictive alternatives that can improve both the 
reliability and efficiency of food safety systems.

Ai-Based Contaminant Detection and Quality Control
AI has been successfully applied to identify physical, chem-
ical, and microbial contaminants across the food production 
and distribution chain. Machine learning (ML) algorithms, 
particularly supervised learning models such as support vector 
machines (SVMs), random forests (RFs), and artificial neural 
networks (ANNs), can be trained on large datasets of images, 
spectral data, or chemical signatures to classify food quality 
and detect anomalies [13]. For example, hyperspectral imaging 
(HSI) combined with deep learning has achieved high accuracy 
in detecting foreign objects in processed foods, including plastic 
fragments and insect parts [14]. Similarly, near-infrared (NIR) 
spectroscopy paired with convolutional neural networks (CNNs) 
enables real-time identification of adulterants in milk, oils, and 
flours [15]. In microbial detection, AI algorithms trained on ge-
nomics and metagenomics datasets can differentiate pathogenic 
from non-pathogenic bacterial strains based on DNA sequenc-
es, expediting identification of high-risk contaminants such as 
Listeria monocytogenes and Salmonella enterica [16].

Predictive Surveillance and Outbreak Forecasting
One of AI’s major contributions to food safety is the shift from 
retrospective testing to predictive surveillance. Predictive mod-
els can assess the likelihood of contamination or spoilage based 
on variables such as temperature, humidity, supply chain inter-
ruptions, and consumer feedback. For example, AI models in-
tegrating satellite and weather data have been used to forecast 
aflatoxin contamination in maize crops in sub-Saharan Africa 
[17]. In the United States, the FDA has piloted AI models that 
analyze import records, supplier risk histories, and inspection 
outcomes to assign dynamic risk scores to imported goods, en-
abling more targeted inspections and resource allocation [18]. 
Emerging applications also include natural language processing 
(NLP) for social media mining. Early studies demonstrate that 
NLP algorithms can scan user complaints and reviews on deliv-
ery platforms to detect potential foodborne illness clusters be-
fore formal reporting [19].

Blockchain and AI: Enhancing Traceability
Blockchain provides a decentralized, tamper-proof ledger for 
recording transactions across the food supply chain. When com-
bined with AI, blockchain enables real-time verification of food 
provenance, reducing traceability times from days to minutes. 
For example, an IBM– Walmart collaboration applied block-
chain–AI systems to track leafy green vegetables from farms to 
store shelves, reducing the traceability time for contaminated 
batches from seven days to under three seconds [20]. In the meat 
and dairy industries, blockchain–AI platforms are being tested 

to integrate cold-chain sensor data, automatically alerting retail-
ers if temperature thresholds are breached during transport [21].

Smart sensors and IoT Integration
The integration of AI with Internet of Things (IoT) sensors in 
warehouses, transport vehicles, and retail environments is anoth-
er critical development. These sensors collect continuous data 
on temperature, humidity, CO₂ levels, and microbial counts. AI 
models analyze these streams to assess spoilage risk in real time 
and recommend corrective actions [22]. In seafood logistics, 
AI systems analyzing packaging environment data predict his-
tamine development in tuna—a common food safety concern. 
When thresholds are exceeded, automated alerts trigger rerout-
ing or removal of shipments [23]. This approach also enables 
adaptive shelf-life estimation, replacing static expiry dates with 
dynamic predictions based on actual storage conditions. Such 
systems simultaneously improve food safety and reduce waste.

Applications in Developing Countries
AI holds particular promise for low- and middle-income coun-
tries where food safety regulations are often under-resourced. 
Mobile AI apps that analyze smartphone images can assess 
produce freshness, detect bruising, and evaluate contamination 
risks, making safety tools more accessible to farmers, vendors, 
and consumers [24]. For example, a Kenyan startup has devel-
oped a mobile platform that uses machine vision to detect mold 
growth in grains stored in rural silos, allowing farmers to act 
before toxic mycotoxins develop—a major cause of liver cancer 
in Africa [25]. Cloud-based AI platforms can thus function as 
“digital inspectors,” bridging inspection gaps in resource-lim-
ited settings.

Challenges in Implementation and Interpretation
Despite its potential, several challenges limit the broad applica-
tion of AI in food safety. 

Interpretability: Deep learning models often function as “black 
boxes,” providing little transparency for decision-making, which 
is problematic for regulatory compliance [26].

Data Quality: High-quality, labeled datasets are often scarce, 
fragmented, or proprietary, limiting model development and val-
idation [27].

Infrastructure Gaps: Many AI tools require continuous inter-
net access, cloud computing, or advanced sensors, which may be 
infeasible in rural or low-resource settings [28].
Regulatory Readiness: Agencies often lack the technical capaci-
ty to evaluate AI-based systems. Without harmonized standards 
or certification mechanisms, adoption may remain inconsistent 
[29].

Scalability and Sustainability: While blockchain–AI systems 
show promise, issues of data integrity, scalability, and the envi-
ronmental footprint of computationally intensive models remain 
unresolved [30, 31].

Ethical Concerns: Data ownership, consent for IoT-based col-
lection, and potential misuse of predictive models to stigmatize 
specific populations must be addressed. Current frameworks, 
such as the EU Data Act, offer general principles but lack sec-
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tor-specific standards tailored to high-risk AI applications in 
food safety and nutrition.

AI in Nutrition Practices: Personalized Diets and Health Mon-
itoring
Artificial intelligence (AI) is reshaping nutrition science, par-
ticularly in dietary assessment, personalized nutrition, behav-
ior modification, and population health surveillance. With the 
rising prevalence of diet-related chronic diseases and growing 
recognition of interindividual variability in dietary responses, 
the demand for precise, scalable, and real-time nutrition guid-
ance has never been greater [32]. When integrated with digital 
health platforms, AI offers unprecedented capabilities to meet 
these needs.

Personalized Nutrition Through Data Integration
Conventional dietary recommendations are typically popu-
lation-based, relying on generalized guidelines such as the 
Mediterranean diet or USDA’s MyPlate. While valuable, these 
approaches often fail to account for individual differences in 
genetics, metabolism, gut microbiota, cultural practices, and 
psychological factors [33]. AI enables precision nutrition by in-
tegrating multi-dimensional data sources, including genomic in-
formation, phenotypic biomarkers, metabolomics, microbiome 
composition, lifestyle behaviors, and even geolocation-based 
food access [34].

Algorithms can synthesize these datasets to generate highly in-
dividualized dietary recommendations that adapt dynamically 
to user feedback and physiological changes [35]. For example, 
decision-tree-based AI models have been used to predict indi-
vidual postprandial glycemic responses to identical meals, en-
abling more effective dietary management of insulin resistance 
and type 2 diabetes [36]. Similarly, microbiome-informed AI 
models have been shown to improve predictions of weight loss 
outcomes during dietary interventions.

Ai-Powered Dietary Assessment Tools
One of the earliest and most widely adopted applications of AI 
in nutrition is automated dietary intake tracking. Traditional 
methods—such as 24-hour recalls, food frequency question-
naires (FFQs), and dietary records—are time-intensive, prone to 
recall bias, and difficult to scale [37]. AI-based mobile appli-
cations now use image recognition and natural language pro-
cessing (NLP) to automate food logging. Users can photograph 
meals, and deep learning algorithms identify food items, esti-
mate portion sizes, and calculate nutrient content [38]. Several 
consumer-facing platforms already employ these features for 
automated meal logging and nutrient estimation. More advanced 
systems integrate AI with continuous glucose monitors (CGMs) 
and wearable fitness trackers, contextualizing food intake with-
in broader physiological data. This enables real-time feedback 
and adaptive nutrition recommendations [39]. However, accu-
racy remains a challenge. Comparative studies show moder-
ate agreement between AI-estimated nutrient intake and dieti-
tian-reviewed records, underscoring the need for larger training 
datasets and culturally diverse food image libraries [40].

Conversational Ai and Digital Nutrition Coaching
AI-driven chatbots and virtual coaches represent a new frontier 
in behavior-focused dietary interventions. These tools combine 

NLP with established behavior change frameworks (e.g., the 
transtheoretical model, cognitive behavioral therapy) to deliver 
tailored feedback, motivational interviewing, and habit-tracking 
support [41]. Randomized controlled trials suggest that AI-as-
sisted nutrition coaching can yield modest improvements in 
dietary quality, particularly in populations with limited access 
to nutrition professionals [42]. However, effectiveness varies 
depending on chatbot design, personalization capacity, and sus-
tained user engagement. Large language models (LLMs) such 
as ChatGPT are also being piloted for nutrition education and 
client engagement. While promising, these systems are suscep-
tible to “hallucinations” (confident but incorrect outputs) and 
lack grounding in validated nutrition databases unless externally 
constrained [43].

Predictive Analytics for Population Nutrition
AI extends beyond individual guidance to applications in public 
health nutrition, where it supports surveillance, modeling, and 
policy evaluation. Machine learning models can analyze large-
scale dietary survey data to identify nutrient deficiencies, emerg-
ing dietary trends, and vulnerable populations. For instance, AI 
models trained on national health and nutrition datasets have 
been used to predict future prevalence of obesity and hyperten-
sion based on current dietary patterns, thereby informing proac-
tive policy simulations [44]. Such insights can guide resource 
allocation, subsidy design, and the targeting of nutrition cam-
paigns more effectively than traditional epidemiological meth-
ods. AI is also being applied to assess the environmental and 
sustainability impacts of dietary patterns by linking nutrition 
outcomes with climate projections. This integration is central to 
the emerging planetary health framework [45].

Real-World Case Studies in Low- and Middle-Income Countries 
(Lmics)

Practical applications of AI in LMICs illustrate its potential for 
scalable, context-sensitive solutions.

Agricultural Risk Prediction: In East Africa, researchers com-
bined satellite data with machine learning to map aflatoxin risk 
in maize-growing regions. An ensemble gradient boosting model 
trained on 907 pre-harvest maize samples from Kenya, Uganda, 
Malawi, and Tanzania achieved a balanced accuracy of 62% and 
generalized well to external datasets, demonstrating feasibility 
for field-level risk prediction.

Digital Diet Assistants: In India, the fintech–wellness compa-
ny HealthifyMe has deployed its AI nutrition assistant, Ria, at 
scale. Ria manages around 80% of user queries and provides 
personalized dietary advice using regional food databases and 
local dietary habits. Its image recognition feature can identify 
culturally specific meals, enhancing relevance and scalability 
across India’s diverse linguistic and dietary landscapes.

Opportunities: Efficiency, Precision, and Scalability
The integration of artificial intelligence (AI) into food safety and 
nutrition presents opportunities to address long-standing limita-
tions in both domains. By automating complex processes, en-
hancing precision, and supporting interventions at scale, AI has 
the potential to transform how food systems operate and how 
individuals manage their nutritional health.
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Automation and Real-Time Decision Support
AI can automate tasks that are traditionally time-consuming and 
prone to error. In food safety, AI systems process visual, chem-
ical, and sensor data to detect contaminants, monitor storage 
conditions, and trigger alerts for unsafe batches—functions that 
would otherwise require manual inspection or laboratory testing 
[39]. In many industrial settings, this automation already reduc-
es labor costs, minimizes inspection delays, lowers error rates, 
and enables more frequent and detailed quality control [46]. In 
nutrition, automation powered by AI supports real-time dietary 
tracking and interventions. Rather than relying solely on occa-
sional check-ins with healthcare professionals, users now benefit 
from continuous feedback through mobile applications, wear-
ables, and voice assistants. This shift fosters stronger adherence 
and engagement in dietary interventions [47].

Improved Personalization and Predictive Capabilities
AI systems excel at detecting patterns in large, heterogeneous 
datasets. This capability enables personalized nutrition models 
that incorporate genomics, metabolomics, microbiome profiles, 
and behavioral data to predict individual responses to specific 
foods or dietary patterns [48]. Such predictive precision holds 
particular promise for managing chronic conditions including 
diabetes, obesity, cardiovascular disease, and irritable bow-
el syndrome (IBS) [8]. AI can also simulate long-term health 
scenarios, projecting how today’s dietary choices may influence 
future disease risk. These predictive insights support earlier in-
terventions and more meaningful counseling in both clinical and 
public health contexts [49].

Expanded Access and Equity in Underserved Populations
Globally, shortages of nutrition professionals pose barriers to 
equitable care, particularly in rural and low-income regions. 
Validated AI tools can serve as digital nutrition coaches, deliv-
ering evidence-based guidance in multiple languages, adapted 
for cultural relevance, and integrated into accessible platforms 
such as messaging apps or government health portals [50, 51]. 
In food safety, AI-based mobile applications empower farmers, 
small vendors, and frontline workers to assess risks without re-
quiring advanced training or laboratory resources. For example, 
smartphone-based image recognition tools can detect signs of 
spoilage, mold, or pest infestation [52]. If deployed responsi-
bly, these tools can reduce inequities by democratizing access 
to knowledge. However, implementation in low-resource con-
texts depends on infrastructure investment, supportive policies, 
and localized adaptation. Without these measures, outcomes ob-
served in high-income countries may not be replicated.

Optimization of Supply Chains and Sustainability
Food systems often suffer from inefficiencies, waste, and loss. AI 
supports optimization by modeling supply flows, predicting de-
mand, and adjusting production or distribution in real time. For 
instance, algorithms can analyze purchasing patterns, weather 
forecasts, and logistics data to reduce overproduction and mini-
mize spoilage during transport [53]. These optimizations direct-
ly improve food safety by reducing time spent in high-risk stag-
es of distribution, while also preserving the nutritional value of 
perishable foods such as fruits, vegetables, dairy, and meat [54]. 
AI is increasingly applied to assess the environmental impacts 
of dietary patterns—including greenhouse gas emissions, water 
use, and land degradation—alongside nutritional outcomes. This 

dual analysis enables dietary recommendations that promote 
both health and environmental sustainability [55].

Supporting Public Policy and Regulatory Innovation
AI enhances evidence-based policymaking by analyzing large-
scale dietary surveillance data and simulating outcomes of 
regulatory interventions (e.g., sugar taxes, front-of-pack label-
ing, food fortification strategies) [56]. Such tools enable more 
flexible decision-making that adapts to local and global trends. 
Regulatory agencies can also leverage AI to identify high- risk 
imports, detect food fraud, and prioritize inspection schedules 
based on predicted violation risks. This approach improves ef-
ficiency and effectiveness in resource-limited regulatory envi-
ronments [57]. In this way, AI serves not only as a technological 
innovation but also as a policy enabler, strengthening both food 
safety and nutrition security at population levels.

Enhanced Research and Knowledge Discovery
AI accelerates research in nutrition and food safety by facili-
tating large-scale data synthesis. Natural language processing 
(NLP) tools can scan thousands of scientific articles, highlight 
emerging patterns, identify contradictions, and pinpoint gaps 
in the literature. This accelerates meta-analyses and contributes 
to the development of more robust evidence-based guidelines 
[58]. In food safety, AI supports discovery by screening molecu-
lar datasets to identify new antimicrobial compounds, detection 
methods, and biomarkers of food safety. Hypotheses generated 
through AI analysis can then be validated in laboratory studies. 
As summarized in Table 1, AI-powered tools are already being 
applied across multiple domains of food safety and nutrition, of-
fering a roadmap for further innovations.

Risks and Ethical Challenges: Hallucinations, Bias, and 
Data Privacy
While artificial intelligence (AI) holds significant promise for 
advancing food safety and nutrition, its use also raises critical 
limitations and ethical concerns. Issues such as hallucinations, 
algorithmic bias, lack of transparency, accountability gaps, and 
privacy risks can undermine both individual health and public 
trust. Without appropriate governance, these risks may outweigh 
potential benefits, especially for vulnerable populations.

Hallucinations and Misinformation
One of the most serious limitations of generative AI, particular-
ly large language models (LLMs), is their tendency to produce 
“hallucinations”—confidently stated but factually incorrect out-
puts [59]. In nutrition, such errors can manifest as unsafe dietary 
advice, misinterpretations of health conditions, or endorsements 
of fad diets without scientific basis. Studies show that LLMs 
asked for dietary recommendations sometimes provide answers 
that sound authoritative yet contradict established guidelines 
[60,61]. For instance, an AI system might recommend ketogenic 
diets for renal patients or underreport nutrient deficiencies, ex-
posing users to serious risks. These dangers increase when such 
systems are integrated into consumer apps without professional 
oversight.

Algorithmic Bias and Inequitable Recommendations
AI models reproduce the characteristics of their training data. 
When datasets are incomplete or culturally unrepresentative, 
models can reflect and amplify existing biases [62]. In nutrition, 
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where dietary patterns and cultural norms vary widely, this poses 
particular risks. For example, food recognition apps trained pri-
marily on Western diets may misidentify traditional dishes from 
Africa, Asia, or the Middle East, producing inaccurate nutrient 
estimates [63]. Similarly, models that exclude indigenous or 
low-income communities risk widening health disparities [64]. 
Bias can also arise from optimization criteria—for instance, pri-
oritizing calorie reduction over nutrient quality, or weight loss 
over metabolic health. A Southeast Asian nutrition app once mis-
labeled fermented foods such as tempeh and kimchi as spoiled, 
illustrating the risks of cultural misinterpretation.

Data Privacy and Surveillance
AI systems often require sensitive personal data, including eat-
ing habits, biometric measures, geolocation, and microbiome 
profiles. This raises major concerns about privacy, consent, and 
data ownership [65]. Some commercial platforms collect such 
data with limited transparency, while anonymized datasets can 
often be re-identified [66]. In weak regulatory environments, 
health data may even be sold to insurers or advertisers. Wear-
ables and IoT devices also heighten surveillance risks. Sensors 
in kitchens, stores, or supply chains may monitor consumers or 
workers without explicit consent, raising ethical concerns about 
autonomy and workplace rights [67].

Lack of Transparency and Explainability
Most high-performing AI models, particularly deep learning sys-
tems, operate as “black boxes” whose decision-making process-
es are opaque even to developers. In food safety and nutrition, 
this lack of explainability is problematic: regulatory and clinical 
decisions must be auditable [68]. For example, if an AI system 
labels a food batch as unsafe, regulators need to understand the 
rationale. Similarly, clinicians require insight into the evidence 
behind chatbot-generated recommendations [69]. Without ex-
plainability, accountability and trust are undermined.

Over-Reliance and De-Skilling
As AI tools become embedded in food and health systems, there 
is a risk of over-reliance. Dietitians may defer too heavily to 
algorithmic outputs, while inspectors may prioritize automated 
risk scores over contextual expertise [70]. End-users may also 
assume AI recommendations are infallible, especially when 
marketed as “smart” solutions. Without adequate training, such 
reliance can weaken professional judgment and critical thinking 
[71]. 

Regulatory Gaps and Ethical Ambiguity
Most countries still lack clear frameworks for regulating AI in 
food and nutrition. Existing guidance for medical AI often does 
not cover consumer apps or agricultural systems [72]. Ethical 
ambiguity also persists around questions such as: Should AI 
nudge users toward specific diets? Is biased AI acceptable in un-
derserved regions if it is the only available option? Who is liable 
when harm occurs? Without robust oversight, commercial in-
centives may dominate, leading to unregulated deployment that 
prioritizes profit over public health.

Toward Responsible AI in Food Systems
Maximizing the benefits of AI while minimizing risks requires 
responsible innovation grounded in technical rigor, ethical fore-
sight, interdisciplinary collaboration, regulatory reform, and ac-

tive community engagement.

Principles of Ethical AI
AI in food systems should adhere to five core principles: trans-
parency, accountability, equity, privacy, and inclusiveness [73].

Transparency Requires Algorithms to be Explainable
Accountability demands clear assignment of responsibility in 
cases of harm. Equity ensures fair access across diverse cultur-
al and socioeconomic groups. Privacy calls for strict safeguards 
around sensitive health and personal data.

Inclusiveness emphasizes the involvement of underrepresented 
communities in both design and governance [74,75].

Multidisciplinary Collaboration
Safe and effective AI cannot be developed by engineers alone. 
Progress requires input from nutritionists, food safety experts, 
epidemiologists, ethicists, legal scholars, and community stake-
holders. For example, dietitians ensure evidence-based recom-
mendations, while ethicists and legal experts address fairness 
and compliance issues [74, 76]. Co- development with local 
communities—especially in low-resource settings—enhances 
cultural acceptance and trust.

Validation and Certification
AI systems must undergo external validation across diverse 
datasets and populations to ensure generalizability, detect bias, 
and minimize harm [77]. Regulatory bodies should establish 
certification pathways similar to those governing medical devic-
es. Ethical impact assessments and algorithm audits can provide 
additional safeguards for the public interest.

Strengthening Policy and Global Governance
Most national frameworks are inadequate for regulating AI in 
food systems. International organizations such as WHO, FAO, 
and Codex Alimentarius should play a leading role in setting 
global standards, supporting open-source tool development, and 
maintaining shared data repositories [78]. Coordinated gover-
nance would reduce fragmentation and increase scalability of 
safe AI solutions.

Building AI Literacy
AI tools are effective only if users understand their limitations. 
Training programs for dietitians, inspectors, and public health 
workers should include AI literacy and critical thinking skills. 
For instance, a pilot study in China tested an AI-based nutri-
tionist for type 2 diabetes patients, demonstrating promising 
alignment with dietitian recommendations [79]. Education en-
ables professionals to interpret AI outputs, recognize bias, and 
integrate human judgment [80].

Open Science and Equitable Access
To prevent deepening inequalities, AI datasets and models 
should be made openly available where feasible. Proprietary 
systems often limit access, particularly in low-resource settings 
[81]. Open-source platforms and global collaborations can pro-
mote equitable innovation [82]. Localization is also critical—AI 
systems must adapt to local languages, dietary practices, and 
technological infrastructures.
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Limitations
As a narrative review, this paper is limited to English-language 
sources and lacks a systematic synthesis protocol. Future work 
should expand to include multilingual literature, broader data-
bases, and systematic review methodologies.

Fruitful and Feasible Conclusions
Artificial intelligence is rapidly becoming integral to food safety 
and nutrition systems. From contaminant detection to person-
alized diet planning, AI technologies offer tools to improve ef-
ficiency, responsiveness, and scalability. When responsibly de-
veloped, they can enhance food system resilience and strengthen 
public health outcomes. At the same time, AI introduces substan-
tial challenges—including risks related to data privacy, algorith-
mic bias, misinformation, and regulatory uncertainty. Without 
robust oversight, such risks may exacerbate health inequalities 
and erode public trust in digital health solutions. To fully real-
ize AI’s potential in food systems, development must be guided 
by ethics, equity, and transparency. This entails inclusive design 
processes, interdisciplinary collaboration, validation across di-
verse populations, and training programs that empower profes-
sionals and communities to engage critically with AI tools. As 
food and nutrition sciences evolve alongside technological inno-
vation, responsibility lies with researchers, developers, policy-
makers, and practitioners to ensure that AI is deployed not only 
for its capabilities but also for its appropriateness, safety, and 
fairness. The future of AI in food systems will depend as much 
on ethical governance as on technological advancement.

Let
F = Food system variables (e.g., contamination detection, supply 
chain, nutritional planning) AI = AI technologies applied to food 
systems
P = Public health outcomes (e.g., safety, nutrition, resilience) R 
= Risks associated with AI (R = {r1, r2, r3, r4}
r1 = Data privacy
r2 = Algorithmic bias r3 = Misinformation
r4 = Regulatory uncertainty
G = Governance and oversight functions (ethical, equitable, 
transparent policies) U = Utility function representing the bene-
fit of AI in food systems
AI impact on food systems: 
F′ = F + AI(F)
Where F′ represents improved food system performance under 
AI intervention. Public health outcomes as a function of AI and 
risks:

Where: 
λi= weight or severity of each risk ri  

U(F′) = utility (benefit) of AI-enhanced food systems 
Risk mitigation through governance:

Where gi(G) ∈ [0,1] represents the mitigation factor from gover-
nance GGG for each risk ri. 
Maximizing responsible AI utility:

Subject to
 i=1
 AI satisfies ethical design constraints (E(AI) = 1)

G Ensures Equity, Transparency, And Interdisciplinary 
Oversight Interpretation
AI (AI) improves food system outcomes (F′), which increases 
public health utility (P). Risks (R) reduce utility if unmitigated.

Governance (G) Acts as a Control Mechanism, Reducing Ef-
fective Risks.
The objective is to maximize public health and food system ben-
efits while minimizing risks, constrained by ethics and equity.
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Pictorial form of Table 1 as a horizontal bar chart:

Each application area is shown on the y-axis, Readiness levels 
are color-coded: High = Green, Medium = Orange, Experimen-
tal = Red, inside each bar, AI technology, potential benefits, and 
key risks annotated.

“Materials to read”
Mathematical models provide a structured framework for ana-
lyzing the opportunities and risks of AI in food safety and nutri-
tion. These models use statistical, probabilistic, and optimization 
techniques to transform AI's function from a reactive measure 
into a proactive, predictive tool. Applications range from pre-
dicting microbial growth to creating personalized diets based on 
complex biological data.

Opportunities: Mathematical modeling and AI
Mathematical approaches leverage vast datasets collected 
through IoT sensors, advanced imaging, and genomic sequenc-
ing to enhance food safety and nutrition across the supply chain.
 
Predictive Analytics for food Safety
Microbial risk modeling: Mathematical kinetic models, such as 
the Gompertz or Baranyi- Roberts equations, are combined with 
AI to forecast the growth or inactivation of microorganisms un-
der specific environmental conditions (e.g., temperature, pH). 
This moves food safety from a reactive system to a predictive, 
preventative one.

Contamination Source Identification: AI models using Bayes-
ian networks or support vector machines (SVMs) analyze data 
from historical outbreaks and the supply chain to identify and 
predict potential contamination sources. For example, by mon-
itoring livestock feed, water, and environmental factors, AI can 
predict the likelihood of a pathogen like Salmonella proliferat-
ing.

Automated Visual Inspection: Computer vision, powered by 
convolutional neural networks (CNNs), analyzes images from 
production lines to detect defects, foreign objects, or spoilage 
in real-time. Mathematical models help optimize the CNN's ar-
chitecture and performance for specific applications like fruit 
ripeness grading.

Personalized and Public Nutrition
Dietary optimization: Linear programming (LP) is used to math-
ematically optimize diets based on user-defined constraints, such 
as cost, dietary preferences, and nutritional targets.

Disease Risk Prediction: Machine learning (ML) models ana-
lyze multi-modal datasets, including genetic information, dietary 
intake, and biochemical markers, to predict individual health 
outcomes. A neural network model can forecast an individual's 
obesity risk and predict weight-loss progress with high accuracy 
by analyzing a person's age, BMI, and biochemical attributes.

Public Health Surveillance: AI uses natural language pro-
cessing (NLP) to analyze social media data and online health 
forums, tracking dietary trends and monitoring for foodborne 
illness outbreaks. Mathematical models quantify the potential 
spread of pathogens and provide early warning systems for pub-
lic health agencies.

Supply Chain optimization and Transparency
Food waste reduction: AI-driven optimization models forecast 
demand based on historical sales, weather patterns, and social 
media trends, leading to smarter inventory management and re-
duced food waste.

Blockchain Integration: Mathematical algorithms, particular-
ly in the consensus mechanisms of blockchain, ensure a tam-
per-proof and transparent record of a food product's journey 
from "farm to fork". AI and ML algorithms analyze this data to 
detect anomalies that may indicate food fraud or safety breaches.

Traceability Systems: Graph theory is applied to model the 
complex, interconnected nature of the food supply chain, en-
abling quick and efficient tracing of contaminated products 
during a recall.

Risks: Mathematical and Systematic Challenges
While the opportunities are significant, the mathematical and 
systemic risks of implementing AI in food and nutrition must 
be addressed.
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Data and Algorithmic Limitations
Data quality and bias: AI models are only as good as their 
training data. Biased, inconsistent, or incomplete datasets can 
lead to flawed models that produce inaccurate or inequitable re-
sults. A model trained on data from one region, for example, 
may not be applicable in another with different food safety stan-
dards or dietary habits.

The "Black Box" Problem: Complex deep learning models are 
often opaque, making it difficult for regulators or operators to 
understand how they arrive at a particular decision. The lack of 
interpretability can undermine trust, especially in high-stakes ar-
eas like food safety recalls.

False Positives and Negatives: AI systems must be validated 
thoroughly to prevent false alerts (unnecessary product recalls) 
or missed detection (hazardous products reaching consumers). 
Mathematical metrics like accuracy, precision, and recall are 
used to measure and minimize these errors, but they can never 
be entirely eliminated.

Operational and Implementation Challenges
High Costs and Infrastructure Barriers: Implementing AI, 
IoT sensors, and blockchain requires substantial investment in 
infrastructure, which can be prohibitive for small and medi-
um-sized enterprises (SMEs) and developing countries. This 
could exacerbate existing socio-economic disparities.

Need for Specialized Skills: The food industry lacks a work-
force with the necessary data science, AI, and engineering skills 
to effectively deploy and manage these advanced systems. 

Regulatory Gaps: The fast pace of AI development has out-
stripped the ability of regulatory frameworks to keep up, creat-
ing uncertainty around liability and the governance of AI-based 
food safety decisions.

Ethical and Social Implications
Privacy and Data Security: The collection of vast amounts of 
consumer health data for personalized nutrition raises significant 
privacy concerns. Secure and ethical data-sharing protocols are 
essential to build and maintain public trust.

Equity of Access: Unequal access to AI-powered personalized 
nutrition could widen health disparities. Without intervention, 
advanced dietary planning may only be available to affluent pop-
ulations, leaving others to rely on less effective, "one-size-fits-
all" approaches.

Consumer Trust and Misinformation: Overreliance on AI 
could lead to public skepticism or be exploited by bad actors to 
spread misinformation about food safety. Transparent and ex-
plainable AI algorithms are needed to build confidence in these 
new systems.

Future Scopes of Visual Analytics Techniques in Food Safety 
Risk Assessment and Prediction (RAPW)
Over the last decade, visual analytics has been widely applied in 
food safety to support risk monitoring, assessment, prediction, 
and fraud detection. Applications span various food safety risks, 
including:

Microbial contamination (using sensor data; analyzed via asso-
ciation analysis)
Pesticide and veterinary drug residues (using online databases; 
analyzed through risk assessment)
Heavy metal contamination (using satellite imagery; analyzed 
via risk prediction)
Illegal additives and food fraud (using social media; analyzed 
via food fraud identification)

Data Characteristics & Sources:
Dimensions: Multiple, hierarchical, relational, and spatial-tem-
poral structures

Sources: Sensors, online databases, satellite imagery, social me-
dia

Analysis Methods
Traditional Methods: Correlation analysis, regression, quali-
tative and quantitative approaches Machine Learning: Shallow 
and deep neural networks, extreme learning machines, convolu-
tional neural networks Probabilistic /Rule-based: Bayesian net-
works, association rule mining Comprehensive methods com-
bining multiple approaches for robust risk analysis

Visualization Methods: Data types: Multidimensional, hierar-
chical, relational, and spatial- temporal Techniques: Scatterplots, 
scatterplot matrices, parallel coordinates, node-linked graphs/
trees, adjacency matrices, maps, timelines, and space-filling 
methods.

Interactive features: Select, filter, navigate, overview + detail, 
focus + context, and spatial- temporal correlation Key Insight: 
Visual analytics integrates heterogeneous data, advanced anal-
ysis methods, and interactive visualizations to enhance under-
standing and management of food safety risks, supporting time-
ly decision-making and fraud detection [83].
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