
Artificial Intelligence in Food Analysis and Nutritional 
Surveillance: Current Applications and Future Potential

1.	Introduction
Arti�icial Intelligence (AI) is increasingly reshaping 
various domains of science and technology, and the �ield 
of food science and human nutrition stands to bene�it 
immensely from its transformative potential. As food 
systems become more complex and health challenges 
more multifaceted, the traditional methods of food 
quality evaluation, dietary monitoring, and nutrition 
research are proving to be labor-intensive, time-
consuming, and limited in scalability [1]. AI provides a 
pathway to revolutionize these practices by offering 
advanced data analysis tools that can enhance precision, 
ef�iciency, and personalization in food and nutritional 
sciences [2]. The global food landscape is facing major 
challenges—including population growth, climate 
change, food fraud, nutrient de�iciencies, obesity, and 
chronic diseases—all of which require rapid, intelligent, 
and adaptable solutions. At the same time, the volume of 
food-related data has exploded, with sources ranging 
from clinical nutrition databases and food production 
systems to consumer behavior analytics, social media, 
wearable sensors, and mobile health apps [3]. This in�lux 
of high-dimensional, heterogeneous data calls for 
powerful analytical frameworks capable of interpreting, 
integrating, and acting upon such information in real 
time. Herein lies the promise of AI.
AI, particularly machine learning (ML), deep learning, 
and computer vision technologies, has the ability to 
recognize patterns, make predictions, and optimize 
decision-making with minimal human intervention [4]. 
These capabilities are especially useful in food analysis, 
where quality control, safety assurance, and authenticity 
veri�ication are essential. For instance, AI algorithms can 
detect contaminants, monitor spoilage, assess texture
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and color, and identify foodborne pathogens more rapidly 
and accurately than conventional laboratory techniques. 
Spectral imaging combined with AI allows for non-
invasive, real-time detection of food defects during 
processing, thereby minimizing waste and ensuring 
product consistency, AI is being used to develop tools that 
estimate dietary intake through image recognition, 
natural language processing, and predictive analytics. 
Traditional dietary assessment methods, such as food 
diaries and 24-hour recalls, are subject to human error 
and recall bias [5]. In contrast, AI-powered mobile 
applications can analyze images of meals, recognize food 
items, estimate portion sizes, and automatically calculate 
caloric and nutrient values. This is particularly valuable 
in  epidemiological  s tudies  and publ ic  health 
interventions where accurate dietary monitoring is 
critical.
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AI is fostering the development of personalized 
nutrition—a burgeoning �ield that tailors dietary 
recommendations based on an individual's genetic 
makeup, microbiome composition, metabolic pro�ile, and 
lifestyle data. Using machine learning models trained on 
multi-omics datasets, AI systems can predict individual 
responses to speci�ic nutrients or diets, thereby 
enhancing preventive healthcare and chronic disease 
management. This approach is also expanding into the 
consumer space through digital platforms that provide 
real-time feedback and customized diet plans [6]. Public 
health agencies and global organizations are beginning to 
adopt AI-driven nutritional surveillance tools to monitor 
population-level dietary trends and detect early warning 
signals of food insecurity, nutrient de�iciencies, or diet-
related diseases. These systems can analyze large-scale 
demographic, socioeconomic, and health datasets to 
inform policy development, resource allocation, and 
emergency response planning [7]. AI is also being used in 
conjunction with Geographic Information Systems (GIS) 
to map food deserts and study spatial disparities in 
nutrition access, the integration of AI into food and 
nutrition sciences is not without challenges. Issues of 
data quality, algorithm bias, interpretability, and ethical 
considerations surrounding privacy and consent are 
signi�icant concerns. For example, AI systems trained on 
biased datasets may propagate disparities in dietary 
recommendations or misclassify certain food items 
across cultural contexts. Furthermore, the “black box” 
nature of some AI algorithms complicates their 
acceptance among healthcare professionals, regulatory 
agencies, and consumers who demand transparency and 
accountability [8-9]. To ensure the responsible 
deployment of AI in this domain, interdisciplinary 
collaboration among data scientists, nutritionists, food 
technologists, policymakers, and ethicists is essential. 
Standardized protocols, transparent reporting, and 
rigorous validation of AI models will be necessary to 
translate technical innovation into real-world impact. 
Investment in education and capacity building will also 
be critical to train the next generation of professionals 
capable of navigating both nutritional science and data 
analytics [10].
AI holds immense potential to transform food analysis 
and nutritional surveillance. By enabling faster, smarter, 
and more personalized approaches to understanding and 
managing diet and health, AI can help build more 
resilient, equitable, and sustainable food systems. As the 
technology continues to evolve, its integration with other 
emerging innovations—such as blockchain, Internet of 
Things (IoT), and wearable biosensors—will likely open 
new frontiers in food science and human nutrition [11]. 
The challenge ahead lies in harnessing this potential in a 
way that is ethical, inclusive, and scienti�ically rigorous.

2.	AI	in	Food	Composition	and	Quality	Analysis
The application of Arti�icial Intelligence (AI) in food 
composition and quality analysis is revolutionizing the 
way the food industry monitors and assures product 
safety, integrity, and nutritional value. Traditional 
laboratory-based methods for determining food 
composition and detecting adulterants are accurate but 
often labor-intensive, time-consuming, and require 
specialized personnel [12]. In contrast, AI offers faster, 
automated, and scalable solutions that can operate in real 
time and adapt to a variety of food matrices.
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2.1	Spectroscopic	Data	Interpretation
One of the most prominent uses of AI in food analysis lies 
in interpreting spectral data acquired from techniques 
such as Near-Infrared (NIR), Fourier Transform Infrared 
(FTIR), and Raman spectroscopy. These methods 
generate complex data patterns that require advanced 
algorithms to decipher subtle differences in chemical 
composition, particularly in heterogeneous or processed 
food systems. Machine learning (ML) algorithms—such 
as Support Vector Machines (SVM), Random Forests, and 
Arti�icial Neural Networks (ANNs)—can be trained to 
recognize spectral signatures associated with protein, fat, 
carbohydrate content, moisture levels, and other 
constituents [13]. This has profound implications for food 
authentication and adulteration detection. For example, 
AI-powered spectroscopic models can distinguish 
between pure and diluted milk, identify the presence of 
low-cost �illers in spices, or detect synthetic colorants in 
juices—all within seconds and without the need for 
extensive sample preparation [14]. Deep learning 
methods have further improved classi�ication accuracy 
by enabling feature extraction from raw spectra, thereby 
increasing robustness and reducing dependence on 
manual preprocessing.

2.2	Computer	Vision	for	Visual	Quality	Assessment
Computer vision, a sub�ield of AI focused on image 
recognition and processing, has emerged as a vital tool for 
visual food quality assessment. High-resolution imaging 
systems combined with AI models can evaluate external 
attributes of food products such as color, texture, size, 
shape, and surface defects. These technologies are widely 
employed in sorting and grading fruits, vegetables, meat, 
and bakery products [15]. In agriculture and post-harvest 
processing, AI-driven systems help in detecting bruises, 
cuts, mold, and ripeness levels with high consistency. In 
meat processing plants, image-based systems monitor 
marbling and lean-to-fat ratios to ensure uniformity and 
compliance with quality standards. These systems not 
only improve operational ef�iciency but also enhance 
consumer trust by ensuring that only products meeting 
visual quality benchmarks reach the market [16]. 
Additionally, computer vision is being integrated into 
consumer-facing applications, where smartphone 
cameras can analyze food labels or estimate nutritional 
content based on visual cues from a plate, contributing to 
more informed dietary choices.

2.3	Sensor	Integration	and	Smart	Monitoring
The fusion of AI with sensor technologies—often referred 
to as “smart sensing”—enables real-time, non-invasive 
monitoring of physical, chemical, and microbiological 
parameters in food systems. Sensors can measure 
variables such as temperature, humidity, pH, water 
activity, and gas emissions, while AI algorithms analyze 
these data streams to detect anomalies, predict spoilage, 
or assess freshness [17]. In dairy processing, for instance, 
biosensors embedded in production lines can detect 
bacterial contamination or enzymatic activity, and AI 
models can trigger alerts or control cleaning protocols 
accordingly. In packaged foods, intelligent packaging 
systems with embedded sensors and AI capabilities can 
monitor oxygen levels or detect off-gassing from 
microbial metabolism, providing shelf-life estimation 
and reducing food waste [18]. The integration of Internet 
of Things (IoT) devices further enhances the capacity for 
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decentralized and remote monitoring. Edge computing 
combined with machine learning allows for localized 
decision-making at various stages of the supply chain, 
from farm to fork. This is particularly valuable in ensuring 
traceability and transparency in global food networks.

2.4	Bene�its	and	Industry	Impact
The convergence of AI with analytical instrumentation 
and sensor technologies has several key bene�its for the 
food industry:
Ÿ Precision	 and	 Accuracy: AI models improve the 

sensitivity and speci�icity of detection methods, 
enhancing reliability.

Ÿ Speed	 and	 Automation: Automated decision-
making signi�icantly reduces analysis time and 
human error, streamlining quality control processes.

Table	1.	Applications	of	AI	in	Food	Analysis	and	Nutrition

Table	2.	AI	Techniques	in	Nutritional	Research

Table	3.	Important	Challenges	in	AI	Application	in	Nutrition

Table	4.	Future	Directions	and	Innovations

Ÿ Cost	Ef�iciency: By minimizing reliance on reagents, 
lab time, and skilled technicians, AI reduces overall 
operational costs.

Ÿ Scalability: These tools can be scaled across different 
facilities and food categories, making them applicable 
to both large manufacturers and small-scale 
producers.

AI-enabled food analysis technologies not only ensure 
compliance with safety regulations and quality standards 
but also support innovation in product development, 
authenticity assurance, and waste reduction [19]. As 
regulatory frameworks evolve and AI technologies 
mature, their role in analytical food science will become 
increasingly central.

3.	AI	in	Nutritional	Assessment	and	Dietary	
Monitoring
In the era of personalized healthcare, nutritional 
assessment and dietary monitoring are undergoing a 
paradigm shift, powered by the capabilities of Arti�icial 
Intelligence (AI). Traditional methods of dietary 
assessment—such as food frequency questionnaires, 24-
hour recalls, and manual food diaries—are often time-
consuming, prone to recall bias, and inconsistent in data 
quality [20]. AI technologies, through their ability to 
collect, process, and interpret large volumes of data with 
minimal human input, offer a highly promising 
alternative for real-time, personalized, and accurate 
nutrition tracking.

3.1	Dietary	Intake	Analysis	through	Image
	Recognition
AI-powered mobile applications are revolutionizing 
dietary intake monitoring by enabling users to capture 
images of their meals, which are then analyzed using 
computer vision and machine learning algorithms. These 
systems can identify food items, estimate portion sizes, 
and compute caloric and nutrient values with increasing 
accuracy. Deep learning models, especially convolutional 
neural networks (CNNs), are trained on large food image

datasets to classify dishes, differentiate ingredients, and 
adjust for cultural or regional dietary variations [21]. 
Some platforms also offer multi-angle capture or video-
based logging to enhance accuracy in portion estimation, 
addressing one of the major limitations of earlier tools. 
These technologies are especially useful for dietitians and 
healthcare professionals, who can monitor patient 
adherence to dietary prescriptions remotely and 
intervene as needed.

3.2	Natural	Language	Processing	in	Nutritional	Data	
Interpretation
Natural Language Processing (NLP), a subset of AI, plays a 
crucial role in converting unstructured textual dietary 
data into actionable nutritional information. This 
includes transcribing verbal food recalls, processing 
handwritten food logs, and analyzing text-based inputs 
from digital platforms. NLP algorithms can extract key 
entities such as food names, quantities, preparation 
methods, and meal timings, linking them to nutritional 
databases (e.g., USDA, FoodData Central) to calculate 
nutrient intake [22]. Moreover, advanced NLP systems 
can understand context and colloquial expressions, such 
as "a handful of almonds" or "a small bowl of rice," 
enhancing the interpretability of self-reported data. 
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This opens new avenues for large-scale dietary surveys 
and epidemiological research, where standardized food 
data is essential.

3.3	Wearable	Devices	and	Physiological	Monitoring
Wearable technologies,  such as smartwatches, 
continuous glucose monitors, biosensors, and �itness 
trackers, generate real-time physiological data that AI can 
analyze to personalize dietary interventions. Parameters 
such as heart rate variability, skin temperature, sleep 
patterns, glucose levels, and activity pro�iles provide a 
dynamic context for understanding nutritional needs and 
metabolic responses [23]. AI algorithms use this data to 
deliver just-in-time dietary recommendations— 
suggesting meal  t imings,  hydration needs,  or 
macronutrient adjustments based on real-time 
physiological status. For instance, individuals with 
diabetes can receive alerts for carbohydrate intake when 
glucose levels drop, or postprandial glucose monitoring 
can be used to re�ine personalized glycemic response 
models [24]. The integration of AI with wearable tech is 
especially relevant in managing chronic conditions like 
obesity, type 2 diabetes, and cardiovascular diseases, 
where behavior modi�ication is key. These systems can 
also adapt to evolving health metrics over time, making 
nutritional interventions truly dynamic and patient-
centric.

3.4	Tailored	Nutrition	and	Behavior	Modi�ication
AI-driven dietary monitoring is increasingly applied to 
precision nutrition strategies, aiming to tailor 
interventions based on individual biological, genetic, and 
behavioral data. Reinforcement learning and adaptive 
algorithms are being developed to provide personalized 
feedback loops, where dietary recommendations evolve 
based on user compliance, physiological responses, and 
long-term health outcomes [25]. In behavior change 
applications, chatbots and AI-based coaching systems 
can offer motivational support, meal suggestions, and 
habit-tracking capabilities, thereby increasing user 
engagement and adherence. Some platforms also use 
predictive modeling to foresee lapses in dietary behavior 
and offer preemptive interventions.

3.5	Public	Health	and	Population-Level	Applications
At a broader level, AI is being used in nutritional 
surveillance programs to monitor dietary trends, identify 
at-risk populations, and inform public health policies. 
Aggregated data from food logs, wearable devices, and 
online platforms provide valuable insights into 
community nutrition, allowing timely interventions in 
school meal planning, urban food distribution, and 
nutrition education campaigns [26]. AI's role in 
nutritional assessment and dietary monitoring marks a 
signi�icant advancement in modern dietetics and public 
health nutrition. By automating data collection, 
enhancing analysis accuracy, and personalizing dietary 
guidance, AI empowers both individuals and health 
professionals to make data-informed decisions [27]. As 
interoperability between AI systems, health records, and 
biosensors improves, and privacy concerns are 
addressed, the adoption of AI in nutrition science is 
poised to become a cornerstone of preventive and 
personalized healthcare.

4.	Nutritional	Surveillance	and	Public	Health
Monitoring
Arti�icial Intelligence (AI) has become an indispensable 
tool in public health nutrition, where its ability to process 
and interpret complex datasets supports proactive 
surveillance, early risk identi�ication, and evidence-
based policy development. Traditional nutritional 
surveillance methods, such as household surveys and 
food frequency questionnaires, while informative, are 
often slow, resource-intensive, and limited in scale [28]. 
AI-enhanced systems, by contrast, offer real-time 
analysis, higher granularity, and dynamic modeling 
capabilities that signi�icantly enhance public health 
responses.

4.1	Big	Data	Analytics	in	Nutritional	Surveillance
Modern nutritional surveillance bene�its greatly from 
AI's ability to analyze large-scale and heterogeneous 
datasets, such as:
Ÿ National	 Health	 and	 Nutrition	 Examination	

Surveys	(NHANES)
Ÿ Grocery	and	retail	purchasing	records
Ÿ School	meal	program	data
Ÿ Food	supply	and	import-export	databases
Ÿ Mobile	health	app	usage	patterns
Machine learning algorithms can identify emerging 
patterns of nutritional intake, highlight regional or 
demographic disparities, and detect micronutrient 
de�iciencies across populations. For example, clustering 
algorithms can segment the population based on dietary 
risk pro�iles, while regression models may predict 
nutrient inadequacy trends over time [29]. AI can also 
integrate environmental, economic, and social indicators 
to assess food security, helping governments and non-
governmental organizations (NGOs) to deploy targeted 
interventions and resource allocation with greater 
precision.

4.2	Predictive	Modeling	for	Public	Health	Risk
	Assessment
Predictive analytics powered by AI enables the 
forecasting of nutritional health issues before they reach 
critical levels. Algorithms trained on historical 
data—ranging from socioeconomic indicators to dietary 
habits and health outcomes—can predict:
Ÿ Future prevalence of obesity, type 2 diabetes, and 

cardiovascular diseases.
Ÿ Nutritional shortfalls in vulnerable populations (e.g., 

children, pregnant women, elderly).
Ÿ Impacts of economic shifts or climate events on food 

availability and nutrition.
Ÿ Geographic regions at risk for malnutrition or food 

insecurity.
These predictive tools are increasingly integrated into 
public  health monitoring platforms,  a l lowing 
stakeholders to take preventive measures such as 
implementing food subsidy programs, designing 
educational campaigns, or adjusting national dietary 
guidelines.

4.3	Social	Media	and	Sentiment	Analysis	 for	Dietary	
Behavior	Insights
Social media platforms have become signi�icant sources 
of real-time information on public dietary behaviors, food 
preferences, and health-related perceptions [30]. AI-
driven Natural Language Processing (NLP) techniques 
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enable the extraction of meaningful insights from:
Ÿ Twitter posts and hashtags related to diet trends.
Ÿ User reviews and ratings of food products or meal 

delivery services.
Ÿ Blog entries and online forums discussing nutritional 

advice.
Ÿ Google search trends and location-based queries on 

food access.
Sentiment analysis tools classify public opinion into 
categories (e.g., positive, neutral, negative) and track 
changes over time, helping public health of�icials 
understand how cultural shifts, marketing strategies, or 
misinformation in�luence population dietary habits. 
These insights can inform the design of effective nutrition 
communication campaigns and behavior change 
interventions.

4.4	Supporting	Food	Forti�ication	and	Policy
	Development
AI-derived insights are increasingly used to support 
nutrition-sensitive policy decisions, such as:
Ÿ Identifying key nutrients to fortify in staple foods 

based on population needs.
Ÿ Informing taxation and subsidy policies to promote 

healthy eating.
Ÿ Modeling the outcomes of hypothetical interventions 

(e.g., sugar taxes, food labeling reforms).
Ÿ Evaluating the effectiveness of school meal and public 

distribution programs.
Governmental agencies, including the World Health 
Organization (WHO) and national ministries of health, 
are exploring AI-integrated dashboards for continuous 
nutritional surveillance [31]. These platforms enable 
policymakers to track progress toward Sustainable 
Development Goals (SDGs), particularly those related to 
hunger, health, and well-being.

5.	Food	Safety	and	Traceability
Ensuring the safety and integrity of food from production 
to consumption is a fundamental concern in modern food 
systems [8]. Arti�icial Intelligence (AI) has become a 
critical enabler in this domain by offering advanced tools 
for contamination detection, supply chain transparency, 
and predictive maintenance. By integrating diverse data 
streams—ranging from microbial surveillance to 
environmental monitoring—AI systems can rapidly 
identify potential food safety threats and help mitigate 
them before they escalate into public health crises [12]. 
One of the most signi�icant contributions of AI is in 
contamination detection. Machine learning models can 
be trained on historical datasets comprising microbial 
pro�iles, storage conditions, hygiene practices, and 
environmental parameters (e.g., temperature, humidity). 
These models can identify patterns that signal 
contamination risks in real-time. For instance, AI can 
predict outbreaks of pathogens such as Salmonella or 
Listeria in fresh produce or processed meats by 
correlating processing conditions with microbial test 
results. This capability greatly enhances proactive 
intervention and reduces the reliance on manual testing.
The integration of AI and blockchain technology has 
further revolutionized food traceability. Blockchain 
provides an immutable, transparent ledger of all 
transactions and movements in the food supply chain, 
from farm to fork. When combined with AI, this 
technology enables real-time fraud detection, rapid

product  recal ls ,  and precise  identi � icat ion of 
contamination sources. For example, if a contaminated 
ingredient is detected in a �inished product, AI-powered 
traceability tools can pinpoint the speci�ic supplier, 
production batch, and even geographic origin within 
minutes [18]. This level of granularity not only minimizes 
waste and economic loss but also boosts consumer 
con�idence and regulatory trust [14]. In addition to 
contamination and traceability, AI plays a crucial role in 
predictive maintenance within food processing 
environments. Using sensor data and operational logs, AI 
systems can anticipate equipment failures that could 
compromise sanitary conditions or production quality. 
For example, AI can detect when a pasteurizer's 
temperature begins to deviate from safe operating 
thresholds or when a packaging line may be vulnerable to 
cross-contamination. Timely alerts enable maintenance 
teams to intervene before breakdowns occur, ensuring 
that food safety protocols are upheld consistently [19]. AI 
applications contribute to a more resilient and 
transparent food safety ecosystem. They reduce the 
burden on manual inspections, speed up crisis response, 
and ensure compliance with international food safety 
standards such as HACCP (Hazard Analysis and Critical 
Control Points) and FSMA (Food Safety Modernization 
Act). As global supply chains become more complex and 
consumer expectations for transparency rise, AI's role in 
safeguarding food systems will only continue to expand.

6.	Future	Directions	and	Challenges
Arti�icial Intelligence (AI) continues to transform the �ield 
of food science and nutritional surveillance, yet its full 
integration into practice faces several critical challenges. 
One of the foremost barriers is data standardization. Food 
composition databases, dietary intake records, sensor 
outputs, and health metrics often exist in disparate 
formats and structures. The lack of harmonized data 
protocols hampers the interoperability of systems and 
affects the robustness of machine learning models [21]. 
Establishing universal data standards will be crucial for 
fostering collaboration and enabling AI systems to learn 
across diverse datasets.
Ethical and privacy concerns also pose signi�icant 
obstacles. The use of AI in personalized nutrition involves 
the collection and analysis of sensitive personal data, 
including genetic pro�iles, metabolic responses, and 
dietary habits. Ensuring the privacy, security, and ethical 
use of such information is essential to maintain public 
trust and comply with data protection regulations like 
GDPR and HIPAA. Transparent consent protocols and 
secure data handling frameworks must accompany any 
AI deployment in this domain [25]. Another critical issue 
is the opacity of AI algorithms. Many AI models, especially 
deep learning systems, operate as "black boxes" with 
limited interpretability. In high-stakes areas such as 
public health or individual dietary recommendations, the 
inability to explain how decisions are made raises 
concerns among healthcare providers and regulators. 
Thus, the development of explainable AI (XAI) models 
that offer transparency without compromising 
performance is an urgent research priority, capacity 
building is essential to maximize AI's potential in food 
and nutrition science. Many institutions still lack 
professionals who are trained in both nutrition and data 
science. Interdisciplinary education and training 
programs are needed to bridge this gap and cultivate a 
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new generation of professionals who can design, 
implement, and interpret AI-driven systems effectively 
[19], the future of AI in this �ield is both promising and 
dynamic. One exciting frontier is the development of 
precision nutrition platforms. By integrating AI with 
omics technologies—such as genomics, metabolomics, 
and microbiomics—researchers can tailor dietary 
interventions to individual biological pro�iles. These 
platforms promise highly personalized diet plans that 
optimize health outcomes based on a person's unique 
physiology and lifestyle. Another promising direction 
involves real-time surveillance systems that utilize the 
Internet of Things (IoT) in conjunction with AI. Smart 
kitchens, wearable health monitors, and connected food 
sensors can feed data into AI algorithms to provide 
dynamic updates on an individual's nutritional status or 
detect food safety breaches across supply chains. This 
real-time capability could revolutionize nutritional 
epidemiology, emergency food responses, and quality 
assurance in production.
AI-assisted food innovation is opening new avenues in 
product development. Generative AI models are being 
used to design novel food ingredients, optimize �lavor 
pro�iles, improve food textures, and even reduce 
allergenic or undesirable compounds. These systems can 
simulate the effects of ingredient substitutions, predict 
consumer acceptance, and accelerate the R&D cycle in 
functional and sustainable food design [15], while AI has 
the potential to signi�icantly enhance the effectiveness 
and ef�iciency of food analysis and nutritional 
surveillance, realizing this potential will require a 
concerted effort to overcome existing barriers. Ethical 
implementation, interdisciplinary training, data 
harmonization, and model interpretability will be key to 
fully integrating AI into the future of food systems and 
public health nutrition.

7.	Conclusion
Arti�icial Intelligence (AI) is rapidly emerging as a 
transformative force in the domains of food analysis and 
nutritional surveillance. Its ability to process vast 
datasets, identify patterns, and make data-driven 
predictions has enabled novel applications in food 
composition analysis, quality control, personalized 
nutrition, and public health monitoring. By integrating 
machine learning, computer vision, natural language 
processing, and real-time sensor technologies, AI 
provides tools that enhance the precision, speed, and 
scalability of nutritional assessments and food safety 
evaluations. AI-driven systems are already being 
employed to automate food quality checks, detect 
adulterants, estimate dietary intake, and monitor 
nutr i t ional  trends  across  populat ions .  These 
technologies hold signi�icant promise in tailoring dietary 
recommendations, developing functional foods, 
forecasting nutritional risks, and ensuring traceability 
throughout the food supply chain. Furthermore, AI 
enhances public health efforts by enabling real-time 
surveillance, identifying at-risk groups, and informing 
targeted policy interventions and to fully harness the 
potential of AI, existing challenges such as data 
standardization, algorithm transparency, ethical data 
use, and workforce training must be addressed. A 
collaborative, interdisciplinary approach involving 
nutritionists, data scientists, policymakers, and 
technologists is essential to drive innovation while 

maintaining trust, accuracy, and inclusivity. AI is expected 
to play an increasingly vital role in building sustainable, 
resilient, and personalized food systems. As the 
technology matures, its integration into everyday 
nutrition science and public health infrastructure will 
pave the way for smarter decision-making, improved 
health outcomes, and a more secure global food 
environment.
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