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Promoting sustainability in food and nutrition systems is essential to address the
various challenges and trade-offs within the current food system. This imperative
is guided by key principles and actionable steps, including enhancing productivity
and efficiency, reducing waste, adopting sustainable agricultural practices,
improving economic growth and livelihoods, and enhancing resilience at various
levels. However, in order to change the current food consumption patterns of the
world and move toward sustainable diets, as well as increase productivity in the
food production chain, it is necessary to employ the findings and achievements
of other sciences. These include the use of artificial intelligence-based
technologies. Presented here is a narrative review of possible applications of
artificial intelligence in the food production chain that could increase productivity
and sustainability. In this study, the most significant roles that artificial intelligence
can play in enhancing the productivity and sustainability of the food and nutrition
system have been examined in terms of production, processing, distribution, and
food consumption. The research revealed that artificial intelligence, a branch of
computer science that uses intelligent machines to perform tasks that require
human intelligence, can significantly contribute to sustainable food security.
Patterns of production, transportation, supply chain, marketing, and food-related
applications can all benefit from artificial intelligence. As this review of successful
experiences indicates, artificial intelligence, machine learning, and big data are
a boon to the goal of sustainable food security as they enable us to achieve our
goals more efficiently.

KEYWORDS

food security, sustainable diet, nutrition science, artificial intelligence, machine learning

1. Introduction

The food system comprises production, processing, distribution and storage, food
procurement, consumption, and waste (1). Food production and consumption will undergo
significant changes in the next 30 years due to the growth of the global population by (8.5-10
billion in 2050) and other socio-economic developments (2, 3). Evidence shows that the food
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system can contribute significantly to climate change through
excessive nitrogen and phosphorus inputs, using water sources, and
greenhouse gas (GHG) emissions (3). GHG emissions are projected
to increase by 87% from 2010 to 2050; also the demand for cropland
use will rise by 67%, phosphorus application by 54%, and nitrogen
application by 51% (3). Based on these changes, it is expected that the
food systems’ environmental pressures will increase by about 50-90%
in the absence of technological advancements and other mitigation
measures (3). Thus, to achieve food security and sustainability,
we must alter the current food system and consumption patterns.

Food security concerns and global warming have led to an interest
in sustainable diets because of the solid environmental impact of diets
(4). Therefore, to achieve food security, it is necessary to increase
production sustainably. When considered in the context of sustainable
food systems and a sustainable diet, the change in the food system may
be feasible (5, 6). In the FAO’s definition, sustainable diets contribute
to food security, nutrition, and health for present and future
generations by being environmentally friendly. As well as being
nutritionally adequate, safe, and healthy, a sustainable diet protects
and respects biodiversity and ecosystems while optimizing natural and
human resources (7).

Growing productivity at different stages of the production chain
up to food consumption seems to contribute to the sustainability of
the food and nutrition system, which ultimately leads to sustainable
food security (8). Nevertheless, the question is, how can this
be achieved? One solution could use artificial intelligence (AI). In its
simplest form, Al is a technological branch of science that combines
computer science with robust datasets to solve problems. Al initially
was referred to as an ultimate goal and its related background science
to address making machines as intelligent as humans are. Although
helpful, this idea has evolved over the last decades. This is because not
all our goals in building intelligent computation are to have them as
smart as a human is, having all of a human’s limitations. In this regard,
we need to identify our target application (9). Al allows identifying
gaps across the food system to set a sustainable strategy (10). As well
as the food system, Al is used in various fields, including medicine,
healthcare, and nutrition. Therefore, Al can lead to positive outcomes,
including monitoring the complete supply chain process, predicting
disease risk, designing personalized nutrition decisions, and
improving health (11-16). Herein, we review the current status of Al
in the food system, nutrition, and health concerning improving the
efficiency and sustainability of diets.

2. How Al relates to the food supply

Al as a powerful tool for data analysis in food production, enables
effective monitoring of the entire supply chain process. Machine
learning (ML) and deep learning are widely used Al techniques (17).
ML technologies are used in the preproduction, production, and
processing phases and could also find applications in the distribution
cluster, especially in storage, transportation, and analysis of consumer
behavior (16). This utilization of Al technology not only facilitates
more informed decision-making in the management of farm systems
but also acts as a catalyst for the advancement of decision support and
recommender systems (18). Following the content presented by
Ahmed et al. (1), it is imperative to delineate the food system supply
as a multifaceted entity encompassing several integral components.
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These components collectively make up the entire food system and

involve production, processing, distribution, storage, food
procurement, consumption, and waste management.

In the scope of our research study, we have elected to categorize
and examine these components under three overarching sections:
food production and processing, food distribution and consumption,

and food waste management.

2.1. Food production and processing

The first stage of the agriculture supply chain is the preproduction
phase, which pertains to crop yield, soil characteristics, and irrigation
needs. ML algorithms use input data, such as equipment needs,
nutrients, and fertilizers, to aid stakeholders and farmers in predicting
crop yields and enhancing smart farming techniques (16).

Numerous studies have concluded that machine learning (ML)
algorithms play a vital role in soil management techniques. These
studies showed the effectiveness of ML methods in predicting critical
soil parameters such as moisture content, organic carbon levels, and
total nitrogen (19). Additionally, ML algorithms, when integrated into
smart irrigation systems, have proven valuable for optimizing
irrigation practices, enhancing crop quality and quantity, and
effectively managing drought situations (20, 21).

Smart farms utilize an automated irrigation system that monitors
and controls water tanks and open irrigation systems and chamber
irrigation systems to optimize water resources (22). Using Al in crop
management begins with the sowing of the crop and continues
through the monitoring of its growth, harvesting, storage, and
distribution. Several applications of Al are being used in farming,
including crop health management, automation of farming operations
(23), and demand-driven supply chains (24). Using AI helped resolve
crop selection issues and improve net yields over the season (25).

In the agricultural supply chain, the production phase is crucial.
Evaluating AI implementation in agriculture, including weather
prediction, soil analysis, disease and pest control, crop quality
management, and harvest optimization, is essential. There are many
ML algorithm models for weather prediction (26), crop protection
(27), weed detection (28), crop quality management (29), and
harvesting (30).

Having a thorough comprehension of weather patterns aids in
making informed decisions, leading to increased crop yields of
superior quality (31). To efficiently manage and prevent diseases,
farmers can implement an integrated disease control and management
approach that comprises physical, chemical, and biological measures,
with the help of AI technology (31, 32).

Al-powered systems and deep learning algorithms are utilized to
analyze the information or data gathered by Al agents, facilitating the
monitoring of crop and soil health (33, 34). For example, an artificial
neural network (ANN) model predicts soil texture using hydrographic
data derived from a digital elevation model (DEM), including
sediment delivery ratio, terrain factor, and slope position (35).

Al and image processing have made significant strides in
addressing the challenge of weed identification, as demonstrated in
studies (36-38). These previous studies conclude AI models,
particularly Support Vector Machines (SVM), are effective in
determining optimal nitrogen application rates and excel at early
stress identification during crop growth, highlighting SVM’s potential
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for enhancing crop yield with timely interventions (38). Additionally,
one study underscores the economic significance of mitigating weed-
related profit and yield reductions (39) and highlights the role of AI
and ML in addressing spatial heterogeneity and its impact on crop
yield (40, 41).

Research findings suggest that the use of AI-based technologies
in agriculture and food production could have a positive impact on
the environment (42-44). For instance, by 2030, these technologies
might increase crop yields by up to 30%, save over 300 billion liters
of water, and reduce annual oil consumption by 25 million
barrels (45).

The third stage in the food supply chain is the processing cluster,
encompassing a range of techniques, such as heating, cooling, milling,
smoking, cooking, and drying for agricultural products. By employing
a set of efficient parameters during this stage, it is possible to produce
food products of high quality and quantity while minimizing
resource usage.

Modern food processing technologies based on ML were
supported by SVM and ANN models to identify the existence of
nitrosamine in food samples of red meat (46). Additionally,
Al-powered robots for harvesting cucumbers have been developed,
featuring computer vision systems and hardware components like an
autonomous vehicle, a manipulator, and an end-effector, which can
detect and image the ripeness of cucumbers with a high level of
accuracy (47). Furthermore, Al has showed its effectiveness in
improving the drying process of fresh foods, fruits, and vegetables
using physical fields like microwave, radio frequency, infrared
radiation, and ultrasonic fields (48). For example, online detection and
control of the drying process using AI helps reduce energy
consumption, prevent uneven drying, improve sensory evaluation,
and reduce nutrient loss (49).

2.2. Food distribution and consumption

In the distribution phase of the agriculture supply chain, the
emphasis is on delivering safe, high-quality food to consumers. ML
algorithms aid in tasks like inventory management, transportation,
storage, and consumer analytics to minimize damage and uphold food
quality (16). AI enables product tracing and safety assurance,
optimizing supply chain management, and facilitating food safety
testing and monitoring at every stage (50).

The importance of food safety cannot be overstated, and one way
to achieve this is by using various methods, such as Image Processing
(IP) to classify, identify, and recognize the quality of food products. IP
systems utilize ultrasound, X-ray, near-infrared spectroscopy, and
document scanners to analyze the size, shape, and texture of the
product (51). This approach can also apply to product packaging to
detect defects and grade quality (52, 53). In the realm of sustainable
food systems, the application of AI has brought significant
advancements, particularly in the areas of food grading and quality
control within the food industry. Food grading, a crucial process for
evaluating food product quality and safety, relies on predefined
standards encompassing parameters such as size, shape, color, texture,
flavor, freshness, and freedom from defects. Al technologies,
encompassing computer vision, machine learning, and robotics, have
helped to automate and enhancing this process. By enabling real-time
inspection, classification, and sorting of food products, Al minimizes
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human errors, reduces labor costs, curbs wastage, and concurrently
boosts productivity, profitability, and customer satisfaction (54-56).

Quality control, another indispensable facet of the food industry,
revolves around the meticulous assurance that food products meet the
exacting standards and safety requisites set by both customers and
regulatory bodies. AI plays a pivotal role in elevating the precision and
efficiency of this process. Leveraging machine learning, natural
language processing, and predictive analytics, Al seamlessly
aggregates, analyzes, and interprets voluminous data from diverse
sources, including sensors, cameras, reports, feedback, and alerts. This
data-driven approach proactively identifies potential issues and risks
before they escalate, optimizes operational processes, bolsters
transparency and traceability, and empowers data-informed decision-
making (57, 58). The insights garnered from AI-driven analysis not
only ensure optimal feeding and harvesting, but also underscore the
critical role Al plays in enhancing the sustainability and efficiency of
food systems (58).

The assessment of dietary intake relies heavily on nutritional data
sourced from food composition tables or databases, which is a crucial
aspect of evaluating the nutritional value of food. However, given the
ever-expanding variety of food products and the rapid evolution of the
food supply chain, traditional methods are struggling to keep pace in
maintaining up-to-date food composition databases (59). As big data
techniques are increasingly used by various fields in non-profits,
science, business, and government to collect, store, process, and
analyze data, this section introduces the Al approach to managing and
evaluating food composition and food labels (60, 61).

Within the domain of sustainable food systems, the role of Al in
food composition analysis and food labeling is paramount. Food
composition analysis entails the intricate task of discerning the
nutritional and chemical attributes of food products, encompassing
crucial elements such as protein, fat, carbohydrates, vitamins,
minerals, and antioxidants. Al is instrumental in automating and
optimizing this process by employing innovative techniques like
computer vision, spectroscopy, and machine learning to scrutinize
food images or spectra, extracting pertinent information. This not
only streamlines the process but also ensures the delivery of precise
and dependable data that proves invaluable to consumers, producers,
regulators, and researchers (44). In the broader context of sustainable
food systems, AI's contribution supports the development of healthier
and more diversified dietary choices. For instance, an examination
conducted by Liu et al. (62) underscored the potential of Al in food
composition analysis, revealing its capacity to enhance the accuracy,
efficiency, and resilience of these analytical methodologies, thus
further reinforcing its pivotal role in this arena.

Continuing from the discussion of AT’s role in food composition
analysis and its broader impact on sustainable food systems, it is
noteworthy that exemplary projects like the Food Label Information
Program (FLIP) 2020 highlight the practical application of artificial
intelligence in developing comprehensive food composition databases.
FLIP 2020, conducted in three phases between May 2020 and February
2021, focused on collecting data from Canadian food and beverage
package labels offered by major e-grocery retailers. This data collection
utilized Python-based website scraping and Optical Character
Recognition (OCR) enhanced by Al The project demonstrated the
ability to autonomously collect data from online markets, leading to
the development of a precise, transparent, detailed, and adaptable food
composition database. This database is essential for monitoring the
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constantly changing food and beverage industry landscape (59). This
practical example thus underlines the pivotal role AI plays in ensuring
the integrity and accessibility of data crucial for the sustainability and
transparency of food systems.

Another study explored the Michigan State University
Environmental Science and Policy Program Annual Survey (2019)
data to examine eight labels relating to food production techniques
and customer preferences (63). Besides the statistical model, an ML
analysis was conducted on raw input datasheets. This study utilized
four ML predictive models, including logistic regression, SVM,
random forest, and neural networks to prepare, verify, and test
participants’ expected propensity to purchase or pay more for labeled
products. According to this study, the label “raised without antibiotics”
was associated with the highest average accuracy of the SVM learning
model for predicting consumer willingness to buy. Furthermore, ML
models offered an acceptable average prediction accuracy score for
eight labels, introducing a new method for assessing data from food
labeling surveys (63).

Over time, nutrition research has developed various classical
dietary assessment methods; however, some challenges have remained
(64). These methods are difficult to apply because they are paper-
dependent, subjective, time-consuming, and prone to systematic
errors (65, 66). Innovative dietary assessment tools based on Al that
utilize different sensors, software, or image/voice-based approaches
have improved health outcomes in line with technological
advancements (11-15). As nutrition is among the healthcare fields
that are increasingly benefiting from these new computational
techniques, mainly because of the significant amount and complexity
of data generated in nutrition research, these ML functions potentially
apply. For example, researchers developed a sound-based recognition
system that analyzed acoustic variables using an ear-pad gadget with
a tiny microphone inside that measured the weights of bites of apple,
mixed salad, and potato chips, with 94 percent accuracy (67).
Speech2Health is another example of a voice-based mobile nutrition
monitoring system that applies speech processing, natural language
processing (NLP), and text mining techniques on a single platform to
promote nutrition monitoring (68). The results of the experimental
study indicated that Speech2Health had an accuracy of over 90% in
computing calorie intake (68). In another study, Mertes et al. (69)
presented a standalone plate system capable of measuring the weight
and location of bites during unrestricted eating by utilizing a
supervised learning method. This system correctly identified 602 bites
out of 836 actual bites with a precision of 0.78 and a recall of 0.76.

Another illustrative example is the Snap-n-eat application, which
utilizes an SVM classifier to recognize food items and assess nutrient
and energy intake from photos taken on a mobile device (70). Users
photograph their food, and the system isolates the relevant portion,
discarding the background. A linear SVM classifier analyzes these
sections, using features from various locations and scales to identify
the food. This process culminates in portion size determination and
estimation of the food’s caloric and nutritional content (70).

The eButton, a tiny computer with a camera integrated into a
6-centimeter button worn on the chest, was another significant image-
based device (71). As the eButton is pinned in this location, it can
access data from the external environment and the internal space of
the body as it is very close to the heart and lungs. At a predetermined
rate, the eButton snaps pictures, for example, one photo every two
seconds while a meal is consumed. In theory, the images can
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be analyzed by an algorithm to determine the food item and portion
size based on color, texture, plate shape, and eating utensils. Therefore,
the calories and nutrients can be derived from a linked dietary
database by providing information on the food item and serving
size (71).

Advanced computing plays a vital role in clinical nutrition,
complementing nutritional epidemiology. Clinical data in this field aid
in predicting disease risk, conducting outcome-based research, and
personalizing decisions. For example, researchers used a multivariable
logistic regression model combined with machine learning to assess
adverse pregnancy outcomes in over 7,500 pregnant women based on
fruit and vegetable consumption. Surprisingly, the ML model revealed
a reduced risk of preterm birth, small-for-gestational-age birth, and
preeclampsia in those who consumed the most fruits and vegetables,
contrary to expectations (72).

Berry et al. (73) aimed to predict the postprandial values of
glucose and triglycerides (TG) in over 1,000 healthy adults in the
United Kingdom using an ML model. Researchers used a random
forest model to predict postprandial TG and glucose based on relevant
information (such as meal composition to microbiome and
biochemical parameters). The model predictions for TG and glucose
rise were r =0.42 and r =0.75, respectively (73).

In a study investigating colorectal cancer prediction, researchers
examined the interplay of diet, genetics, and related factors using the
healthy eating index (HEI) on 53 colorectal cancer patients and 53
family/friend pairs (74). They employed various techniques, including
data visualization, identifying familial dependencies, ensemble
methods for variable importance, for predictive modeling. Shiao et al.
(74) concluded that genetic polymorphisms in folate metabolism and
dietary factors could predict colorectal cancer. This suggests
individuals with such single nucleotide polymorphisms (SNPs) may
consider dietary adjustments based on this study to mitigate disease
risk (74).

2.3. Food waste management

Approximately 1,300 million tons of food are discarded annually.
It is estimated that 25% of this food can feed the 795 million
malnourished people around the world (75). Sustainable food
production and consumption present formidable challenges across the
food supply and distribution systems. Addressing these challenges is
possible through the innovative integration of Al, offering a novel
approach to curb food waste at various stages of the food cycle. AI
emerges as the tool of choice in tackling food security issues,
simplifying tasks from weather prediction to curbing food
waste accumulation.

Khan et al. (76) introduced an innovative waste management
system using ultrasonic and moisture sensors on trash bins. These
sensors detect fill levels and moisture content, with data processed by
an Arduino and uploaded to an online dataset. Drivers can access a
mobile app to locate nearby trash containers and check their status
(full/empty, wet/dry), optimizing garbage collection. This system
enhances environmental friendliness by categorizing waste and
predicting site-specific waste levels through image processing. Waste-
collection vehicles prioritize their routes, saving time. However,
implementation costs are a challenge for governments, though long-
term cost-effectiveness is expected (76).
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TABLE 1 Key Al applications for enhancing sustainability in the food and nutrition system.

How Al relates to sustainable food systems?

« Improving crop health and biodiversity » reduce the use of chemical pesticides and fertilizers, enhance carbon sequestration, and protect wildlife habitats
» Automating farming operations and optimizing supply chains » reduce labor costs, food waste, greenhouse gas emissions, and transportation distances

+ Developing alternative and innovative food products » reduce the environmental impact of animal agriculture, such as land use, water use, and methane emissions

Section Main points

« In preproduction, Al aids in crop yield prediction, soil management optimization, and the advancement of intelligent irrigation systems.
Food production and | ¢ Within the production phase, Al encompasses crop health monitoring, farm operation automation, weather forecasting, disease and pest control,

weed detection, crop quality management, and harvesting optimization.

customer satisfaction.

processing
o The implementation of Al in agriculture carries the potential for positive environmental impacts, including increased crop yields, efficient water
resource utilization, and reduced fuel consumption.
« Al is employed to ensure food safety, traceability, quality control, and effective inventory management.
« In the consumption phase, Al is utilized to analyze consumer preferences, behavior, and feedback, which helps businesses to improve their products
Food distribution and services.
and consumption « Al is deployed to collect and update food composition databases, using advanced techniques such as web scraping and optical character recognition.

o Al is utilized to assess the impact of food labeling on customer choices.

o The use of Al in the food industry has made a significant impact, providing businesses with an effective tool to manage inventory and enhance

Food assessment and

clinical nutrition

clinical data.

« Alis harnessed for dietary intake assessment via sensor technology, software applications, and image/voice-based methods.
o Al mitigates limitations associated with traditional dietary assessment techniques, such as reliance on paper-based records, subjectivity in
evaluations, time-intensive processes, and potential systematic errors.

o Al contributes to disease risk prediction, outcome-driven research, and the customization of nutrition guidance through the utilization of

o Al is instrumental in the analysis of post-meal glucose and triglyceride levels, employing a sophisticated random forest model.

deep learning, and ML techniques.
Food waste

management )
g demand dynamics.

o Al is deployed in food waste reduction initiatives across different stages of the food cycle, using technologies such as sensors, image processing,

« Al contributes to the detection of spoiled meat, the optimization of waste collection routes, categorization of waste types, and the forecasting of food

o Al has the potential to yield environmentally positive effects, including the reduction of greenhouse gas emissions, the preservation of limited

landfill capacity, and the mitigation of food scarcity concerns.

As an additional example, Amani and Sarkodie (77) introduced
a deep learning-based method for detecting spoiled meat, a
significant contributor to food waste and greenhouse gas emissions.
Traditional meat supply chain management methods, prevalent in
many developing countries, rely on manual monitoring and
non-intelligent systems, which are prone to human error. Detecting
spoiled meat in time is crucial to reducing waste and preventing the
spread of bacteria. AI, powered by deep learning and image
processing, rapidly identifies and separates rotten meat from fresh
meat. By training on various meat images, these Al systems become
adept at detecting spoilage (77).

Faezirad et al. (78) introduced a novel model utilizing ML to
combat food waste, particularly in university settings in Tehran, Iran.
The reservation system, used to estimate food demand, sometimes led
to unexplained meal waste. To address this, a more stable demand
prediction mechanism was essential. Their approach involved
integrating an ML model with the reservation system, considering
many factors impacting student demand: day of the week, consecutive
holidays, food attributes (price and name), reservations categorized
by academic degree and accommodation, and attendance history.

Frontiers in Nutrition

Individual factors such as academic level, housing, and dining hall
participation were also included. By applying this integrated model,
food waste was reduced by a remarkable 79% (78).

3. Discussion

According to the results of our research, Al has had a significant
impact on different phases of the agriculture supply chain, including
food procurement, consumption, and waste management. As shown
in Table 1, it plays a crucial role in improving crop quality, health,
and yield forecasting, as well as optimizing agricultural product
processing to avoid overutilization of resources. Al is highly
developed for assessing food security, quality, and safety, aided by
advancements in nanotechnology and biotechnology. In food
labeling and procurement, Al helps build comprehensive food
composition databases. Innovative Al-based dietary assessment
tools improve health outcomes by computing calorie intake and
portion sizes. Al-driven waste management technologies, like
Ultrasonic sensors and ML, enhance garbage collection safety and
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detect meat spoilage. Overall, Al technologies are vital for enhancing
the food supply chain, raising productivity, promoting health, and
efficient waste management.

Enhancing productivity within the food and nutrition system is
an imperative step toward achieving sustainability on multiple
fronts. The contemporary global food landscape faces formidable
challenges, including a growing population, increased demand for
diverse diets, resource limitations, and environmental concerns. In
this context, the need to produce more food with fewer resources
while minimizing negative impacts becomes clear (2, 4).
Additionally, advancing sustainability in food and nutrition systems
is crucial to addressing a variety of challenges and trade-offs within
the existing food system. This imperative is underlined by several
key principles and actionable steps: (1) Enhancing productivity,
employment, and value in food systems through innovation and
efficiency; (2) Reducing waste and adopting sustainable agricultural
practices to safeguard natural resources; (3) Improving economic
growth and livelihoods, including fair income and social protection;
and (4) Enhancing individual, community, and ecosystem resilience,
including disaster risk reduction and climate adaptation. By
advancing sustainability, multiple benefits can be achieved,
benefiting human health, the environment, and society. As a result
of this approach, we can meet the nutritional needs of all people
without compromising the planet’s health or the well-being of future
generations (79-81). As discussed in the following section, AI
technologies play a crucial role in achieving these sustainability
principles and improving our capacity to address food system
challenges and tradeoffs.

Al technology is a critical element of the food supply chain and is
making its way into all aspects of the food system, offering the
potential to create the sustainable food system we require. Considered
a technological solution, Al is expected to enhance the efficiency and
productivity of food and nutrition systems, playing a key role in
achieving a sustainable food system (82). The pivotal role of Al in
advancing food sustainability has been shown across four key
domains: crop health and biodiversity, food insecurity, food waste, and
food quality and safety (83). Al technologies are leveraged to promote
sustainable farming practices, predict hunger, reduce food waste, and
enhance food safety, offering significant benefits to human health, the
environment, and society. For instance, through the use of machine
learning, natural language processing, and computer vision, it’s
possible to develop innovative food products that have less of an
environmental impact. Specifically, plant-based or cell-based foods
that mimic the taste, texture, and nutritional value of animal-based
foods can help reduce the negative effects of animal agriculture, such
as land use, water consumption, and methane emissions (84).

To effectively implement Al in food and nutrition systems, it is
essential to take concrete actions. Governments and organizations
should prioritize the development of pragmatic strategies for
seamlessly integrating Al throughout the entire food supply chain,
from preproduction to consumption. As Al technology continues its
evolution, it has the potential to make significant contributions to the
creation of sustainable diets. Given the dynamic nature of this
technology, it is imperative to conduct ongoing research in this field
and remain up-to-date with the latest advancements (85).

As this study emphasizes advances in Al and the food and
nutrition system, it suggests that government officials, researchers, and
companies are coming together at the global level to improve food

Frontiers in Nutrition

10.3389/fnut.2023.1295241

systems’ efficiency and productivity (86). Consequently, the success of
organizations will depend on their ability to innovate operations,
products, and services by designing, implementing, and monitoring
Al strategies (87).

Last but not least, the findings of this study confirm the
importance of interdisciplinary studies between the sciences related
to food and nutrition and other sciences, here computer sciences
including Al technology. Integrating Al in the food and nutrition
sector is an exciting prospect, but it also comes with its fair share of
challenges. There are ethical, social, and practical concerns that need
to be addressed to ensure that the integration is successful. For
instance, we need to make sure that Al algorithms are free from bias
and that the data collected is secure and private. There’s a need to
ensure that human rights are respected, and that Al adoption does not
widen the gap between the haves and have-nots. Lastly, we need to
beef up cybersecurity to protect against cyberattacks. All these aspects
require careful consideration and regulation to ensure that AI
contributes positively to the food and nutrition sector (88, 89).
Therefore, developing a sustainable food and nutrition system, and
creating real transformation at a larger scale, requires connections and
uniting voices while respecting and recognizing diversity. Bringing
together academia, society, and industry in a transdisciplinary setting
is crucial here, as these future challenges cannot be solved by one
alone (90).

Author contributions

ZN: Methodology, Project administration, Writing - original
draft, Writing - review & editing. SF: Visualization, Writing - original
draft, Writing - review & editing. AM: Writing - original draft. SN:
Writing - original draft, Writing - review & editing. MG-M:
Methodology, Writing - review & editing. SS: Methodology,
Supervision, Visualization, Writing - original draft, Writing - review
& editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or claim
that may be made by its manufacturer, is not guaranteed or endorsed
by the publisher.

frontiersin.org


https://doi.org/10.3389/fnut.2023.1295241
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Namkhah et al.

References

1. Ahmed S, de la Parra J, Elouafi I, German B, Jarvis A, Lal V, et al. Foodomics: a
data-driven approach to revolutionize nutrition and sustainable diets. Front Nutr. (2022)
9:9. doi: 10.3389/fnut.2022.874312

2. Robinson S, Mason-D'Croz D, Dunston S, Sulser T, Robertson R, Zhu T, et al. The
international model for policy analysis of agricultural commodities and trade
(IMPACT): model description for version 32015. (2012).

3. Springmann M, Clark M, Mason-D’Croz D, Wiebe K, Bodirsky BL, Lassaletta L,
et al. Options for keeping the food system within environmental limits. Nature. (2018)
562:519-25. doi: 10.1038/s41586-018-0594-0

4. Pérez-Escamilla R. Food security and the 2015-2030 sustainable development
goals: from human to planetary health. Curr Dev Nutr. (2017) 1:e000513. doi: 10.3945/
¢dn.117.000513

5. Zakowska-Biemans S, Pieniak Z, Kostyra E, Gutkowska K. Searching for a measure
integrating sustainable and healthy eating behaviors. Nutrients. (2019) 11:95. doi:
10.3390/nu11010095

6. Tulchinsky TH. Micronutrient deficiency conditions: global health issues. Public
Health Rev. (2010) 32:243-55. doi: 10.1007/BF03391600

7. FAO R. (2010). International scientific symposium biodiversity and sustainable diets
united against hunger.

8. Garcia-Oliveira P, Fraga-Corral M, Pereira AG, Prieto MA, Simal-Gandara J.
Solutions for the sustainability of the food production and consumption system. Crit
Rev Food Sci Nutr. (2022) 62:1765-81. doi: 10.1080/10408398.2020.1847028

9. Mintz Y, Brodie R. Introduction to artificial intelligence in medicine. Minim
Invasive Ther Allied Technol. (2019) 28:73-81. doi: 10.1080/13645706.2019.1575882

10. Camaréna S. Artificial intelligence in the design of the transitions to sustainable
food systems. ] Clean Prod. (2020) 271:122574. doi: 10.1016/j.jclepro.2020.122574

11. Morgenstern JD, Rosella LC, Costa AP, de Souza RJ, Anderson LN. Perspective:
big data and machine learning could help advance nutritional epidemiology. Adv Nutr.
(2021) 12:621-31. doi: 10.1093/advances/nmaal83

12. Coté M, Lamarche B. Artificial intelligence in nutrition research: perspectives on
current and future applications. Appl Physiol Nutr Metab. (2022) 47:1-8. doi: 10.1139/
apnm-2021-0448

13. Limketkai BN, Mauldin K, Manitius N, Jalilian L, Salonen BR. The age of artificial
intelligence: use of digital technology in clinical nutrition. Curr Surg Rep. (2021) 9:1-13.
doi: 10.1007/s40137-021-00297-3

14. Archundia Herrera MC, Chan CB. Narrative review of new methods for assessing
food and energy intake. Nutrients. (2018) 10:1064. doi: 10.3390/nu10081064

15. Doulah A, Mccrory MA, Higgins JA, Sazonov E. A systematic review of
technology-driven methodologies for estimation of energy intake. IEEE Access. (2019)
7:49653-68. doi: 10.1109/ACCESS.2019.2910308

16. Ben Ayed R, Hanana M. Artificial intelligence to improve the food and agriculture
sector. ] Food Qual. (2021) 2021:1-7. doi: 10.1155/2021/5584754

17. Ramirez-Asis E, Vilchez-Carcamo J, Thakar CM, Phasinam K, Kassanuk T, Naved
M. A review on role of artificial intelligence in food processing and manufacturing
industry. Mater Today Proc. (2022) 51:2462-5. doi: 10.1016/j.matpr.2021.11.616

18. Smith MJ. Getting value from artificial intelligence in agriculture. Anim Prod Sci.
(2018) 60:46-54. doi: 10.1071/AN18522

19. Morellos A, Pantazi X-E, Moshou D, Alexandridis T, Whetton R, Tziotzios G, et al.
Machine learning based prediction of soil total nitrogen, organic carbon and moisture
content by using VIS-NIR spectroscopy. Biosyst Eng. (2016) 152:104-16. doi: 10.1016/j.
biosystemseng.2016.04.018

20. Goap A, Sharma D, Shukla AK, Krishna CR. An IoT based smart irrigation
management system using machine learning and open source technologies. Comput
Electron Agric. (2018) 155:41-9. doi: 10.1016/j.compag.2018.09.040

21. Arvind G, Athira V, Haripriya H, Rani RA, Aravind S, editors. (2017). Automated
irrigation with advanced seed germination and pest control. 2017 IEEE technological
innovations in ICT for agriculture and rural development (TIAR). New York City,
United States: IEEE.

22. Cruz JRDela, Baldovino RG, Bandala AA, Dadios EP, editors. (2017). Water usage
optimization of smart farm automated irrigation system using artificial neural network.
2017 5th international conference on information and communication technology
(ICoIC7). New York City, United States: IEEE.

23.Pant LP. Digitally engaged rural community development. J Agric Food Syst
Community Dev. (2016) 6:1-3. doi: 10.5304/jafscd.2016.064.005

24. Griffin T, Peters C, Fleisher D, Conard M, Conrad Z, Tichenor N, et al. Baselines,
trajectories, and scenarios. ] Agric Food Syst Community Dev. (2018) 8:23-37. doi:
10.5304/jafscd.2018.082.015

25. Kumar R, Singh M, Kumar P, Singh J, editors. (2015). Crop selection method to
maximize crop yield rate using machine learning technique. 2015 international
conference on smart technologies and management for computing, communication,
controls, energy and materials (ICSTM). New York City, United States: IEEE.

Frontiers in Nutrition

10.3389/fnut.2023.1295241

26. Saggi MK, Jain S. Reference evapotranspiration estimation and modeling of the
Punjab northern India using deep learning. Comput Electron Agric. (2019) 156:387-98.
doi: 10.1016/j.compag.2018.11.031

27. Singh A, Shukla N, Mishra N. Social media data analytics to improve supply chain
management in food industries. Transp Res E: Logist Transp Rev. (2018) 114:398-415.
doi: 10.1016/j.tre.2017.05.008

28. Liakos KG, Busato P, Moshou D, Pearson S, Bochtis D. Machine learning in
agriculture: a review. Sensors. (2018) 18:2674. doi: 10.3390/s18082674

29. Chlingaryan A, Sukkarieh S, Whelan B. Machine learning approaches for crop
yield prediction and nitrogen status estimation in precision agriculture: a review.
Comput Electron Agric. (2018) 151:61-9. doi: 10.1016/j.compag.2018.05.012

30. Sadgrove EJ, Falzon G, Miron D, Lamb DW. Real-time object detection in
agricultural/remote environments using the multiple-expert colour feature extreme
learning machine (MEC-ELM). Comput Ind. (2018) 98:183-91. doi: 10.1016/j.
compind.2018.03.014

31. Aubry C, Papy E Capillon A. Modelling decision-making processes for annual
crop management. Agric Syst. (1998) 56:45-65. doi: 10.1016/S0308-521X(97)00034-6

32. Analysis UBOE. (2017). Value added by industry as a percentage of gross domestic
product. Available at: https://apps.bea.gov/iTable/iTable.cfm?ReqID=51 &step=1

33. Morvan X, Saby N, Arrouays D, le Bas C, Jones R, Verheijen E, et al. Soil monitoring
in Europe: a review of existing systems and requirements for harmonisation. Sci Total
Environ. (2008) 391:1-12. doi: 10.1016/j.scitotenv.2007.10.046

34. Lozano-Baez SE, Dominguez-Haydar Y, Meli P, van Meerveld I, Vasquez Visquez
K, Castellini M. Key gaps in soil monitoring during forest restoration in Colombia.
Restor Ecol. (2021) 29:€13391. doi: 10.1111/rec.13391

35. Zhao Z, Chow TL, Rees HW, Yang Q, Xing Z, Meng F-R. Predict soil texture
distributions using an artificial neural network model. Comput Electron Agric. (2009)
65:36-48. doi: 10.1016/j.compag.2008.07.008

36. Tobal A, Mokhtar SA. Weeds identification using evolutionary artificial
intelligence algorithm. J Comput Sci. (2014) 10:1355-61. doi: 10.3844/
jcssp.2014.1355.1361

37. Brazeau M. Fighting weeds: can we reduce, or even eliminate, herbicides by utilizing
robotics and AL North Wales: Genetic Literacy Project (2018).

38.Karimi Y, Prasher S, Patel R, Kim S. Application of support vector machine
technology for weed and nitrogen stress detection in corn. Comput Electron Agric.
(2006) 51:99-109. doi: 10.1016/j.compag.2005.12.001

39. Neil HK. Survey of yield losses due to weeds in Central Alberta. Can J Plant Sci.
(2001) 81:339-42. doi: 10.4141/P00-102

40. Swanton CJ, Nkoa R, Blackshaw RE. Experimental methods for crop-weed
competition studies. Weed Sci. (2015) 63:2-11. doi: 10.1614/WS-D-13-00062.1

41.Jha P, Kumar V, Godara RK, Chauhan BS. Weed management using crop
competition in the United States: a review. Crop Prot. (2017) 95:31-7. doi: 10.1016/j.
cropro.2016.06.021

42. Alamu EO, Menkir A, Adesokan M, Fawole S, Maziya-Dixon B. Near-infrared
reflectance spectrophotometry (NIRS) application in the amino acid profiling of quality
protein maize (QPM). Foods. (2022) 11:2779. doi: 10.3390/foods11182779

43. Adesokan M, Alamu EO, Fawole S, Maziya-Dixon B. Prediction of functional
characteristics of gari (cassava flakes) using near-infrared reflectance spectrometry.
Front Chem. (2023) 11:1156718. doi: 10.3389/fchem.2023.1156718

44. Mavani NR, Ali JM, Othman S, Hussain MA, Hashim H, Rahman NA. Application
of artificial intelligence in food industry—a guideline. Food Eng Rev. (2022) 14:134-75.
doi: 10.1007/s12393-021-09290-z

45. Strategy A. SMARTer2030: ICT solutions for 21st century challenges, vol. 3. Brussels,
Brussels-Capital Region, Belgium, Tech Rep: The Global eSustainability Initiative (GeSI)
(2015).

46. Arora M, Mangipudi P. A computer vision-based method for classification of red
meat quality after nitrosamine appendage. Int ] Comput Intell Appl. (2021) 20:2150005.
doi: 10.1142/S146902682150005X

47. Van Henten EJ, Hemming J, Van Tuijl B, Kornet J, Meuleman J, Bontsema J, et al.
An autonomous robot for harvesting cucumbers in greenhouses. Auton Robot. (2002)
13:241-58. doi: 10.1023/A:1020568125418

48. Sun Q, Zhang M, Mujumdar AS. Recent developments of artificial intelligence in
drying of fresh food: a review. Crit Rev Food Sci Nutr. (2019) 59:2258-75. doi:
10.1080/10408398.2018.1446900

49. Chen ], Zhang M, Xu B, Sun J, Mujumdar AS. Artificial intelligence assisted
technologies for controlling the drying of fruits and vegetables using physical fields: a
review. Trends Food Sci Technol. (2020) 105:251-60. doi: 10.1016/j.tifs.2020.08.015

50. Chacén Ramirez E, Albarran JC, Cruz Salazar LA, editors. (2019). The control of
water distribution systems as a holonic system. International workshop on service
orientation in Holonic and multi-agent manufacturing. Berlin, Heidelberg, Dordrecht,
and New York City: Springer.

frontiersin.org


https://doi.org/10.3389/fnut.2023.1295241
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.3389/fnut.2022.874312
https://doi.org/10.1038/s41586-018-0594-0
https://doi.org/10.3945/cdn.117.000513
https://doi.org/10.3945/cdn.117.000513
https://doi.org/10.3390/nu11010095
https://doi.org/10.1007/BF03391600
https://doi.org/10.1080/10408398.2020.1847028
https://doi.org/10.1080/13645706.2019.1575882
https://doi.org/10.1016/j.jclepro.2020.122574
https://doi.org/10.1093/advances/nmaa183
https://doi.org/10.1139/apnm-2021-0448
https://doi.org/10.1139/apnm-2021-0448
https://doi.org/10.1007/s40137-021-00297-3
https://doi.org/10.3390/nu10081064
https://doi.org/10.1109/ACCESS.2019.2910308
https://doi.org/10.1155/2021/5584754
https://doi.org/10.1016/j.matpr.2021.11.616
https://doi.org/10.1071/AN18522
https://doi.org/10.1016/j.biosystemseng.2016.04.018
https://doi.org/10.1016/j.biosystemseng.2016.04.018
https://doi.org/10.1016/j.compag.2018.09.040
https://doi.org/10.5304/jafscd.2016.064.005
https://doi.org/10.5304/jafscd.2018.082.015
https://doi.org/10.1016/j.compag.2018.11.031
https://doi.org/10.1016/j.tre.2017.05.008
https://doi.org/10.3390/s18082674
https://doi.org/10.1016/j.compag.2018.05.012
https://doi.org/10.1016/j.compind.2018.03.014
https://doi.org/10.1016/j.compind.2018.03.014
https://doi.org/10.1016/S0308-521X(97)00034-6
https://apps.bea.gov/iTable/iTable.cfm?ReqID=51&step=1
https://doi.org/10.1016/j.scitotenv.2007.10.046
https://doi.org/10.1111/rec.13391
https://doi.org/10.1016/j.compag.2008.07.008
https://doi.org/10.3844/jcssp.2014.1355.1361
https://doi.org/10.3844/jcssp.2014.1355.1361
https://doi.org/10.1016/j.compag.2005.12.001
https://doi.org/10.4141/P00-102
https://doi.org/10.1614/WS-D-13-00062.1
https://doi.org/10.1016/j.cropro.2016.06.021
https://doi.org/10.1016/j.cropro.2016.06.021
https://doi.org/10.3390/foods11182779
https://doi.org/10.3389/fchem.2023.1156718
https://doi.org/10.1007/s12393-021-09290-z
https://doi.org/10.1142/S146902682150005X
https://doi.org/10.1023/A:1020568125418
https://doi.org/10.1080/10408398.2018.1446900
https://doi.org/10.1016/j.tifs.2020.08.015

Namkhah et al.

51. Kumar I, Rawat ], Mohd N, Husain S. Opportunities of artificial intelligence and
machine learning in the food industry. J Food Qual. (2021) 2021:1-10. doi:
10.1155/2021/4535567

52. Yu K-H, Beam AL, Kohane IS. Artificial intelligence in healthcare. Nat Biomed
Eng. (2018) 2:719-31. doi: 10.1038/s41551-018-0305-z

53.Yong B, Shen J, Liu X, Li E Chen H, Zhou Q. An intelligent blockchain-based
system for safe vaccine supply and supervision. Int ] Inf Manag. (2020) 52:102024. doi:
10.1016/j.jjinfomgt.2019.10.009

54. Zhou Z, Zahid U, Majeed Y, Nisha MS, Mustafa S, Sajjad MM, et al. Advancement
in artificial intelligence for on-farm fruit sorting and transportation. Front Plant Sci.
(2023) 14:14. doi: 10.3389/fpls.2023.1082860

55. Jaramillo-Acevedo CA, Choque-Valderrama WE, Guerrero-Alvarez GE, Meneses-
Escobar CA. Hass avocado ripeness classification by mobile devices using digital image
processing and ANN methods. Int ] Food Eng. (2020) 16:20190161. doi: 10.1515/
ijfe-2019-0161

56. Kang J, Gwak J. Ensemble of multi-task deep convolutional neural networks using
transfer learning for fruit freshness classification. Multimed Tools Appl. (2022)
81:22355-77. doi: 10.1007/s11042-021-11282-4

57. Sahni V, Srivastava S, Khan R. Modelling techniques to improve the quality of food
using artificial intelligence. ] Food Qual. (2021) 2021:1-10. doi: 10.1155/2021/2140010

58. Garcia-Esteban JA, Curto B, Moreno V, Gonzalez-Martin I, Revilla I, Vivar-
Quintana A, editors. (2018). A digitalization strategy for quality control in food industry
based on artificial intelligence techniques. 2018 IEEE 16th international conference on
industrial informatics (INDIN). New York City, United States: IEEE.

59. Ahmed M, Schermel A, Lee ], Weippert M, Franco-Arellano B, LAbbé M.
Development of the food label information program: a comprehensive canadian
branded food composition database. Front Nutr. (2022) 8:825050. doi: 10.3389/
fnut.2021.825050

60. Hamet P, Tremblay J. Artificial intelligence in medicine. Metab Clin Exp. (2017)
69:536-40. doi: 10.1016/j.metabol.2017.01.011

61. Akerkar R. Artificial intelligence for business. Berlin, Heidelberg, Dordrecht, and
New York City: Springer (2019).

62.Liu Z, Wang S, Zhang Y, Feng Y, Liu J, Zhu H. Artificial intelligence in food safety:
a decade review and bibliometric analysis. Foods. (2023) 12:1242. doi: 10.3390/
foods12061242

63. Shen Y, Hamm JA, Gao F, Ryser ET, Zhang W. Assessing consumer buy and pay
preferences for labeled food products with statistical and machine learning methods. J
Food Prot. (2021) 84:1560-6. doi: 10.4315/JFP-20-486

64. Illner A, Freisling H, Boeing H, Huybrechts I, Crispim S, Slimani N. Review and
evaluation of innovative technologies for measuring diet in nutritional epidemiology.
Int ] Epidemiol. (2012) 41:1187-203. doi: 10.1093/ije/dys105

65. Thompson FE, Subar AF. Chapter 1 - dietary assessment methodology In: AM
Coulston, CJ Boushey, MG Ferruzzi and LM Delahanty, editors. Nutrition in the
prevention and treatment of disease. Fourth edn. Elsevier: Academic Press (2017). 5-48.

66. Zhao X, Xu X, Li X, He X, Yang Y, Zhu S. Emerging trends of technology-based
dietary assessment: a perspective study. Eur J Clin Nutr. (2021) 75:582-7. doi: 10.1038/
541430-020-00779-0

67. Amft O, Kusserow M, Troster G. Bite weight prediction from acoustic recognition
of chewing. IEEE Trans Biomed Eng. (2009) 56:1663-72. doi: 10.1109/
TBME.2009.2015873

68. Hezarjaribi N, Mazrouee S, Ghasemzadeh H. Speech2Health: a mobile framework
for monitoring dietary composition from spoken data. IEEE ] Biomed Health Inform.
(2017) 22:252-64. doi: 10.1109/JBHI.2017.2709333

69. Mertes G, Ding L, Chen W, Hallez H, Jia J, Vanrumste B. Measuring and localizing
individual bites using a sensor augmented plate during unrestricted eating for the aging
population. IEEE ] Biomed Health Inform. (2020) 24:1509-18. doi: 10.1109/
JBHI.2019.2932011

70. Huang J, Ding H, McBride S, Ireland D, Karunanithi M. Use of smartphones to
estimate carbohydrates in foods for diabetes management. Stud Health Technol Inform.
(2015) 214:121-7. doi: 10.3233/978-1-61499-558-6-121

Frontiers in Nutrition

08

10.3389/fnut.2023.1295241

71.Sun M, Burke LE, Mao Z-H, Chen Y, Chen H-C, Bai Yet al., editors. (2014).
eButton: a wearable computer for health monitoring and personal assistance. Proceedings
of the 51st annual design automation conference. Association for Computing Machinery.

72.Bodnar LM, Cartus AR, Kirkpatrick SI, Himes KP, Kennedy EH, Simhan HN, et al.
Machine learning as a strategy to account for dietary synergy: an illustration based on
dietary intake and adverse pregnancy outcomes. Am J Clin Nutr. (2020) 111:1235-43.
doi: 10.1093/ajcn/nqaa027

73.Berry SE, Valdes AM, Drew DA, Asnicar F, Mazidi M, Wolf J, et al. Human
postprandial responses to food and potential for precision nutrition. Nat Med. (2020)
26:964-73. doi: 10.1038/s41591-020-0934-0

74. Shiao SPK, Grayson J, Lie A, Yu CH. Personalized nutrition—genes, diet, and
related interactive parameters as predictors of Cancer in multiethnic colorectal Cancer
families. Nutrients. (2018) 10:795. doi: 10.3390/nu10060795

75. 11 facts about food wastage. (2022). Available at: https://www.respectfood.com/
article/11-facts-about-food-wastage/ (Accessed June 02, 2022).

76.Khan R, Kumar S, Srivastava AK, Dhingra N, Gupta M, Bhati N, et al. Machine
learning and IoT-based waste management model. Comput Intell Neurosci. (2021)
2021:1-11. doi: 10.1155/2021/5942574

77. Amani MA, Sarkodie SA. Mitigating spread of contamination in meat supply chain
management using deep learning. Sci Rep. (2022) 12:1-10. doi: 10.1038/
541598-022-08993-5

78. Faezirad M, Pooya A, Naji-Azimi Z, Amir HM. Preventing food waste in subsidy-
based university dining systems: an artificial neural network-aided model under
uncertainty. Waste Manag Res. (2021) 39:1027-38. doi: 10.1177/0734242X211017974

79. Béné C, Oosterveer P, Lamotte L, Brouwer ID, de Haan S, Prager SD, et al. When
food systems meet sustainability-current narratives and implications for actions. World
Dev. (2019) 113:116-30. doi: 10.1016/j.worlddev.2018.08.011

80. Weber H, Poeggel K, Eakin H, Fischer D, Lang DJ, Von Wehrden H, et al. What
are the ingredients for food systems change towards sustainability?—insights from the
literature. Environ Res Lett. (2020) 15:113001. doi: 10.1088/1748-9326/ab99fd

81. Hinrichs CC. Transitions to sustainability: a change in thinking about food
systems change? Agric Hum Values. (2014) 31:143-55. doi: 10.1007/510460-014-9479-5

82.Di Vaio A, Boccia F, Landriani L, Palladino R. Artificial intelligence in the Agri-
food system: rethinking sustainable business models in the COVID-19 scenario.
Sustainability. (2020) 12:4851. doi: 10.3390/5u12124851

83. Ziesche S, Agarwal S, Nagaraju U, Prestes E, Singha N. (2023). Role of artificial
intelligence in advancing sustainable development goals in the agriculture sector. New York
City, United States: The Ethics of Artificial Intelligence for the Sustainable Development
Goals. Berlin, Heidelberg, Dordrecht, and New York City: Springerp. 379-397.

84. Marvin HJ, Bouzembrak Y, van der Fels-Klerx H, Kempenaar C, Veerkamp R,
Chauhan A, et al. Digitalisation and artificial intelligence for sustainable food systems.
Trends Food Sci Technol. (2022) 120:344-8. doi: 10.1016/j.tifs.2022.01.020

85. Hughes L, Dwivedi YK, Misra SK, Rana NP, Raghavan V, Akella V. Blockchain
research, practice and policy: applications, benefits, limitations, emerging research
themes and research agenda. Int J Inf Manag. (2019) 49:114-29. doi: 10.1016/j.
ijinfomgt.2019.02.005

86. Vinuesa R, Azizpour H, Leite I, Balaam M, Dignum V, Domisch S, et al. The role
of artificial intelligence in achieving the sustainable development goals. Nat Commun.
(2020) 11:1-10. doi: 10.1038/s41467-019-14108-y

87. Barro S, Davenport TH. People and machines: partners in innovation. MIT Sloan
Manag Rev. (2019) 60:22-8.

88. Detopoulou P, Voulgaridou G, Moschos P, Levidi D, Anastasiou T, Dedes V, et al.
Artificial intelligence, nutrition, and ethical issues: a mini-review. Clin Nutr Open Sci.
(2023) 50:46-56. doi: 10.1016/j.nutos.2023.07.001

89. Galaz V, Centeno MA, Callahan PW, Causevic A, Patterson T, Brass I, et al.
Artificial intelligence, systemic risks, and sustainability. Technol Soc. (2021) 67:101741.
doi: 10.1016/j.techsoc.2021.101741

90. Dekker SC, Kraneveld AD, van Dijk ], Kalfagianni A, Knulst AC, Lelieveldt H, et al.
Towards healthy planet diets—a transdisciplinary approach to food sustainability
challenges. Challenges. (2020) 11:21. doi: 10.3390/challe11020021

frontiersin.org


https://doi.org/10.3389/fnut.2023.1295241
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.1155/2021/4535567
https://doi.org/10.1038/s41551-018-0305-z
https://doi.org/10.1016/j.ijinfomgt.2019.10.009
https://doi.org/10.3389/fpls.2023.1082860
https://doi.org/10.1515/ijfe-2019-0161
https://doi.org/10.1515/ijfe-2019-0161
https://doi.org/10.1007/s11042-021-11282-4
https://doi.org/10.1155/2021/2140010
https://doi.org/10.3389/fnut.2021.825050
https://doi.org/10.3389/fnut.2021.825050
https://doi.org/10.1016/j.metabol.2017.01.011
https://doi.org/10.3390/foods12061242
https://doi.org/10.3390/foods12061242
https://doi.org/10.4315/JFP-20-486
https://doi.org/10.1093/ije/dys105
https://doi.org/10.1038/s41430-020-00779-0
https://doi.org/10.1038/s41430-020-00779-0
https://doi.org/10.1109/TBME.2009.2015873
https://doi.org/10.1109/TBME.2009.2015873
https://doi.org/10.1109/JBHI.2017.2709333
https://doi.org/10.1109/JBHI.2019.2932011
https://doi.org/10.1109/JBHI.2019.2932011
https://doi.org/10.3233/978-1-61499-558-6-121
https://doi.org/10.1093/ajcn/nqaa027
https://doi.org/10.1038/s41591-020-0934-0
https://doi.org/10.3390/nu10060795
https://www.respectfood.com/article/11-facts-about-food-wastage/
https://www.respectfood.com/article/11-facts-about-food-wastage/
https://doi.org/10.1155/2021/5942574
https://doi.org/10.1038/s41598-022-08993-5
https://doi.org/10.1038/s41598-022-08993-5
https://doi.org/10.1177/0734242X211017974
https://doi.org/10.1016/j.worlddev.2018.08.011
https://doi.org/10.1088/1748-9326/ab99fd
https://doi.org/10.1007/s10460-014-9479-5
https://doi.org/10.3390/su12124851
https://doi.org/10.1016/j.tifs.2022.01.020
https://doi.org/10.1016/j.ijinfomgt.2019.02.005
https://doi.org/10.1016/j.ijinfomgt.2019.02.005
https://doi.org/10.1038/s41467-019-14108-y
https://doi.org/10.1016/j.nutos.2023.07.001
https://doi.org/10.1016/j.techsoc.2021.101741
https://doi.org/10.3390/challe11020021

	Advancing sustainability in the food and nutrition system: a review of artificial intelligence applications
	1. Introduction
	2. How AI relates to the food supply
	2.1. Food production and processing
	2.2. Food distribution and consumption
	2.3. Food waste management

	3. Discussion
	Author contributions

	References



