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Artificial intelligence in food
biotechnology: trends
and perspectives
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Artificial Intelligence (Al) is the creation of intelligent systems able to execute
specific tasks which would normally need human intelligence to function. Today,
Al is widely used to assist research and development in industrial biotechnology.
Many biotech firms rely on Al tools. The food industry is among the industrial
sectors where Al has only recently been explored. Al enhances food
biotechnology by supporting food enzymes engineering, microbial metabolic
engineering, food safety and, in general, food microbiology. The use of Al tools in
the food industry ranges from food processing — including all aspects of the
production of food ingredients — to food quality and safety. This paper highlights
the emerging importance of Al in some specific sectors of food biotechnology:
development of new process-aid enzymes, precision fermentation, food safety
and toxicity, food microbiology, and the study of the interplay between food and
gut microbiome. These represent only a few examples of the myriad of
applications that Al is seeing and will see in the food biotech sector. This
Perspective paper intends to stimulate the discussion around the intricate
relationship between Al and such research topics.
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1 Introduction

Artificial Intelligence (AI) is an emerging technology that may eventually dominate all
aspects of human life. Google, a prolific user of Al, describes this technology as the “ability
of systems to synthesize information as the manifestation of intelligence, similar to the way
it is defined in biological intelligence”." One primary theme within AI is machine learning,
Machine learning (ML) combines probability, statistics, and convex optimization to better
solve problems related to speech recognition, robot control, and computer vision (Jordan
and Mitchell, 2015). Some of the algorithms within AI include reinforcement learning,
expert systems (ES), Turing test, artificial neural networks (ANN), and logic programming
(Borana and Jodhpur, 2016).

1 Google search for "Artificial Intelligence”, 2022.
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Al is becoming a crucial tool in the field of food biotechnology.
Mavani et al. (2022) recently described the application of the different
types of Al within the food industry. AI gives strong support to the
development of new capabilities, products, and commodities, while
reducing processing time and increasing accuracy. Moreover, Al has
played a key role for shaping new approaches in the research and
development of enzymes for industrial applications, including food
enzymes. An outstanding example this application of AI is the
development of AlphaFold, a computational tool that can predict
the structure of proteins. AlphaFold has been used to determine the
structure of over 200 million proteins to date (Jumper et al., 2021).

For the application to enzyme development problems, the role of
Al is not confined to the study of protein structure—function
relationships. In fact, AI can support each phase of the development
of a new enzyme from its discovery by the manipulation of
big datasets, for example those generated using metagenomics or
classical single enzyme mutational biochemistry. Also important is to
understand how variations in enzyme structure impact its application
in a specific process of interest: it is crucial to mimic the complex
food processing environments where its performance will be
ultimately judged.

Al technology is especially important to the development of
precision fermentation - an emerging field in its own right - by
driving the genetic manipulation of “cell factories” (i.e., mainly
yeast and fungi) towards the production of custom molecules,
including proteins.

Food safety and compliance are key in the food industry and AI
tools greatly support the continuous improvement of these
standards, paving the way to the development of rapid and cost-
effective methods to determine toxic compounds in food.

The interplay between food and gut microbiome is under
continuous investigation. Al holds promise in the development of
precision nutrition, the branch of science that evaluates individual
lifestyles and creates tailor-made nutritional programs that in turn
lead to better quality of life.

2 Al in food enzymes development

Al has proven to be a powerful tool for the study of enzyme
structure/function relationships. It has driven computational
modeling and mutagenesis R&D that has resulted in improved
enzymes for food processing.

The application of food enzymes normally occurs in complex
environment. Al is envisioned to be able to support the simulation of
the most complex reactions performed by process-aid enzymes in
food processing. This is a great advantage in comparison to the classic
tools used to improve these enzymes, which take under consideration
only a limited number of parameters and certainly do not consider
the real environment in which the food processing occurs.

Wang J. et al. (2023) have recently reviewed how the Al-assisted
design and engineering of enzymes could be beneficial to food
processing enzymes. One of the main advantages of using Al in
food enzyme engineering is the significant saving in computational
time. Much reduced time and resources are used in comparison to
the traditional physical methods, while potentially delivering wide
sets of information that support the development of new products.
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3 Al in precision fermentation

Precision fermentation represents a new trend in the food
industry. It is based on the use of microbes — mainly yeasts and
fungi - to produce a specific molecule in a scalable process. Protein-
based ingredients represent the most common product of precision
fermentation in food industry. Precision fermentation is the next
step in the evolution of classical submerged fermentation and it is
now possible thanks to advances in microbe manipulation and
metabolic engineering (Teng et al., 2021) to create synthetic cells
factories. Genetic modification of the workhorse microbes so far
used in precision fermentation and envisioned to be key players
used for this technology relies on the use of traditional metabolic
engineering tools for strain improvement. Al-based approaches
have attracted considerable attention lately in the industrial
microbiology field. Al tools, in fact, favor a much more rapid
understanding of the best edits to apply to the microbial genome to
improve the yield of a molecule of interest. Al tools help editing and
customize microbes for the production of a specific molecules
requested in food industry, while also guiding the storage and
manipulation of big data sets generated from the integration of
experimental and in silico experiments. Today, many food
companies are focusing on this new technology to accommodate
the ever widening array of food requests.

4 Al in food safety and food toxicity

Food safety is crucial to human survival and health. Al is being
used in the areas of food supply chain management, quality control,
food sorting, and food hygiene. Food fraud was predicted by a
Bayesian network model (MedISyss-FF) developed by the European
Union’s Rapid Alert System for Food and Feed (Bouzembrak and
Marvin, 2016) whereas the U.S. FDA (Food and Drug
Administration) has used AI to develop a model for predicting
aflatoxin to help identify low- and high-risk seafood sourcing (FDA,
2022). Similarly, a study conducted in Taiwan by Chang et al.
(2020) describes the development of an automated alarm system for
food safety.

Microbial toxins and toxic chemicals are certainly the major
factor contributing to food safety risks. The methodologies
currently used to detect such risks are costly and time-
consuming. The integration of Al and machine learning software
to the conventional methods used for assessing food toxicity has led
to big improvement in terms of rapidity and cost-effectiveness of
food analyses to detect toxic compounds of both chemical and
biological origins. The management of large dataset enabled by Al
tools allows to detect and classify toxic compounds in a rapid and
easy manner. In this contest, a risk of food toxicity can be
represented also by the chemical migration from package to food.
Wang S. S. et al. (2023) have recently developed an Al-based tool
that can prevent such issues by utilizing a mix of data related to the
chemical properties, material type, food type and temperature. A
survey conducted by Zhou et al. (2019) has clearly shown that deep
learning is the right approach to outperform the analysis that
supports food quality and safety. The rapidity of Al-based tools
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allow in fact to investigate the presence of toxic compounds at all
critical points of food manufacturing.

Developing Al-based food sorting and packaging is often
challenging due to variety of shapes and sizes of products.
However, when established, AI can aid in decision making and
automation, resulting in rapid, efficient, and hygienic practices,
amongst other benefits. TOMRA and TensorFlow are two popular
Al tools that use a combination of high-resolution cameras, laser
technology systems, X-ray systems, and IR spectroscopy. Such tools
are thought to have increased productivity in product sorting by
~90% (Kumar et al., 2021).

Alongside raw materials and food processing, food industry
places paramount importance on equipment sanitation and
maintenance. Simeone et al. (2020) carried out a study to assess
the use of optical and ultrasonic sensors to monitor the removal of
food materials fouling a benchtop rig and were able to demonstrate
cleaning accuracies as high as 98% using these technologies to
monitor cleaning progress. Work done by Friedlander and Zoellner
(2020) describe the interesting applications of Al in monitoring
food safety at retail outlets.

These kinds of tools will play an important role in the
monitoring of food facilities for food safety and future
development in this technology will concentrate on developing
algorithms to aid real-time determination of high-risk raw
material sources (Qian et al., 2023).

5 Al in food pathogen microbiology

AT and machine learning are finding important applications in
the area of food pathogen microbiology. Foodborne microbial
pathogens can cause food poisoning or food spoilage. In
conventional laboratories, food items would be screened for
pathogens by isolating contaminants on agar plates followed by
biochemical analysis. These methods are slow and are often
restricted by the inability to isolate the microorganisms on culture
media available in common labs. AT applications can reduce the
time for detection and increase sensitivity considerably. Lupolova
et al. (2017) showed that through AI based tools, it will be possible
to determine host specificity and zoonotic potential of species like
Salmonella enterica and Escherichia coli, this holding tremendous
importance from a public health perspective.

Using an Al-based technology platform, Wang et al. (2020)
were able to detect bacterial growth in less than 3 hours and
correctly classify ~80% of bacterial types within ~8 hours, saving
more than 12 hours when compared to conventional methods.

Al is helping to implement technologies and instruments which
are used in food safety for the rapid and accurate detection of
adulterations and microbial contaminants in food, such as
hyperspectral imaging (HSI) - a combination of conventional
imaging and spectroscopy (Gowen et al., 2007), and novel electronic
devices, such as electronic noses (ENs) which are automated odor or
microbial growth detectors that combine chemical sensor arrays with
a pattern recognition system (Gobbi et al., 2015).
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6 Al in precision nutrition

Precision nutrition “integrates genetic, metagenomic,
metabolomic, physiopathological, behavioral and sociocultural cues
to understand metabolism and human wellbeing and implement
health actions” (Livingstone et al,, 2022). As such this represents an
emerging topic in the food biotechnology realm. Gut microorganisms
and dietary components have an inter-dependent relationship. Gut
microbes transform food components to produce metabolites that
influence and shape the host immune and metabolic responses
whereas dietary components influence the type and functional
character of the gut microbes. These interactions tend to be very
complex and very specific to an individual. Al represents a powerful
tool to study large datasets and to carry out comprehensive analyses
to develop dietary strategies, with the ultimate goals of combatting
disease onset and progression (Danneskiold-Samsee et al., 2019).

Al is being used increasingly to study gut microbiota and use
the information to formulate diagnostic and therapeutic solutions
of crucial diseases. In fact, Al algorithms are suited to make
connections between nutrition, health and dietary behaviors (Cote
and Lamarche, 2021). Microbiome analyses generate large amounts
of data sets and Al algorithms allows to break down data into tools
that can be used by everyday clinicians to aid diagnosis or
prognosis. Whereas traditional methods of data dietary collection
often led to errors, machine learning can be used to reduce these
error margins and improve the accuracy and authenticity of the
data (Morgenstern et al., 2021) despite some limitations on
understanding how these predictions would translate into
everyday life performance (Cammarota et al., 2020).

7 Conclusions

This paper highlights a few of the most critical possible
applications of AI in food biotechnology. It is clear that AI is
shaping new ways of using science for supporting the development
of food products and services. This translates to both the rapid
advancement of traditional methodologies — such as those related to
industrial enzymes development, data management, microbiology -
and to the shaping of new advanced technologies, such as
precision fermentation.

This innovative way to look at food development, food
processing, and food safety interplay with the next frontier in
nutrition science such as developing custom-made diets and
precision nutrition plans. AI will play a key role in this process as
already demonstrated by several studies in progress which are using
powerful Al tools to collect large datasets from millions of
individuals, interpret them, and include them in biological
nutrition studies (Sak and Suchodolska, 2020).

Even though AI has many advantages and holds great promise
for food industries, much more work needs to be done for routine
application to the various aspects of the industry. And Al cannot
work completely without human intervention. Barriers include a lack
of data in digital format, concerns about privacy — due to the need to
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store food safety data on public platforms — and even a reluctance to
adopt automated systems in the sector food biotechnology.

Businesses need to be encouraged to focus on research that
builds AI applications that are custom made and address specific
needs. In fact, the use of Al in food biotechnology paves the way to
developing applications focused on specific needs and questions of
the food industry.
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