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AI for food: accelerating and
democratizing discovery and innovation

Check for updates

Ellen Kuhl

By 2050, feeding nearly 10 billion people will require transformative changes to ensure nutritious,
sustainable food for all. Our current food system is inefficient and unsustainable. Traditional attempts
to transform the global food system are too slow to drive innovation at scale. Here we explore the
potential of artificial intelligence to reshape the future of food. We review the state of the art in food
development, discuss the data needed to define a new food product, and highlight seven challenges
where AI can help us design nutritious, delicious, and sustainable foods for all. By leveraging AI to
democratize food innovation, we can accelerate the transition to resilient global food systems that
meet the urgent challenges of food security, climate change, and planetary health.

By 2050, we need to feed nearly 10 billion people. Until the middle of the
century, the global demand for food is expected to increase by aboutonefifth1.
Eradicating global hunger will require transformative changes to ensure
equitable access to nutritious food for all2. But our current food system is
broken3. It is a major contributor to environmental degradation, climate
change, and food insecurity4. The global food system heavily relies on animal
agriculture5, a leading source of greenhouse gas emissions, deforestation, and
water use–yet, it remains inefficient atmeeting the world’s nutritional needs6.
To encourage consumers toward sustainable alternatives, European super-
markets are increasingly committing to shifting sales from animal to plant-
based foods7: The leading European supermarket chain Lidl recently
announced that itwill increase its plant-based salesby20%within thenextfive
years, while theDutch retailers Albert Heijn and Jumbo are targeting an even
more ambitious ratio of 60 to 40 betweenplant-based and animal products by
20308. It is increasingly clear thatweneedefficient andeffective solutions.And
we need them now9. This urgency has triggered the question: Can artificial
intelligence catalyze a paradigm shift in the global food ecosystem?

The potential of artificial intelligence is one of the most controversial topics
of the 21st century. By all standards. In all aspects of modern life. And food
science is no exception. ButArtificial Intelligence for Food?Unarguably, the
power of AI in food science cannot be overstated. It can be misunderstood,
misused, or misinterpreted. But with the right understanding, use, and
interpretation, it is impossible to ignore the massive impact AI will have on
food science, discovery, and innovation10–26. The objective of this article is to
examine the strengths, limitations, and future potential of AI for food.

AI is critical to accelerate the revolution of our food system. Conventional
methods are limited in their capacity to process and analyze massive
amounts of data,making them too slow to drive innovation at scale27. To no

surprise, we can observe an increasing use of AI in automating and
optimizing food production systems10, improving sustainability and effi-
ciency of land and water use28, and predicting and reducing food loss and
waste21. On a personal level, AI can make dietary recommendations and
guide personalized nutrition25; on a global level, AI can drive structural
and systemic changes18. In the context of food innovation, the focus of this
article, AI can enable the discovery of novel protein sources, optimize
formulations for taste and texture14, improve production processes19,
predict consumer preferences22, and create innovative products that
mimic the nutritional profile, taste, flavor, or texture of animal-based
foods29. At the same time, it is clear that today’s AI systems lack the ability
to fully grasp the nuanced social, ethical, and sensory dimensions of food
that are deeply rooted in human culture30. AI cannot entirely replace the
human expertise, cultural understanding, and transformative creativity,
needed to revolutionize our food system31. But there is hope that, through
a synergistic partnership with AI, we can build healthier and more sus-
tainable food futures, faster, cheaper, and more efficiently, with a speed
and precision that is out of reach for traditional trial-and-error
approaches today.
Before discussing what this perspectives article is about–the role of AI in
shaping the future of food–let’s be very clear what it is not about: usingAI as
a black box solution without validating and interpreting its results;
exploiting AI to overcome a shortage of data without understanding the
quality, diversity, or representativeness of the data; and reducing AI to
traditional tasks without exploring the true potential of AI for creative and
generative solutions. Instead, the objective of this perspective article is to
demonstrate that AI is a lot more than just a statistical tool for regression or
classification:

AI for food is a powerful technology to improve mechanistic under-
standing, inspire creative thinking, and democratize discovery and
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innovation towards reimagining food systems that prioritize health, sus-
tainability, and justice for a thriving global population.

State of the art
Traditional approaches towards creating new foods are too slow
Creating innovative food products traditionally involves a complex process
that combines food science, engineering, culinary art, and consumer
research and heavily relies on iterative cycles of gradual improvement32.
Figure 1 illustrates the food development cycle for the example of a new
plant-basedmeatproduct33: Thefirst step in thedesignprocess is toprecisely
define the desired product by identifying the target meat, e.g., chicken, pork,
or beef; selecting the specific cut, e.g., burger, sausage, or steak; establishing
key features, e.g., texture, flavor, appearance, or nutritional profile; and
understanding consumer preferences, e.g., allergies, dietary restrictions, or
environmental concerns. The second step is to select the ingredients by
choosing protein sources, e.g., soy, wheat gluten, pea, or bean, to deliver the
desired structure and nutritional profile; choosing fats and oils, e.g., coconut
oil, canola oil, or shea butter, to mimic juiciness and mouthfeel; incorpor-
ating binders, e.g., methylcellulose or starch, and functional additives, e.g.,
carrageenan or lecitin, to enhance texture, binding, and stability; and adding
flavors, e.g., yeast extracts or fermentation-derived compounds, to replicate
umami or meaty flavors. The third step is to develop the formulation by
optimizing the ratios of proteins, fats, binders, and additives to achieve the
desired sensory attributes; addressing nutritional needs, e.g., high in protein,
low in saturated fat, fortified with vitamins or minerals; and integrating
flavor compounds to fine tune the taste, e.g., meaty, fatty, or smoky. The
fourth step is to engineer the textureby choosing theprocessingmethod, e.g.,
extrusion, spinning, or 3Dprinting, to replicate thefibrous, layeredstructure
of animal muscle; optimizing rheological properties, e.g., tensile, compres-
sion, or shear strength, to mimic the resistance to chewing; and designing a
fat and moisture retention system to create the juiciness of the target pro-
duct. The final step is to optimize the product, for example, by adding
colorants, e.g., beet juice, annatto, or paprika, to improve product appear-
ance; by performing customer surveys to satisfy texture and flavor pre-
ferences; and by improving product safety and shelf stability. By its very
nature, this traditional approach involves dozens of cycles to develop for-
mulations, probe texture, prepare samples, and survey consumers22. During
these iterations, a change to any of the parameters in any of these steps can
result in significant variations in the final product, which are often highly
unpredictable. Obviously, this trial-and-error approach is time-consuming,
expensive, and inefficient, especially when considering the urgency to
transform our current food system. But fortunately, any of these steps
provides an opportunity for AI: AI can drive ingredient selection14, for-
mulation development34, texture engineering35, and product optimization12,
and efficiently screen a massive multimodal parameter space to identify the
most promising parameter combinations.

How can AI accelerate the revolution of the food system?
Before we answer this question, it is important to understand that there are
two different types of AI, non-generative and generative AI: non-generative
AI analyses, improves, or infers data without creating new data, whereas
generativeAI creates newdata that resembles existingdata.Three traditional
applications fall into the category of non-generative AI: optimization,
probably themostwidelyused applicationofAI for food today,where theAI
fine-tunes variables to achieve best possible outcome under certain con-
straints, for example, by optimizing ingredient combinations to maximize
nutritional value and minimize environmental impact19; discovery, where
the AI finds insights, patterns, and trends from data, for example, by
identifying new protein sources from analyzing the chemical and
mechanical properties of various plants to determine their suitability for
mimicking the texture and taste of animal meat11; and prediction, where the
AI forecasts outcomes or behaviors, for example, by predicting the taste of a
combination of ingredients or the preference of consumers towards novel
alternative protein products36. One very recent application falls into the
category of generative AI14: creation, where the AI generates entirely new

ideas, formulations, or textures37, for example, by creating entirely new
formulations only on the basis of natural language prompts38.

What exactly can AI optimize, discover, predict, or create?
Toanswer this question, let’s lookat the exampleof replacing animalmeat by
an alternative protein product: The objective is todiscover anew formulation
for a product that either satisfies desired properties, e.g., nutrition, texture, or
flavor, or mimics a specific target product, e.g., an existing, resource-
intensive animal product that we seek to replace34. The new product also
needs to satisfy certain constraints such as nutritional profiles39, texture40,
and flavor41. We may also want to include or exclude water or specific
ingredients, for example, to modulate texture or address food allergies. And
we may want to include additional regional, seasonal, or environmental
constraints19. From this input, the AI would create a set of new formulations
as output, where each formulation consists of a list of ingredients with their
respective fractions or weights. The AI could further optimize these for-
mulations, for example, by constraining the number of ingredients, or
reducing their environmental impact or cost. In addition, the AI could also
optimize an associated set of process parameters42, for example, extrusion
velocity andpressure, cutting, cooling, orheating, to achieve adesired texture
and rheology. From the optimized formulation–encoded through the
weighted ingredient list–the AI could predict properties, for example, the
nutritional profile of the final product43.

What are the current limitations of AI?
Whilenutritional profiles are relatively easy topredict froma list ofweighted
ingredients, it is a lotmore challenging to predict rheology, texture, orflavor.
This is not a general limitation of AI as a technology per se; rather, it is a
temporary limitation that reflects the current lack of appropriate data or our
inability to process big data at scale44. Using AI to generate new foods is still
in its infancy, and data that correlate formulation to rheology, texture, and
flavor are rare15. Labeled and structured data are often proprietary, as they
require significant time, expertise, and resources to generate–especially in
food science,where expert annotation adds substantial value22. Yet, only few
approaches in the literature use unsupervised learning45 or reinforcement
learning46, while most AI technologies for food today still heavily rely on
supervised learning based on labeled data and human feedback47: Food

Fig. 1 | Traditional food development. Creating new foods is time-consuming,
expensive, and inefficient. It involves iterative cycles of gradual improvement: food
scientists develop a new production, engineers probe its texture and rheology, chefs
prepare samples, and consumer researchers survey tasting panels for taste andflavor.
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scientists pilot production using the new formulation and process para-
meters, engineers probe its rheology and texture, chefs prepare it for sensory
surveys, and consumers taste and annotate it for taste, flavor, texture, and
overall customer satisfaction, similar to the graphic in Fig. 1. This laborious
process might not immediately result in the most optimal product. None-
theless, all the steps do naturally generate new training data thatwill provide
useful information when creating future products. Ingredients, formula-
tions, nutritional profiles, rheology, texture, flavor, and taste could con-
stitute valuable data for a foundation model48, a large pre-trained
multimodal model that understands relationships between these variables.
Similar to many other applications of AI, we could envision a division of
labor, where the process of building and pre-training the foundationmodel
is performed by data science specialists while food science specialists would
fine-tune the model to their specific needs.

Data
AI for food needs more data
By its very nature, AI, especially generative AI, is data hungry. This is no
different when using AI for food. Fortunately, AI is inherently tailored to
efficiently process and seamlessly combine data from many different
sources44. To understand howAI integrates and processesmultimodal data,
let’s take a closer look at the types of data that characterize a food product
inspired by a recent review that summarizes publicly accessible databases of
mainstream food ingredients and recipes14. Let’s assume the AI encodes a
food product by its formulation, a list of ingredients with their respective
weights. We can assign each product vectors of ingredients, nutrition facts,
taste, flavor, sensory texture, physical texture, and rheology. In addition, we
could assign each ingredient a vector of its molecular structure and each
product a vector of process parameters. We could also assign each ingre-
dient a vector associatedwith its environmental impact and cost. Ingredients
and nutrition facts are both listed on the food label; taste, flavor, and sensory
texture are subjective measures of human perception; and physical texture
and rheology are objective measures of physical quantities.

Ingredients
Ingredients are the functional building blocksof food49. The ingredient list on
a food label summarizes all ingredients in the product, including primary
food components, added ingredients, and other additives, in descending
order by weight, meaning themost abundant ingredient appears first50. The
ingredient list provides important information about what exactly is in the
product, for example, to address food allergies or manage complex health
conditions affected by particular ingredients51. We can broadly distinguish
nine classes of ingredients as illustrated in Fig. 2: (i) whole-food pieces, e.g.,
from meat, poultry, fish, eggs, milk, fruit, vegetables, legumes; (ii) food
extractions, e.g., fats, oils, sugar; (iii) natural substances, e.g., honey, maple
syrup, salt; (iv) condiments, e.g., herbs and spices; (v) baking and cooking
aids, e.g., raising agents, baking powder, vinegar, citric acid; (vi) fractional
food substances, e.g., esterified oils, modified starches, isolated protein; (vii)
non-food substances, e.g., food additives, flavoring substances, coloring
additives, dough strengthener, enzymes, flavor enhancers, fat replacers, yest
nutrients, firming agents, gasses, biologically active substances, protein
substitutes; (viii) fortifications, e.g., added vitamins, minerals, fiber; and (ix)
manufactured seasonings, e.g., sauces, marinades, dressings. A product is
uniquely characterized by its formulation, the weighted list of ingredients.
Importantly, the ingredient list alone is not sufficient to recreate the final
product, since it only contains the ingredients, but not their fractions or
weights. Yet, combined with the nutritional profile, it is possible to estimate
the ingredient composition or volume fraction using optimization tools43.

Nutrition
Nutrition is a functional property of food. In addition to the ingredient list,
many countries require the nutritional facts to be part of the food label52. In
the United States, nutrition information has been required on packaged
foods since 1990, the first nutrition facts label appeared in 1994, and it has
been updated to its current format39 illustrated in Fig. 3 in 2020. A nutrition

facts label includes information about the serving size, total calories per
serving, macronutrients including total fat, detailed into saturated fat and
trans fat, cholesterol, sodium, total carbohydrate, detailed into dietary fiber
and total sugars including added sugars, and protein, and micronutrients
including vitamins and minerals. This information is typically provided
both in units of weight and in percentage of daily value. Nutrition labels are
commonly viewed as a low-cost tool to encourage healthy eating habits53.

Taste
Taste is a sensory property of food that is triggered when molecules dissolve
in saliva and interact with taste receptors of our tongue54. Humans can
distinguish five basic tastes55 as illustrated in Fig. 4: (i) sweet, triggered by
sugaror energy-rich compounds thatwe sensewith the tip of our tongue; (ii)
sour, triggered by acids such as citric acid in lemons thatwe sense at the sides
of our tongue; (iii) salty, triggered by salts, like sodiumchloride thatwe sense
at the front of our tongue; (iv) bitter, triggered by toxins or alkaloids that we

Fig. 2 | Ingredients are the functional building blocks of food. The ingredient list
summarizes all ingredients in the product, including whole-food pieces, food
extractions, natural substances, condiments, baking and cooking aids, fractional
food substances, non-food substances, fortifications, and manufactured seasonings.
The example provides the ingredient list for a plant-based milk product.

Fig. 3 | Nutrition is a functional property of food. The nutrition label contains
information about macronutrients, including total fat, saturated and trans fat, car-
bohydrates, dietary fiber and sugars, and protein, and micronutrient,s including
vitamins and minerals. The example provides the nutritional information for a
plant-based milk product.
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sense at the backof our tongue; and (v)umami, triggered by savory ormeaty
flavors, often from glutamates, that we sense in the middle of our tongue.
While there is a general agreement on these five basic tastes, more recently,
researchers have proposed additional taste categories such as fatty triggered
by fatty acids, starchy triggered by complex carbohydrates, metallic trig-
gered by metals or minerals, or spicy triggered by the sensation of pain.
Recent studies suggest that artificial intelligence can classify the sweet, bitter,
or umami taste of specific compounds based exclusively on their chemical
structure56.

Flavor
Flavor is a multi-sensory property of food57. Unlike taste, it integrates mul-
tiple senses14 as illustrated in Fig. 5. Flavor arises froma combination of taste
from the tongue, smell from the nose, visual appeal from the eyes, texture
from mouthfeel and touch, temperature, and other sensory inputs like
spiciness perceived by pain receptors58. By collectively processing all these
senses in the brain, humans can distinguish thousands of complex flavors.

An example is the flavor of pumpkin spice latte that arises from the
interplay of the bitter-sweet taste from espresso and sugar, the pumpkin
spice smell from cinnamon, nutmeg, and clove, the creamy, smooth, lux-
urious texture of milk, the warm and comforting temperature, the subtle
spiciness of ginger, and the warm and cozy orange color, making it a multi-
sensory delight, with each sensory input reinforcing the theme of warmth,
indulgence, and the essence of autumn. Flavor directly affects our dietary
choices and consumption patterns. Modern food sciencemodulates flavors
to promote a nutritionally balanced diet that is also healthy for our planet14.

Success story: UsingAI to correlate chemical composition and sensory
perception. Ajinomatrix is an advanced AI-powered platform that pro-
vides an easy-to-interpret global model for taste and smell59. It leverages
machine learning and advanced sensory data from consumer surveys,
tasting panels, and sensors such as e-noses or e-mouths, to digitize taste,
flavor, and aroma towards bridging the gap between chemical composi-
tion and human sensory perception. It is used by the food and beverage
industry, food scientists, and flavor and fragrance companies to accelerate
the design of new products with desired taste and smell.

Sensory texture
Sensory texture is a sensory property of food that refers to the subjective
perceptionof thephysical propertiesof food experiencedbyhuman senses60.
As such, it is a qualitative characterization that is heavily influenced by
personal perception61. Sensory texture is commonly assessed through

consumer surveys or tasting panels that score about a dozen key features,
which are loosely associated with physical texture and rheology40: soft and
hard associated with the physical stiffness, hardness, and storage modulus;
brittle and chewy and gummy associated with the physical cohesiveness and
chewiness; viscous associated with the physical viscosity and loss modulus;
springy associated with the physical springiness, resilience and plasticity;
sticky associated with the physical adhesiveness; fibrous associated with the
physical anisotropy; fatty and moist associated with fat and water content;
and meaty associated with the perception of meat.

Example: Correlating formulation and texture. One of the simplest
examples of modulating texture through formulation is tofu, a versatile,
protein-rich food product that is widely valued for its nutritional benefits.
Tofu is produced by soaking and grinding soybeans to create soy milk,
which is then coagulated using agents like magnesium chloride called
nigari, calcium sulfate, or glucono delta-lactone. The resulting curds are
pressed into solid blocks of varying firmness and texture62. The texture of
tofu is directly correlated to its water content: the drier the firmer63. Food
scientists distinguishfive types of tofu illustrated in Fig. 6: silkenwithmore
than 90%water, about 4%protein, 2% fat, 1% carbs, and 44 kcal/100 g; soft
with 87–90%water, about 6%protein, 3% fat, 2% carbs, and 63 kcal/100 g;
regular with 82–86% water, about 8% protein, 4% fat, 2% carbs, and 79
kcal/100 g; firm with 76–81% water, about 11% protein, 5% fat, 3% carbs,
and 102 kcal/100 g; and extrafirm with less than 76% water, 14% protein,
5% fat, 3% carbs, and 115 kcal/100 g.

Physical texture
Physical texture is a physicochemical property of food that refers to a set of
objective, quantifiable physical features that we can robustly and repro-
ducibly measure using physical instruments64. The gold standard to char-
acterize thephysical texture of food is the classical texture profile analysis65, a
double compression test from which we can extract six key features66:
stiffness associated with the slope of stress-strain curve during first com-
pression; hardness associated with the peak force during the first com-
pression; cohesiveness associated with the material integrity during the
second cycle compared to the first; springiness associated with the speed by
which the material springs back to its original state after the second cycle
compared to the first cycle; resilience associated with how well a sample
recovers during the first unloading path compared to the first loading path;
and chewiness associated with the resistance of a material during the
chewing process. These six features of physical texture are proxies for our
sensory experience of texture67. As such, they play a critical role as objective
quantitativemeasures to predict consumer satisfaction and product quality.

Rheology
Rheology defines the physical properties of food that characterize how food
deforms andflows under physical forces thatmimic the process of chewing68.

Fig. 5 | Flavor is a multi-sensory property of food. It arises from a combination of
taste from the tongue, smell from the nose, visual appeal from the eyes, texture from
mouthfeel and touch, and other sensory inputs collectively processed in the brain.

Fig. 6 | Correlating formulation and texture. The texture of tofu is directly cor-
related to its water content ranging from less than 76% to more than 90% to create
five levels of texture, extrafirm, firm, medium, soft, and silken, from left to right.

Fig. 4 | Taste is a sensory property of food.Humans can distinguish five basic tastes,
sweet, sour, salty, bitter, and umami.
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These physical properties–elasticity, viscosity, and plasticity–influence pro-
cessing behavior, physical texture, and, ultimately, our sensory perception67.
The rheometer is the gold standard device to quantify the rheology of food
through creep tests that measure material deformation at a fixed stress,
relaxation tests that measure stress decay at a fixed deformation, shear rate
sweeps thatmeasure shear thinningor thickening, stress sweeps thatmeasure
yield stresses, and frequency sweeps that delineate whether a food behaves
solid- or fluid-like69. The key rheological features include the stiffness E
characterizing the reversible response, the viscosity η characterizing the dis-
sipative response, the yield stress Y characterizing the transition from solid-
like to fluid-like, the storagemodulusG0, characterizing the stored energy, the
loss modulus G″, characterizing the dissipated energy, and the phase angle δ,
distinguishing between elastic and viscous behavior66. Knowing the precise
rheology is critical to understand how the product behaves during produc-
tion, storage, and consumption70. By modulating any of these six rheological
features, food scientists and food manufacturers can fine-tune the texture,
consistency, and overall sensory appeal of the final product.

Opportunities for AI
Artificial intelligence allows us to optimize many different aspects of
food–fast, cheap, and efficiently–all at the same time. Multivariable
optimization simultaneously optimizes a variety of variables such as
nutritional content, taste or flavor, sensory or physical texture, rheology,
environmental impact, or cost. We can assign each variable a different
priority depending on region, culture, climate, or time of the year. AI can
thenhelp us evaluate the complex interactions between these variables and
design new formulations that balance competing priorities, for example,
taste vs. health, while satisfying consumer preferences and meeting pro-
duction constraints.

But, realistically, how close are we to this goal? AI is already
beginning to transform the speed, cost, and precision by which we
develop innovative and sustainable foods. Yet, near term, it is unlikely
that AI will fully replace all real-world trials, at least not in the fore-
seeable future. It is important to remain aware of the potential limita-
tions of AI associated with a lack of transparency, a lack of
computational power, and a lack of data. Most importantly, we should
not become unrealistically optimistic and oversell the potential of AI for
food. Instead, for now, we should leverage AI as a partner to system-
atically improve solutions, reduce the number of trials, and accelerate
the timeline from seed to plate. Let’s take a look at eight challenges where
AI is beginning to make a notable impact:

Predicting and optimizing protein structures
Plant-based and cultured products require proteins with a specific structure
to mimic the texture and taste of animal products. Similar to their use in
drug development, generative AI models, such as generative adversarial
networks71 or transformer models72, can predict and design novel protein
structures that are optimized for specific needs, such as elasticity, chewiness,
or binding capacity, or even bioactive compounds73 for human health23.

Success story: Using AI to discover bioactive compounds for human
health. Brightseed, a pioneer in exploring the potential of bioactives, used
its proprietary AI Forager to discover two bioactive compounds, N-trans-
caffeoyltyramine and N-trans-feruloyltyramine, as beneficial for gut
health74. The phytonutrient development platform analyzed 700,000
compounds14, predicted the presence of N-trans-caffeoyltyramine and
N-trans-feruloyltyramine in more than 80 plants, and identified hemp
hulls as their richest natural source. This discovery led to the development
of Brightseed®Bio Gut Fiber, an upcycled hemp hull product designed to
support gut health and gut lining for healthy gut barrier function and
prebiotic benefits75.

Discovering novel formulations
Finding the right combination of ingredients to replicate the sensory
experience of animal products is a time- and cost-intensive, challenging
process12,26. AI can analyzemassive datasets of food composition16, flavor
profiles14, and consumer preferences22 to propose novel combinations of
plant-based proteins, fats, and additives24. Figure 7 illustrates an artificial
neural network that takes weighted ingredient vectors as input and
creates property vectors as output. These property vectors can contain
nutrition, taste, flavor, texture, and rheology, or process parameters,
environmental impact, and cost. During training, the network mini-
mizes a loss function, the error between the properties predicted by the
model and the target properties of an existing product34. Once trained,
we can use the artificial neural network for two complementary tasks: the
forward problem of predicting properties for new formulations and the
inverse problem of discovering formulations with desired properties12.
For example, we could discover formulations for a new plant-based
product that matches the properties of a resource-intensive animal
product76.

Success story:UsingAI to createnew formulations forplant-basedmilk
and chicken. NotCo, a Chilean food-tech company, developed the AI
platformGiuseppe14 that analyzed themolecular structure of animal-based
products and discovered a combination of plant-based ingredients
including pineapple juice concentrate, cabbage juice concentrate, and pea
protein that canmimic the creamy texture and flavor of dairy milk34. This
innovative approach led to the development of NotMilk®, an envir-
onmentally friendly and sustainable alternative to traditional dairy milk17.
Figures 2 and 3 summarize the ingredients and nutrition of this plant-
based product. Similarly, the platform discovered that the unorthodox
combination of tomato and strawberry can mimic the texture of chicken
leading to the development of NotChicken®. NotCo recently partnered
with Kraft Heinz to transform their product portfolio towards creating
delicious foods with simpler ingredients, faster development times, and
reduced environmental impact.

Fig. 7 | Artificial neural network to correlate for-
mulations and properties. The network takes
weighted ingredient vectors as input and creates
property vectors as output. During training, the
network learns the network weights and biases by
minimizing a loss function, the error between the
model and the data properties. Once trained, the
network can predict properties for new formulations
and discover formulations with desired properties.

https://doi.org/10.1038/s41538-025-00441-8 Perspective

npj Science of Food |            (2025) 9:82 5

www.nature.com/npjscifood


Accelerating consumer testing
Gathering consumer feedback is expensive and time-consuming. Machine
learning has emerged as an alternative technology to reduce the cost of
sensory evaluation, enhance consumer satisfaction, and accelerate discovery
and innovation22. Figure 8 illustrates an artificial neural network to predict
consumer preferences. The network takes weighted ingredient vectors as
input and creates consumer preference vectors of specific demographic
groups as output. These consumer vectors could contain taste, flavor,
appearance, texture, or acceptance rates.During training, thenetwork learns
the network weights and biases by minimizing a loss function, the error
between the preferences predicted by the model and the preferences as
scored by a consumer panel. Once trained, we can use the network for two
complementary tasks: the forward problem of predicting consumer pre-
ferences of different demographic groups for new formulations and the
inverse problem of discovering formulations for desired consumer
preferences12. This reduces the need for extensive in-person trials and
accelerates the time to market26.

Replacing chemical additives and preservatives
The term processed foods is used for foods that have undergone relatively
simple mechanical or chemical changes, for example, by cooking, drying,
peeling, cutting, or cleaning, to improve nutrition, taste, or shelf life. In
contrast, the term ultra-processed foods characterizes foods that have been
industrialized and include a long ingredient list of chemical additives or
preservatives that are not available for purchase on their own in
supermarkets51. Especially plant-based foods are often ultra-processed to
mimic the taste, flavor, and sensory signature of their animal counterparts77.
Increasing evidence suggests that ultra-processed foods are unhealthy, both
for the planet and for people78; yet, they contribute up to 60% of consumed
calories in developed nations79. Here we can leverage AI in two ways: to
predict the degree of processing and to substitute unhealthy ingredients by
healthier alternatives80. For example, the machine learning classifier Food-
ProX takes nutritional features as input to predict the degree of processing on
a scale from zero to one to provide consumers with information that could

positively impact their dietary choices20. Alternatively, a recent review
provides an overview of machine learning tools to substitute ingredients
using rule-based techniques, vector embeddings, knowledge graph techni-
ques, and other theoretical approaches81. Applications range from system-
atically replacing chemical additives, colorants, and preservatives in food
formulations82 to replacing ultra-processed foods altogether by learning
healthier food substitutes83 or discovering entirely new plant-based cooking
recipes45.

Success story: Using AI to create a new formulation for plant-only ice
cream. The Live Green Co developed the AI platform Charaka that
integrates ancestral plant knowledge with modern technology to
revolutionize the food industry84. To date, it has categorized more than
15,000plants.Using thesedata, theAIdiscovered anew formulation for an
innovative plant-only ice cream made up of bananas, avocados, and
sunflower seeds, a healthier andmore sustainable alternative to traditional
dairy-based ice creams. In contrast to plant-based ice creams, this new
plant-only ice cream not just replaces the animal protein, but also other
synthetic, processed, unsustainable, and unhealthy ingredients with more
natural alternatives. Since most ingredients of the newly discovered for-
mulation are not readily available in commercial form, the company uses
precision fermentation85 to synthesize plant-based ingredients in a scalable
way towards making food labels cleaner overall.

Predicting texture and mechanical properties
Traditional sensory and physical testing of food texture is time- and labor-
intensive66. Figure 9 illustrates a constitutive neural network for automated
model discovery of plant-based and animal meats86. The network takes
deformation-stress pairs from texture profile analysis or rheological tests as
input and discovers the best physics-based model and parameters to
describe each individual meat87. In contrast to traditional sensory panels,

Fig. 8 | Artificial neural network to predict con-
sumer preferences. The network takes weighted
ingredient vectors as input and creates consumer
preference vectors with taste, flavor, and acceptance
as output. During training, the network learns the
network weights and biases by minimizing a loss
function, the error between the predicted model
preferences and the consumer preferences. Once
trained, the network can predict consumer pre-
ferences for new formulations and discover for-
mulations for desired consumer preferences.

Fig. 9 | Constitutive neural network for automated
model discovery. The constitutive neural network
consists of a sparsely connected feed-forward net-
work with activation functions that are reverse-
engineered from the fundamental functional build-
ing blocks of popular material models. It maps
physical deformations onto stresses. The network
automatically discovers the best physics-based
model and parameters to describe the data from
texture profile analysis and rheological tests and
reduces the cost, time, and bias associated with
sensory surveys.
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automated model discovery is cost-efficient, easily reproducible, fast, and
unbiased. Similar to its applications inmaterials science88, automatedmodel
discovery can discover and predict the rheological behavior of innovative
and sustainable food products under tension, compression, and shear and
provide insights into their microstructural architecture89. Predicting how
these mechanical properties translate into our sensory experience would
opennewavenues towards refining formulationswithout extensive physical
prototyping35.

Enhancing flavor profiles
Plant-based alternatives often have undesirable off-flavors or lack the
complex flavor profiles that we are familiar with from animal products90.
Figure 10 illustrates a generative adversarial network that takes real for-
mulations as input and generates novel formulations as output. The gen-
erative adversarial network consists of two sub-models, the generator that
creates synthetic data that mimic the real data and the discriminator that
distinguishes between real and fake71. Generative adversarial networks are
known to produce valuable samples quickly, whichwe could then expose to
the traditional cooking and sampling process91. We can leverage generative
AI to analyze flavor-compound interactions and generate potential path-
ways to replicate umami, fatty, and smoky notes in plant-based or cultured
meat products14.

Success story: Using AI to accelerate the transition to plant-based
products. Knorr by Unilever committed to transition 50% of its product
portfolio to plant-based products by 2025. To achieve this goal, Knorr
partneredwithFoodpairing, a company thatutilizes their proprietaryAI to
discovery new and complementary pairings of plant-based ingredients
that workwell together based on their flavor profiles92. TheKnorr product
development team uses these newly discovered formulations to create
innovative plant-based products with desirable taste and texture. Lever-
aging Foodpairing’s AI allowsKnorr to replace animal-based components
without compromising taste and accelerate the transition to a more sus-
tainable food system.

Generating new formulations from text prompts
A critical unmet need in flavor development is the time-consuming,
resource-intensive creation of new formulations, a process that critically
relies on the experience of a small group of expert specialists32. Figure 11
illustrates a variational autoencoder that takes natural language prompts as
input and generates novel formulations as output. The autoencoder consists
of two sub-models, the encoder that translates the input into a consistent
numerical representation, and the decoder that translates this numerical
representation into outputs93. The numerical representation makes up the
latent space or design space, which we can systematically explore to identify
regions with desired properties94. Leveraging generative AI by generating
new formulations from text prompts could significantly reduce the cost and

time to market, address the industry’s constraints, and accelerate and
democratize innovation14.

Success story: Using Generative AI to create new fragrance or flavor
formulations. NotCo recently presented it first Generative Aroma
Transformermodel that highlights the transformative potential of
generative AI in product discovery with applications to flavor and
fragrance formulations38. The model leverages a from-natural-language-
to-chemical-composition framework by discovering novel molecular
combinations for sophisticated aroma profiles, simply from text prompts
such as cherry, candy, and vanilla. Trained onmassive fragrance datasets,
the transformer uses advanced graph neural networks tomodelmolecular
interactions and predict aroma outcomes. In blind tests, the artificially
generated fragrances rival those crafted by human experts and address the
shortage of certified perfumers. This innovation accelerates and
democratizes flavor discovery and disrupts traditionally time- and
resource-intensive industries.

Foundation models for food
Foundation models are large-scale, pre-trained models that learn
generalizable representations across diverse data and enable rapid
adaptation to specific downstream tasks95. To date, no such models
exist in the context of food. A foundation model for food could
integrate multimodal data– structured from ingredient lists, nutri-
tional profiles, sensory and mechanical properties, and unstructured
from images, cooking videos, and consumer reviews –into a unified
architecture, often a transformer-based encoder72 with modality-
specific embedding layers96. We would embed each food item into a
high-dimensional latent space and train the base model on large
amounts of data using self-supervised tasks, for example, masked
feature prediction for recipes or ingredients, next-step prediction for
cooking sequences, or contrastive learning for linking formulations
and mechanical properties. For example, the recent foundation
model ChefFusion that translates recipes into food images and vice
versa was trained on more than 1 million recipes and 900 thousand
images48. Once pre-trained, foundation models for food can be useful
for numerous downstream applications, including inverse design12,
optimization14, substitution80, and personalization25. In the context of
this perspective article, we could envision using the foundationmodel
to design new food products that mimic the nutrition, texture, and
taste of animal-based products using alternative protein sources. This
implies that we need to fine-tune the base model using the domain-
specific data from Fig. 1, such as detailed experimental data on for-
mulation, texture, and taste67, or paired mechanical tests and con-
sumer surveys87,97. Once fine-tuned, the model could be used to
predict sensory experience from ingredient lists, guide formulations
toward target textures, or benchmark novel products against animal-
based counterparts.

Fig. 10 | Generative adversarial network to create
new formulations. The architecture consists of two
sub-models, the generator and the discriminator.
The generator creates synthetic data that mimics the
real data, for example, real formulations of plant-
based or animal meats. The discriminator distin-
guishes between real and fake data. During training,
the generator and discriminator engage in a com-
petition during which the generator strives to pro-
duce more realistic data and the discriminator aims
to accurately classify whether the data are real
or fake.
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Conclusion
The objective of this perspective article was to demonstrate the potential of
artificial intelligence to transform our current food system.We have shown
that AI provides a cost- and time-effective, scalable, and innovative
approach to create high-quality alternative food products. As such, AI not
only has the potential to accelerate the removal of animals from the global
food system; it could also enable the synthesis of any desired food item from
a range of environmentally friendly ingredients, and revolutionize the types
of foods we consume and the methods by which we produce them. Such
advancements could significantly enhance food system resilience, boost
food security, and reduce greenhouse gas emissions in the benefit of human
health and the health of our planet. The success of the proposed approach
will critically dependonourwillingness to shareour results open source, and
leverage the power of AI to analyze complex data, design solutions, and
create new opportunities to democratize food science, discovery, and
innovation for sustainable food futures.

Data availability
No datasets were generated or analysed during the current study.

Code availability
Not applicable.

Received: 1 February 2025; Accepted: 2 May 2025;

References
1. van Dijk, M., Morley, T., Rau, M. L. & Saghai, Y. A meta-analysis of

projected global food demand and population at risk of hunger for the
period 2010–2050. Nat. Food 2, 494–501 (2021).

2. Seppelt, R., Klotz, S., Peiter, E. & Volk, M. Agriculture and food
security under a changing climate: An underestimated challenge.
iScience 25, 105551 (2022).

3. Searchinger, T., Waite, R., Hanson, C. & Ranganathan, J. Creating A
Sustainable Food Future: A Menu of Solutions to Feed Nearly 10
Billion People by 2050.World Resources InstituteWashington DC
(2019).

4. Hong, C. et al. Global and regional drivers of land-use emissions in
1961–2017. Nature 589, 554–561 (2021).

5. Friedrich,B. Transforming a 12,000-year-old technology.Nat. Food3,
807–808 (2022).

6. Lappé, F. M. Diet for a Small Planet. Ballantine Books, New York
(1971).

7. Madre Brava. Europe’s top supermarkets race towards plant-rich
diets.Madre Brava Media Briefing retrieved January 31, 2025 from
https://madrebrava.org.

8. Giles, J. Lidl and European supermarket rivals commit to shifting sales
from animal to plant-based food. Trellis retrieved January 31, 2025 from
https://trellis.net/article/lidl-supermarkets-plant-based-europe-us.

9. Eisen, M. B. & Brown, P. O. Rapid global phaseout of animal
agriculture has the potential to stabilize greenhouse gas levels for 30
yearsandoffset 68percent ofCO2emissions this century.PLOSClim.
1, e0000010 (2022).

10. Akkem, Y., Biswas, S. K. & Varanasi, A. Smart farming using artificial
intelligence: A review. Eng. Appl. Artif. Intell. 120, 105899 (2023).

11. Alasi, S. O., Sanusi, S. M., Sunmonu, M. O., Odewole, M. M. &
Adepoju, A. L. Exploring recent developments in novel technologies
and AI integration for plant-based protein functionality: A review. J.
Agric. Food Res. 15, 101036 (2024).

12. Al-Sarayreh, M., Gomes Reis, M., Carr, A. & Martins dos Reis, M.
Inverse design and AI/Deep generative networks in food design: A
comprehensive review. Trends Food Sci. Technol. 138, 215–228
(2023).

13. Barthwal, R., Kathuria, D., Joshi, S., Kaler, R. S. S. & Singh, N. New
trends in the development and application of artificial intelligence in
foodprocessing. Innov. FoodSci. Emerg. Technol.92, 103600 (2024).

14. Cui, Z. et al. Artificial intelligence and food flavor: How AI models are
shaping the future and revolutionary technologies for flavor food
development. Compr. Rev. Food Sci. Food Saf. 24, e70068 (2025).

15. Datta, A. et al. Computer-aided food engineering. Nat. Food 3,
894–904 (2022).

16. Esmaeily, R., Rzavi, M. A. & Razavi, S. H. A step forward in food
science, technology and industry using artificial intelligence. Trends
Food Sci. Technol. 143, 104286 (2024).

17. Hagendorff, T. How artificial intelligence can support veganism: an
exploratory analysis. J. Anim. Ethics 13, 142–149 (2023).

18. Kakania, V., Nguyen, V.H., Kumar, B. P., Kima,H. &Pasupuleti, V. P. A
critical review on computer vision and artificial intelligence in food
industry. J. Agric. Food Res. 2, 100033 (2020).

19. Kumar, I., Rawat, J., Mohd, N. & Husain, S. Opportunities of artificial
intelligence and machine learning in the food industry. J. Food Qual.
2021, 4535567 (2021).

20. Menichetti, G., Ravandi, B., Mozaffarian, D. & Barabasi, A. L. Machine
learning prediction of the degree of food processing. Nat. Commun.
14, 2312 (2023).

21. Mu, W. et al. Making food systems more resilient to food safety risks
by including artificial intelligence, big data, and internet of things into
food safety early warning and emerging risk identification tools.
Compr. Rev. Food Sci. Food Saf. 23, e13296 (2024).

22. Nunes, C. A. et al. Artificial intelligence in sensory and consumer
studies of food products. Curr. Opin. Food Sci. 50, 101002 (2023).

23. Park, J., Beck, B. R., Kim, H. H., Lee, S. & Kang, K. A brief review of
machine learning-based bioactive compound research.Appl. Sci. 12,
2906 (2022).

24. Queiroz, L. P., Nogueira, I. B. R. & Ribeiro, A. M. Flavor engineering: a
comprehensive review of biological foundations, AI integration,
industrial development, and socio-cultural dynamics. Food Res. Int.
196, 115100 (2024).

Fig. 11 | Variational autoencoder to correlate
natural language and formulations. The auto-
encoder consists of two sub-models, the encoder and
the decoder. The encoder translates inputs, for
example, natural language prompts, into a con-
sistent numerical representation. This representa-
tion makes up the latent space or design space. The
decoder translates this numerical representation
into outputs, for example, novel formulations with
desired properties. During training, the model
minimizes a loss function, the error between an
existing formulation and the predicted novel
formulation.

https://doi.org/10.1038/s41538-025-00441-8 Perspective

npj Science of Food |            (2025) 9:82 8

https://madrebrava.org
https://madrebrava.org
https://trellis.net/article/lidl-supermarkets-plant-based-europe-us
https://trellis.net/article/lidl-supermarkets-plant-based-europe-us
www.nature.com/npjscifood


25. Sak, J. & Suchodolska, M. Artificial intelligence in nutrients science
research: A review. Nutrients 12, 322 (2021).

26. Zatsu, V. et al. Revolutionizing the food industry: The transformative
power of artificial intelligence-a review. Food Chem. X 24, 101867
(2024).

27. Barabasi, A. L., Menichetti, G. & Loscalzo, J. The unmapped chemical
complexity of our diet. Nat. Food 1, 33–37 (2020).

28. Decardi-Nelson, B. & You, F. Artificial intelligence can regulate
light and climate systems to reduce energy use in plant factories
and support sustainable food production. Nat. Food 5, 869–881
(2024).

29. Lurie-Luke, E. Alternative protein sources: science powered startups
to fuel food innovation. Nat. Commun. 15, 4425 (2024).

30. Fernqvist, F., Spenrup, S. & Tellström, R. Understanding food choice:
A systematic review of reviews. Heliyon 10, e32492 (2024).

31. Prabhakaran, V.,Qadri, R. &Hutchinson,B.Cultural incongruencies in
artificial intelligence. arXivhttps://doi.org/10.48550/arXiv.2211.13069
(2022).

32. Rudolph, M. J. The food product development process. Br. Food J.
97, 3–11 (1995).

33. Earle, M. D. Changes in the food product development process.
Trends Food Sci. Techol. 8, 19–24 (1997).

34. Pichara, K., Zamora, P., Muchnick, M. & Vasquez, O. Systems and
methods to mimic target food items using artificial intelligence. US
Patent 11164478 (2021).

35. Wee, M. S. M., Goh, A. T., Stiegerb, M. & Forde, C. G. Correlation of
instrumental texture properties from textural profile analysis (TPA)
with eating behaviours and macronutrient composition for a wide
range of solid foods. Food Funct. 9, 5301–5312 (2018).

36. Ribeiro,M. N., Carvalho, I. A., Ferreira, D. D. &Marques Pinheiro, A. C.
Acomparisonofmachine learningalgorithms for predictingconsumer
responses based on physical, chemical, and physical–chemical data
of fruits. J. Sens. Stud. 37, e12738 (2022).

37. Zeni, C. et al. MatterGen: a generative model for inorganic
materials design. Nature https://doi.org/10.1038/s41586-025-
08628-5 (2025).

38. Estay, A.V., Hojin, K., Clavero, F., Patel, A. & Pichara, K. Sensory
transformer method of generating ingredients and formulas. US
Patent 11982661 (2024).

39. Campos, S., Doxey, J. & Hammond, D. Nutrition labels on pre-
packaged foods: a systematic review. Public Health Nutr. 14,
1496–1506 (2011).

40. Nishinari, K. & Fang, Y. Perception and measurement of food texture:
Solid foods. J. Texture Stud. 49, 160–201 (2018).

41. Reineccius, G. Flavor Chemistry and Technology. CRC Press, Boca
Raton, Florida (1986).

42. Huang, J., Zhang,M., Mujumdar, A. S. & Li, C. AI-based processing of
future prepared foods: Progress and prospects. Food Res. Int. 201,
115675 (2025).

43. Bohn, K. et al. Estimating food ingredient compositions based on
mandatory product labeling. J. Food Compos. Anal. 110, 104508
(2022).

44. Siddique, A., Gupta, A., Sawyer, J. T., Huang, T. S. & Morey, A. Big
data analytics in food industry: a state-of-the-art literature review. npj
Sci. Food 9, 36 (2025).

45. Morales-Garzón, A., Gómez-Romero, J. & Martín-Bautista, M. J. A
word embedding-based method for unsupervised adaptation of
cooking recipes. IEEE Access 9, 27389–27404 (2021).

46. Queiroz, L. P. et al. A reinforcement learning framework to discover
natural flavor molecules. Foods 12, 1147 (2023).

47. Ruiz-Capillas, C. & Herrero, A. M. Sensory analysis and consumer
research in new product development. Foods 10, 582 (2021).

48. Li, P., Huang, X., Tian, Y. & Chawla, N. V. ChefFusion: Multimodal
foundationmodel integrating recipe and food image generation. arXiv
https://doi.org/10.48550/arXiv.2409.12010 (2024).

49. U.S. Department of Health and Human Services. A Food Labeling
Guide. Food and Drug Administration. Center for Food Safety and
Applied Nutrition (2013).

50. Kraemer,M.V.S. et al. Is the list of ingredients a sourceof nutritionand
health information in food labeling? A scoping review. Nutrients 21,
4513 (2023).

51. Monteiro, C. A. et al. Ultra-processed foods: what they are and how to
identify them. Public Health Nutr. 22, 936–941 (2019).

52. Cowburn, G. & Stockley, L. Consumer understanding and use of
nutrition labelling: a systematic review. Public Health Nutr. 8, 21–28
(2005).

53. Christoph, M. J., Larson, N., Laska, M. N. & Neumark-Sztainer, D.
Nutrition facts panels: Who uses them, what do they use, and how
does use relate to dietary intake? J. Acad. Nutr. Diet. 118, 217–228
(2018).

54. Dioszegi, J., Llanaj, E. & Adany, R. Genetic background of taste
perception, taste preferences, and its nutritional implications: a
systematic review. Front. Genet. 10, 1272 (2019).

55. Lawless, H. & Heymann, H. Sensory Evaluation of Food: Principles
and Practices. Springer Science+BusinessMedia, NewYork (1998).

56. Androutsos, L. et al. Predicting multiple taste sensations with a
multiobjective machine learning method. npj Sci. Food 8, 47 (2024).

57. Auvray, M. & Spence, C. The multisensory perception of flavor.
Conscious. Cogn. 17, 1016–1031 (2008).

58. McGee, H. On Food And Cooking. Scribner, New York (1984).
59. Guerrini, F. AI meets gastronomy: how Ajinomatrix is revolutionising

the food Industry. EIT Digit. (2024).
60. Szczesniak, A. S. Texture is a sensory property.FoodQual. Prefer. 13,

215–225 (2002).
61. Christensen, C. M. Food texture perception. Adv. Food Res. 29,

159–199 (1984).
62. Chang, S. K. C. & Liu, Z. Soymilk and tofu manufacturing. Handb.

Plant-Based Ferment. Food Beverage Technol. 8, 139–161 (2012).
63. Tofu Standards. Recommended by the Standards Committee and

approved by the Board of Directors and members of the Soyfoods
Association of America. (1986).

64. Friedman, H. H., Whitney, J. E. & Szczesniak, A. The texturometer–A
new instrument for objective texture measurement. J. Food Sci. 28,
390–395 (1963).

65. Bourne, M. Texture profile analysis. Food Technol. 32, 62–67 (1978).
66. St. Pierre, S. R. & Kuhl, E. Mimicking mechanics: A comparison of

meat and meat analogs. Foods 13, 3495 (2024).
67. Dunne,R.A. et al. Textureprofile analysis and rheologyof plant-based

and animal meat. Food Res. Int. 205, 115876 (2025).
68. Chen, J. & Stokes, J. R. Rheology and tribology: Two distinctive

regimesof food texture sensation.TrendsFoodSci. Technol.25, 4–12
(2012).

69. Rao, M. A. Rheology of Fluid and Semisolid Foods. Principles and
Applications. Food Engineering Series Springer Science + Business
Media, New York (1998).

70. Aguilera, J. M. & Stanley, H. R. Microstructural principles of food
processing and engineering. Aspen Publishers, Gaithersburg,
Maryland (1999).

71. Goodfellow, I. J. et al. Generative adversarial nets. arXiv https://doi.
org/10.48550/arXiv.1406.2661 (2014).

72. Vaswani, A. et al. Attention is all you need. 31st Conference on Neural
Information Processing Systems (NIPS 2017) Long Beach, CA, USA
(2017).

73. Timm, M., Offringa, L. C., van Klinken, B. J. W. & Slavin, J. Beyond
insoluble dietary fiber: Bioactive compounds in plant foods.Nutrients
15, 4138 (2023).

74. Flores Martinez, K. E., Bloszies, C. S., Bolino, M. J., Henrick, B. M. &
Frese, S. A. Hemphull fiber and two constituent compounds,N-trans-
caffeoyltyramine and N-trans-feruloyltyramine, shape the human gut
microbiome in vitro. Food Chem.: X 23, 101611 (2024).

https://doi.org/10.1038/s41538-025-00441-8 Perspective

npj Science of Food |            (2025) 9:82 9

https://doi.org/10.48550/arXiv.2211.13069
https://doi.org/10.48550/arXiv.2211.13069
https://doi.org/10.1038/s41586-025-08628-5
https://doi.org/10.1038/s41586-025-08628-5
https://doi.org/10.1038/s41586-025-08628-5
https://doi.org/10.48550/arXiv.2409.12010
https://doi.org/10.48550/arXiv.2409.12010
https://doi.org/10.48550/arXiv.1406.2661
https://doi.org/10.48550/arXiv.1406.2661
https://doi.org/10.48550/arXiv.1406.2661
www.nature.com/npjscifood


75. vanKlinken,B. J.W., Steward,M. L., Kalgaonkar, S. &Chae,L.Health-
promoting opportunities of hemp hull: The potential of bioactive
compounds. J. Diet. Suppl. 21, 543–557 (2024).

76. Gastaldello, A. et al. The rise of processed meat alternatives: A
narrative review of the manufacturing, composition, nutritional profile
and health effects of newer sources of protein, and their place in
healthier diets. Trends Food Sci. Technol. 127, 263–271 (2022).

77. Boukid, F. Plant-based meat analogues: from niche to mainstream.
Eur. Food Res. Technol. 247, 297–308 (2021).

78. Lane, M. M. et al. Ultra-processed food exposure and adverse health
outcomes: umbrella review of epidemiological meta-analyses. Br.
Med. J. 284, e077310 (2024).

79. Ravandi, B. et al. Prevalence of processed foods in major US grocery
stores.NatureFoodhttps://doi.org/10.1038/s43016-024-01095-7 (2025).

80. Rita, L., Southern, J., Laponogov, I., Higgins, K. & Veselkov, K.
Optimizing ingredient substitution using Large Language Models to
enhance phytochemical content in recipes.Mach. Learn. Knowl.
Extract. 6, 2738–2752 (2024).

81. Kim, H., Venkataramanan, R. & Sheth, A. A survey on food ingredient
substitutions. arXiv 2501.01958v1 (2024).

82. Doherty, A., Wall, A., Khaldi, N. & Kussmann, M. Food ingredient
discovery and characterisation: A focus on bioactive plant and food
peptides. Front. Genet. 12, 768979 (2021).

83. Loesch, J. et al. Automated identification of healthier food
substitutions through a combination of graph neural networks and
nutri-scores. J. Food Compos. Anal. 125, 105829 (2024).

84. Chemalamudi, S., Burgos, C.S.C., Srinivas, P., Kamaraju, D. &
Nagarajan, A. Plant-only modified starch replacement system in food
products. Patent Application WO2023203447A1 (2023).

85. Hilgendorf, K., Wang, Y., Miller, M. J. & Jin, Y. S. Precision
fermentation for improving the quality, flavor, safety, and
sustainability of foods. Curr. Opin. Biotechnol. 86, 103084 (2024).

86. St Pierre, S. R. et al. Discovering the mechanics of artificial and real
meat. Comput. Methods Appl. Mech. Eng. 415, 116236 (2023).

87. St. Pierre, S. R. et al. The mechanical and sensory signature of plant-
based and animal meat. Sci. Food 8, 94 (2024).

88. Linka, K. & Kuhl, E. A new family of Constitutive Artificial Neural
Networks towards automated model discovery. Comput. Methods
Appl. Mech. Eng. 403, 115731 (2023).

89. Linka, K., Cavinato, C., Humphrey, J. D. & Cyron, C. J. Predicting and
understanding arterial elasticity from key microstructural features by
bidirectional deep learning. Acta Biomater. 147, 63–72 (2022).

90. Wang, Y. et al. Flavor challenges in extruded plant-based meat
alternatives: A review. Compr. Rev. Food Sci. Food Saf. 21,
2898–2929 (2022).

91. Bai, Y., Rong, C. & Zhang, X. Food pairing based on generative
adversarial networks. BigData 2020. Communications in Computer
and Information Science 1320 148–164, Springer, Singapore (2021).

92. Robberechts, D., Lahousse, B., Coucquyt, P. & Langenbick, A.
Method and system for creating a food or drink recipe. US Patent
10162481 (2018).

93. Kingma, D. P. & Welling, M. Auto-encoding variational Bayes.
International Conference on Learning Representations (ICLR)
arXiv:1312.6114 (2014).

94. Sardeshmukh, A., Reddy, S., Gautham, B. P. & Bhattacharyya, P.
Material microstructure design using VAE-regression with a
multimodal prior. Advances in Knowledge Discovery and Data Mining
Springer Nature, Singapore, 29–41 (2024)

95. Bommasani, R. et al. On the opportunities and risks of foundation
models. arXiv 2108.07258v1 (2021).

96. Ma, P. et al. Large language models in food science: Innovations,
applications, and future. Trends Food Sci. Technol. 148, 104488
(2024).

97. St. Pierre, S.R. et al. Biaxial testing and sensory texture evaluation of
plant-based and animal deli meat. bioRxiv https://doi.org/10.1101/
2025.02.19.639170 (2025).

Acknowledgements
This research was supported by seed funding from the Stanford Plant-
Based Diet Initiative and from Food System Innovations, and by the
ERC Advanced Grant 101141626 and the NSF CMMI grant 2320933 to
Ellen Kuhl.

Author contributions
E.K. conceptualized the design of the manuscript, performed the literature
review, wrote the manuscript, created visualizations, and obtained funding
for the project.

Competing interests
The author declares no competing interests.

Additional information
Correspondence and requests for materials should be addressed to
Ellen Kuhl.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’snoteSpringerNature remainsneutralwith regard to jurisdictional
claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in anymedium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’sCreativeCommons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

https://doi.org/10.1038/s41538-025-00441-8 Perspective

npj Science of Food |            (2025) 9:82 10

https://doi.org/10.1038/s43016-024-01095-7
https://doi.org/10.1038/s43016-024-01095-7
https://doi.org/10.1101/2025.02.19.639170
https://doi.org/10.1101/2025.02.19.639170
https://doi.org/10.1101/2025.02.19.639170
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
www.nature.com/npjscifood

	AI for food: accelerating and democratizing discovery and innovation
	Outline placeholder
	Outline placeholder
	Outline placeholder
	By 2050, we need to feed nearly 10 billion people
	The potential of artificial intelligence is one of the most controversial topics of the 21st century
	AI is critical to accelerate the revolution of our food system



	State of the art
	Traditional approaches towards creating new foods are too slow

	Data
	AI for food needs more data
	Ingredients
	Nutrition
	Taste
	Flavor
	Sensory texture
	Physical texture
	Rheology

	Opportunities for AI
	Predicting and optimizing protein structures
	Discovering novel formulations
	Accelerating consumer testing
	Replacing chemical additives and preservatives
	Predicting texture and mechanical properties
	Enhancing flavor profiles
	Generating new formulations from text prompts
	Foundation models for food

	Conclusion
	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




