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The offering of grocery stores is a strong driver of consumer decisions.
While highly processed foods such as packaged products, processed meat
and sweetened soft drinks have been increasingly associated with unhealthy
diets, information on the degree of processing characterizinganitemina
store is not straightforward to obtain, limiting the ability of individuals to
make informed choices. GroceryDB, a database with over 50,000 food items
sold by Walmart, Target and Whole Foods, shows the degree of processing of
food items and potential alternatives in the surrounding food environment.

The extensive data gathered oningredient lists and nutrition facts enables
alarge-scale analysis of ingredient patterns and degrees of processing,
categorized by store, food category and price range. Furthermore, it allows
the quantification of the individual contribution of over 1,000 ingredients
to ultra-processing. GroceryDB makes this information accessible, guiding
consumers toward less processed food choices.

Food ultra-processing has drastically increased productivity and shelf
time, addressing the issue of food availability to the detriment of food
systems sustainability and health'.Indeed, thereisincreasing evidence
thatover-reliance on ultra-processed food (UPF) has fostered unhealthy
diet’. The sheer number of peer-reviewed articles investigating the link
betweenthe degree of food processing and healthembodies ageneral
consensus among independent researchers on the health relevance
of UPF, contributing up to 60% of consumed calories in developed
nations®®, For instance, recent studies have linked the consumption of
UPF to non-communicable diseases such as metabolic syndrome’ ™ and
toexposure toindustrialized preservatives and pesticides'®°. This body
of work has driven a paradigm shift from focusing solely on food secu-
rity, which emphasizes access to affordable food, to prioritizing nutri-
tion security”?% Nutrition security stresses equitable access to healthy,
safe and affordable foods essential for optimal health and well-being,
as defined by the US Department of Agriculture (USDA)*?*, echoing
the recent White House Conference on Hunger, Nutrition, and Health?.

Much of UPF reaches consumers through grocery stores, as docu-
mented by the National Health and Nutrition Examination Survey,

indicating that in the United States over 60% of the food consumed
comesfromgrocery stores (Supplementary Fig.1). The high reliance on
UPF and their potential negative health effects raise numerous critical
questions, such as the following: (1) How can the degree of processing
offood items be determined? (2) What methods can be used to quantify
the extent of food processingin the food supply? (3) What alternatives
canbeidentified to reduce UPF consumption?

Measuring the degree of food processingis akey stepinaddressing
these questions, butit is not straightforward. Indeed, food labels often
show mixed messages, partly driven by reductionist metrics focusing
ononenutrientatatime”and partly because of the contrasting criteria
onhow to classify processed foods”. The ambiguity and inconsistency
of currentfood processing classification systems have led to conflict-
ing results regarding their role as risk factors for non-communicable
chronic diseases®®?*. Some of these classification systems also suffer
from poor inter-rater reliability and lack of reproducibility, issues
rooted in purely descriptive expertise-based approaches, leaving
room for ambiguity and differences in interpretation*”***, Hence,
thereis agrowing callamong scientists for amore objective definition
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Fig.1|Degrees of food processing in three categories. FPro can assess the
extent of food processing in three major US grocery stores, and it is best suited
to rank foods within the same category. a, In breads, the Manna Organics
multi-grain bread, offered by Whole Foods, is mainly made from ‘whole wheat
kernels’, barley and brown rice without any additives, added salt, oil and yeast,
with FPro = 0.314. However, the Aunt Millie’s (FPro = 0.732) and Pepperidge
Farmhouse (FPro = 0.997) breads, found in Target and Walmart, include soluble
corn fibre and oat fibre with additives such as ‘sugar’, resistant corn starch,
‘wheat gluten’ and ‘monocalcium phosphate’. b, The Seven Stars Farm yogurt
(FPro =0.355) is made from grade A pasteurized organic milk. The Siggi’s yogurt

FPro=0.436

0.6

FPro=0.918

(FPro = 0.436) declares pasteurized skim milk as the main ingredient that has

0% fat milk, requiring more food processing to eliminate fat. Lastly, the Chobani
Cookies and Cream yogurt (FPro = 0.918) has cane sugar as the second most
dominantingredient combined with multiple additives such as caramel colour,
fruit pectin and vanilla bean powder, making it a highly processed yogurt. Credit:
round glossy ice cream cup, Shubby Studio, Adobe Stock; yogurt and ice cream
tub, DEVASHISH ' RAVAT, Getty images; mauve paint brushstroke, DSAP Project,
DSAP Project’s Images; all other icons (rural meadow and cow, cow gradient, blue
ceramic vase, cookie bite, ice cream topping), Canva.com.

ofthe degree of food processing, grounded in biological mechanisms
instead of varying subjective interpretations across research groups®.
Among the proposed areas for aligning food processing definitions,
the nutritional profile of food is currently the only aspect consistently
regulated and reported worldwide*?%*,

The research efforts outlined in ref. 28 align with a growing
demand for high-quality and internationally comparable statis-
tics to promote objective metrics, reproducibility and data-driven
decision-making, advancing convergence towards the Sustainable
Development Goals*>*. Artificial intelligence (Al) methodologies® ¢,
in particular, are increasingly being used for their potential as more
objective, data-driven tools to advance nutrition security, a concept
underpinning Sustainable Development Goals such as ‘zero-hunger’,
‘good health and well-being’, ‘industry, innovation and infrastructure’
and ‘reduce inequalities’.

Responding to the need for objective and scalable metrics to
ensure nutrition security, recent efforts harnessed machine learning
to create and fully automate a food processing score (FPro)”. FPro is
a continuous index derived by training a machine learning model to
predict manual labels of processing techniques based on the overall
nutrient profile of afood item (Methods and Supplementary Section 4).
Toteach the algorithm how to score processing from nutrients, labels
provided by NOVA—the most widely used system for classifying foods
based on processing-related criteria—were leveraged, offering a rich
array of epidemiological literature for comparative analysis®***°, How-
ever, the FPro algorithm canaccommodate different food processing
classification systems such as the European Prospective Investigation
into Cancer and Nutrition (EPIC)*°, University of North Carolina (UNC)*
or Systéme d'Information et de Gestion des Aliments (SIGA)*>. The
predictive power of FPro was rigorously tested for epidemiological
outcomes with an Environment-Wide Association Study, leveraging
multiple cycles of the USDA model food databases and national food
consumptionsurveys®”.

Inthis Article, building on the versatility and scalability of the FPro
algorithm, we extend our analysis beyond ‘model foods’ tailored for epi-
demiological databases, analysing real-world data encompassing over
50,000 products from major US grocery store websites. This extensive
dataset underpins the development of GroceryDB, an open-source
database of foods and beverages, featuring comprehensive metadata
onnutritional content, ingredientlistand price for eachitem, collected
from publicly available online markets of Walmart, Target and Whole
Foods. Our objective is to demonstrate how machine learning can
effectively analyse large-scale real-world food composition data and
translate this wealth of information into the degree of processing for
any foodingrocery stores, facilitating consumer decision-making and
informing public healthinitiatives aimed at enhancing the overall qual-
ity of the food environment. This initiative not only lays the ground-
work for similar efforts globally, aimed at promoting better-informed
dietary choices, but also underscores the critical role of open-access,
internationally comparable datainadvancing global nutrition security.

Results

For eachfood, we automated the process of determining the extent of
food processing using FPro, which translates the nutritional content of
afooditemintoits degree of processing®. Figure 1 illustrates the use
of FPro by presenting the processing scores of three products in the
bread and yogurt categories, enabling the comparison of their process-
inglevels. Forexample, the Manna Organics multi-grain bread is made
from whole wheat kernels, barley, rice without additives, added salt,
oil and yeast, resulting in a low processing score of FPro = 0.314. By
contrast, the Aunt Millie’s (FPro = 0.732) and Pepperidge Farmhouse
(FPro =0.997) breads include ‘resistant corn starch’, ‘soluble corn
fiber’and ‘oat fiber’, requiring additional processing to extract starch
and fibre from corn and oat to be used as an independent ingredient
(Fig. 1a), yielding higher processing scores. Similarly, in the yogurt
category, the Seven Stars Farm yogurt (FPro = 0.355) is a whole milk
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Fig.2|Food processing in grocery stores. a, The distribution of FPro scores
fromthe three stores follows a similar trend, a monotonically increasing curve,
indicating that the number of low FPro items (unprocessed and minimally
processed) offered by the grocery stores is relatively lower than the number of
high FPro items (highly processed and ultra-processed items), and the majority of
offerings are ultra-processed (see Methods for FPro calculation). b, Distribution
of FPro scores for different categories of GroceryDB. The distributions indicate
that FPro has aremarkable variability within each food category, confirming

the different degrees of food processing offered by the stores. Unprocessed
foods such as eggs, fresh produce and raw meat are excluded (Supplementary
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Section 7). Sample sizes range from 126 for baby food to 2,043 for prepared
meals dishes (see Source Data Figs. 1-6 for exact values). For the box plots, the
minimumis the lower quartile, the central line is the median and the maximum
isthe upper quartile. The whiskers show data outside of the inter-quartile range.
Diamonds represent outliers. ¢, The distributions of FPro scores in GroceryDB
compared with two USDA nationally representative food databases: the USDA
FNDDS and FoodData Central Branded Products (BFPD). The similarity between
the distributions of FPro scores in GroceryDB, BFPD and FNDDS suggests

that GroceryDB offers acomprehensive coverage of foods and beverages
(Supplementary Section 6).

yogurt made from ‘grade A pasteurized organic milk’, while the Siggi’s
yogurt (FPro = 0.436) uses ‘pasteurized skim milk’ that requires further
processing to obtain 0% fat. Finally, the Chobani Cookies and Cream
yogurt relies on cane sugar as the second most dominant ingredient
and contains cocktails of additives such as ‘caramel color’, “fruit pectin’
and ‘vanillabean powder’ makingita highly processed yogurt, resulting
ina high processing score FPro = 0.918.

GroceryDB assigns an FPro score to all foods collected from
Walmart, Target and Whole Foods by leveraging the machine learning
classifier FoodProX, which takes mandatory information from nutri-
tion labels as input (Methods). The distribution of the FPro scores in
the three stores shows a high degree of similarity: each store exhibits a
monotonically increasing curve (Fig. 2a), indicating that minimally pro-
cessed products (low FPro) represent arelatively small fraction of the
inventory of grocery stores, the majority of the offerings being in the
ultra-processed category (high FPro). Although less-processed items
make up a smaller share of the overall inventory, they likely account
for a proportionally larger portion of actual purchases, highlighting

a discrepancy between sales data and available food options. Never-
theless, systematic differences between stores emerge: Whole Foods
offers a greater selection of minimally processed items and fewer
ultra-processed options, whereas Target has a particularly high pro-
portion of ultra-processed products (high FPro). FPro also captures
theinherent variability in the degree of processing per food category.
Asillustratedin Fig.2b, thereis a small variability of FPro scores in cat-
egories like jerky, popcorn, chips, bread, biscuits,and macand cheese,
indicating that consumers have limited choices in terms of degree of
processing for these food groups (see Supplementary Section 7 for
harmonizing categories between stores). Yet, in categories like cere-
als, milkand milk substitute, pastanoodles and snack bars, FPro shows
considerable variation, reflecting a wider extent of possible choices
fromafood processing perspective.

The distribution of FPro in GroceryDB was compared with the
latest USDA Food and Nutrient Database for Dietary Studies (FNDDS),
offeringarepresentative sample of the consumed food supply (Fig. 2c).
The similarity between the distributions of FPro scores obtained from
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GroceryDB and FNDDS suggests that GroceryDB also offers a repre-
sentative sample of foods and beverages in the supply chain. In addi-
tion, the comparison of GroceryDB with the USDA Global Branded
Food Products Database (BFPD), which contains 1,142,610 branded
products, reveals that the FPro distributions in GroceryDB and BFPD
follow similar trends (Fig. 2c). While BFPD contains 22 times more foods
than GroceryDB, only an estimated 44% of GroceryDB'’s products are
represented in BFPD, even after accounting for potential variability
in food names and ingredient lists (Supplementary Section 6). This
indicates that while BFPD offers an extensive representation of branded
products, it does not fully capture the current offering of stores.
Furthermore, acomparison of GroceryDB with Open Food Facts (OFF),
anextensive crowd-sourced collection of branded products containing
426,000 items with English ingredient lists (https://world.openfood-
facts.org), reveals that fewer than 40% of the products in GroceryDB
are present in OFF (Supplementary Fig. 4). This limited overlap sug-
gests that monitoring products currently offered in grocery stores
may provide a more accurate account of the food supply available to
consumers.

Food processing and caloricintake

The depthandtheresolution of the data collected in GroceryDB reveals
some of the complexity regarding the relation between price and calo-
ries. Among all categoriesin GroceryDB, a10% increase in FProresults
in 8.7% decrease in the price per calorie of products, as captured by
the dashedlineinFig.3a. However, the relationship between FPro and
price per calorie strongly depends on the food category (Supplemen-
tary Section 8). For example, in soups and stews the price per calorie
dropsby24.3%for10%increasein FPro (Fig.3b), atrend observed also
in cakes, mac and cheese, and ice cream (Supplementary Fig. 8). This
means that, on average, the most processed soups and stews, with
FPro=1,are 67.72% cheaper per calorie than the minimally processed
alternatives with FPro = 0.4 (Fig. 3e). By contrast, the price per calorie
for cereals drops only by 1.2% for 10% increase in FPro (Fig. 3¢), a slow
decrease observed also for seafood and yogurt products (Supplemen-
tary Fig. 8). Itisworth noting that thereis anincreasing trend between
FPro and price in the milk and milk-substitute category (Fig. 3d), par-
tially explained by the higher price of plant-based milk substitutes,
which require more extensive processing than the dairy-based milks.

Choice availability and food processing

Not surprisingly, GroceryDB documents differences in the product
offerings of the three stores analysed. For instance, in the cereal cat-
egory—one of the most popular staple foods, consumed by 283 million
Americansin2020*—Whole Foods offers a selection with abroad spec-
trum of processing levels, while Walmart’s cereal options are primarily
limited to products with higher FPro (Fig. 4a). To investigate the roots
ofthese differences, we examined theingredients of cereals available at
eachstore. The analysis showed that cereals sold at Whole Foods typi-
cally contain less sugar, fewer artificial and natural flavours, and fewer
added vitamins compared with those at Walmart and Target, where
products are morelikely toinclude cornsyrup, asweetener associated
withenhanced dietary fat absorption and weight gain (Fig. 4b)**. Addi-
tives such as butylated hydroxytoluene (a preservative) and calcium
carbonate (an acidity regulator and anti-caking agent) are largely absent
in the Whole Foods cereals, partially explaining the wider range of
processing scores characterizing cereals at this store (Fig. 4a).

The brands offered by each store could also explain the different
FPro patterns. Indeed, while Walmart and Target have alarge overlap in
thelist of brands they carry, Whole Foods relies on different suppliers
(Fig.4c), largely unavailablein other grocery stores. In general, Whole
Foods offers less processed soups and stews, yogurt and yogurt drinks,
and milk and milk substitute (Fig. 4a). In these categories Walmart’s
and Target’s offerings are limited to higher FPro values. Lastly, some
food categories such as pizza, macand cheese, and popcornare highly

processedin all stores (Fig. 4a). Pizzas available in all three chains, for
example, consistently have high FPro values, partly due to the use of
substitute ingredients such as ‘imitation mozzarella cheese’ instead
of real ‘mozzarellacheese’.

While grocery stores sell a large variety of products, the offered
processing choices can be identical in multiple stores. For example,
GroceryDB has a comparable number of cookies and biscuits in each
chain, with 453, 373 and 402 items in Walmart, Target and Whole
Foods, respectively. The degree of processing of cookies and biscuits
in Walmart and Target are nearly identical (0.88 < FPro <1), limiting
consumer nutritional choicesinanarrow range of processing (Fig. 4a).
By contrast, Whole Foods not only offers alarge number of items (402
cookies and biscuits) but also provides wider choices of processing
(0.57<FPro<1).

Organization of ingredients in the food supply

Food and beverage companies are required to report the list of ingredi-
entsindescending order of the amount used in the final product. When
aningredientitselfis a composite, consisting of two or more ingredi-
ents, the US Food and Drug Administration (FDA) mandates paren-
theses to declare the corresponding sub-ingredients (Fig. 5a,b)*. By
organizingtheingredientlist asatree (Methods), differences between
highly processed and less processed options can be analysed (Fig.5).In
general, products with complex ingredient trees are more processed
than products with simpler and fewer ingredients (Supplementary
Section 9.3). For example, the ultra-processed cheesecake in Fig. 5a
has 43 ingredients, 26 additives and 3 branches with sub-ingredients.
By contrast, the minimally processed cheesecake has only 14 ingredi-
ents, 5Sadditives and 2 sub-ingredient branches (Fig. 5b). Asillustrated
by the cheesecake example, the ingredients used in the food supply
provide valuableinsightsinto the type and extent of processing of the
final product, prompting the question: which ingredients contribute
the most to the degree of processing of a product? To answer this, we
introduce the Ingredient Processing Score (IgFPro), defined as

ZfeF rgx FPro/
IgFPro(g) = g—f )
Zer, T

where rf; ranksaningredientgin decreasing order based onits position
in the ingredient list of each food fthat contains g (Supplementary
Section 9.5). IgFPro ranges between O (unprocessed) and 1
(ultra-processed), enabling the rank order of ingredients based on
their contribution to the degree of processing of the final product.
This analysis reveals that not all additives contribute equally to
ultra-processing. For example, the ultra-processed cheesecake (Fig. 5a)
has polysorbate 60 (an emulsifier used in cakes for increased volume
and fine grain with IgFPro = 0.908) and corn syrup (a corn sweetener
with IgFPro = 0.905)*¢, each of which emerges as signals of
ultra-processing with high IgFPro scores. By contrast, both the mini-
mally processed and ultra-processed cheesecakes (Fig. 5) contain xan-
thangum (IgFPro = 0.818), guar gum (IgFPro = 0.801), locust bean gum
(IgFPro=0.786) and salt (IgFPro = 0.777). Indeed, the European Food
Safety Authority reported that xanthan gum as a food additive does
not pose any safety concern for the general population, and the FDA
classified guar gum and locust bean gum as ‘generally recognized
as safe™®,

By the same token, when evaluating oils used as ingredients in
branded products, IgFPro identifies brain octane oil (IgFPro = 0.573),
flaxseed oil (IgFPro = 0.69) and olive oil (IgFPro = 0.722) as the highest
quality options, having the smallest contribution to ultra-processing.
On the other hand, palm oil (IgFPro = 0.888), vegetable oil (IgF-
Pro =0.866) and soybean oil (IgFPro = 0.862) represent strong signals
of ultra-processing (Fig. 6a). Itis worth noting that flaxseed oil is high in
omega-3 fatty acids with several health benefits”. By contrast, blending
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Fig. 3| Price and food processing. a, Using robust linear models, the relationship
between price and food processing are assessed (Supplementary Fig. 8 for
regression coefficients of all categories). The price per calorie drops by 24.3%
(soup and stew, n=505) and 1.2% (cereal, n = 659) for 10% increase in FPro. Also,
an 8.7% decrease is observed across all foods in GroceryDB (n =19,345) for 10%
increasein FPro. It is worth noting that in milk and milk substitute (n = 240), price
per calorie increases by 1.6% for 10% increase in FPro, partially explained by the
higher price of plant-based milks that are more processed than regular dairy
milk. The shaded areafor each line is the 95% confidence interval of the standard
error. b-d, Distributions of price per calorie in the linear bins of FPro scores for
each store (Supplementary Fig. 7 illustrates the correlation between price and
FPro for all categories). In soup and stew (b), there is a steep decreasing slope

between FPro and price per calorie, while in cereals (c) the effect is smaller. In
milk and milk substitute (d), price tends to slightly increase with higher values of
FPro. For the box plots, the minimum s the lower quartile, the central line is the
median and the maximum is the upper quartile. The whiskers show data outside
oftheinter-quartile range. Diamonds represent outliers. e, Percentage of change
in price per calorie from the minimally processed products to ultra-processed
productsindifferent food categories. This analysis was performed by comparing
the average price per calorie of the top 10% most processed items with the

top 10% least processed items within each category. In the full GroceryDB, on
average, the ultra-processed items are 52.09% cheaper than their minimally
processed alternatives. n > 4 for all statistics; see Source Data Figs.1-6 for exact
sample sizes.
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food category. For example, in cereals, Whole Foods shows a higher variability
of FPro, implying that consumers have a choice between low and high processed
cereals. Yet, in pizzas, all supermarkets offer choices characterized by high FPro
values. Lastly, all cheese products are minimally processed, showing consistency
across different grocery stores. For the box plots, the minimum is the lower
quartile, the central line is the median, and the maximumi is the upper quartile.
The whiskers show data outside of the inter-quartile range. Diamonds represent
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outliers. n >4 for all statistics; see Source Data Figs. 1-6 for exact sample sizes.
b, The top 30 most reported ingredients in cereals show that Whole Foods tends
to eliminate corn syrup, uses more sunflower oil and less canola oil and relies
less on vitamin fortification. In total, GroceryDB has 1,168 cereals from which
973 have ingredient lists (Walmart =309, Target = 260, Whole Foods = 395).

¢, The brands of cereals offered in stores partially explains the different patterns
of ingredients and variation of FPro. While Walmart and Target have alarger
intersectionin the brands of their cereals (for example, Annie’s and Nature’s
Path), Whole Foods tends to supply cereals from brands not available elsewhere
(forexample, Annie’s Homegrown and Nature’s Path Organic).

of vegetable oils—a signature of UPF—is a straightforward practice to
achieve desired texture, stability and nutritional profiles*s.

Finally, to illustrate the ingredient patterns characterizing UPF
in Fig. 6b, three tortilla chips are ranked from ‘minimally processed’
to ultra-processed. Relative to the snack-chips category, Siete tortilla
is minimally processed (FPro = 0.477), made with avocado oil and
blend of cassava and coconut flours. The more processed El Milagro
tortilla (FPro = 0.769) is cooked with corn oil and ground corn and
has calcium hydroxide, agenerally-recognized-as-safe additive made
by adding water to calcium oxide (lime) to promote dispersion of
ingredients*. By contrast, the ultra-processed Doritos (FPro = 0.982)
have corn flour and a blend of vegetable oils and rely on 12 additives
toensure apalatable taste and the texture of the tortilla chip, demon-
strating the complex patterns of ingredients and additives needed for
ultra-processing (Fig. 6b).

Insummary, complexingredient patterns accompany the produc-
tion of UPF (Supplementary Section 9.4).IgFPro enables the assessment

of processing characteristics across the entire food supply, as well as
the contribution of individual ingredients.

Discussion

GroceryDB, accessible to the public at https://www.TrueFood.tech/,
offersboth the dataand methodologies needed to quantify food pro-
cessing and analyse the structure ofingredients within the US food sup-
ply. By combining large-scale data on food composition and machine
learning, GroceryDB uncovers insights on the current state of food
processing in the US grocery landscape, obtaining distributions of
FPros that capture aremarkable variability in the offerings of different
grocery stores. The differencesin FPro’s distributions (Fig. 2a) indicate
that multiple factors drive the range of choices available in grocery
stores, from the cost of food and the socioeconomic status of the con-
sumers to the distinct declared missions of the supermarket chains:
‘quality is a state of mind’ for Whole Foods Market and ‘helping people
save money so they can live better’ for Walmart*>*°, Furthermore, the
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FPro=0.953
a
i'bu.:: -
o

Ingredients: sour cream (cultured cream, modified
food starch, sodium tripolyphosphate, locust bean
gum, guar gum, carrageenan), sugar, wheat flour, water,
shortening (palm oil and/or soybean oil), milk, cream
cheese (pasteurized milk, cream, cheese culture),
hydrogenated palm kernel oil, corn syrup, modified
food starch, baking soda, salt, locust bean gum, natural
flavour, monoglyceride and/or diglyceride, sodium
caseinate, maltodextrin, xanthan gum, cheese culture,
dextrose, polysorbate 60, sorbitan monostearate, guar
gum, sodium citrate, citric acid, soy lecithin, malic
acid, potato maltodextrin, whey protein concentrate,
beta-carotene, apocarotenal.

Cultured cream

Modified food starch

Sodium tripolyphosphate

Sour cream Locust bean gum
Sugar Guar gum
Wheat flour Carrageenan
Water
Shortening Palm oil and/or soybean oil

Milk

Pasteurized milk

Cream cheese Cream

Cheese culture

Modified food starch
Hydrogenated g:ll(tmg soda
palm kernel oil Bean gum

Natural flavours

Monoglycerides and/or diglycerides

Sodium caseinate
Maltodextrin

Xanthan gum

Cheese culture
Dextrose

Polysorbate 60
Sorbitan monostearate
Guar gum

Sodium citrate

Citric acid

Soy lecithin

Malic acid

Potato maltodextrin
Whey protein concentrate
Beta-carotene
Apocarotenal

Corn syrup

Fig. 5|Ingredient trees. GroceryDB organizes the ingredient list of products into
structured trees, where the additives are marked as orange nodes (Methods and
Supplementary Section 9). a, Edwards Desserts Original Whipped Cheesecake
isahighly processed cheesecake that contains 43 ingredients from which

26 are additives, resultingin acomplex ingredient tree with 3 branches of
sub-ingredients. b, Pearl River Mini No Sugar Added Cheesecake is a minimally

b FPro = 0.720

Ingredients: cream cheese (pasteurized milk,
cream, salt, stabilizer (carob bean gum and/or
xanthan gum, locust bean gum, guar gum), cheese
culture), maltitol, egg, lemon juice, vanilla.

Pasteurized milk

Cream
Carob bean gum
Cream cheese and/or xanthan gum
Salt
Locust bean gum
Maltitol Stabilizer
Guar gum
Egg Cheese culture
Lemon juice
Vanilla

processed cheesecake that has a simpler ingredient tree with 14 ingredients, 5
additives and 2 sub-ingredient branches. Additives are identified according to
the FDA””%, See Source Data Fig. 5. Credit: watercolour cheesecake illustration
and gold line stripes, Canva.com; delicious cheesecake on white background,

AfricaStudio, Adobe Stock.

continuous nature of FPro allows for data-driven investigations on
therelationship between price and food processing stratified by food
category. Overall, food processing in GroceryDB tends to be associated
withthe production of more affordable calories, a positive correlation
thatraisesthe likelihood of habitual consumption amonglower-income

populations, ultimately contributing to growing socioeconomic dis-
parities in terms of nutrition security®*°. However, it is important to
note that the strength and direction of this correlation varies depending
on the specific food category under consideration, as exemplified by
the opposite trend of milk and milk substitutes compared with soups
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FPro = 0.477 FPro = 0.769 FPro = 0.982
Corn flour Corn oil
Cassava flour Stone-ground corn Vegetable oil ® Canola oil and/or
©® Maltodextrin sunflower oil
Buttermilk
® Salt
Onion powder
Garlic powder Cream
Sour cream Skimmed milk
Culture
A do oil Corn oil .
Vvocado ol Spice Pasteurized milk
Cream
Cheese culture
Cream cheese ® Salt
® Monosodium glutamate ® Xanthan gum
N UL ©® Locust bean gum
atural flavours ® Guargum
Skim milk
Coconut flour ©® Seasalt ® Whey Milr
Culture
Parmesan cheese PR ——— ® Er‘:lzt .
©® Baking soda Y
Monoglyceride
Green bell pepper
Butter Cream
© Arabic gum @ Annatto
Ground chia seeds @ Calcium hydroxide ® Citric acid
® Sugar

Disdodium guanylate

® Disodium inosinate
Fig. 6 | IgFPro. To investigate which ingredients contribute most to ultra-
processed products, equation (1) is used. With the introduction of IgFPro,
over 12,000 ingredients are ranked by their prevalence and contribution to
ultra-processed products, prioritizing ingredients and food groups for targeted
intervention. A total of 1,676 ingredients are in more than 10 products. a, The
IgFPro of allingredients that appeared in at least 10 products are calculated by
rank-ordering ingredients based on their contribution to UPF. The ingredients
are colored based on their distance to the root node, d, of the ingredient tree
(Methods). The popular oils used as aningredient are highlighted, with the
Brain Octane, flaxseed and olive oils contributing the least to ultra-processed
products. By contrast, the palm, vegetable and soybean oils contribute
the most to ultra-processed products (Supplementary Section 9.5). b, The
patterns of ingredientsin the least-processed tortilla chips versus the ultra-
processed tortilla chips. The IgFPro values of the oils used in the three tortilla
chips are highlighted in bold in a. The minimally processed Siete tortilla chips

(FPro = 0.477) uses avocado oil (IgFPro = 0.822), and the more processed El
Milagro tortilla (FPro = 0.769) uses corn oil (IgFPro = 0.886). By contrast,

the ultra-processed Doritos (FPro = 0.982) relies on a blend of vegetable oils
(IgFPro =0.866) and is accompanied by amuch more complexingredient tree,
indicating that there is no single ingredient ‘biomarker’ for UPF. Ingredient trees
contain bothingredients (blue) and additives (orange). Additives are identified
according to the FDA"%, Credit: food packaging (foil and plastic snack bags
mockup isolated on white background, purple coloured pillow packages for food
production on white PNG file), Juraiwan, Adobe Stock; brown paper bag, Graphic,
Adobe Stock; foil and plastic snack bags mockup isolated on white background,
darkblue coloured pillow packages for food production, snack wrappers on
white background with clipping path, MERCURY, Adobe Stock; flying Mexican
nachos chipsisolated on white background, Yeti Studio, Adobe Stock; nachos
and tortilla chipillustration, Canva.com.
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and stews (Supplementary Section 8). Further in-depth analyses are
needed to evaluate the effectiveness of intervention strategies target-
ing specific food groups within diverse food environments.

Governmentsincreasingly acknowledge theimpact of processed
foods on population health and its long-term effect on healthcare®®,
For example, the UK spends £18 billion annually on direct medical
costs related to non-communicable diseases like obesity*’, while the
United States incurs $1.1 trillion in yearly food-related human health
costs®*®!, GroceryDB serves as a valuable resource for both consum-
ers and policymakers, offering essential insights to gauge the level of
food processing within the food supply. For instance, in categories like
cereals, milk and milk alternatives, pastanoodles and snack bars, FPro
shows awide range, highlighting the substantial variations inthe pro-
cessing levels of products. If consumers had access to this processing
data, they could make informed choices, selecting items with mark-
edly different degrees of processing (Fig. 2b). Yet, the comprehension
of nutrient and ingredient data disclosed on food packaging often
poses a challenge to consumers due to unrealistic serving sizes and
confusing health claims based on one or afew nutrients. Our primary
objectiveliesin translating this wealth of datainto anactionable scor-
ing system, enabling consumers to make healthier food choices and
embrace effective dietary substitutions, without overwhelming them
with excessive information. In addition, this approach holds great
potential for public health initiatives aimed at improving the overall
quality of the food environment, such as strategies reorganizing super-
market layouts, optimizing shelf placements and thoughtfully design-
ing counter displays®>*>*, Transforming health-related behavioursiis
a challenging task®**; hence, easily adoptable dietary modifications
along with environmental nudges could make it easier for individuals
to embrace healthier choices.

Currently, FPro partially draws from expertise-based food pro-
cessing classifications due to limited data concerning compound
concentrations indicative of food matrix alterations, such as cellular
wall transformations or industrial processing techniques. However, a
comprehensive mapping of the ‘dark matter of nutrition’,encompass-
ing chemical concentrations for additives and processing by-products,
aims to evolve FPro into an unsupervised system, independent of
manual classifications®®®’. Unlike expertise-based systems, FPro func-
tions as a quantitative algorithm, using standardized inputs to generate
reproducible continuous scores, facilitating sensitivity analysis and
uncertainty estimations” (Supplementary Section 5). Theseimportant
features enhance reliability, transparency and interpretability of the
analyses while reducing errors associated with the descriptive nature
of manual classifications®, which have shown alow degree of consist-
ency among nutrition specialists®.

The chemical composition of branded products is partially
captured by the nutrition facts table and partially reported in the
ingredient list, which includes additives such as artificial colours,
flavours and emulsifiers. However, comprehensive and internation-
ally well-regulated data on food ingredients are currently limited, as
documented by the GS1 UK data crunch analysis which reported an
average of 80% inconsistency in products’ data®, leading us to focus
onthe nutrition facts to enhance the algorithm’s portability and repro-
ducibility. The nutrition facts alone show excellent performance in
discriminating between NOVA classes, confirming how food processing
consistently alters nutrient concentrations with reproducible patterns,
effectively harnessed by machine learning®. While FPro assesses the
degree of food processing by holistically evaluating nutrient concentra-
tions, the few nutrients available on food packaging increase the risk
of identifying products with similar nutrition facts but distinct food
matrices (for example, pre-frying, puffing, extrusion-cooking). Indeed,
if the chemical panel used to train the algorithm fails to exhaustively
capture matrix modificationsinduced by processing and cooking, FPro
and the substitution algorithm implemented at https://www.TrueFood.
tech/remainblind to these chemical-physical changes. Incorporating

disambiguatedingredientsin FPro, such as the ultra-processing mark-
erscharacterized by SIGA®®, may offer asolution until larger composi-
tion tables for branded products become available (Supplementary
Section5).

In summary, this work represents a departure from traditional
food classification systems, advancing toward the use of machine
learning methodologies to model the chemical complexity of food®
(Supplementary Section1). Despite the limited information provided
by the FDA-regulated nutrition labels, GroceryDB and FPro offer a
data-drivenapproach thatenables asubstitution algorithm capable of
recommending similar butless processed alternatives for any food in
GroceryDB. Together, GroceryDB and the TrueFood platform highlight
theimportance of datatransparencyingrocery store inventories, akey
factor that directly shapes consumer choices.

Methods

Data collection

Publicly accessible data on food products were compiled from the
online platforms of Walmart, Target and Whole Foods. Each store
organizes its food items hierarchically. Using these categorizations,
the stores’ websites are systematically navigated to identify specific
food items. To ensure consistency, the food category hierarchy within
GroceryDB is standardized by comparing and aligning the classifica-
tion systems used by each store. The stores sourced nutrition facts
from physical food labels and provided digital versions for each food
item. These data allowed us to standardize nutrient concentrations to
auniform measure of 100 g and use FoodProX to evaluate the degree
of food processing for each item. Lastly, all data for this manuscript
were collected in May 2021.

Calculation of the FPro

Processingalters the nutrient profile of food, changes that are detecta-
ble and categorizable using machine learning®**’°, Hence, FoodProX®,
arandom forest classifier, translates the combinatorial changes in
the nutrient amounts induced by food processing into a FPro. Exten-
sive tests and validations on the stability of FPro were performed in
several databases such as the US FNDDS and the international OFF.
FPro enabled the implementation of an in silico study based on US
cross-sectional population data, showing that on average substituting
only a single food item in a person’s diet with a minimally processed
alternative fromthe same food category canreduce therisk of develop-
ing metabolic syndrome (12.25% decrease in odds ratio) and increase
vitamin blood levels (4.83% and 12.31% increase of vitamin B12 and
vitamin C blood concentration)®.

FoodProX takes as input 12 nutrients reported in the nutrition
facts (Supplementary Table 1) and returns FPro, a continuous score
ranging between O (unprocessed foods such as fruits and vegetables)
and 1 (UPF such asinstant soups and shelf-stable breads). The manual
NOVA classifications were applied to the USDA Standard Reference
and FNDDS databases to train FoodProX. In the original classification,
NOVA labels were assigned by inspecting the ingredient list and the
food description but without taking into account nutrient content.

FPro does not assess individual nutrients in isolation but, rather,
learns from the configurations of correlated nutrient changes within
afixed quantity of food (100 g)*". Consequently, a single high or low
nutrient value does not dictate a food’s FPro. Instead, the final score
dependsonthelikelihood of observing the overall pattern of nutrient
concentrations in unprocessed food versus UPF. For instance, while
fortified food may mirror mineral and vitamin contentin unprocessed
food, the algorithmidentifies unique concentration signatures unlikely
tobe found in minimally processed food, resulting in a higher FPro®.

The calculation of FPro for all food in GroceryDB represents a
generalization task, where the model faces ‘never-before-seen’ data®”".
More details on the training dataset, including class heterogeneity and
imbalance, are available in Supplementary Section 4.
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Price for calories trends

Robust linear models with Huber’s t-norm”*”* were applied to cal-
culate regression coefficients and P values for the relationship
log(PricePerCalorie) - log(FPro). The detailed regression results for
eachfood category are presented in Supplementary Fig. 8, while the
overall trend across GroceryDB is depicted in Fig. 3a. To illustrate
the price disparity at the extremes of food processing, the percent-
age change in price per calorie shown in Fig. 3e wAs calculated by
comparing the average price per calorie of the top 10% minimally
processed items to that of the top 10% ultra-processed items within
each category.

72-74

Ingredient trees

Aningredientlistis areflection of the recipe used to prepare abranded
food item. The ingredient lists are sorted based on the amount of
ingredients used in the preparation of anitem as required by the FDA.
Aningredient tree can be created in two ways: (a) with emphasis on
capturing the main and sub-ingredients, similar to a recipe, as illus-
trated in Supplementary Fig. 17a; (b) with emphasis on the order of
ingredients asaproxy for theiramountinafinal product, asillustrated
inSupplementary Fig.17b, where the distance from theroot, d, reflects
the amount of an individual ingredient relative to all ingredients. We
opted for (b) to calculate IgFPro, as ranking the amount of aningredient
in afood is essential to quantify the contribution of individual ingre-
dients to ultra-processing. In equation (1), r} = 1/d/ ranks the amount
of aningredient gin food f, where dg captures the distance from the
root (Supplementary Fig. 17b for an example). Finally, IgFPro shows
remarkable variability when compared with the average FPro of prod-
ucts containing the selected ingredient (Supplementary Fig. 18), sug-
gesting distinctive patterns of correlation between the products’ FPro
and the ranking of ingredients in their ingredient lists”.

Database structure
The database comprises two main files, both stored in CSV format for
ease of use and accessibility:

1. GroceryDB Foods File. This file contains comprehensive infor-
mation about all the foods included in GroceryDB. Each row
represents a distinct food item. This file includes the following
columns:

- name: The name of the food item, typically as it appears
on the product packaging.

« brand: The brand or manufacturer of the food item.

- harmonized single category: The general category or
type of food (for example, seafood, cereal and so on).

« store: Theretail store where the food itemis available
(for example, Walmart, Target, Whole Foods).

» f FPro: Average FPro score of the food across the ensem-
ble of classifiers. The FPro score is calculated using the
FoodProX algorithm, taking into account the nutrition
facts of the food.

« fFPro_P: Astring indicating whether the food has enough
nutritional descriptors as detailed in Supplementary Sec-
tion4.

* f min_FPro: Minimum FPro score across the ensemble of
classifiers.

« f std_FPro: The standard deviation of the FPro score
across the ensemble of classifiers.

« f FPro_class: Expected NOVA class assigned according to
FoodProX.

« hasl0_nuts: Boolean value indicating whether the food
is described by the 10 key nutrients described in Supple-
mentary Section 4.

« is_Nuts_Converted_100g: Indicator whether the food
nutrients are converted per 100 g.

- nutritional information: Detailed nutritional informa-
tion for the food item, including protein, total fat, carbo-
hydrate, total sugars, total dietary fibre, calcium, iron,
sodium, vitamin C, cholesterol, total saturated fatty acids
and total vitamin A.

Please note that the prices of the food items are not included in this
publicrelease due to potential restrictions on public disclosure. How-
ever, thisinformationis available uponrequest. Thefileis available at
https://github.com/Barabasi-Lab/GroceryDB/blob/main/data/Gro-
ceryDB_foods.csv.

2. GroceryDB IgFPro File. This file contains data related to the
IgFPro score of the ingredients listed in GroceryDB. Each row
corresponds to a specific ingredient. The file is available at
https://github.com/Barabasi-Lab/GroceryDB/blob/main/data/
GroceryDB_IgFPro.csv. The columns in this file are as follows:

« ingredient_name: The standardized name of the
ingredient.

« count_of products: The total number of products in the
database that contain this ingredient.

- ingredient_FPro: IgFPro calculated for the selected
ingredient.

- average FPro_of products: The average FPro score of
the products containing the selected ingredient.

- average_distance_to_root: The average distance of the
ingredient from the root in the ingredient tree, repre-
senting its relative amount in the food item. Ingredients
closer to the root contribute more to the calculation of
IgFPro.

- ingredient_normalization_term: A numerical value used
to normalize a food’s contribution to the IgFPro score,
based on the ingredient’s overall ranking across all foods.

Substitution algorithm at TrueFood.Tech

The site https://www.TrueFood.tech/ provides food substitution rec-
ommendations aimed at gently nudging consumers towards less pro-
cessed alternatives. Toaccomplish this, we firstidentify food items that
belongto the same category and share partial semantic similarity with
the targeted item (range 0.10-0.95), based on both food names and
ingredientlists. This approachincreases the diversity of displayed rec-
ommendations while ensuring they remain within the same category.

The popular term frequency-inverse document frequency (Tf-idf)
algorithm is used to measure the significance of words to foods in
GroceryDB, adjusting for commonality across entries’. The similarity
between weighted word vectorsis calculated leveraging cosine similar-
ity. The final similarity between the queried food and other food items
is determined by multiplying the ingredient-list-based similarity and
the food-name-based similarity.

Next, the semantically filtered foods are sorted by their FPro
scores, ranking the recommendations in ascending order of FPro.
This method canidentify the most similar food items with alower FPro
compared with the targeted item. Up to 50 items, listed in increasing
order of FPro, are displayed on the website.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The datain GroceryDB was scraped from Walmart, Target and Whole
Foodsin 2021. GroceryDB is available to the public and consumers at
https://www.TrueFood.tech/. The data are also openly available on
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MongoDB servers with aread-only key available via BarabasiLab GitHub
repository at https://github.com/Barabasi-Lab/GroceryDB/. The USDA
FNDDS dataset is available viathe same GitHub repository. Source data
are provided with this paper.

Code availability

All code generated for the analysis are available via the BarabasiLab
GitHub repository at https://github.com/Barabasi-Lab/GroceryDB/.
The analysis was done in Python==3.11.7 with the following pack-
ages: jupyter notebook==6.5.4, pymongo==4.8.0, pandas==2.1.4,
numpy==1.26.4, seaborn==0.12.2, statsmodels==0.14.0, scipy==1.11.4,
matlabplot==3.8.0, plotly==5.9.0 and certifi==2024.6.2.
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|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection We used python to scrape data (food items, their nutrition facts, ingredient list, etc) from the website of grocery stores. If needed we can
share the scraper python code that we designed to scrape data from Walmart, Target, and WholeFoods online stores.

Data analysis We used python==3.11.7 with the packages: jupyter notebook==6.5.4, pymongo==4.8.0, pandas==2.1.4, numpy==1.26.4, seaborn==0.12.2,
statsmodels==0.14.0, scipy==1.11.4, matlabplot==3.8.0, plotly==5.9.0, and certifi==2024.6.2 to analyze the data. All created codes are
accessible through two Jupyter Notebooks and two py files as well as select datasets in our GitHub repository (https://github.com/Barabasi-
Lab/GroceryDB/tree/main/analysis). The large data we scraped is stored in MongoDB which is accessible via the codes in the GitHub and
through our website (TrueFood.tech).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability
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Since the data is large, we have information for over 50,000 foods, we used MongoDB to store the data. The key to access MongoDB (read only) is available in our
GitHub repository. Also, we provide two notebooks to enhance data availability. The notebooks retrieve all data from MongoDB and recreate all the figures in the
manuscript and Sl. Please see the following folder in our public GitHub repository https://github.com/Barabasi-Lab/GroceryDB/tree/main/analysis
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Research sample We scraped over 50,000 foods from the websites of Walmart, Target, and WholeFoods to create GroceryDB and analyze the extent
of food processing in the US food supply. We chose these stores since most of the US use them as their source of groceries. By
collecting all the foods from these stores, GroceryDB is a representative sample of many Americans food options. Each store has its
own data structure to categorize and price items as well as offering different food items available for purchase.

Sampling strategy We scraped all foods from Walmart, Target, and WholeFoods store online websites. There was no sampling procedure used since we
collected every food item available for purchase. There was no sample size calculations performed. The rationale was to collect a
holistic dataset of US consumption of foods, by collecting all foods from the stores, we believe the data size is sufficient.

Data collection We scraped foods from Walmart, Target, and WholeFoods store online websites by using Python to navigate their storefronts and
automatically collect the name, ingredient list, price, and nutrition information of all food items. The data collection was blind to the
study hypothesis and downstream analysis.

Timing We started creating the codes to scrape the online stores in September 2020, testing and debugging the codes until April 2021. We
started collecting the data in May 2021 and completed the collection by the end of May 2021.

Data exclusions We analyzed all foods that had minimum of 10 nutrition facts reported by the grocery stores. Also, we analyzed the ingredient list of
all foods

Non-participation No participants were involved in the study.

Randomization Our study is a holistic approach to assessing the processed foods within grocery stores Americans commonly use to purchase their

groceries. Therefore, we are comparing the different food categories using the full list of food items within the categories as well as
using the full list of food items that contain a specific ingredient for the calculation of IgFPro.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
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