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Abstract

Diet, a modifiable risk factor, plays a pivotal role in most diseases, from car-
diovascular disease to type 2 diabetes mellitus, cancer, and obesity.However,
our understanding of themechanistic role of the chemical compounds found
in food remains incomplete. In this review, we explore the “dark matter”
of nutrition, going beyond the macro- and micronutrients documented by
national databases to unveil the exceptional chemical diversity of food com-
position. We also discuss the need to explore the impact of each compound
in the presence of associated chemicals and relevant food sources and de-
scribe the tools that will allow us to do so. Finally, we discuss the role of
network medicine in understanding the mechanism of action of each food
molecule. Overall, we illustrate the important role of network science and
artificial intelligence in our ability to reveal nutrition’s multifaceted role in
health and disease.
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1. INTRODUCTION

An unhealthy diet has a far-reaching impact on health, surpassing the combined influence of al-
cohol, tobacco, drug use, and unsafe sexual practices (154). The consequences of poorly balanced
diets are particularly evident in African countries where they contribute to the dual burden of un-
dernourishment and obesity (150). Additionally, dietary imbalances are closely tied to the rising
prevalence of various noncommunicable diseases (NCDs) worldwide, including coronary heart
disease (CHD), stroke, and type 2 diabetes mellitus. In contrast, embracing a healthy diet and
lifestyle can significantly mitigate the effects of a strong genetic predisposition to CHD, reducing
the relative risk by nearly 50% (75). In other words, diet quality has emerged as a major modifiable
risk factor in the development of chronic diseases.

Nutrition science has significantly advanced our understanding of the nutritional components
of human diet. This research has resulted in databases such as the United States Department
of Agriculture (USDA) FoodData Central, including Foundation Foods and Standard Reference
(SR) Legacy (50), and its counterparts in Europe, such as Frida in Denmark (109), that offer
detailed nutritional profiles for virtually all foods. Such databases have powered an array of single-
nutrient or single-food association studies, becoming the primary methodological approach used
to reveal how diet affects human health. This approach has led to multiple important findings,
such as the negative impact of trans fats (98, 104, 155) and the beneficial effects of n-3 polyun-
saturated fatty acids, legumes, and nuts on cardiovascular disease (CVD) risk (26). At the same
time, these studies have highlighted the inherent limitations of the reductionist approach to hy-
pothesis testing, which ignores the complexity of food composition and of dietary patterns. A
well-documented example is provided by Kolonel et al. (77), who initially reported a positive as-
sociation between β-carotene consumption and the risk of prostate cancer, a result later attributed
to the consumption of papaya (83) and not to β-carotene-rich ingredients such as carrots (153).
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This finding supports the first paradigm we address in this review: Dietary compounds cannot be
investigated in isolation. Instead, to assess their impact on health, we must consider the presence
of other chemical compounds in the diet and their interactions with networks of molecular targets
(Section 2).

Single-nutrient studies are the legacy of the twentieth century’s nutrition research, which fo-
cused on the discovery, isolation, and synthesis of essential micronutrients, such as vitamins, and
their role in deficiency diseases (106). This perspective has resulted in an exceptional focus on
approximately 150 nutritional components, tracked in most national databases. However, our diet
carries a far richer chemical diversity than these nutritional components indicate. Indeed, our re-
search, combined with several databases focusing on the detailed chemical composition of foods,
has documented the presence of more than 139,000 molecules in food ingredients.Many of them,
like the numerous polyphenols, play a major and well-documented role in human health. There-
fore, there is a real need to document the “dark matter” of nutrition (DMN) (13), leading to the
second paradigm explored in this review: Our food not only is a source of calories and vitamins
but also carries an exceptionally large number of (bio)chemicals with health implications beyond
those that have been investigated to date (Section 3).

Finally, food compounds can bind to human proteins to regulate their activity, a process whose
implications on health can be captured only by a densely wired network of (bio)chemicals. This
complex chemical interplay reflects the evolutionary processes that have shaped the genome and
metabolism of various life-forms contributing to the staples of human diet. A network frame-
work is therefore essential to comprehend the molecular mechanisms underlying the influence of
diet on our health (60). Indeed, unlike traditional reductionist analyses, network science acknowl-
edges and quantifies the important dependencies among multiple factors (11), contributing to a
comprehensive modeling of concepts such as nutrient bioavailability, the food matrix, and disease
phenotypes (3, 17, 24, 34, 121, 130). This brings us to the third paradigm we address: Food chem-
icals display a wide range of mechanisms of action, from modulating regulatory, transcriptional,
and epigenetic mechanisms to acting as substrates for metabolic reactions, including those con-
ducted by commensal organisms, that can only be understood using the tools of network medicine
(Section 4).

In this review, we explore how network science and artificial intelligence (AI) have contributed
to each of the paradigms listed above. In Section 2, we cover advances in hypothesis testing
in nutritional epidemiology driven by genomics-inspired methodologies, then explore the im-
proved mathematical tools that capture nutrient variability and the diversity of the food supply. In
Section 3, we delve into the concept of the DMN, discussing how food composition databases
are shifting their focus beyond standard macro- and micronutrients, as well as the role of con-
temporary mass spectrometry in identifying detailed chemical food profiles. Finally, in Section 4,
we discuss how, by offering tools for drug discovery and repurposing, network medicine can help
reveal the diverse biochemical processes through which dietary compounds affect human health.

2. FROM SINGLE-NUTRIENT STUDIES TO ENVIRONMENT-WIDE
ASSOCIATIONS

Knowledge of the interplay between diet and health is derived largely from hypothesis-driven
epidemiological association studies. These studies explore the impact of one or a few expo-
sures, such as nutrients, specific foods, dietary scores, and metabolic biomarkers. The selection
of these exposures is determined by researchers’ interests and hypotheses, often supported by
evidence from animal or mechanistic studies. For example, the dietary factors contributing
to CHD have been extensively researched within the Nurses’ Health Study (NHS) cohort, a
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longitudinal prospective study designed to investigate the effects of nutrition on health and dis-
ease. The NHS, which began in 1976, recruited female registered nurses aged 30–55 from various
parts of the United States. Participants were asked to complete questionnaires every 2 years, and
in 1980, a Food Frequency Questionnaire was added to gather information about their dietary
habits. Follow-up questionnaires were administered in 1984, 1986, and every 4 years thereafter.
Figure 1 illustrates the extensive body of knowledge on the dietary determinants of CVD that
has emerged from NHS data (100). For example, CHD has been linked to 120 single-exposure
associations, which account for a total of 63 protective factors, 22 risk factors, and 35 exposures
that lack statistical significance.

While these single-association studies have offered valuable insight into disease risk de-
terminants, they are limited by their reductionist design and, most importantly, by a lack of
comprehensive knowledge about the true complexity of the (bio)chemical composition of the food
supply. These inherent limitations may have contributed to several discrepancies in the epidemio-
logical literature, which have led to spurious associations that cannot be replicated in clinical trials
or by meta-analyses (64, 65).

Environment-wide association studies (EWASs), designed to discover agnostically new envi-
ronmental factors in disease-related phenotypes, identify the driving signals across a large pool of
hypotheses while limiting the appearance of spurious results, offering an alternative to conven-
tional single-nutrient-focused studies. EWASs are inspired by genome-wide association studies
(GWASs), where a large set of correlated exposures are studied in relation to a specific phenotype,
and the dominant statistical associations are retained through rigorous multiple-testing correc-
tions (115, 116). Taking advantage of these statistical advances, we relied on EWASs focusing on
all dietary exposures available in NHS data to identify 37 nutrients and 16 foods significantly
associated with the risk of fatal CHD and acute myocardial infarction (100).

The outcome of this EWAS captures the exposures associated with a risk of acute myocar-
dial infarction and fatal CHD as a bipartite network, where each link signifies a specific food’s
contribution to the total quantity of a specific nutrient in the food supply (Figure 2). Two dis-
tinct clusters emerge, one comprising protective nutrients and foods and the other encompassing
harmful nutrients and foods. Yet, notable exceptions challenge the observed cluster segregation.
For example, yogurt exhibits a protective effect despite containing multiple individual risk factors,
including various adverse fatty acids such as myristic acid, trans-16:1 fatty acid, and palmitic acid.
Taken together, the data on yogurt indicate the limitations of single-exposure associations: Higher
yogurt consumption tends to align with more balanced dietary habits despite being the carrier of
single nutrients flagged as CHD risk factors, the overall associations of which are driven by food
groups dominant in Western-like dietary patterns (51).

2.1. Chemical Concentrations in Food Follow Universal Laws

Both single-nutrient association studies and EWASs need as input an accurate measure of the
concentration of specific compounds in a food item, raising an important question: What governs
these concentrations? Indeed, a precise description of the food source variability of each nutrient
is instrumental in quantifying how nutrient intake varies within the population.

Virtually all ingredients of the human diet were once living organisms, relying on a diverse
array of (bio)chemicals for their growth and survival within their respective environments. There-
fore, a comprehensive understanding of food composition must be based on the fundamental
(bio)chemical principles that govern metabolic networks. We have shown that chemical concen-
trations in food, expressed in grams per 100 g, span approximately eight orders of magnitude
(96). For example, raw onion carries 4 × 10−7 g/100 g of vitamin K and 89 g/100 g of water, an
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Figure 2

The food–nutrient network of dietary exposures associated with CHD. In this bipartite food–nutrient network, protective factors are
colored in green and detrimental factors in red. Different shapes distinguish between nutrients (circles) and foods (diamonds), while the
size of each node corresponds to the estimated effect size in absolute value. The line thickness indicates the contribution of a specific
food to the overall quantity of a nutrient in the food supply. Abbreviations: A, animal; CHD, coronary heart disease; D, dietary; MUFA,
monounsaturated fatty acids; P, plant; S, supplemental; T, total. Figure and caption adapted from Reference 100 (CC BY 4.0).

eight-order-of-magnitude difference within the same ingredient (Figure 3). This exceptionally
wide range is rooted in the broad spectrum of physicochemical properties (10) exhibited by the
nutrients and the metabolic networks responsible for their modulation (Figure 3a). (Bio)chemical
reaction networks (68) adhere to kinetic laws with similar functional forms, regardless of the spe-
cific chemical species involved or the organism producing it. As a result, the concentrations of
individual components follow common patterns that govern both their expected values and the
extent of their fluctuations across the food supply. Indeed, we found that the concentrations of
each nutrient follow approximately the same log-normal distribution with a constant logarith-
mic standard deviation that quantifies their variability across the food supply at various average
concentrations. Figure 4a illustrates this phenomenon, showing the distribution of the con-
centrations of four nutrients—thiamine, zinc, gadoleic acid, and total protein—across the food
supply.

The universality of nutrient variability supports the hypothesis that nutrient distributions
across the food supply are the result of (bio)chemical reaction networks characterized by similar
dynamic and kinetic patterns. The concept of universality, based on statistical physics (79), cap-
tures the idea that similar measurable macroscopic features can arise from interactions between
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Figure 3

Nutrient composition of food. According to the Food and Nutrient Database for Dietary Studies, the consumption of 100 g of raw
onion delivers 45 nutritional components, whose amounts (measured in grams) span eight orders of magnitude. Among these
45 nutrients are compounds from different chemical classes, such as copper (a mineral), linoleic acid (a polyunsaturated omega-6 fatty
acid, the most typical isomer of fatty acid 18:2), and quercetin (a flavonol). We rank the nutrients in onion in descending order of
concentration on the ordinate axis. The gram amount of nutrient n per 100 g is reported as xn.

diverse individual components and that these features cannot be reduced to the properties of the
individual elements (11). Indeed, the variability in nutrient concentrations in all national databases,
such as those curated by the USDA, is well approximated by a log-normal distribution with a con-
stant logarithmic standard deviation. The mechanistic origin of this scaling law can be formally
attributed to the variability of the kinetic constants and theirmultiplicative products,which govern
the kinetics of linked biochemical reaction sequences responsible for regulating these nutrients
in diverse organisms (119). Untargeted metabolomics experiments have confirmed this univer-
sality, revealing that peak areas observed for raw plant ingredients follow the same log-normal
distributions as observed in nutrient concentrations (128).

2.2. The Impact of Food Processing on Chemical Concentrations

The observation of a consistent scale of fluctuations shared across all nutrients and grounded
in (bio)chemical principles prompted us to ask how human metabolism coevolved to operate
with resilience and adaptability within an environment defined by specific chemical species and
concentration constraints. A systematic alteration of these physiological ranges, along with the
introduction of novel chemical components, could disrupt an organism’s normal homeostasis.
This evolutionary perspective on human health, arising from a comprehensive analysis of nutrient
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Figure 4 (Figure appears on preceding page)

Large-scale analysis of nutrient concentrations in food. (a) The concentration probability distribution Q(xn) for four nutrients across
the 4,889 foods reported in NHANES 2009–2010 data, shown on a logarithmic horizontal axis. The four distributions are
approximately symmetric on a log scale and have similar width and shape that are independent of the average concentration of the
respective nutrient. Each symbol represents a histogram bin. (b,c) The observed common scale of nutrient fluctuations observed in the
log space allows us to rescale all nutrients and compare them on a single plot, suggesting a methodology to detect foods with outlier
concentrations. The pattern of nutrient outliers in different foods (quantified by a z score in the log space) is informative of the type
and extent of processing, as shown here for (b) 100 g of raw onion compared with (c) 100 g of onion rings. (d,e) FoodProX is a random
forest classifier that was trained over the nutrient concentrations within 100 g of each food, tasking the classifier to predict its
processing level according to NOVA. FoodProX represents each food by a vector of probabilities {pi}, capturing the likelihood of the
food being classified as an unprocessed food (NOVA 1), a processed culinary ingredient (NOVA 2), a processed food (NOVA 3), or an
ultraprocessed food (NOVA 4). The final classification label, highlighted with a box on the right, is determined by the highest
probability. The probability values were rounded to two decimal places. Abbreviation: NHANES, National Health and Nutrition
Examination Survey. Panel a adapted from Reference 96. Panels d and e adapted from Reference 97 (CC BY 4.0).

concentrations in food, appears to align with recent observational studies, meta-analyses, and
controlled metabolic investigations showing that diverse diets, such as prudent, Mediterranean,
and Nordic, offer greater protection against disease risk than the heavily processed Western
diet (33, 47, 113). Indeed, dietary markers, including glycemic load, macronutrient distribution,
micronutrient density, acid-base equilibrium, sodium-to-potassium ratio, fatty acid composition,
and fiber content, have all undergone substantial changes caused by shifts in lifestyle and diet.
These changes accelerated significantly following the Industrial Revolution, with exponential
growth commencing in the mid-twentieth century as a result of major advances in food processing
technology and industrialization after World War II. The rapid pace of changes in dietary habits
and lifestyle has left human biology adapted to ecosystems vastly different from modern life,
creating a profound misalignment between human physiology and the contemporary Western
dietary pattern (123). This discordance is considered a potential contributor to so-called diseases
of civilization, including CVD (33, 42, 69, 145, 149).

Food processing is known to alter the concentration of native nutrients. Processing is also
accompanied by the addition of extra salt, sugars, fats, and other additives whose purpose is to
mimic the sensory qualities of fresh or raw foods or mask undesirable sensory attributes of the
final product. In the last decade, epidemiological studies have highlighted the adverse health ef-
fects of processed foods, especially highly processed foods (HPFs). Indeed, many health effects
traditionally associated with meat and fat consumption are linked predominantly to consumption
of processed meat, which is associated with a 42% higher risk of CHD and a 19% higher risk
of type 2 diabetes mellitus (99). Overall, an increased proportion of HPFs in an individual’s diet
is associated with greater risk for numerous diseases, including CVD, CHD, and cerebrovascular
disease (138); overweight and obesity (18); type 2 diabetes mellitus (137); cancer (49); and depres-
sion (1). Telomere length, which serves as a biomarker for biological age, is also influenced by diet
through inflammatory mechanisms and oxidation (4). The adverse role of processed food is also
supported by an EWAS (Section 2) that identified HPFs such as doughnuts, hot dogs, packaged
white bread, and processed meats as the exposures that most significantly contribute to a higher
risk of CHD (100) (Figure 2).

The chemical, physical, and biological processes involved in food preparation and preserva-
tion alter the nutritional composition of an ingredient. For example, comparing raw onion with
fried and battered onion rings, we find that approximately three-quarters of the nutrients undergo
concentration changes exceeding 10%. Furthermore, more than half of the nutrients experience
tenfold changes (Figure 4b,c). However, we lack a singular nutrient biomarker that can precisely
track the degree of processing. Instead,processing changes the concentration ofmultiple nutrients,
whose combinations jointly correlate with the level of processing.
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Despite the wealth of epidemiological data on the impact of HPFs on NCDs, a comprehen-
sive understanding of the underlying mechanisms remains elusive. An ongoing academic debate
emphasizes that the altered food matrix inherent to HPFs may compromise nutrient bioavail-
ability, postprandial glycemic responses, and satiety levels (16, 55, 90, 110, 156). Recent research
suggests that the microbiome may also mediate the detrimental effects of nonnutritive sweeten-
ers and emulsifiers on glycemic response and intestinal inflammation (32, 107, 141). Exposure to
artificial sweeteners and emulsifiers has also been found to be positively associated with CVD risk
in large-scale prospective cohorts (37, 129).

As epidemiological evidence surrounding HPFs continues to increase, the impact of processed
food is gaining prominence in food policy discussions. This shift has resulted in various expertise-
based food classification systems used in cohort studies, including the European Prospective
Investigation into Cancer and Nutrition (EPIC) (54, 133), as well as the expansion of food do-
main dictionaries, taxonomies, and ontologies, such as LanguaL (see https://www.langual.org),
FoodEx2 (44), and FoodOn (see https://foodon.org). This body of research highlights a transi-
tion from food security, which primarily concerns ensuring access to affordable food, to nutrition
security,which places greater emphasis on the availability of nutritious and nourishing foods (105).
However, as we discuss next, recognized limitations in the existing classification systems have led
researchers to advocate for a more data-driven and unbiased definition of food processing (54,
126).

2.3. Measuring the Degree of Food Processing Using Machine Learning

NOVA, an expert-based classification system designed to assess the degree and purpose of food
processing, has been the starting point in 95% of studies investigating connections between the
consumption ofHPFs and health outcomes (29, 102, 103). Policymakers have also adoptedNOVA
categorizations to guide national and international public health decisions (101, 102). For example,
several Latin American countries have formulated dietary guidelines based on NOVA classifica-
tions (35, 114), and, drawing heavily upon NOVA, the French government has set its sights on
reducing HPF consumption by 20% (58).

NOVA categorizes individual foods into four broad categories: unprocessed or minimally pro-
cessed foods (NOVA 1), which include items such as fruits and vegetables (fresh, dried, or frozen),
milk, fish, and meat; processed culinary ingredients (NOVA 2), such as salt, oils, and table sugars;
processed foods (NOVA 3), encompassing canned goods, artisanal bread, and cheese; and ultra-
processed products (UPFs or NOVA 4), which are industrial formulations with typically longer
lists of ingredients, including substances not commonly used in culinary preparations. Examples of
UPFs are margarine, packaged bread, sweetened breakfast cereals, cookies, spreads, sauces, sodas,
hamburgers, and pizza. They are usually mass-produced, convenient, highly palatable, and ready
to eat, containing limited or no whole foods.

NOVA relies on an expertise-based manual evaluation to address a challenging and inher-
ently incomplete classification task (72), resulting in inconsistencies and ambiguities across the
literature. For example, NOVA assigns only 35% of the foods from the USDA Food and Nu-
trient Database for Dietary Studies to a unique class, decomposing the rest into ingredients to
be analyzed further (96). The classification becomes particularly challenging when dealing with
composite recipes, products, and mixed meals, which constitute a significant portion of the food
supply.Even when detailed ingredient information is available, the consistency in assigningNOVA
classes among nutrition specialists is notably low (22). Finally, all of the observed health risk falls
within NOVA 4, a broad and diverse category that assigns a single ultraprocessed label to more
than 70% of the food supply (8, 72). This broad class restricts our ability to explore the health
implications of consuming food with varying levels of food processing (82).
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To overcome these shortcomings, we introduced FPro, a continuous processing score that
combines features of processing techniques elucidated in the NOVA manual labels with nutrient
concentrations derived from food composition data (97). The complex nutrient patterns shown
in Figure 4a and b make a compelling case for the use of machine learning (ML), which excels
at deciphering the combinations of nutrient changes related to food processing. FPro is derived
from FoodProX, a multiclass random forest classifier designed to replicate accurately the manual
NOVA classification using only nutritional information as input. For example, FoodProX assigns
raw onion to NOVA 1 with probability p1 = 0.97 (Figure 4d) and industrial onion rings to NOVA
4 with probability p4 = 0.99 (Figure 4e).

FPro for food k is defined as follows:

FProk = 1 − pk1 + pk4
2

, 1.

which captures the trade-off between the confidence of the FoodProX algorithm in classifying
food item k as NOVA 1 (pk1) and as NOVA 4 (pk4), the two extreme classes clearly ranked accord-
ing to an increasing extent of food processing. The score ranges from zero for raw ingredients
(FPro = 0.0203 for raw onion) to one for UPFs (FPro = 0.9955 for onion rings). FPro does
not assess individual nutrients in isolation but, rather, learns from patterns of correlated nutrient
changes within a fixed mass (100 g), implying that a single high or low nutrient value does not
singularly determine a food’s final FPro score. Instead, FPro depends on the likelihood of observ-
ing the overall pattern of nutrient concentrations in unprocessed foods versus UPFs. For example,
while fortified foods may exhibit mineral and vitamin content similar to that of unprocessed foods,
the algorithm identifies unique concentration patterns that are unlikely to be found in minimally
processed whole foods, resulting in a high FPro score.

FPro offers automated and reproducible scoring of foods across various national and com-
mercial databases as well as the ability to analyze complex recipes and meals. Additionally, it can
assess the degree of processing in an individual’s diet.This capability facilitates the implementation
of large-scale EWASs and the identification of foods to substitute in order to nudge individu-
als toward a less processed diet. Indeed, by applying FPro to the National Health and Nutrition
Examination Survey data,we find that individuals with highly processed diets show significant pos-
itive associations with inflammation markers (C-reactive protein), as well as elevated risk scores
for conditions such as cardiovascular disease (measured by the Framingham and American Col-
lege of Cardiology/American Heart Association risk scores), diabetes (indicated by fasting glucose
and C-peptide levels), and metabolic syndrome (97). Conversely, we observe negative correlations
with circulating levels of vitamins in the bloodstream, including vitamins B12, C, and D. FPro also
reveals the remarkable variability in processing displayed by subgroups of foods with comparable
function and composition in the US food supply (Figure 5). These findings offer the opportu-
nity to implement substitution strategies that minimize the dietary shifts required to improve the
epidemiological health implications of processed diets.

FPro can accurately predict the degree of processing for various nutrient lists, including the
minimal information encoded in Nutrition Facts labels, allowing us to assess the degree of pro-
cessing of more than 50,000 products sourced from major US grocery store websites (122). This
analysis represents a key step toward the complete digital phenotyping of food environments,
beyond food deserts and food swamps (74).

To develop an entirely unsupervised FPro, independent of manual classifications, we need
to move beyond standard nutrient concentrations and rely on systematic mapping of the DMN
(Section 3), which will allow us to include the concentrations of additives and processing by-
products. Such a broad array of chemical classes will enhance FPro’s ability to model the food
matrix by capturing, for example, the cell wall transformations induced by food processing.
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3. THE DARK MATTER OF NUTRITION

Nineteenth-century research on the caloric content of foods by chemist Wilbur Olin Atwater
evolved with the recognition that food provides not only energy but also essential nutrients. This
finding led to a greater emphasis on the diversity of dietary patterns as key factors in promoting
overall health and well-being (48). In other words, food not only is a source of energy but also rep-
resents a complex mixture of nutrients and bioactive compounds that play multiple roles in health
and in diseases. Yet, our understanding of food composition continues to rely on USDA data re-
porting a core nutritional panel of 150 essential micro- and macronutrients, related primarily to
energy intake and metabolism, which comprise the concentrations of fatty acids, amino acids, sug-
ars, fibers, minerals, and vitamins. Since 2003, the USDA has also reported the flavonoid content
of selected foods, extending its main panel to 188 nutritional components. Although this infor-
mation has been transformative for nutrition, the list of chemicals currently tracked by the USDA
represents only a small fraction of the more than 139,000 chemicals present in food, many of
which have known health effects (Figure 6). For example, the 69 nutrients currently documented
by the USDA SR Legacy database for raw garlic include vitamins such as ascorbic acid (vitamin C)
and essential amino acids such as alanine.However, it does not track important organosulfur com-
pounds such as allicin and ajoene, which underlie the cardioprotective and antimicrobial effects
of garlic, or the polyphenol p-coumaric acid, which protects against carcinogenesis and inflamma-
tion.These three bioactive compounds are only a few examples from the 6,802 small molecules we
recently documented in raw garlic, many of which are secondary metabolites acting as the plant’s
chemical defense against stressors such as predators and extreme weather conditions. This finding
prompted us to define the DMN in 2019, helping us acknowledge the exceptional number of food
compounds largely overlooked by epidemiological studies (13).

Figure 6

The dark matter of nutrition. The United States Department of Agriculture (USDA) has systematically
measured 188 nutritional components that encompass essential micro- and macronutrients related primarily
to energy intake and vitamin deficiencies. Although this knowledge has been transformative for the health
sciences, these nutritional components represent only a fraction of the more than 139,000 chemicals we have
collected, many of which have documented effects. For example, the 69 nutrients documented by the USDA
Standard Reference Legacy database for raw garlic include vitamins such as ascorbic acid and amino acids
such as alanine but miss important bioactive compounds such as allicin, ajoene, and p-coumaric acid. The
number of health effects/bioactivities documented in FooDB is shown for each compound.
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Efforts to develop multiple systematic steps of data integration and disambiguation, which
allowed us to combine annotations from the specialized scientific literature (59), mass spectrom-
etry repositories (see https://www.ebi.ac.uk/metabolights), mass spectrometry experiments,
aggregated composition databases (124, 157; see http://foodb.ca), and genomics and pathway
predictions (111), resulted in a library of more than 139,000 small molecules linked to food. Per-
haps not surprisingly, many of these compounds have physicochemical properties similar to those
of pharmaceutical drugs (molecular weight≤1,000Da); however, the underlyingmolecular mech-
anisms through which the DMN affects human health remain largely unexplored. Consider, for
example, dietary polyphenols, a wide class of plant secondary metabolites, that are not engaged in
metabolic processes of anabolism and catabolism endogenous to humans. Rather, they (a) display
anti- or pro-oxidant activity by binding to proteins (38), (b) modulate cellular signal transduction
pathways via a process of cross-kingdom signaling (81, 108), and (c) interact with the metabolism
of gut bacteria (20). Currently, the USDA SR Legacy database contains only 38 nutritional mea-
surements on polyphenol concentrations, limiting our ability to identify foods rich in protective
molecules such as rosmarinic acid (RA) (38), a polyphenol that exerts an antithrombotic effect by
binding to and inhibiting human proteins involved in platelet activation (see Section 4).

Despite our efforts to map out the DMN, the collected food composition data remain highly
uneven and incomplete, largely missing concentrations. In the following subsections, we discuss in
detail the completeness of current food composition data and explore howAI can fill this important
knowledge gap.

3.1. Data Resources for Food Composition

Numerous governmental agencies around the globe independently compile data on essential
nutrients vital for sustaining bodily functions. For example, EuroFIR (the European Food In-
formation Resource) integrates the national endeavors of a number of countries, compiling
compositional data for approximately 29,000 foods (76). Such databases offer comprehensive lists
of essential nutrients, often including average concentrations established through experimentation
adhering to AOAC (Association of Official Agricultural Chemists) guidelines or by comparison
with measurements reported in neighboring countries (5). These data sources encompass the full
spectrum of processing steps, spanning raw ingredients (e.g., apples), minimally processed items
(e.g., peeled apples), prepared dishes (e.g., apple pie), restaurant menu items (e.g., fast-food apple
fritters), and multiple variations of ingredients (e.g., Golden Delicious apples) (127).

The scale of these systematic endeavors is commendable; however, as our understanding of the
relation between theDMNand health expands, it becomes evident that these databases are incom-
plete, limiting our ability to investigate the connections between nutrition and well-being.While
suitable for energy considerations, the categorization of thousands of compounds into single en-
tries, as done for macronutrients, masks the health implications of individual compounds. This
gap inspired the creation of multiple food composition databases. For example, Phenol-Explorer
focuses on polyphenols in food (124),TOMATOMET compiles all (bio)chemicals in tomatoes (6),
KNApSAcK covers the composition of plant-based foods (2), and SuperNatural II gathers natu-
rally occurring compounds (9). The largest curation endeavor in this domain is the Dictionary of
Food Compounds (DFC), which reports around 41,000 (bio)chemicals (157). Overall, the array of
databases containing potential food composition data is vast and heterogeneous, each employing
unique criteria for including (bio)chemicals and food items and using varying nomenclature (such
as common plant names versus scientific names or different designations for compounds such as
ethanol and ethyl alcohol). This diversity makes it challenging to harmonize and integrate the
different data sources, requiring considerable time and resources (127).
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FooDB (see http://foodb.ca) offers themost extensive open-source initiative to aggregate food
composition data, leveraging the manual curation and integration of multiple publicly accessible,
specialized databases. FooDB supplements its data with inferences based on genomic and pathway
analyses of the source species. As of 2023, FooDB contained approximately 71,000 compounds.
Another aggregation database is COCONUT,which harmonizes data from 53 natural compound
databases for a total of 407,270 predicted compounds, although associations with food are re-
ported for only a fraction of them (135). Despite their invaluable contribution to the current
understanding of food composition, these databases remain uneven, sparse, and incomplete. In-
deed, of the 71,000 compounds in FooDB, more than 50,000 are inferred, and nearly 46,000 of
them are lipids.Consequently, only a handful of (bio)chemicals have been experimentally detected,
with even fewer reported concentrations. For example, in the case of soft-necked garlic, FooDB
lists 4,250 (bio)chemicals, but only 282 of them have been experimentally detected, and concen-
trations have been reported for just 89 (bio)chemicals sourced from USDA databases (127, 50; see
https://phytochem.nal.usda.gov).

3.2. Artificial Intelligence–Driven Knowledge Extraction
from Scientific Literature

A wealth of knowledge about the (bio)chemical composition of foods is scattered throughout
the vast scientific literature. Indeed, many articles report detected (bio)chemicals and changes in
their concentrations according to diverse agricultural, cultural, and regional food cultivation and
preparation practices (raw, cooked, processed, or as components of culinary recipes). This abun-
dant information is not currently covered in databases, given the variability in reporting methods,
journal formats, and author preferences.

Creating and curating composition databases from the scientific literature are substantial tasks,
ranging from the identification of pertinent articles to information extraction—a process that
frequently relies onmanual labor with solid domain knowledge.Due to these limitations, databases
such as DFC become outdated, subsequently impacting aggregation databases such as FooDB,
which heavily relies on DFC’s last update in 2012.

To address these challenges, Hooton et al. (59) employed an ML pipeline to identify relevant
literature on garlic and cocoa. Following manual extraction of data from 77 garlic-related papers
and 93 cocoa-related papers, their findings revealed substantial gaps within FooDB, which was
missing 48% of garlic-detected compounds and 72% of cocoa-detected compounds. Additionally,
approximately 70% of all compounds documented in the literature were quantified, more than
doubling the number of quantified compounds reported in FooDB. This study showed, by au-
tomating collection, assessment, and extraction, that ML is well suited for enhancing information
quality and accessibility.

With more than a million research papers published each year (151), the sheer volume
of scientific literature makes the manual curation of papers containing composition informa-
tion unfeasible. ML, by contrast, can efficiently identify food-related papers by leveraging
well-established domain dictionaries, taxonomies, and ontologies for foods and (bio)chemicals.
Algorithms take as input comprehensive lists of relevant terminology: For chemical compounds,
PubChem (see https://pubchem.ncbi.nlm.nih.gov), ZINC (66), ChemSpider (118), and Med-
ical Subject Headings (MeSH) trees (see https://www.nlm.nih.gov/mesh) provide names and
synonyms, while FoodBase (120), FoodEx2 (43), and FoodOn (39) offer food-related terminol-
ogy. Each paper scored with probable composition information can then be evaluated through the
use of supervised classifiers, such as neural networks, XGBoost, and random forests, to prioritize
articles for data extraction. In themining phase, each paper with pertinent information contributes
to a data set reporting details on food composition.While manual extraction is common,ML can
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assist in this process (142), suggesting that in the near future ML models may be able to reduce
manual curation efforts.

Integrating self-attention mechanisms, a core component of large language models (LLMs)
such as OpenAI’s ChatGPT, into supervised ML frameworks can significantly improve the ac-
curacy and efficiency of extracting food composition data from scientific texts. Self-attention, a
technique that allows models to weigh the importance of different words in a text relative to each
other, can be applied to better identify and extract relevant information from dense academic arti-
cles. By using self-attention withinML frameworks, themodels can focus on key terms and context
around biochemical compounds and nutritional data, enhancing the precision of data extraction
from a wide array of scientific publications. For example, FoodNER demonstrated a high rate
of success in detecting food-related papers (139), while BuTTER was able to extract food com-
position information from unstructured Wikipedia text (25). These advances in ML-based data
mining, and the unfolding revolution in LLMs, promise to offer a comprehensive (bio)chemical
description of food items for use in future health studies.

3.3. Unveiling Food Composition with Mass Spectrometry

Much as genomic sequencing revolutionized genetics by revealing the sequence of entire genomes,
we need a robust experimental approach to unveil the complete (bio)chemical composition of
each food. Metabolomics employs untargeted techniques to reveal a comprehensive array of
(bio)chemicals within food as well as targeted techniques to assess the concentration of com-
pounds of interest. Untargeted techniques offer a high-resolution profile of food constituents by
combining results from multiple platforms sensitive to specific physical properties. Each platform
involves three key steps: extraction, which isolates select metabolites; separation, which separates
metabolites according to structural differences using chromatography; and detection, which ob-
tains spectra for each structure using mass spectrometry (127) or nuclear magnetic resonance
spectroscopy.

Over the past 20 years, metabolomics has consolidated around three core platforms. First, gas
chromatography–mass spectrometry detects a wide range of metabolites, including amino acids,
carbohydrates, fatty acids, and their derivatives (and has been an established method for the de-
tection of certain lipids for many years). Second, hydrophilic interaction chromatography–mass
spectrometry (HILIC-MS/MS) identifies polar compounds, such as biogenic amines, nu-
cleotides, and peptides. Third, reverse-phase–mass spectrometry (RP-MS/MS) detects nonpolar
compounds, including lipids, fatty acids, and carotenoids (127).

Other emerging platforms cater to specific compound classes, such as phenolics or complex
sugars. For example, a pentafluorophenylpropyl matrix (column) has been used by nutritional
metabolomics to detect flavonoids, coumarins, anthocyanins, and terpenes. However, no single
platform can capture the complete list of chemical compounds present in food. Moreover, untar-
geted metabolomics is not quantitative; the concentrations of the detected compounds are relative
to the other compounds within the sample, expressed as a ratio to the total ion current or to the
sum of all detected metabolites (136). In order to address this limitation, additional experiments
such as targeted metabolomics must be performed to determine absolute concentrations.

3.4. Artificial Intelligence–Based Spectra Annotation

Untargeted metabolomics has made significant strides in annotating several hundreds of com-
pounds within a single experiment, often surpassing the resolution of existing databases.However,
the number of annotated compounds remains relatively low. Indeed, approximately 80% of the
peaks identified in RP-MS/MS and HILIC-MS/MS spectra remain unannotated (28, 108),
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leaving numerous compounds undetected. The nature of these unannotated peaks remains a
subject of ongoing discussion within the metabolomics community; it is still unclear whether
they represent novel, undetected metabolites or adducts (modified versions of known metabo-
lites). More recently, studies indicate that approximately 50% of these unannotated peaks may
correspond to unknown metabolites (67, 140).

The gold standard for annotation involves comparing sample spectra with reference stan-
dards obtained from pure compounds with well-defined chemical structures and analyzed on
the same instrument. Yet, most metabolomics centers offer gold standards for only a limited set
of (bio)chemicals due to the high cost of maintaining extensive reference standard libraries. To
increase the number of annotated compounds, centers rely on spectra-matching programs that
compare sample spectra with extensive repositories of previously obtained spectra from sources
such as METLIN (METabolite LINk) (134), MoNA (MassBank of North America), NIST (Na-
tional Institute of Standards and Technology) Standard Reference Data, and GNSP (Global
Natural Products Social Molecular Networking) (152). While this method significantly in-
creases the number of annotated compounds, the outcome is biased toward well-studied chemical
structures with known spectra.

To determine the strengths and weaknesses of current mass spectrometry annotation tools,
we initiated a systematic experimental study (see https://www.metabolomicsworkbench.org/
data/DRCCMetadata.php?Mode=Study&StudyID=ST002493) of five plant-based foods (ap-
ple, basil, lettuce, strawberry, and tomato), engaging with a state-of-the-art laboratory (UCDavis)
that uses different methods and annotation approaches. These efforts successfully annotated
871 peaks in HILIC-MS/MS while leaving 3,823 unannotated; annotated 637 peaks in RP-
MS/MS while leaving 2,771 unannotated; and provided 918 annotated peaks in pentafluo-
rophenylpropyl together with 18,979 unannotated peaks. This pilot study documented the rich
layer of information that can be captured by mass spectrometry, yet it also showed that more
than 20,000 peaks in these five foods remain unannotated, concealing much information about
their chemical composition and demonstrating the severe limitations of single-spectra peak-based
matching annotation methodologies.

ML offers the promise of fundamentally changing spectral annotation. First, ML models can
generate predicted spectra, termed in silico spectra, for compounds with no experimental spectra.
MS-FINDER, for example, utilizes fragmentation rules and training on spectral repositories to
predict the breakdown of chemical compounds in mass spectrometry experiments, thereby pro-
viding valuable in silico spectra that enhance sample annotation (148). Second, ML algorithms
can generate predicted structures using peaks from sample spectra. SIRIUS, for example, trains
on spectral repositories to capture the relation between chemical substructures and fragmenta-
tion patterns (41). Combining this knowledge with graph-based algorithms delivers fully resolved
chemical structures. Both SIRIUS and MS-FINDER were successful in annotating compounds
missing from spectral repositories, particularly plant secondary metabolites that are often over-
looked (89). Despite their success, numerous metabolomics centers remain hesitant to adopt these
annotation tools due to concerns about varying annotation quality, which can affect the nature and
reliability of the results.

Recent developments in natural language processing transformers could overcome single-
spectra peak-based matching by leveraging the information encoded in the full spectra corpus
and reinforcing the learning task with food composition data captured by the DMN. Indeed,
transformer-based deep learning strategies excel at language translation tasks, which provides a
useful analogy for metabolomics annotation. In this framework, the spectra language represents
words formed by peaks, while compound language corresponds to words made up of substruc-
tures (127). MassGenie has showcased the validity of this approach by generating a candidate list
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of chemical structures through peak translation for a subset of chemicals in ZINC (66, 132). Yet,
adapting this approach to annotate food composition at scale presents a pressing challenge await-
ing resolution. It is, however, a necessary step if we wish to understand the molecular mechanisms
through which diet affects health, as we next discuss.

4. A NETWORK MEDICINE FRAMEWORK FOR PREDICTING
THE THERAPEUTIC EFFECTS OF FOOD MOLECULES

Network medicine is a post-genome discipline that highlights the pivotal role of molecular inter-
actions in understanding, preventing, and treating diseases (12, 86). The resulting set of network
methodologies developed since 2015 can help identify functional pathways tied to specific pheno-
types and diseases (131), pinpoint potential drug targets, highlight drug repurposing opportunities
(30, 117), and identify effective drug combinations (31, 56). This framework, initially focused on
drugs, can be readily extended to food compounds within the DMN, identifying food-derived
molecules that can affect specific diseases (38, 108), as well as shedding light on the diverse
mechanisms of action that food molecules leverage to modulate health and homeostasis. Ul-
timately, network medicine can provide evidence for causal diet–health associations and help
identify the specific molecular pathways underpinning epidemiological observations. A system-
atic characterization of these biological pathways could also reveal molecular scaffolds in classes
of foodmolecules that evolved as preferred protein–ligand bindingmotifs,making them invaluable
sources of inspiration for drug design (108).

4.1. Mechanisms of Action for Food Molecules

The human interactome or protein–protein interaction network (PPI) is a vast subcellular network
that catalogs all known physical and regulatory interactions among human proteins, serving as an
important resource for understanding disease mechanisms and facilitating drug target discovery
(14, 94).While the current map of the interactome remains incomplete, it captures 354,659 phys-
ical interactions (mainly binding) between 18,659 proteins (63, 87, 91). Many disorders, such as
coronary artery disease (CAD) and its endotypes, represent perturbations on the PPI, which con-
gregate in localized disease modules or therapeutic areas (52, 94). In the network space, these
disease modules tend to be proximal to modules of comorbid diseases, such as cerebrovascu-
lar disease, or to subnetworks of endophenotypes, such as inflammation (53) (Figure 7). Similar
functional modules or subgraphs are observed in the interactome for epigenetic factors, includ-
ing proteins that recognize and covalently modify DNA, RNA, and histones (93) and proteins
involved in common drug side effects such as electrocardiographic QT interval prolongation and
drug-induced asthma (112).

Drugs whose protein targets are in the network neighborhood of a specific disease module are
likely to show efficacy as treatments for the disease and for comorbid pathologies (Figure 7). We
can apply a similar framework to food molecules by investigating the network proximity of their
targets to known therapeutic areas and functional modules. This approach has shown promis-
ing results in elucidating the mechanisms of action of polyphenols and other plant secondary
metabolites (38, 108).

To illustrate the fundamentals of network medicine in its application to food (bio)chemical
analysis, consider sulforaphane (SF), an isothiocyanate common in broccoli and cruciferous plants
that is produced from the glucosinolate glucoraphanin upon injury and stress to the plant. De-
spite its well-documented anticarcinogenic properties (70, 84), its known therapeutic effects in
CVD and type 2 diabetes mellitus throughNRF2 pathway activation (21, 46), and its epi-bioactive
properties (73, 92), national food composition databases do not track SF.
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Disease 1

Disease 2

Protein
Food molecule
Disease 1 protein
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Figure 7

The network medicine framework. The human interactome is the sum of all experimentally validated
physical interactions (links) between proteins and transcription factors (nodes). Proteins linked to a specific
phenotype or disease congregate in well-defined regions of the human interactome, forming disease modules
(red, yellow). By binding to human proteins, both drugs and food molecules can perturb the cellular network,
resulting in therapeutically beneficial local changes. Understanding which food molecules target the
interactome could offer potential pathways for the discovery of food-based therapeutic interventions.

By scanning publicly available databases reporting the bioactivities of compounds in human
assays, such as PubChem (see https://pubchem.ncbi.nlm.nih.gov/), DrugBank (see https://go.
drugbank.com), BindingDB (85), ChEMBL (95), the Comparative Toxicogenomics Database
(36), Drug Target Commons (143), and STITCH (80), we found that SF has 58 experimental
binding protein partners. These targets are not randomly scattered on the interactome but, rather,
create a cluster of 49 proteins that form a large connected component (LCC), the size of which
shows statistical significance as a unique cluster (z score = 2.82 by degree-preserving randomiza-
tion) (Figure 8a). While the creation of large clusters is not typical of synthetic drug targets, this
finding is in agreement with observations by do Valle et al. (38) for the targets of 23 polyphenols
(Figure 9).

Epidemiological evidence for the role of SF as a modulator of inflammatory processes, epige-
netic mechanisms, and CAD is well supported by the network-based distance or proximity of SF’s
targets to proteins involved in these functional modules. This metric accounts for the shortest
path lengths between the set of target proteins of a (bio)chemical (T ) and proteins involved in a
specific therapeutic area (S):

dc(S,T ) = 1
||T ||

∑
t∈T

min
s∈S

d(s, t ). 2.

The significance of the observed proximity, dc(S,T ), is quantified through a z score calculated by
reiterating the same metric 1,000 times, while selecting random subsets of proteins of the same
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Figure 8 (Figure appears on preceding page)

The network neighborhood of sulforaphane’s targets in the protein–protein interaction network. (a) Network neighborhood of
sulforaphane’s largest connected component comprising 49 targets, surrounded by 9 additional isolated targets. Green indicates both
sulforaphane’s targets and the binding links connecting them. Gray indicates proteins close to sulforaphane’s targets. (b–d) Within the
same region of the interactome are proteins belonging to the modules of inflammation (magenta), epigenetic modifiers (blue), and
coronary artery disease (gold). Proteins that are both sulforaphane’s targets and associated with a therapeutic area are filled with the
color of the selected therapeutic area, while their border is colored green.

size and with a compatible number of interacting protein partners. The more negative the z score
is, the stronger the predicted effect will be.

We identified the proteins contributing to the modules for inflammation (INFLA), epige-
netic modifiers (EPM), and CAD by leveraging high-confidence annotations fromDisGeNet (see
https://www.disgenet.org), Open Target Platform (78), Phenopedia (158), and Epi-Factor (7).
All three groups of proteins are well localized on the PPI, as quantified by the significance of their
LCCs: LCCINFLA = 519 proteins (z score = 11.79), LCCEPM = 708 proteins (z score = 8.89),
and LCCCAD = 837 proteins (z score = 6.32). Figure 8b and d zooms in on subregions of these
therapeutic areas that are most proximal to SF’s targets, visualizing the pathways in the interac-
tome that are most likely responsible for the therapeutic effects of SF. SF’s targets are significantly
proximal to all three therapeutic areas: z scoreINFLA(SF) = −4.21, z scoreEPM(SF) = −3.21, and
z scoreCAD(SF) = −3.29.

Network medicine predictions have uncovered novel mechanisms of action for several small
molecules, and many of these mechanisms have been validated experimentally (38, 117). For ex-
ample, the targets of RA (Figure 10a), a polyphenol common in many culinary herbs such as
rosemary and sage, are within the interactome neighborhood of vascular diseases as they are in
close proximity to proteins related to platelet function. Specifically,RA’s target FYN and the vascu-
lar disease proteins associated with platelet function (PDE4D,CD36, and APP) create a connected
component (Figure 10b). In vitro experiments revealed that, indeed, RA inhibits collagen-
mediated platelet aggregation (Figure 10c) and α-granule secretion (Figure 10d) through
inhibition of protein tyrosine phosphorylation via its interaction with FYN.

4.2. Target Prediction for Food-Based Small Molecules

The use of network medicine as an effective platform for investigating the health effects of food-
based molecules requires a comprehensive mapping of the protein–ligand interactions associated
with each dietary compound. While databases such as DrugBank, BindingDB, and ChEMBL
report such interactions, they primarily catalog drug targets. Interactions involving dietary
compounds have been relatively understudied, limiting our ability to explore their biological role.

The need for accurate protein–ligand predictions extends beyond dietary research—it is
equally critical for the pharmaceutical industry. The ability to screen large libraries of food com-
pounds with standard computational resources is a prized asset among scientists.Consequently,we
established a standardized workflow combiningML and molecular docking algorithms to forecast
protein binding for small molecules (27). In this workflow,MLmodels such as AI-Bind (27),Trans-
DTI (71),MolTrans (62), and DeepPurpose (61) are trained on binding interaction databases such
as DrugBank and BindingDB. Subsequently, docking algorithms such as AutoDock Vina (147),
Schrödinger Glide (57), and rDock (125) are used to analyze a prioritized list of protein–ligand
pairs to predict the binding locations of molecules and estimate their protein binding affinities.
We have shown (27) that combining ML and docking simulations can successfully and efficiently
predict binding between food compounds and proteins.

The predicted binding annotations derived from such ML–docking pipelines are invaluable
for network medicine, revealing potential health effects of (bio)chemicals when knowledge of

www.annualreviews.org • Decoding the Foodome 277
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Figure 9 (Figure appears on preceding page)

The protein–protein interactions of polyphenol targets for 23 polyphenols forming connected components in the interactome (protein
targets retrieved from STITCH). For instance, piceatannol targets constitute a single connected component comprising 23 proteins,
whereas quercetin targets form several connected components, with the largest consisting of 140 proteins. Polyphenol targets
disconnected from other targets are omitted from the visualization. Different colors are used to denote connected components
associated with different polyphenols. Figure and caption adapted from Reference 38.

interactions is limited. Moreover, the increasing availability of high-performance computing
systems, such as the near-exascale Sierra System at Lawrence Livermore National Laboratory,
promises to accelerate the exploration of the food (bio)chemical–proteome space (40).

4.3. Combinatorial Mechanisms of Action of Food Molecules
and Comparison with Drug Combinations

Dietary compounds are never consumed in isolation; instead, they enter the body as complex
mixtures of numerous (bio)chemicals. Consequently, their impact on human health is not isolated
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RA modulates platelet function. (a) Chemical structure of RA, a flavonoid commonly found in plants such as
Perilla frutescens L., Rosmarinus officinalis L., andMelissa officinalis L. (b) Interactome neighborhood
illustrating RA targets alongside the RA/VD platelet module, a connected subgraph composed of the RA
target FYN and the VD proteins linked to platelet function (PDE4D, CD36, and APP), as well as the
receptors for platelet agonists used in the experiments (collagen/CRPXL, TRAP-6, U46619, and ADP).
(c,d) PRP or washed platelets were pretreated with RA for 1 h before CRP (CRPXL, 1µg/mL) or U46619
(1µM) stimulation, followed by assessment of (c) aggregation or (d) α-granule secretion. Abbreviations: CRP,
collagen-related peptide; PRP, platelet-rich plasma; RA, rosmarinic acid; VD, vascular disease. Panels b, c,
and d and caption text adapted from Reference 38.
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but rather occurs in conjunction with other bioactive compounds within the food matrix. Net-
work medicine not only predicts therapeutic applications for individual chemicals but also helps
assess the simultaneous action of multiple compounds potentially pursued as combination ther-
apies. For example, Cheng et al. (31) found that drugs that are effective in combination tend to
target nonoverlapping pathways within the same disease module. In contrast, drugs with adverse
reactions when used in combination tend to have targets that are proximal to one another within
the disease module, affecting overlapping pathways (112). Note, however, that while the proxim-
ity of drugs to disease modules holds predictive value for drug indications, the extent of overlap
in drug modules alone falls short in quantifying compatibility in terms of efficacy. This ambigu-
ity likely arises from unaccounted-for pharmacodynamic factors, encompassing dose-dependent
effects influenced by the presence of multiple bioactive molecules with varying concentrations,
and alterations in the binding landscape of drugs, resulting from direct competition for targets or
secondary perturbations of the PPI (108).

While drugs and dietary compounds share similarities as small molecules, protein targets for
drugs are highly specific and are deliberately designed to limit associations and mitigate poten-
tial side effects. In contrast, natural compounds in food exhibit greater target promiscuity and
structural redundancy, binding to a broad pool of shared targets that perturb similar biological
pathways with concentrations that span several orders of magnitude and thereby adding a layer of
complexity to the assessment of compatibility.

Recent experimental advances, exemplified by Elgart & Loscalzo’s (45) technique for exam-
ining local drug combinations, offer the prospect of assessing an extensive array of chemical
combinations within a single-cell culture by establishing independent transient chemical gradi-
ents across the culture. This approach promises to provide insights into how the concentrations
of various combinations of food (bio)chemicals, as observed in different dietary patterns, perform
in comparison to a broader spectrum of potential concentration scenarios, as well as how to do so
efficiently.

5. CONCLUSIONS AND FUTURE DIRECTIONS

In this review, we have explored the current state of knowledge on the detailed network science
and AI-based molecular composition of food and its effects on health. We have highlighted the
challenges and opportunities for improving the quality and accuracy of food chemical composition
data, as well as the applications and limitations of various methods for analyzing and predicting
the health effects of food molecules. We believe that high-resolution food composition is a vital
prerequisite of nutrition science and that further efforts are needed to enhance its reliability,
accessibility, and coverage, with the ultimate goal of capturing all small molecules with potential
bioactivity.

LLMs such as GPT-3.5 and GPT-4 have revolutionized our everyday life thanks to their as-
tounding adaptability to a wide range of tasks, from generating poems to copyediting an essay.
Their strength lies in extensive training on data rich in signals, enabling them to generate advanced
insights by inferring latent structures. For example, after processing several petabytes of text, chat-
bots such as ChatGPT andMicrosoft Copilot can engage in elaborate conversations across a broad
spectrum of topics. Similarly, text-to-image models such as DALL-E and Midjourney, trained on
billions of images, can create unique pictures from a simple text prompt.

Since their introduction in 2018, LLMs have seen a significant growth in both parameters
and functionalities (e.g., GPT-4 has more than 100 trillion parameters and has the ability to han-
dle both text and images) (19). The numerous parameters learned during training include text
embeddings, which act as high-dimensional vectors capturing the semantic meaning of words,
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and attention weights, which determine the relationships between words and how they should be
translated into output text.

Beyond human language, a remarkable long-term opportunity for LLMs entails the language
of biology (146). Indeed, recent efforts such as ESM-2/ESMFold from Meta have shown that
LLMs trained on amino acid protein sequences have a remarkable ability to predict the protein
tertiary structure and to identify key amino acids that will affect the folding (23). Furthermore,
GeneFormer, trained on 30 million single-cell expression data, can predict processes related to
network medicine (144). Note, however, that LLMs can hallucinate by generating sensible output
that is detached from reality. Yet, with proper validation and active learning, hallucinations could
help design novel proteins, as pioneered by the ProGen algorithm (15, 88).

LLMs could also be applied to the molecular fingerprints characterizing drugs and food
molecules, with the objective of modeling as complex sentences the combinatorial effects of com-
pound mixtures present in food. Furthermore, LLMs trained and tuned on combined information
from mass spectra, food composition, and species taxonomy could boost the annotation of mass
spectra by embedding ingredients with similar chemical composition and genomic profile close to
one another, as sentences with a similar meaning. The availability of considerable computational
resources and curation of large-scale repositories of food composition data and mass spectra will
be essential in order to include nutrition in the ongoing LLM scientific revolution.We hope that
this review will stimulate more interest and collaboration among researchers, practitioners, and
policy makers in advancing the mapping of the DMN, helping us unveil the precise role each food
molecule plays in our health, and leading to novel drugs and therapies.
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