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Nutrient concentrations in food display universal
behaviour
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Extensive programmes around the world endeavour to measure and catalogue the composition of food. Here we analyse the
nutrient content of the full US food supply and show that the concentration of each nutrient follows a universal single-parameter
scaling law that accurately captures the eight orders of magnitude in nutrient content variability. We show that the universality
is rooted in the biochemical constraints obeyed by the metabolic pathways responsible for nutrient modulation, allowing us to
confirm the empirically observed scaling law and to predict its variability in agreement with the data. We propose that the natural nutrient variability in food can be quantitatively formalized. This provides a mathematical rationale for imputing missing
values in food composition databases and paves the way towards a quantitative understanding of the impact of food processing
on nutrient balance and health effects.

U

niversality, a concept rooted in statistical physics1, captures
the observation that measurable macroscopic features can
emerge from the interactions of a large number of individual
components, features that cannot be reduced to the properties of
single elements2. The food we eat, be it ingredients consisting of
simple plant or animal products or dishes mixing multiple ingredients, carries thousands of chemicals, whose concentrations remain
unquantified in most foods3–5. Yet, chemical concentrations in food
are modulated by a densely wired biochemical reaction network6,
suggesting that the concentrations of individual components may
follow common patterns, governing their expected values as well as
the extent of their fluctuations across the food supply.
In the past few decades, the US Department of Agriculture
(USDA) and national departments of agriculture and health worldwide7 have devoted major efforts to systematically quantify and tabulate about 100 chemicals present in food, mostly macronutrients
and micronutrients necessary to maintain a healthy diet or compounds associated with adverse effects on health. Naturally, there
is well-documented variability in nutrient concentrations, depending on the growth conditions, source and time of measurement, and
variability induced by cooking and processing, changes that are also
captured and reported in these databases. As we show next, despite
these inherent differences, all innate nutrient concentrations follow
a universal distribution across the food supply, a finding with implications for nutrient access.

Results

Our work relies on the hypothesis that nutrient distributions across
the food supply emerge as macroscopic features of the biochemical
reaction networks characterizing living organisms. Hence, they may
exhibit universal features. Leveraging food composition data collected by the USDA and kinetic constants from BRENDA8, we show
how nutrients display a consistent statistical behaviour, predictable
from biochemical first principles.
Formalizing the nutrient composition of food. The food supply,
representing the full inventory of all foods available for human consumption, along with their nutritional content, plays an important

role in determining an individual’s nutrient exposure. This information is captured in the matrix Fnd, representing the amount of
nutrient n in 100 g of any ingredient (or composite food or drink
product) d. For instance, Fn,apple tells us that the consumption of 100 g
of raw apple delivers 52 nutritional components, including 10.39 g
of sugars, 0.107 g of potassium and 0.0075 g of (−)-epicatechin, a
polyphenol (Supplementary Section 1). Overall, as shown in Fig. 1a,
the range of chemical concentrations present in raw apple shows
remarkable variability, spanning eight orders of magnitude, from
vitamin K (2.20 × 10−6 g) to water (85.56 g).
Given the wide range of food and drinks available to the consumer in grocery stores and restaurants and their home-cooked
variants, a key determinant of nutrient exposure is the probability
P(xn) that an individual (or a population) is exposed to xn grams of
nutrient n in a randomly consumed dish:
P (xn ) = (1 − pn ) δ (xn ) + pn Q (xn ) .

(1)

Here pn is the probability that nutrient n is present in a random dish, and Q (xn ) is the probability that the selected item carries xn grams of nutrient n9,10. For instance, pn = 0.9859 for zinc, as
the mineral is present in 98.59% of all foods, while for hesperetin
(a flavonoid produced by the secondary metabolism of citrus and
orange), pn drops to 0.0446. The probability Q (xn ) plays a fundamental role in nutrient exposure11, capturing the food source variability of nutrient n available to the population. Indeed, individuals
sample foods from the food supply according to their dietary pattern, and a precise description of Q (xn ) is instrumental to quantify
how nutrient intake varies in the population and the likelihood of
observing extreme values and deficiencies12. Yet, neither nutritional
science nor food chemistry offers guidance on its expected statistical
distribution in food composition databases. This lack of knowledge
is rooted in the complexity of the biochemical processes that modulate specific nutrients in individual staple ingredients at the origin of
the food supply, as well as the phylogenetic diversity of food. Some
nutrients, such as polyphenols, are only synthesized by the secondary metabolism of plants, while amino acids and simple sugars
are present in all food but come in concentrations that are highly
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Fig. 1 | Nutrient composition of food. a, The consumption of 100 g of raw apple delivers 52 nutritional components, whose amounts (measured in grams)
span eight orders of magnitude. The “Apple, raw” food code 63101000, in the FNDDS database, captures the average apple by combining a variety of
samples. We ranked the nutrients in apple in ascending order of concentration. b, The concentrations of thiamin (a vitamin) and zinc (a mineral) in
five different foods in the food supply, representing the amount of nutrient n in 100 g of the respective ingredient. c,d, For thiamin (c) and zinc (d), we
calculated Q (xn ) using equation (1) and show the distribution on a logarithmic scale. Each symbol represents a histogram bin, and we highlight in different
colours the bins that contain the foods shown in b.

organism specific. Hence, the mathematical formulation of Q (xn ) is
expected to depend greatly on the specific nutrient class (fatty acids,
sugars, minerals, vitamins or flavonoids) and whether it is part of a
plant’s central or secondary metabolism. Despite these remarkable
differences, the variability of nutrients across foods follows common
patterns, captured by similarly shaped Q (xn ) (Fig. 1b–d).
A universal scaling law for nutrient content. To characterize the
variability of nutrient content across the food supply, we measured
376

Q (xn ) for 99 nutrients whose concentrations in 4,889 foods are
profiled by the USDA and reported by the National Health and
Nutrition Examination Survey (NHANES)9,10. (See Supplementary
Section 1 for a description of the different food databases curated
by the USDA. The limitations of these data sources are discussed
in Supplementary Sections 2 and 3, and for robustness checks, we
verified the validity of our findings for raw vegetables and fruits
(Supplementary Section 4), for composite dishes (Supplementary
Section 5) and in independent datasets (Supplementary Section
Nature Food | VOL 3 | May 2022 | 375–382 | www.nature.com/natfood
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6), and we explored the role of sample variability (Supplementary
Section 7)). Here we define as nutrients all chemicals catalogued by
national food composition databases, whether they refer to unique
chemicals (such as vitamin C) or aggregate measures (such as total
fat or total sugar). We kept all nutrients measured in g, mg or μg,
dropping “Energy”, “Folate, DFE” and “Vitamin A, RAE”, resulting
in 99 nutrients, converted to grams. In Fig. 2a, we show the measured Q (xn ) for thiamin (a vitamin), zinc (a mineral), gadoleic acid
(a fatty acid) and total protein, capturing the distribution of these
nutrients across all food in our database. Interestingly, we find no
evidence of the expected diversity and nutrient specificity—rather,
each nutrient, independent of its chemical class, has a remarkably
similar Q (xn ). A closer inspection of Fig. 2a indicates that Q (xn )
obeys three robust patterns that ultimately help us unveil its functional form:
(1) Constant standard deviation:
deviation of Q (xn )
√⟨ The standard
2⟩
in the log space, sn =
(log xn ) − ⟨log xn ⟩2 , capturing the
variability of nutrient n across all foods, appears to be the same
for each of the four nutrients. This suggests that the degree of
variability in nutrient content across all foods is independent of
the nutrient concentration. To see if this is true beyond these
four nutrients, we measured sn for all nutrients, and we found
that, despite the eight orders of magnitude spanned by nutrient
concentrations, the standard deviation sn is remarkably constant, fluctuating near sn = 1.66 ± 0.39 (Fig. 2b).
(2) Symmetry: Fig. 2a indicates that Q (xn ) is symmetric in the
logarithmic scale. To see if this is indeed the case, we measured the logarithmic skewness of Q (xn ) for all nutrients, whose
value is zero for any symmetric distribution and positive (negative) for right (left) tailed distributions. We find the empirically
observed skewness to be approximately zero for each nutrient
(Fig. 2c), confirming the symmetric nature of Q (xn ).
(3) Translational invariance: On a logarithmic scale, the four Q (xn )
appear to be identical but shifted horizontally, a pattern mathematically described as translational invariance in the log space.
Formally, this implies that under the scale transformation
x
Q( n )
x′ = cx, the probability distribution rescales as Q (x′n ) = c c .
We tested the validity of this hypothesis, finding that under a
horizontal shift of each curve in Fig. 2a (corresponding to the
rescaling yn = e⟨log(xn )−mn ⟩, the Q (xn ) for all nutrients collapse
on a single universal distribution (Supplementary Fig. 10a,b
and Supplementary Section 3b).
Taken together, the patterns (1)–(3) suggest the existence of a
single family of distributions that describes Q (xn ) for all nutrients.
Formally, these three patterns also exclude most well-known distributions, such as Gaussian, gamma, Weibull or Fréchet, as functional
candidates for Q (xn ), as these distributions formally violate at least
one of the three properties identified above (Supplementary Table
1). We find, however, that the log-normal family13
Q ( xn ) =

−
1√
e
xn sn 2π

(log xn −mn )2
2(sn )2

(2)

can account for all three empirical observations, as it is characterized by (1) a constant sn consistent with sn = 1.66 ± 0.39, (2) symmetry in the log space and (3) translational invariance. To test if
indeed equation (2) captures Q (xn ) we fitted this equation to each
of the 99 nutrients and used the Kolmogorov–Smirnov criteria to
compare the fit with several distributions that satisfy at least one
of (1)–(3). The analysis confirms that the log-normal equation (2)
offers the best approximation for Q (xn ) (see Supplementary Section
3 for additional statistical evidence).
Most important, the log-normal equation (2) makes a falsifiable
prediction for nutrient distributions. Indeed, the average concentraNature Food | VOL 3 | May 2022 | 375–382 | www.nature.com/natfood

tion μn and the standard deviation σn of nutrient n across all foods
connect to their counterparts in the log space, mn and sn in equation
sn 2
sn 2 √
(2), via μn = emn + 2 and σ n = emn + 2 esn 2 − 1, implying that
√
(3)
σ n = μn esn 2 − 1.

In general, equation (3) can describe rather complex σn functions, depending on the dependence of sn on μn. However, our finding that sn is independent of μn in food (Fig. 2b) implies that σn must
be linearly proportional to μn. To test this prediction, we plotted σn
as a function of μn (Fig. 2d), finding that despite eight orders of magnitude of differences in μn, we have σn ~ μn. Note that we observed
small deviations from the linear fit only at high μn, corresponding
to water, carbohydrate, total fat and total protein. These data points
represent cumulative rather than individual nutrient measures,
and their abundance is limited by the fixed mass (100 g), explaining why the corresponding σn reaches lower values at high μn (see
Supplementary Section 2 for a detailed statistical analysis).
As our primary source of nutrient measurements, we chose the
USDA, the authoritative source of food composition data in the
United States, considered the gold standard for measurement reliability among national food composition databases4,14. While Fig. 2
covers 99 nutrients catalogued by NHANES, we performed robustness checks by testing the validity of equations (2) and (3) for 184
nutrients in the extended panel of the USDA Standard Reference15,
108 nutrients catalogued by FRIDA16, and 498 polyphenols in
PhenolExplorer17 and FooDB18 (Supplementary Section 6), finding
that equations (2) and (3) accurately describe the concentrations of
all chemicals currently tracked in food. Leveraging the data provided by Foundation Foods19, we additionally tested the robustness of equations (2) and (3) when sample variability is included,
confirming our empirical findings and demonstrating that nutrient
fluctuations across different foods are distinguishable from sample
variability within the same ingredient and potential measurement
errors (Supplementary Section 7). These results indicate that the
eight orders of magnitude spanned by nutrient concentrations are
not driven by detection limits and the lack of sensitivity in nutrient profiling, but are rooted in the diversity of the physicochemical
properties20 of the nutrients and in the metabolic processes responsible for their modulation.
Taken together, we find that nutrient concentrations in the food
supply follow a single family of distributions that depend only on a
single parameter, the average concentration μn of nutrient n across
all foods. Equations (2) and (3) represent our main result, unveiling
the existence of a deep universality in nutrient composition in all
food. This raises a fundamental question: why do all nutrients follow a similar Q (xn )?
Biochemical origins of nutrient scaling. The majority of the nutrients in our diet are synthesized by living organisms21. Yet, the phylogenetic diversity of the plant and animal products constituting
our diet results in well-documented differences in their ability to
synthesize and modulate specific nutrients22, explaining the higher
concentrations of selected nutrients in some food groups. The finding that all nutrients follow a similar Q (xn ) leads to the hypothesis that the observed nutrient variability is not organism-specific
or pathway-specific, but it is rooted in the fundamental nature of
the biochemical processes responsible for nutrient production and
accumulation. Starting from this hypothesis, we next derive equations (2) and (3) from the elementary biochemical principles governing metabolic networks, allowing us to quantitatively link the
observed variability in nutrient concentrations to the experimentally determined kinetic constants of individual biochemical reactions. We first investigate the stochasticity characterizing nutrient
concentrations within the same cell and organism, and then move
on to identify the sources of nutrient variability across organisms23.
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Fig. 2 | The nutrient content across the food supply. a, The concentration distribution Q (xn ) for four nutrients across the 4,889 foods reported in
NHANES, 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. Similarly to Fig. 1c,d, each symbol represents a histogram bin. For the sake
of simplicity, we refer to monounsaturated fatty acid 20:1 with the common name of the most typical isomer (that is, gadoleic acid). b, The logarithmic
standard deviation sn of Q (xn ), representing the shape parameter of the distribution. We find that sn = 1.66 ± 0.39 (grey dashed line), largely independent
of the nutrient concentrations. c, Skewness of Q (xn ) in log space, measuring the asymmetry of the distribution. The fact that skewness fluctuates near
zero indicates that Q (xn ) is symmetric in log space. d, The dependence of the standard deviation, σn, on the average nutrient amount, μn. For each of the
99 nutrients, we calculated μn and σn across 4,889 foods consumed in NHANES. The plot indicates that σn = eα σ (μn ) β σ across eight orders of magnitude,
with βσ = 0.94(0.91, 0.97) and ασ = 0.56(0.38, 0.74), in line with prediction (3). For the statistical analysis of the fit, see Supplementary Section 2. In a–d,
nutrients clearly assigned to a unique standard chemical structure identifier (InChI) are represented by filled circles, and composite nutrients (for example,
total fat, protein and sugars) are shown as empty circles.
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Fig. 3 | Metabolic origins of nutrient scaling. a, We model the dynamics of a biochemical pathway at the steady state as a directed chain of i = 1, ... , N
metabolites, each reaction following Michaelis–Menten kinetics with constant KiM and maximal rate νimax catalysed at each step by an enzyme Ei.
We consider the influx of substrate molecules to the metabolic pathway to be a Poisson process with rate b. b, Choline biosynthesis pathway and the
associated enzymes in four different plants. In each organism, the pathway consists of the same set of reactions, but the reactions are catalysed by
different enzymes, characterized by different Michaelis–Menten constants KiM. A dash indicates that the enzyme is not reported in the corresponding
organism. c, We collected data for 93,692 experiments measuring
( KM)in BRENDA to quantify KM fluctuations for a fixed enzyme–substrate pair (Ei, Si)
across different organisms. The logarithmic standard deviation s KiM behaves similarly to the nutrient
( i )logarithmic standard deviation sn, an independent
measure
[ derived
( i )] from food composition databases. We illustrate the agreement between sn and s KM by plotting P(sn) for all nutrients, together
with P s KM for all pairs (Ei, Si) in BRENDA, and separately for eukaryotes, given their direct food relevance, finding that the three distributions are
indistinguishable. d, From the obtained 31,662 enzyme–substrate
pairs (Ei, Si) in BRENDA, we focused on the experimental measurements for the
)
( )
( same
enzyme
that p KiM is well approximated by the log-normal distribution in equation (6) with parameters m KiM and
)
( i ) across different eukaryotes,
( i finding
s KM . The bounded nature of s KM implies the collapse of equation (6) for different enzyme–substrate pairs (Ei, Si) on a single universal distribution
i
i
corresponding to the rescaling y = elog(KM )−m(KM ). The plot shows the functional collapse for five enzyme–substrate pairs characterized by different

orders of magnitude of the corresponding
KM. PDF, probability density function. e, The logarithmic standard deviation s(KM) in equations (6)–(8) is
( )
bounded, fluctuating around s KiM = 1.58 ± 0.57 (dashed line with grey bands), largely independent of the magnitude of KM. The observed value agrees
within the error bars with sn = 1.66 ± 0.39 (dashed-dotted line), capturing the variability of nutrient concentrations across all food. Foodborne chemicals
are represented by filled circles.

While the metabolic network is a complex crosslinked network
of chemical reactions, it can be decomposed into simpler motifs,
consisting of a linear array of metabolites linked by chemical reactions, connected to each other via converging pathways and diverging branch points24–26. The direction of each pathway is defined by
the energetics of the individual reactions. We model the dynamics of each biochemical pathway as a directed chain of i = 1, ... , N
metabolites, catalysed at each step by an enzyme Ei. Each reaction
follows Michaelis–Menten kinetics with constant KiM and maximal
rate νimax (Fig. 3a). This model allows us to analytically derive, at the
Nature Food | VOL 3 | May 2022 | 375–382 | www.nature.com/natfood

steady state (ss), the probability pss(ni) of observing ni molecules of
intermediate metabolite i. The calculations indicate that pss(ni) follows a negative binomial distribution:
ss

p (ni ) =

(

ni + KiM
ni

)

i

(ri )ni (1 − ri )KM +1 ,

(4)

where ri = νib is the likelihood of observing a metabolite Si not yet
max
bonded to enzyme Ei, and b is the incoming flux to the first reaction
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of the considered reaction chain. As we derive in Supplementary
Section 8, an equation similar to equation (4) describes linear pathways with reversible links and with feedback control, cyclic and
converging pathways, and even pathways in which flux conservation is violated27.
Under physiological conditions, the enzymes are not saturated
with substrates; hence, the ratio between substrate concentration
and KM is typically in the range of 0.01 and 1.0 (ref. 28), where under
saturation the ratio converges to infinity. This implies that typically
ni < KiM, in which case equation (4) can be approximated by the
Poisson distribution
(
)n
i
(5)
pss (ni ) ≈ n1i ! ri KiM i e−ri KM .
To derive equations (2) and (3), we are not interested in the variations of metabolite concentrations within the same organisms, as
captured by equation (5). Rather, we need to determine the distribution of ni across the many different organisms we consume. In this
case, the dominant source of variability is rooted in the different
Michaelis–Menten kinetic constants KiM, which can vary by several
orders of magnitude across organisms. As our ability to quantify the
variability of ri across organisms is currently limited by data availability, we replace ri with its average value across different organisms
(Supplementary Section 8).
The conservation and evolutionary modularity of metabolic
networks imply that when a metabolite is present in multiple
organisms, it tends to be produced and consumed by similar sets
of chemical reactions24,29,30. This is illustrated in Fig. 3b, where
we show the six reactions responsible for choline synthesis in
four plants31. While the chemical reactions are identical, each
organism has its own enzyme to catalyse the reaction consuming metabolite i. These enzymes are often orthologues and are
even assigned to the same EC number in databases, but they
do have imperfect homology, reflecting the different evolutionary and selection processes of the organisms (foods) that carry
them. Hence, these orthologous enzymes have different constants
KiM, whose variations determine the dispersion of the distribution
derived in equation (5), when different organisms are considered.
We therefore need to ask how KM varies across all organisms that
contain the same chemical reaction. We collected data for 93,692
experiments measuring KM for multiple organisms, as reported
in BRENDA8 (Supplementary Section 9). From the obtained
31,662 enzyme–substrate pairs (Ei, Si), we focused on experimental measurements for( the) same enzyme across different eukaryotes, obtaining the p KiM distribution across organisms (Fig. 3c).
After testing multiple distributions, we find that the log-normal
distribution
( )
p KiM =

1 √
e
KiM s(KiM ) 2π

−

[log KiM −m(KiM )]2
2
2 s(KiM )

(6)

again offers the best approximation (Fig. 3d) (see Supplementary
Section 9 for statistical validation). Formally, this implies that the
number of molecules of metabolite Si across different organisms
must follow the Poisson–log-normal form32
∞

porganisms (ni ) ≈ ∫

0

1
ni !

[log KiM −m(KiM )]2
2
2 s(KiM )
e
dKiM .

( i )ni −r Ki
ri KM e i M Ki

1 √
2π

(KiM )

Ms

(7)

−

For large ni, the leading terms contributing to equation (7) can be
expanded into Taylor series32, allowing us to formally derive equation (2):
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(

(

log ni −log ri e

Q (ni ) ≈



1 +

ni s(

1 √

KiM

1
2
2ni s(KiM )

(

− log ri em(

e
2π

)
(



KiM

)

−

m KiM

( )

( )2

))2

2 s KiM

(
))2
m Ki
log ni −log ri e ( M )
s(KiM )

2

+ log ni

(8)



) − 1 ,

predicting that the fluctuations in the steady state concentrations
of the individual metabolites across organisms follow a log-normal
( i )
distribution whose logarithmic
( i )mean mi = log (ri ) + m KM
and standard deviation si = s KM are determined by the behaviour of Michaelis–Menten constants across organisms. We expect
this behaviour to hold even when enzymes are saturated with
substrates—that is, beyond the Poisson regime explored above
(Supplementary Section 8).
The probability of observing x grams of nutrient n per 100 grams
of food in equation (2) is connected to the probability of finding ni
substrate molecules in equation (8) through a rescaling by a unit of
mass. However, this normalization affects only
( i )the parameter mi,
leaving the logarithmic standard
s
KM unaltered, allow( i deviation
)
ing us to predict that sn ∼ s KM , which formally links the variability of the nutrient concentrations Q (xn ) in equations( (2))and
i
(3) to the observed variability in the kinetic
( )constants s KM . To
validate this prediction, we measured s KiM . We find that while
( i )
the observed values( of K
M span four orders of magnitude, s KM
)
is bounded, with s KiM = 1.58 ± 0.57, a value that is in numerical agreement with sn = 1.66 ± 0.39, characterizing the variability of
nutrient concentrations in food, as observed earlier (Fig. 3c,e). As
additional evidence, we also observe the collapse of equation (6) for
different enzyme–substrate pairs (Ei, Si) on a single universal distrii
i
bution corresponding to the rescaling y = elog(KM )−m(KM ) (Fig. 3d
and Supplementary
Section 9). Finally, the agreement between sn
( )
and s KiM is best illustrated
[ in
( Fig.
)]3c, where we show P(sn) for all
nutrients, compared with P s KiM for all pairs (Ei, Si) in BRENDA,
as well as separately for eukaryotes (given their relevance for the
food that humans consume), finding that the three distributions
are indistinguishable. Taken together, we find that the observed
log-normal distribution described by equations (2) and (3), capturing the variability of nutrient concentrations in all food, can be
formally reduced to the variability of the kinetic constants responsible for the regulation of these nutrients in different organisms.
This derived mapping not only analytically predicts the log-normal
form but also allows us to independently derive the variability sn
from chemical principles, in quantitative agreement with the data.
Note, however, that multiple mechanisms can affect the functional
form and the extent of the feasible nutrient fluctuations, including
network effects33,34, volumetric costs related to the limited solvent
capacity of cellular compartments35–37, osmotic concentration23 and
physical properties such as substrate molecular mass, hydrophobicity and charge20,34, effects whose impacts on log-normality
and the
( )
constrained logarithmic standard deviation s KiM remain to be
addressed by future work.

Discussion

We find that nutrient concentrations in the food supply closely follow equations (2) and (3), a universality rooted in the nature of the
biochemical processes governing nutrient synthesis and regulation.
Nutrients, however, represent only a subset of the several thousands
of chemicals carried by food3,4,18, most of which remain unquantified
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in all but few ingredients. The universality of equations (2) and (3)
can therefore help us estimate the concentrations of these unquantified chemicals from limited data and ultimately unveil our exposure
to them through diet. Indeed, the existence of a single functional
form for nutrient distributions, as documented above, has multiple
benefits for prediction purposes. First, the presence of a specific
distribution, with known average, variability and extreme values,
offers a way to quantify the completeness of food composition databases and a mathematical rationale for imputing missing quantities.
Second, the universality of equations (2) and (3) suggests that measured peak intensities provided by mass spectrometry techniques
could allow us to analytically predict chemical concentrations from
mass spectrometry data, once ionization efficiency is correctly factored in, a procedure that previously was possible only with the use
of dedicated standards, which is costly and time consuming.
Protein number variations consistent with log-normal and related
distributions (for example, gamma) have been observed before for
individual proteins in yeast and Escherichia coli (Supplementary
Section 10)38–41. Note that these efforts capture copy number variations between individual cells of the same organism, rather than
variability across foods42 described by equations (2) and (8) above.
Unfortunately, food composition databases approximate the concentrations of all proteins under a single data point, listed as ‘protein’ in
Figs. 1 and 2. Further high-resolution proteomics approaches focusing on food are therefore needed to resolve whether the observed
variability applies to individual proteins in our diet. The variability
documented in Fig. 2 may also hide deeper links to variations in
metabolic rates across organisms captured by allometric scaling43–46.
Combining the empirical observations reported here with fundamental work in metabolic processes may open avenues towards a
better understanding of the impact of the chemical balance of our
diet on health.
Food processing is known to change the nutrient balance by
altering the concentration of the native nutrients and through the
addition of salt, sugars, fats and numerous additives. These perturbations have known health implications47: recent epidemiological
studies have found that many of the known health effects traditionally attributed to meat and fat consumption are rooted in the
consumption of processed meat, associated with 42% higher risk of
coronary heart disease and 19% higher risk of diabetes mellitus48.
Overall, an increased proportion of ultra-processed foods in an
individual’s diet leads to increased risk of cancer49, depressive symptoms50 and increased telomere length, a biomarker for biological age
that is known to be affected by diet through inflammation mechanisms and oxidation51. These epidemiological outcomes suggest
that human metabolism is adapted to the nutrient range characterizing naturally occurring ingredients, as described by equations (2)
and (3), in line with the expectation that contemporary humans are
genetically adapted to the environment their ancestors survived in,
conditioning their genetic makeup and metabolic tolerance for specific types of diet47,52. Yet the resilience of metabolic processes may
have its limits53: it may not be able to process nutrient concentrations that substantially deviate from the natural range defined by
equations (2) and (3). Indeed, the stoichiometric constraints of each
biochemical reaction25,54–56 limit the metabolism’s ability to process chemicals whose relative concentrations to other nutrients are
unbalanced. As concentration variations are common in processed
food, representing more than 60% of caloric intake in US diets57,
understanding the natural variability of nutrient concentrations
could open avenues to unveil the origins of the health effects caused
by processed food58.

Methods

Food composition data. To construct the food supply matrix Fnd, we started from
FNDDS, a food composition database collecting foods and beverages as consumed
by the US population, and compiled by NHANES. Designed for the analysis of
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dietary intake data, FNDDS has no missing nutrient values (in contrast to the
USDA Standard Reference Legacy and Foundation Foods)9,10,59. We focused on the
cycle 2009–2010, which includes a flavonoids database that extends the nutritional
panel to 102 nutrients10 and captures the diet of 8,278 individuals over two 24-hour
recalls (from which we excluded breast-feeding babies), for a total of 4,889 food
items consumed over two days. We kept all nutrients measured in g, mg or μg,
dropping “Energy”, “Folate, DFE” and “Vitamin A, RAE”, resulting in 99 nutrients,
converted to grams (Supplementary Section 1).
Validation of the probability distribution. The collection of foods profiled by the
USDA has many items that are similar or identical in their nutrient composition,
creating batch effects, an issue for standard statistical tests used to fit probability
distributions. We defined a heuristic to assess the best-suited distribution for
Q (xn ), designed to be consistent with the empirical observations listed in the
Results. We started with the log-normal, gamma, Weibull, truncated Gaussian and
uniform candidate distributions, representing maximum-entropy distributions
with different constraints60. We also considered the exponential distribution, a
degenerate case of gamma and Weibull, with fixed shape parameter equal to 1.
As experimental work related to protein copy number distribution has suggested
the relevance of the Fréchet distribution40, we tested its performance in modelling
nutrient properties. We used the Kolmogorov–Smirnov test to assess the
performance of the log-normal distribution, not as a measure of the exactness of
the fit, given its sensitivity to batch effects and non-random sampling of the data.
For the complete analysis, see Supplementary Sections 3 and 10.
Kinetics data. We relied on data from 93,692 experiments reporting KM for
several organisms, as compiled in BRENDA flat files8. We applied natural language
processing techniques on the free text comments describing each publication to
extract temperature and pH and removed all mutant and recombinant enzymes,
keeping 70,873 experimental records measured in mM. Additionally, we leveraged
NCBI Taxonomy61 and the ETE 3 package62 to classify into taxa all organisms
reported in the database. To identify which substrates are found in food, we
mapped the InChIKey of each molecule (if available) to our manually curated
library of food molecules, containing 89,038 compounds as December 2020,
reported by different food composition databases such as FooDB18 or Dictionary
of Food Compounds63 or detected in mass spectrometry experiments. Most of the
annotations in our library determine the presence or absence of a compound in
food but do not quantify its concentration. From the obtained 31,662 enzyme–
substrate pairs (Ei, Si), we grouped the experimental measurements
( ) for the same
enzyme–substrate across different eukaryotes, obtaining p KiM (Fig. 3c). For
further details, see Supplementary Section 9.
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.
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