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An estimated 165 million children globally have stunted growth, and extensive growth data are available. Genome scale metabolic
models allow the simulation of molecular ﬂux over each metabolic enzyme, and are well adapted to analyze biological systems. We
used a human genome scale metabolic model to simulate the mechanisms of growth and integrate data about breast-milk intake
and composition with the infant’s biomass and energy expenditure of major organs. The model predicted daily metabolic ﬂuxes
from birth to age 6 months, and accurately reproduced standard growth curves and changes in body composition. The model
corroborates the ﬁnding that essential amino and fatty acids do not limit growth, but that energy is the main growth limiting factor.
Disruptions to the supply and demand of energy markedly affected the predicted growth, indicating that elevated energy
expenditure may be detrimental. The model was used to simulate the metabolic effect of mineral deﬁciencies, and showed the
greatest growth reduction for deﬁciencies in copper, iron, and magnesium ions which affect energy production through oxidative
phosphorylation. The model and simulation method were integrated to a platform and shared with the research community. The
growth model constitutes another step towards the complete representation of human metabolism, and may further help improve
the understanding of the mechanisms underlying stunting.
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INTRODUCTION
Growth stunting affects 165 million children aged <5 years and is
deﬁned by height falling two standard deviations below a
reference population median.1 Stunting is associated with
decreased cognition, memory, and loco-motor skills, as well as
increased mortality. Therefore it is important to understand its
underlying mechanisms to identify targets for ﬁeld studies,
nutrition surveys, and policy interventions, to decrease the global
burden of stunting. The process of stunting begins in the fetal
stage and improved maternal nutrition is associated with increase
birth weights.2 Infants grow at their highest rate during their ﬁrst
6 months after birth, more than doubling their body weight from
approximately 3 to 7 kg,3 and there is increasing realization that
this is a critical time for growth.1 From the age of 6 months to
24 months nutrient intake is challenged by limited quality and
quantity of complementary foods, and it is traditionally seen as
one of the most critical periods.
Human tissues may be classiﬁed broadly as fat and lean mass.
Fat mass is used for energy storage and requires low amounts of
energy for maintenance. Lean mass consists mostly of water and
proteins and is responsible for energy-demanding functions of the
body. Many factors may affect the rate of growth including the
lack of essential precursors, insufﬁcient energy supply, co factor
deﬁciencies, hormonal signals, or bio-physical constraints. During
growth a series of simultaneous anabolic and catabolic biochemical reactions occur. The anabolic reactions use nutrients from
food to synthesize macromolecules, e.g. DNA, phospholipids and
proteins, and precursors, e.g. nucleotides and fatty acids. The

catabolic reactions degrade nutrients to provide energy to fuel the
anabolic reactions and to maintain the body’s functions.
Infant growth has been investigated by varied statistical and
modeling methods. Weight changes during catch-up growth
following malnutrition, has been modeled using the energy
expenditure for tissue synthesis and for maintenance of the lean
mass,4 and monthly protein storage and energy expenditure has
been calculated in healthy infants.5 Maintenance energy is twice
as high in infants as in adults, which has been modeled
successfully as an effect of the relative organ weights,6 e.g. the
brain constitutes 2% body mass (and uses 20% of the energy) in
adults, compared with 10% body mass in infants. Both carbohydrates and fat may be used as energy sources, and the relative use
of these nutrients and overall energy requirements was estimated
by modeling, using interpolated CO2 excretion rates.7 Although
these models provide important insights and predictions, they do
not analyze the underlying biochemistry which limits the
mechanistic interpretation of the results.
A genome scale metabolic model (GEM) is a mathematical
representation of a metabolic network and they have been used
to model the processes underlying biological phenotypes in many
organisms.8 Although originally developed to study microbes, the
method has been extended to human metabolism.9–11 The
stoichiometry of all biochemical reactions are combined to an
equation system, where the speciﬁc ﬂux of each reaction is
computationally determined. The cells are assumed to be in a
quasi-steady-state, where the production rate of each molecule is
matched with the consumption rate. This is justiﬁed by the
dilution of metabolites due to growth being much smaller than
the overall ﬂux. Together with experimentally determined uptake
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rates it is possible to calculate the optimal allocation of ﬂuxes for
any given metabolic task, e.g. determine the maximum growth
rate.
In this study we exploit the detailed knowledge on metabolic
uptake rates that are available for exclusively breast-fed infants
aged 0 to 6 months, to predict human growth. We combine the
experience from traditional growth models with GEMs and are
able to provide predictions of metabolic ﬂuxes with enzyme level
resolution on a day-to-day basis. The developed methods and
computer code was integrated to a platform; Simulation Toolbox
for Infant Growth with focus on metabolism (STIG-met), and
shared with the research community.
RESULTS
Modeling infant growth
We generated a mechanistic model of infant growth (Fig. 1a-b)
based on a generic human GEM (HMR 2.00),12 that was
augmented with biomass equations for lean and fat mass.13, 14
To specify the distribution of growth between fat and lean mass
we calculated an age-dependent parameter based on published
information on changes in infant body composition. The fat
content of infants is 10% at birth, and increases to 25% during the
ﬁrst months.15 A consequence of the increase in relative fat mass,
was that the fat content of newly formed biomass initially was
high (40%) and gradually decreased to 25% (Fig. S1A-B). This was
consistent with other studies of infant body composition despite
some variation in timing and level of the effect.16–19 We also
established an empirical relation between lean-mass and length
from the composition data15 as [height in cm] = 30.6 × [lean mass
in kg]0.45 (Fig. S1D).
The molecular composition of human breast milk was used as
input to the model. Published data about the age-dependent
intake amount (l day−1)20, 21 and composition (mmol l−1)22, 23 of
breast milk were integrated to calculate metabolic ﬂuxes (mmol
day−1). The intake of breast milk is initially low ( <100 ml/day), but
rapidly increases over the ﬁrst week to 500 ml, 700 ml at one
month and 800 ml at six months of age (Fig. S1C). The molar ratio
of most amino acids remains stable, but the protein content
decreases from 20 gl−1 to 10 gl−1 over the ﬁrst 2 months, and is
replaced by increasing fat content, from 30 gl−1 to 40 gl−1.22 The
human gut-microbiome is known to provide short chain fatty
acids, generated by microbial fermentation of dietary polysaccharides24 for simplicity we avoid explicit modeling of the gut
microbiome and treat polysaccharides as their glucose
equivalents.
To obtain a mechanistic representation of maintenance energy
during growth, we combined information about the agedependent mass of the brain, heart, kidney, and liver, and the
residual lean and fat mass with information about their speciﬁc
energy expenditure (kcal kg−1day−1)6 (Fig. S2A-B). Most data about
organ mass were collected from literature,25 but brain mass was
estimated using World Health Organization (WHO) head circumference measures and an empirical formula.26 The estimated
brain-mass values were in agreement with experimental measurements27 of brain volume that where available for the ﬁrst 3 months
(Fig. S2A). The sum of energy expenditure from all lean tissues was
found to be proportional to the lean mass from birth to 6 months
59 kcal kg−1 lean mass day−1 (Fig. S2C). This corresponded to 53
kcal per kg body weight in the newborn, consistent with
experimentally determined values (49 kcal).28 At age 5 months
the maintenance energy plus the energy required for growth was
estimated to 55 kcal per kg, consistent with the sleeping
metabolic rate for infants of that age (60 kcal).29
We factored in the additional energy that is spent on tissue
synthesis and physical activity. The growth-related energy
expenditure may vary with protein (5.5 kcal/g) or fat synthesis
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(1.6 kcal/g).30 These energy costs were recalculated to ATP
expenditure and integrated into the biomass equations. The high
synthesis cost of protein partly compensated for the higher
energy density of fat mass, caused by the absence of water and
higher energy content. However synthesize of fat still required
5-fold more kcal/g.
The energy expenditure due to physical activity depends on
both on developmental age and weight. Physical activity, as
deﬁned by the difference between sleeping and total metabolic
rate, is around 14.4 kcal kg−1 in the 5-month-old infant,29 but
setting this value as a constant for all ages would be overestimating the energy expenditure in the newborn, where it has
been estimated to 2.4 kcal kg−1 31 in the prematurely born and 4.2
in the surgically newborn,32 as well as at 3 months where it has
been estimated to 10 kcal kg−1 33 The degree of physical activity
has previously been estimated using predicted metabolic rates at
1.5, 3, and 6 months.34 We use these predictions to estimate the
intermediate age-dependent changes in physical activity
(Fig. S2D).
To integrate these data with GEM simulations, we developed
STIG-met, which included several independent software modules
(MATLAB, MathWorks, Natick, MA, USA) that conﬁgured the
parameters to the GEM, storage objects that held the simulated
ﬂuxes and weight increments, and a plotting function that
generated human readable representations of the data. Further
more, STIG-met compared the results to relevant literature values.
The parameter modules were separated into a food module,
which speciﬁes the uptake ﬂuxes for each metabolite (mmol/day);
a fat module, which speciﬁes the distribution between fat and
lean mass in the newly formed tissue (g/g); and an activity module
that speciﬁes the energy spent on activity (kcal/kg). We made
STIG-met available at the Human Metabolic Atlas repository (www.
metabolicatlas.com).35
For simulation, the model iteratively solved a growth maximization problem for each day from birth to age 6 months. The
GEM was constrained by milk intake and energy production, and
the requirements for synthesis of fat and lean mass according to
the age-related proﬁle. The predicted increments in weight and fat
mass were accumulated, and used by the model to calculate
energy expenditure in the subsequent time step, i.e. day. The
weight and fat mass growth was successfully described using the
model (Fig. 1c-d), partly due to the introduction of the age
dependent physical activity for a better ﬁt to the reference
trajectory, and that the growth of fat mass was controlled by a
proﬁle directly estimated from reference data. Female infants
consume 7% less breast milk than males of the same age.36 We
could accurately simulate female growth curves by adjusting milk
intake and fat storage (Fig. S3). We also achieved acceptable
simulations of the weight of boys up to 12 months, by
extrapolating the milk intake (Fig. S4).
Energy is the main growth-limiting factor
The breast milk contains many metabolites that are essential for
growth. We investigated the effect of the metabolites in the breast
milk by perturbing them and evaluating the effect on predicted
growth (Table S1). This sensitivity analysis listed lactose and oleate
as the two most important metabolites, suggesting the hypothesis
that energy is the main growth limiting factor, because these
metabolites primarily serve as energy sources. To test this
hypothesis we ran simulations with energy expenditure set to
zero (Fig. 2a). This resulted in more than doubling of both fat and
lean mass growth.
Essential amino acids cannot be synthesized by the human
body and must be provided by the diet. Using the model we
showed that the supply of theses metabolites did not limit growth
under the studied conditions (Fig. 2b). Our sensitivity analysis
showed that doubling the amount of any amino acid had
Published in partnership with the Systems Biology Institute
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Fig. 1 Simulation of the metabolism of a growing infant from age 0 to 6 months. a The weight and fat mass of a healthy infant were chosen as
the initial state of the simulation. Iterative simulations of the infant’s metabolism were performed, in which the current state was used as input
to simulate the next state. The simulations were run in a human metabolic model (HMR 2.00) with the intake of metabolites from breast milk
as uptake ﬂuxes. The maintenance energy expenditure was calculated from the current body composition, with an additional term for
physical activity, which was a function of both age and weight. The objective of the simulation was set to maximize growth, after expending
the maintenance energy. Growth was deﬁned as forming the biomass components (fat and lean mass), and the synthesizing energy required.
The ratio of fat to total mass in the biomass composition was a function of age. b Simpliﬁed representation of the GEM (HMR 2.00) which
contains 3800 Genes, 3000 unique metabolites and 8000 reactions out of which 1400 are cofactor dependent. c The weight increments from
the simulation were expressed as a growth trajectory and compared with the 5th, 25th, 50th, 75th, and 95th percentile of WHO reference
data.3 d The ratio of fat mass to total mass at each time step, compared with the mean and two standard deviations, from a previous study15

negligible effect on growth (Table S1), in agreement with
experimental results.37 Due to the energy limitation and excess
amounts of amino acids, large proportions of the amino acids
were converted to energy, observed by nitrogen (i.e. amino acid)
retention <50% after age two months (Fig. S5). This result was
consistent with the observation that the nitrogen retention is a
function of the available energy.38 The high amount of degradation suggested that the exact mol ratio of amino acids in breast
milk may be of less importance, since the distribution could be
remodeled by selective degradation.
Linoleate and linolenate and their derivatives are essential fatty
acids, and severe deﬁciency decrease growth in the rat.39 Our
sensitivity analysis showed that increasing linoleate strongly
increased growth (Table S1). However, we saw no growth
Published in partnership with the Systems Biology Institute

limitation from these metabolites in the zero energy model
(Fig. 2), which suggested that the sensitivity came from linoleate
as an energy source. In rats the molecular composition of fat mass
may adjust itself to the fat composition of the diet,40 further
lowering the requirement of essential fatty acids. The nonessential fatty acids may be provided by the diet or synthesized de
novo from e.g. carbohydrates or other fats. Since energy is limited
and the energetic cost of lipid synthesis is high, the fatty acids are
in general not broken down and resynthesized, consequently the
distribution of fatty acids stored is expected to depend on the
distribution in milk.
Although our simulations showed that essential amino and fatty
acids were provided in sufﬁcient quantities to ensure growth in
the healthy breast-fed infant, these molecules cannot be
npj Systems Biology and Applications (2017) 3
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Fig. 2 Energy is the main growth limiting factor. a Simulations were run with the energy for maintenance and activity set to zero. The optimal
growth of lean and fat mass at each time point was calculated in 2 independent simulations and compared to reference data, calculated from
the weight increment3 and the interpolated distribution between fat and lean mass.15 The maximum possible growth was on average 2.5 and
5.6 times higher than the reference growth for lean and fat mass respectively. The smallest difference between maximum and reference
growth occurred from birth to age 2 months. b At 1 month age, the uptake of all amino acids from milk was higher than the amount of stored
amino acid, except for the nonessential amino acid glycine

synthesized by the mother and the content in breast milk may be
affected by the mother’s diet. Malabsorption or competition for
the nutrients by the gut microbiota may also skew the distribution
of nutrients that enter the system. Our sensitivity analysis
(Table S1) showed that reducing methionine or lysine to half of
their concentrations has a signiﬁcant negative effect on the
growth during the ﬁrst 3 months. These metabolites could
therefore become growth-limiting if breast milk from the wrong
time period were to be offered to the infants, since the protein
content is twice as high during the ﬁrst 2 months compared to the
content at 5 months.22
The energy required for growth may be provided by fat or
carbohydrates. In agreement with previous models of child
growth,7 we observed that the primary energy source changed
during infancy. The relative use of fat for energy generation may
be determined from the respiratory quotient (RQ), deﬁned as the
ratio of CO2 produced to the O2 consumed. Energy provided by
isolated macronutrient groups results in RQ 0.7 for fat and 1 for
carbohydrates. The RQ was low, close to 0.7 in newborn, quickly
rising to 0.92 during the ﬁrst days after birth, and then slowly
decreasing to 0.85 at age 4 months (Fig. S6A-B), in agreement with
literature values.41, 42 We also observed a shift from glycolytic
energy production toward beta oxidation of fat directly in the heat
map of ﬂuxes from different metabolic subsystems (Fig. S6C). This
may be triggered by a higher degree of fat storage in early infancy
and shifts in the macromolecular composition of the breast milk.
Growth sensitivity depends on the maintenance energy
The use of the energy intake in the infant is divided between
maintenance energy and growth. A simpliﬁed relation between
the total energy intake (T), maintenance energy (m) and growth
(μ) is given in Eq. (1). Growth is sensitive to the total intake, which
can be described by the energy elasticity of growth (E μT ), a
measure of how a small change in T is ampliﬁed in μ. The elasticity
depends on the ratio of maintenance energy to total energy (Eq.
(2), see methods for derivation).
μ¼T  m
E μT ¼

1
1  mT

ð1Þ
ð2Þ

This means that if the maintenance energy is high, as in
humans, then a small change in energy intake has a large effect
npj Systems Biology and Applications (2017) 3

on growth (E μT >1), whereas if the maintenance energy is
negligible, as in many microorganisms growing at their maximum
rate, then growth is directly proportional to the total energy intake
(E μT ¼ 1). Assuming that maintenance requires 80% of the energy
intake, then a 10% decrease in energy intake will decrease growth
by 50%, but if maintenance is 0%, then growth will decrease by
only 10%. The high-energy elasticity of growth stands in contrast
to most other growth-related parameters, e.g. a growth-limiting
amino acid, would have an elasticity of at most 1.
Simulated effects of food insecurity and disease
We investigated the effect of several variables related to growth
by generating perturbed models (Fig. 3). We were particularly
interested in the effects of over-feeding and underfeeding and
differences in energy expenditure. Since height is a morphological
property, we focus on the effects on weight in this study (Fig. 3ab), we do however also attempt to study the effect on length
(Fig. 3c-d) using its relationship with lean mass, which is explicitly
modeled. The growth of all models, including the control, was
lower than the WHO standard during the ﬁrst 15 days after birth,3
due to low levels of milk intake. The discrepancy was likely caused
by insufﬁcient resolution in the WHO data, because independent
studies of this age group conﬁrmed that breast-fed infants lose 5%
weight in the days following birth, and regain it around 10 days
after birth.43
Growth is sensitive to over-feeding and underfeeding. The
sensitivity increased with age (Table S1), due to increasing energy
expenditure caused by increased activity and to decreased
speciﬁc milk uptake rate (Fig. S7). Our simulations showed that
the weight and height remained around one standard deviation of
the mean during the ﬁrst 6 months in life for milk intake varied
±10% around the mean. It is possible that the model overestimated the weight gain of overfeeding, since fat storage likely
is higher in an overfed infant. The current implementation of the
model chooses the allocation of fat mass and lean mass based on
population averages in that age, rather than the nutritional status.
In rats excess intake of nutrients is predominately stored as fat
after 50 days of age.44 This is likely also the reason behind the
more extreme effects on height by the perturbations.
Changes in energy expenditure also affected growth. Many
factors may contribute to elevated energy expenditure in humans,
e.g. different types of disease,45 temperature,46 and physical
activity. High-energy expenditure has been associated with
Published in partnership with the Systems Biology Institute
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Fig. 3 Perturbations to the reference model. The Energy spender model was deﬁned by a 30% increase in the maintenance expenditure for
lean mass. The “Starved” model had decreased milk intake to 50% from age 40–80 days. The overfed and underfed models had +10% and
−10% change in intake of breast milk. The over active model spent twice as much energy on physical activity. a Body weight. b z-scores of
weight, the number of standard deviations from the mean. c Height. d z-scores of height

growth faltering in rural populations,47 and chronic inﬂammation
is associated with stunting.1 In our model, the energy expenditure
for activity and maintenance only depended on the age and body
composition, but in the living infant this may be subject to
adaptation. We investigated perturbed models (Fig. 3) and the
sensitivity of energy related variables (Table S2) and found that
increased energy expenditure of lean mass had a strong negative
effect on weight gain(elasticity 0.5–4, depending on age), albeit
lower than for changes in the food supply. The effect of changes
in synthesizing energy was lower (elasticity 0.1−0.2). The effect of
physical activity was marked (elasticity up to 1.4), but came with a
time delay due to the modeled increase in activity with age. We
observed that the z-score of weight and height remained within
2 standard deviations of the mean for long periods of time
regardless of the modeled perturbation, since growth is a
cumulative function.
The rate of growth depended on the maintenance energy
expenditure, which depended on the amount of lean mass. This
relation suggests a self-regulatory mechanism, in which lower
weight decreases the energy expenditure and enables increased
catchup growth, as observed in the model of starvation (Fig. 3).
This effect may be strong for stunted infants, who have low length
for age. For simulations with birth weight at the 5th and 95th
percentile we observed rapid convergence towards the norm
(Fig. S8), it should be noted that the speciﬁc milk uptake rate of
the underweight children is higher due to their lower weight, and
that in the living child this may exceed the gastric or enzymatic
capacity. This might be less effective in malnourished infants, with
low weight for age, because energy-intensive organs will
constitute a larger share of their lean mass. Previous work has
shown that the maintenance energy expenditure in malnourished
Published in partnership with the Systems Biology Institute

infants is high.4 Therefore, growth constitutes a risk of energy
deﬁciency, since it irreversibly increases the infant’s maintenance
energy demand. The growth of fat mass during the ﬁrst months
may have evolved to ensure that infants are provided with an
energy buffer that ensures a secure commitment to growth in
subsequent months.
Effect of mineral deﬁciency is linked to energy metabolism
Mineral cofactors are essential parts of the human biomass, and
many enzymes rely on them for their catalytic activity, especially
energy metabolism is well-known to be inﬂuenced by mineral
deﬁciencies.48 We made use of our detailed model of metabolism
to study the effects of different cofactor deﬁciencies. We collected
information about the cofactor requirement for each enzyme
present in the GEM and simulated cofactor deﬁciency by
constraining the ﬂux through reactions catalyzed by enzymes
containing in turn: calcium, cobalt, copper, iron, magnesium,
manganese, potassium, and zinc. We observed that deﬁciencies in
magnesium, iron, and copper had the strongest effect on growth
(Fig. 4a). These are involved in energy generation through
oxidative phosphorylation (Fig. 4b) . The effect of cofactor
deﬁciency was smaller for zinc which was not found to be
involved in energy metabolism (Fig. 4c). The effect instead arose
from its role in macromolecular synthesis. For the remaining
cofactors there was no observed effect on growth, suggesting that
they affect growth by other mechanisms of action. It is important
to note that the simulations only cover metabolism, many
cofactors are involved in other cellular functions that may affect
growth, and there may also be enzymatic interactions that are not
listed or still are unknown. The rate of relative weight loss
npj Systems Biology and Applications (2017) 3
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strong decrease in growth for Fe, Cu, and Mg deﬁciency was caused
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decreased with time, mainly due to the decreasing growth rate in
the control and the self-regulatory effect of lower weight. For Zn
deﬁciency, this effect was sufﬁcient to stabilize growth at 2 months
of age.
In our simulation the effect of cofactor deﬁciencies is mediated
through decreased metabolic ﬂux over groups of enzymes
containing these cofactors. In the living child this would result
in a buildup of precursor metabolites. This could in turn decrease
the absorption rate due to unfavorable metabolite gradients and
potentially result in decrease appetite. A buildup of metabolites
may also increase the lipid storage, as energy cost is >3-fold
higher for synthesizing lean mass than for fat mass.30 It has
previously been suggested that iron deﬁciency may cause obesity
through limitations in energy metabolism.49
The detrimental effects of mineral deﬁciencies has been
demonstrated in animal models, e.g. Fe, Mg, and Cu deﬁciency
in new born pigs cause weight reduction to 76, 46, and 50% vs.
control after 5–6 weeks.50, 51 The Fe deﬁciency is associated with
underweight in human infants.52 Previous studies showed that
children recovering from protein-calorie malnutrition had signiﬁcantly faster weight gain with magnesium supplements,53 and
infants with Cu deﬁciency experienced improved weight gains
when taking Cu supplements.54 Mild zinc deﬁciency has also been
associated with the low height percentiles.55 Although there is
qualitative agreement, it is hard to establish a direct link between
the in silico effects of cofactor deﬁciencies and clinical data. In the
living child the likelihood of cofactor deﬁciency appears to be a
more important factor than the severity when it occurs. Our model
does not take bodily reserves in to account, but the healthy infant
npj Systems Biology and Applications (2017) 3

is born with Fe stores that persist for six months.56 The model
does not take in to account the binding dynamics of cofactors, or
the possibility of residual activity or cofactor substitutions. It does
however showcase that also mild mineral deﬁciencies may have a
strong inﬂuence on growth.
DISCUSSION
We here integrated a GEM with anthropomorphic data to simulate
infant growth, and modeled the enzymatic steps synthesizing
biomass from food. We observed that essential amino and fatty
acids were available in sufﬁcient quantities to ensure growth in
breast-fed infants, and that energy was the main growth-limiting
factor, in agreement with literature. Disturbances to the energy
balance had a strong effect on growth, e.g. disturbances in food
supply, elevated maintenance expenditure or deﬁciencies in
cofactors for the enzymes involved in oxidative phosphorylation.
Maintenance energy could not be compromised in our model,
implying that essential nutrients were degraded if energy was
insufﬁcient. Some studies of antibiotic usage during infancy imply
increased weight and length,57 this may potentially be related to
decreased energy expenditure for inﬂammation or increased
nutrient utilization due to decreased competition from the gut
microbiota.
A hypothesis that would require experimental validation is that
supplementing breast milk with glucose solution potentially may
rescue growth under energy-stressed conditions. Studies on
piglets supplemented with 5% glucose solution showed no
signiﬁcant increase in growth,58 but lambs had improved growth
rate when treated with glucose infusions compared to saline
controls.59 Although our models showed that energy limited
growth, further increased energy intake may not necessary
translate into increased growth, because other factors, e.g. growth
hormones and enzymatic capacity, may limit cell proliferation.
Excessive energy intake may instead be stored as fat, converted to
heat or not absorbed. It appears biologically sound for energy to
be growth-limiting, because this ensures that all other nutrients
will be present in sufﬁcient quantities, which may simplify
resource allocation.
There are several limitations to the current modeling approach.
Many parameters were integrated, sometimes with marked
uncertainty and high elasticity (Table S2). Due to the stepwise
increase in body mass, the model did not account for increasing
maintenance energy throughout the day due to growth, which
may increase growth predictions with as much as 1% during the
most growth-intensive periods. The brain mass, which is a major
consumer of energy, was estimated from head circumference,
because of absence of data; other studies suggest that the energy
expenditure of the brain may change with age due to differences
in neuronal levels.60 Although the speciﬁc energy expenditure of
the other organs were assumed to be constant and the same as in
adults, energy expenditure in infants may be higher e.g. due to
increased metabolic load, or lower, e.g. due to the purity of the
nutrient source. This may explain why the calculated energy
expenditure in the newborn is slightly higher than suggested in
some studies, 53 kcalkg−1 compared to 49 ± 6.28 The energy
expenditure is complemented with an activity parameter with
only partial empirical evidence. Therefore, the input and output of
metabolites is expected to be in good agreement with the state in
the healthy infant, but it cannot be excluded that the mechanistic
reason may be partially mislabeled, e.g. increased energy
expenditure of the brain being labeled as physical activity.
In this study the biomass equation was limited to the most
abundant macromolecules. Therefore the modeled ﬂuxes were
dominated by transport reactions and energy metabolism. This is
likely an accurate description of the growing infant, growth is
primarily an assembly of nutrients from the diet. However, a more
complete model would also include vitamins and other micro
Published in partnership with the Systems Biology Institute
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nutrients, which would require a greater share of the metabolic
network to be used, albeit with much lower ﬂux. A model
including the division of labor between multiple tissues would
also utilize a larger share of the network, e.g. through the
production of ketones and recycling of lactate by the liver.9 In
addition a more complete model would have more complex
maintenance reactions, with separation into different metabolic
tasks, weighted by importance. Other types of maintenance could
also be included, e.g. spontaneous degradation of amino acids,
that may narrow the gap between provided and used nutrients.
Furthermore, a more complete model would need to consider fat
allocation, including pure production of fat when the target for
lean mass growth is satisﬁed, a more dynamic description of food
intake, e.g. as a function of lean mass, and nutrient-dependent
absorption quotients.
We here created the STIG-met modeling framework and
integrated data from diverse sources. We focused on healthy
males aged 0–6 months, and future studies may extend STIG-met
to fetal growth and older childhood, provided that the metabolic
content of the nutrient source (placental blood or diet) is known.
This is required due to the model structure, where balances are
included for each individual metabolite. The model is well-suited
to be integrated with metabolic models of the gut microbiota, e.g.
to simulate the host microbe interactions in short chain fatty acid
and amino acid metabolism.24 With adequate data, the model
could be used to investigate individual growth trajectories and
potentially expose underlying reasons for malnutrition or obesity.
As an integration of known modeling methods and parameter
sets, STIG-met may be a major advancement toward a complete
mechanistic model of the living human.
METHODS
Model parameters
The GEM (HMR 2.00)12 was parameterized using literature data and used
for growth simulations. The parameters were primarily related to breast
milk, biomass, and energy expenditure.
The intake of breast milk (ml/day) was taken from 2 studies; a meta
study of breastfeeding by WHO20 with intake determined at 1, 2, 3, 4, 5,
and 6 months and a meta study of breast-milk intake at age 1, 2, 3, 5, and
7 days.21 The pchip (Piecewise Cubic Hermite Interpolating Polynomial)
function (MATLAB, MathWorks, Natick, MA, USA) was used to interpolate
the breast-milk intake between measured points. The protein content per
liter milk (g/l) and amino acid composition (mmol/g) of the protein was
taken from a study by Yamawaki et al.;22 the quantities were measured at
age 1– 5, 6– 10, 11– 20, 21– 89, 90– 180, and 181– 365 days, and the amino
acid content per liter milk was interpolated between the measured times.
The lactose, glucose, and polysaccharide content (g/l) was taken from the
same study and converted to mol/l. The polysaccharides were taken as
their glucose equivalents. The fat content (g/l) was taken from this study,
the fatty acid composition (mol/g) was however not determined and
therefore taken from another study,23 measured at day 5 and 42. The
digestible fraction of breast milk was taken as 93%61, and the intake of all
nutrients were reduced to 93%.
Biomass composition was collected from several studies. Fat mass was
modeled as the fatty acid composition (mmol/kg) of the adipose tissue of
infants aged 0–2 years.14 The chosen water content of the lean mass was
80%, and the protein content 80% and glycogen content 4% of the dry
weight, based on literature estimates.16 The RNA and DNA content were
assumed to be 1% of the dry weight each. The amino acid composition
was modeled as the fetal, with values for tryptophan and cysteine from the
fetal pig, because these amino acids were not quantiﬁed in human.13 The
fat mass per kg body weight (kg/kg) was taken from a multicenter study15
that had measurements at age 1 and 2 weeks, and then monthly up to
6 months of age. The data were ﬁtted to a polynomial of degree 3, giving
fat mass as a function of body weight. The fat mass at any time could then
be estimated from the weight at that time, which was obtained from WHO
data. The daily delta fat ratio was calculated as the increase in fat content
divided by the increase in body weight for each day.
The resting energy expenditure for lean mass was estimated as 59 (kcal/
kg lean mass) from the organ energy expenditure and composition. The
Published in partnership with the Systems Biology Institute

energy expenditure for each organ (200 for liver, 240 for brain, 440 for
heart and kidneys, 13 for skeletal muscle, 4.5 for adipose tissue, and 12 for
the residuals all expressed as kcal per kg organ) was taken from a previous
study,6 and the organ weight was taken from literature.25 Data for brain
weight was not available and was estimated by an empirical relation
between head circumference and brain weight,26 with head circumference
data from WHO.62 A correction factor for converting the speciﬁc energy
expenditure of adult to infant organs has been suggested, based on
relative cellularity and quantiﬁed by the potassium lean mass ratio;6
however this factor was dropped in the present study, because the
uncorrected energy expenditure was in better agreement with experimental values, and the potassium lean mass ratio remained constant over
the study period.63 The energy expenditure for tissue synthesis was taken
as 5.5 kcal/g lean mass and 1.6 kcal/g fat mass from literature.30 Additional
energy expenditure for physical activity was calculated from the difference
between sleeping energy expenditure and total energy expenditure, 14.4
kcal/kg in infants aged 4–6 months.29 This value was modulated with a
factor between 0 and 1 based on estimated changes in physical activity
from literature,34 and interpolated using a polynomial of degree 2. The
energy expenditure was converted to 28.12 mmol ATP hydrolyzed per kcal;
estimated by simulating the production of ATP from glucose with known
energy content of 4 kcal/g. Conversion of fat (9 kcal/g) giving similar
results.

Simulations
To simulate the growth curves, iterative growth maximization problems
were solved using the RAVEN Toolbox for Flux Balance Analysis (FBA),64
resulting in predicted increments in lean and fat mass. The accumulated
lean and fat mass were used to estimate the maintenance energy
expenditure at the next time step, and the model was constrained to
expend this energy through an artiﬁcial reaction hydrolyzing ATP to ADP. If
there was no feasible solution to the growth maximization problem (due to
maintenance energy exceeding the input), a minimization problem was
solved, in which the energy was provided from the stored fat mass. For the
standard growth curve, the ratio of fat in the biomass equation was chosen
from the interpolated experimental data. For the lean and fat mass
optimization problem, the maximization was set to produce either lean or
fat mass. The z-scores of the growth curves were calculated using WHO
data (available at the WHO web page http://www.who.int/childgrowth/
standards, retrieved 2016-09-07).3 The ﬂuxes depicted in the heat map
(Fig. S6) were calculated using parsimonious FBA.65
The cofactors associated with reaction in the GEM were extracted from a
protein database (UniProt)66 based on their gene association. The reactions
in oxidative phosphorylation where manually curated with cofactor
dependence from literature.67, 68 To estimate the growth curves with
cofactor limitation, the following simulation was performed; for each timestep a simulation was run establishing the norm ﬂuxes, and a second
optimization problem was solved minimizing the ﬂux through the cofactor
afﬁliated reactions, while maintaining the optimal solution. The ﬂuxes were
constrained to a fraction of these ﬂuxes and the growth optimization was
rerun.

Sensitivity analysis
The sensitivity of the model parameters was investigated by calculating
their elasticities E at different times in the simulation. Each parameter p
was perturbed by a factor d = 1.001 (Eq. 3). The change in predicted
growth rate was calculated by comparing the maximum growth rate in the
perturbed state μi to the non-perturbed state μ (Eq. 3).
Qpi ¼

d ´ pi
¼d
pi

Qμi ¼

μi
μ

Ei ¼

ð3Þ

ð1  Qμi Þ
ð1  Qpi Þ

The effects of nutrient variation (Table S1) was tested by perturbing the
uptake rate by a factor 0.5 for severe nutrient limitation and 2 for nutrient
exess.
To analyze the sensitivity of energy production the following formula
was derived (Eq. 4), where μ is the growth rate, T is the energy production
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and m the maintenance.
μ ¼ dT  m
m ¼ bT
μ ¼ dT  bT
Qμ ¼

μd dT  bT d  b
¼
¼
T  bT
1b
μ

Qp ¼

d´p
¼d
p

E μT ¼

ð1  QμÞ 1  db
1
1
1b
¼
¼
¼
ð1  QpÞ
1  b 1  mT
1d

ð4Þ
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