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The energy metabolism of the brain is poorly understood partly due to the complex 
morphology of neurons and fluctuations in ATP demand over time. To investigate this, 
we used metabolic models that estimate enzyme usage per pathway, enzyme utilization 
over time, and enzyme transportation to evaluate how these parameters and processes 
affect ATP costs for enzyme synthesis and transportation. Our models show that the total 
enzyme maintenance energy expenditure of the human body depends on how glycolysis 
and mitochondrial respiration are distributed both across and within cell types in the 
brain. We suggest that brain metabolism is optimized to minimize the ATP maintenance 
cost by distributing the different ATP generation pathways in an advantageous way 
across cell types and potentially also across synapses within the same cell. Our models 
support this hypothesis by predicting export of lactate from both neurons and astro-
cytes during peak ATP demand, reproducing results from experimental measurements 
reported in the literature. Furthermore, our models provide potential explanation for 
parts of the astrocyte–neuron lactate shuttle theory, which is recapitulated under some 
conditions in the brain, while contradicting other aspects of the theory. We conclude that 
enzyme usage per pathway, enzyme utilization over time, and enzyme transportation are 
important factors for defining the optimal distribution of ATP production pathways, 
opening a broad avenue to explore in brain metabolism.

genome- scale models | metabolism | mathematical modeling | ANLS | brain metabolism

To sustain the energy demand of the brain, its cells combine glycolysis and mitochondrial 
respiration in a complex pattern that varies across cell types, brain regions, and degrees of 
activity. Specifically, it has been observed that 1) regions of the brain consume less oxygen 
per glucose molecule at high activity (1–4); 2) the use of lactate as substrate to fuel the 
TCA cycle is important to sustain brain function in health and disease (5, 6); and 3) 
astrocytes sometimes tend to produce lactate that is consumed by neurons, a phenomenon 
known as the astrocyte–neuron–lactate–shuttle (ANLS) theory (4, 7), while the opposite 
has also been reported (8). However, the underlying drivers behind these complex behav
iors are largely unknown.

Metabolic modeling using flux balance analysis (FBA) (9) and genome- scale models 
(10, 11) is a widely used method that can be used to estimate the metabolic fluxes in cells. 
This method can through tools such as GECKO (12) and MOMENT (13) be combined 
with enzyme usage constraints, where the molecular weight and catalytic capacity (kcat) 
of each enzyme are used to estimate the enzyme mass needed to maintain a certain flux 
through a specific reaction. A common use of these constraints is to constrain the total 
enzyme mass available per gram cell dry weight (14), although other uses are also possible, 
for example, to add an enzyme maintenance cost per enzyme usage. Such models, for 
example, enable an investigation of which pathways consume the least ATP to maintain 
functional enzymes.

Neurons have long extensions known as dendrites and an axon that can reach a length 
of up to 1 m (15) (Fig. 1A). This generates additional ATP costs since many proteins are 
generated in the soma and need to be transported to their final locations and back for 
degradation (16), or alternatively be generated and degraded locally (17), which in turn 
requires transport of mRNA and availability of local protein production machinery. Much 
of the ATP usage in neurons occurs at the synapses (18), where it is generated locally, 
creating a high demand at these sites for enzymes involved in ATP- producing pathways. 
Likewise, the ATP demand at a specific physical location in the neuron can vary substan
tially over time, especially at synapses, where periods of intense firing can be followed by 
periods of little activity (18). This variation makes it difficult to effectively use all enzymes 
over time, leading to an overcapacity for ATP production during a large fraction of the 
time, where we use the term enzyme utilization to refer to the fraction of the time enzymes 
are actually used. Together, these conditions make the energy generation at synapses a 
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challenging task, which can be optimized to minimize the energy 
spent to maintain the ATP production machinery.

The main ATP generation machinery can be grouped into two 
processes: glycolysis, which is performed by cytosolic enzymes, 
and mitochondrial respiration, which is performed in the mito
chondria and includes the TCA cycle and oxidative phosphoryl
ation (19) (Fig. 1B). Glycolysis can operate independently of 
mitochondrial respiration by export of lactate; likewise, mitochon
drial respiration can function independently from glycolysis if 
provided a fuel such as lactate, ketone bodies, or glutamine/glu
tamate. An important difference between these pathways is that 
they have been reported to require different amounts of enzyme 
mass allocation per produced ATP (20), suggesting that it is pos
sible to optimize the distribution of these pathways across cells in 
the body. For example, it may be more optimal to use the pathway 
with lowest enzyme usage where enzyme transportation is needed.

To address variation in the ATP demand over time, mitochon
dria are known to be mobile and move toward locations with high 
ATP demand (18). This leads to varying mitochondrial capacity 
over time at a given location (Fig. 1C), while glycolytic enzymes 
can be approximated as stationary although limited mobility in 
the vicinity of synapses has been reported, where glycolytic 
enzymes assemble at synapses during activity peaks while diffusing 
freely at periods of lower ATP demand (21). At a given intracel
lular position, lactate export can thus sometimes be necessary to 
utilize the full glycolytic capacity, while availability of lactate or 
similar fuels is sometimes needed to maximize the utilization of 
mitochondrial respiration. This effect can potentially explain why 
it may be beneficial to provide a small supply of lactate from 
astrocytes to neurons. However, there may also be other motiva
tions for such an export, and the effect cannot explain export of 
lactate from highly active neurons.

In this work, we suggest that the brain metabolism is optimized 
to minimize energy expenditure on maintaining functional ATP 
production pathways, and we have evaluated this theory using 
metabolic modeling. Specifically, we sought to investigate whether 
the observed metabolic behaviors of the brain described above can 
be explained by the extra enzyme ATP maintenance costs intro
duced by enzyme transportation and utilization, under the 
assumption that the total enzyme ATP maintenance cost is min
imized in the human body. We found that these extra maintenance 
costs indeed can explain lactate production in the brain at stim
ulation and potentially the ANLS theory, which suggests that 
enzyme usage per pathway is an important factor for understand
ing brain metabolism.

Results

Estimation of Enzyme Maintenance Costs. To enable modeling 
of ATP costs for enzyme maintenance in neurons, we assumed 
that the ATP costs for the continuous enzyme synthesis and 
degradation required to maintain a certain ATP production 
capacity are directly proportional to the mass of the required 
enzymes per gram dry weight (gDW) of the cells investigated, with 
the proportionality constant B (Set to 1 mmol ATP h−1gDW−1, 
SI Appendix, Note S1 and Table S1). Furthermore, we assumed 
that enzymes are used optimally at full saturation, meaning that 
the maximum flux vmax can be defined as

where kcat is the turnover rate of the enzyme and [E  ] its concen
tration (22). While enzyme half- lives also affect the maintenance 
costs of enzymes, these were found to be similar across glycolysis 
and mitochondrial respiration and were therefore not included in 
our model (SI Appendix, Fig. S1).

We next sought to estimate the additional enzyme maintenance 
costs that arise from the physical distance between a synapse and 
the soma, henceforth called transportation costs. As an initial step, 
we performed an order of magnitude estimation of transportation 
costs for proteins, which indicated that transportation costs can 
be of the same order of magnitude as protein synthesis (SI Appendix, 
Note S2). However, since the absolute transportation costs depend 
on several factors, such as distance to the soma, cost of generating 
vesicles, maintenance of kinesin, etc., estimating these costs was 
deemed too difficult, and we instead focused on estimating the 
relative costs across enzymes. A challenge with estimating these 
costs is that there are several options for how the supply and 
maintenance of enzymes to synapses can occur: 1) they can be 
produced in the soma followed by transport to the synapse, and 
later back to the soma for degradation (16); 2) mRNA can be 
transported from the soma to the synapse, followed by translation 
of local protein production machinery (23); and 3) mitochondrial 
genes are translated locally in the mitochondria (24) (Fig. 2 A and 
B). In addition, mitochondria have been reported to be mobile in 
neurons and capable of moving closer to the soma for enzyme 
maintenance (25).

To simplify the estimation of transportation costs, we divided 
the enzymes into three classes: 1) mt, representing MT proteins 
encoded by the mitochondrial genome, 2) me, representing other 
mitochondrial enzymes, and 3) oe, other enzymes (including, for 
example, cytosolic enzymes). The mt enzymes are assumed to be 
produced locally within mitochondria with only a small need for 
transportation, and we have therefore approximated their trans
portation cost as zero. The extent to which the other two classes 
(me and oe) are translated locally is difficult to estimate, and we 
have therefore assumed that this happens to an equal extent in 

vmax = kcat[E ],

Fig.  1. Neuron energy metabolism. (A) To maintain functional metabolic 
pathways throughout the axon and dendrites, enzymes must be transported 
to those locations, requiring additional ATP. (B) Glycolysis and mitochondrial 
respiration can operate independently by import/export of lactate. (C) The 
availabilities of glycolytic and mitochondrial enzymes are not synchronized 
over time at a certain position due to mitochondrial mobility, which can lead 
to that glucose- derived pyruvate at times is not produced at high enough 
quantities to fully satisfy the substrate requirements of the TCA cycle. 
Availability of external lactate, which can readily be converted to pyruvate and 
used as substrate to the TCA cycle, can therefore increase total ATP production 
by ensuring that mitochondrial respiration can be fully utilized at all times.
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both classes, but that protein transportation still occurs, which 
gives them a substantially higher average transportation cost than 
mt enzymes. To simplify further, we have not included any effect 
of mitochondrial mobility on the transportation costs at this stage, 
although we elaborate on this effect later in this study. We further 
assume that the transportation cost is proportional to the mass 
that is transported. Based on these assumptions, we conclude that 
the transportation costs are the same for the me and oe classes and 
proportional to the transported mass at a given distance between 
synapse and soma and hence proportional to the enzyme usage of 
each reaction (SI Appendix, Note S1).

We have at this stage not sought to estimate how the transpor
tation costs vary with the distance between soma and synapse but 
have limited the scope to primarily estimate relative differences in 
transportation costs between pathways, given a fixed transporta
tion cost per enzyme mass. Since both the transportation cost and 
the base enzyme maintenance cost B are proportional to the 
enzyme mass, we express the absolute transportation cost τa,x for 
each enzyme class x as

where Tx is a proportionality constant for class x. Unless otherwise 
specified, Tmt were in our simulations set to zero and Tme and Toe 
were both set to the value T = 0.1. T is henceforth called the 
transportation cost. While it could be argued that there is an 
additional cost to transport enzymes into mitochondria and that 
Tme therefore should be higher than Toe, the transportation cost 
refers to the extra cost associated with transportation; we have here 
assumed that any differences in ATP costs related to how enzymes 
enter mitochondria between mitochondria at synapses and mito
chondria in the soma are negligible compared to the long transport 
to the synapse.

We next turned our attention toward estimating the additional 
enzyme maintenance costs associated with enzyme utilization. 
The ATP demand at a synapse can vary substantially over time 
(18) (Fig. 3A), and to meet peak ATP demands, a matching ATP 
production capacity must be available. It is likely difficult for 
neurons to predict when the maximum ATP demand will occur 
and hence when the maximum ATP production capacity, pmax, 

will be needed. At peak ATP demand at a specific location in the 
cell, it is therefore infeasible to temporarily increase the ATP pro
duction capacity by changing the local proteome, since such a 
change will take time. Therefore, the enzyme allocation needs to 
be decided beforehand to enable the cell to cope with the ATP 
demand peaks, while ideally minimizing the total ATP expendi
ture to maintain the enzymes. For stationary enzymes, the full 
capacity must thus always be present, even though it will only be 
used a small fraction of the time. To clarify further, we define ATP 
demand as the required ATP production flux needed to meet the 
ATP requirements at a physical location, and this demand varies 
over time. ATP production refers to the actual ATP production 
flux, and throughout this work, ATP production and demand are 
assumed to always be equal, i.e., the ATP demands are always 
met. The ATP production capacity corresponds to the maximum 
ATP production that can possibly be reached at a physical location 
and does not vary over time because the proteome is assumed not 
to change over time. Therefore, when the ATP production reaches 
the ATP production capacity, all available enzymes are engaged 
at full capacity. Likewise, at time points when ATP production is 
below the ATP production capacity, some enzymes will be at rest 
(not utilized).

At a certain ATP production level p1, we define the static 
enzyme utilization, Us(p1) (henceforth just static utilization) as 
the fraction of the time the ATP production is at p1 or higher at 
a synapse (Fig. 3A and SI Appendix, Note S3). We envision the 
ATP production capacity to be divided into infinitely thin slices, 
where slices are engaged from left to right until the ATP produc
tion reaches p1 (Fig. 3B). We define the rightmost slice that is in 
use at p1 as the marginal capacity slice used at p1, and the static 
utilization at p1 defines the fraction of the time that this slice is in 
use. For simplicity, we use an approximation where each slice will 
have a single static utilization value, decreasing from left to right 
across slices. For stationary enzymes, including glycolysis, this 
reflects the fraction of the time the ATP production capacity con
tained within the slice is in use. However, mitochondrial mobility 
enables a relatively higher utilization of mitochondrial enzymes 
in slices to the right since some of the mitochondrial enzymatic 
capacity can be used at other physical locations during nonpeak 

�a,x = TxB,

Fig. 2. Transportation costs. (A) Description of the mechanisms that take place to sustain catalytic enzymes at the synapse. Proteins, mRNA (for local translation), 
and other organelles needed for local translation are all transported to the synapse. Mitochondria can also move along exons/dendrites. (B) Maintenance of 
different enzyme classes at the synapse. Enzymes can both be transported directly to the synapse and translated locally, which holds both for the mitochondrial 
enzymes (me) and other enzymes (oe). Local translation requires transport of mRNA and the local protein production machinery. Mitochondrial genes (mt) are 
translated locally in the mitochondria.
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time periods (Fig. 3B). This makes it possible to share enzyme 
maintenance costs across locations. For glycolytic enzymes, the 
mobility is small compared to that of mitochondria due to the 
limited diffusion flux of large molecules such as enzymes. We have 
therefore assumed that the possibility to effectively share these 
enzymes across locations exists within a small physical range, but 
that the potential gain is much smaller compared to that of mito
chondrial mobility, and have therefore for simplicity approximated 
these to be stationary and not shared across locations.

Each ATP production capacity slice can be allocated to either 
glycolysis, mitochondrial respiration, or a mix of both (Fig. 3C), 
depending on what combination generates the least enzyme main
tenance cost from a whole- body perspective (Fig. 3D). Enzyme 
transportation and low utilization generate extra enzyme mainte
nance costs, which we define as the “extra ATP maintenance cost 
per ATP produced” (EAMCA), which is unitless. To simplify the 
model, we assume that enzyme half- lives are independent of their 
utilization.

To further explain why it matters which pathways are allocated 
to which utilization slices, let us envision a simple case where we 
assume that glycolysis requires less allocation of enzyme mass to 
produce one ATP per hour compared to mitochondrial respiration 
and where there is no mitochondrial mobility. Glycolysis then 
requires lower enzyme ATP maintenance cost per produced ATP 
compared to mitochondrial respiration and hence has lower 
EAMCA given the same enzyme utilization and transportation 
costs. While it at first may seem natural that the capacities from 

the two pathways in the body must match, i.e., that the lactate 
production capacity in the body must match the lactate consump
tion capacity, this is not at all the case. The usage of the two 
pathways must match, since it, for example, is suboptimal to pro
duce excess lactate that cannot be consumed in the body. However, 
due to the variation in ATP production over time at a synapse, it 
is possible to have a larger lactate production capacity from glyc
olysis compared to the lactate consumption capacity from mito
chondrial respiration, as long as glycolysis is allocated to slices 
with low utilization. The glycolytic enzymes allocated to these 
slices will not be used much (only during peak demand) and hence 
not produce much lactate over time, while mitochondrial respi
ration enzymes allocated to slices with high utilization will be used 
most of the time and thereby consume substantial amounts of 
lactate. We here for simplicity envision that peak ATP demand 
occurs at different time points in different synapses, evenly spread 
out in time, giving a constant lactate production over time. In this 
hypothetical scenario, it is therefore possible to reduce the total 
enzyme ATP maintenance costs by an increased allocation of gly
colysis (to slices with low utilization) and consequently a decreased 
allocation of mitochondrial respiration, since glycolysis costs less 
ATP to maintain.

Simulation of Enzyme Maintenance Costs in Metabolic Models. 
To model the enzyme maintenance costs in a utilization slice at 
a synapse, we constructed a genome- scale metabolic model in
corporating enzyme usage information through GECKO (12, 14), 

Fig. 3. Utilization of enzymes over time. (A) The ATP demand varies over time (blue line), and we assume that the cell at the synapse always meets this demand 
with an equal amount of ATP production. At the time point t1, there is a certain ATP demand and hence production p1, but the total ATP production capacity is 
preallocated to a constant pmax at all time points despite demand rarely reaching pmax. The ATP demand and hence production is greater than or equal to p1 during 
a certain time span ta(p1) within the total time span between 0 and ttot. The static enzyme utilization Us(p1) is defined as the fraction of the time the ATP production 
is greater than or equal to p1, representing the time fraction when an ATP production capacity of at least p1 is in use. (B) The ATP production capacity is divided 
into infinitely small slices, where each slice is approximated to have constant utilization (and therefore at a time point either be fully used or not used at all) and 
represents an ATP production capacity from a combination of glycolysis and mitochondrial respiration. We envision these slices to be sorted, where the slices are 
always engaged from left to right until the required ATP production is reached at a certain point in time. The number of engaged slices varies with time, and at a 
certain ATP production p1, the rightmost slice in use is called the marginal capacity used at p1 and is only used at time points when the ATP production >= p1. The 
utilization of mitochondrial enzymes, Um, can be higher due to mitochondrial mobility. (C) An optimal combination of glycolysis and mitochondrial respiration can 
be allocated to each slice and can differ across the slices. Glycolysis and mitochondrial respiration operate independently, producing and consuming pyruvate, 
respectively. Whenever the allocation between the two pathways is unbalanced throughout the total slices in use, lactate is either imported to or exported from 
the synapse and converted to/from pyruvate. (D) The extra ATP costs for maintaining the enzymatic capacity for ATP synthesis at synapses can be optimized by 
exchange of lactate with the rest of the body, however at a limited rate (Units: ATP demand and production: mmol gDW−1 h−1, time: h).
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extended with EAMCA (Fig. 4A and SI Appendix, Note S1). To 
simplify our model, we assumed steady state, where the fluxes in 
the model represent average metabolic fluxes over time. Steady- 
state fluxes through slices with low utilization will thus be low due 
to a high fraction of time with zero flux, and since the enzyme 
usage and hence enzyme maintenance costs in GECKO models 
are proportional to the flux, the enzyme maintenance cost will 
be underestimated. The enzyme maintenance costs are therefore 
set to be inversely proportional to the utilization to account for 
maintenance costs of the enzymes while not in use (SI Appendix, 
Note S1). We express the total enzyme maintenance ATP costs 
Cx for each enzyme class x as

where Ux is the utilization of enzyme class x. Cx represents the 
ATP flux required to maintain an enzyme mass of 1 gDW per 
gDW of biomass and is expressed in units of mmol ATP gDW−1 
h−1. Cx for each enzyme category x was added as an ATP cost in 
the model (SI Appendix, Note S1).

We used the model to estimate the EAMCA at different levels 
of utilization and transportation costs (Fig. 4 B and C). Except 
for at very low utilization values, the EAMCA was higher for 

mitochondrial respiration compared with glycolysis due to the 
larger (~13.9 times) enzyme mass required for this pathway, 
despite simulated mitochondrial mobility. However, it is not pos
sible to exclusively use glycolysis in the brain and consume the 
lactate in the body (26), since the brain would then produce more 
lactate than the body would be able to process. Glycolysis only 
yields 2 ATP per glucose compared with ~29.5 ATP for mito
chondrial respiration and there are also likely more limiting con
straints such as the acidity in the blood and limited glucose supply. 
It is therefore important to use glycolysis in a way that optimizes 
the reduction in EAMCA. Assuming the same transportation costs 
for cytosolic and mitochondrial enzymes, glycolysis is most opti
mal to use at locations where transportation costs are high, such 
as at synapses far from the soma. With respect to utilization costs 
the optimization is more complex due to mitochondrial mobility, 
where the optimal allocation of glycolysis is at a low utilization 
range (not including the very lowest range) (Fig. 4D). These results 
fit well with existing studies regarding brain energy metabolism: 
Areas of high brain activity have a decreased oxygen to glucose 
ratio, suggesting high fluxes through glycolysis, and thus lactate 
export (1–4). Interestingly, one study showed that the ratio of 
oxygen per glucose consumption decreased the most directly after 
stimulation, and later became less attenuated (2), suggesting that 
mitochondria move to synapses from other areas to help with ATP 
production and thereby increase the utilization of mitochondrial 

Cx =
(1 + Tx )B

Ux

,

Fig. 4. Investigation of brain energy metabolism using genome- scale metabolic models. (A) In the single neuron model, the metabolic model Human1 was 
extended with EAMCA for glycolysis and mitochondrial respiration. (B) EAMCA as a function of transportation cost for each pathway. (C) EAMCA as a function of 
utilization for each pathway. For the “Mit. Mob.” dashed line, the catalytic capacity of mitochondrial respiration is assumed to be used somewhere else 40% of the 
time it is not required at this specific location due to mitochondrial mobility (fm = 0.4, Materials and Methods), while no mitochondrial mobility was allowed for 
the “Mit.” line (fm = 0). (D) Reduction in EAMCA from using glycolysis instead of mitochondrial respiration at different levels of utilization, assuming mitochondrial 
mobility (as in Fig. 2C). The x axis is transformed to Log2(Us + 0.1). (E) Simulation with neurons and astrocytes showing the optimal pathway allocation for ATP 
generation from reduced mitochondrial mobility in astrocytes and lowered transportation cost in neurons. The bars represent the fraction of the total ATP 
generated by each pathway per cell type. (F) Whole- body model system simulating neurons, astrocytes, and the rest of the body. One astrocyte and neuron 
model including EAMCA exist per slice of static utilization, while the rest of the body is represented by a single model without EAMCA. (G) Simulation results 
from the whole- body model where astrocyte models are configured to have a lower utilization of mitochondria compared with neurons. The model predicts 6 
utilization regions with different behaviors: I) neurons clear lactate from the blood where EAMCA is low; II) lactate shuttle and lactate uptake from blood in neurons 
(as in I); III) lactate shuttle and export of lactate to blood from astrocytes; IV) lactate export from the brain to body; V) lactate uptake in neurons and export in 
astrocytes; and VI) lactate uptake in both neurons and astrocytes. See Materials and Methods for details. (H) Predicted lactate import/export per produced ATP 
into astrocytes and neurons at different levels of ATP production for the same simulation as in G. For a certain ATP production level, the value is calculated from 
all ATP production slices engaged at that level. Lactate export is presented as negative import.D
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enzymes. In addition, different regions of the brain have been 
reported to exhibit different ratios of consumed oxygen vs. glucose 
(4), which could potentially be an optimal behavior driven by 
different levels of static utilization, mitochondrial utilization, and 
enzyme transportation costs across such regions. Thus, our results 
explain previous observations in neuron energy metabolism with 
optimality principles that account for the maintenance costs of 
the associated catalyzing enzymes.

The ANLS theory proposes that astrocytes make lactate avail
able to neurons, and we therefore set out to investigate whether 
such a lactate shuttle has potential to reduce enzyme maintenance 
costs. To begin with, availability of lactate can be useful due to 
the unsynchronized capacity of glycolysis and mitochondrial res
piration (Fig. 1C). However, there might be another reason for 
such a lactate shuttle. Like neurons, astrocytes are spindle- shaped 
and are reported to stretch considerable lengths (27); thus lactate 
production in astrocytes could be more optimal if the enzyme 
maintenance costs are different in such cells compared to neurons. 
Mitochondria are reported to be less mobile in astrocytes (28), 
which could yield a lower utilization for mitochondria. Further
more, while we have thus far modeled transportation costs equally 
for mitochondrial and cytosolic enzymes, the former could have 
lower transport costs in neurons since mitochondria are hypoth
esized to cycle to the soma for maintenance (25). Both these 
effects were confirmed to induce transport of lactate from astro
cytes to neurons using a metabolic model system of astrocytes 
and neurons (Fig. 4E and SI Appendix, Fig. S2).

To simulate the exchange of lactate between astrocytes and 
neurons together with enzyme utilization in a full body context, 
we generated a combined model system connecting a body 
model with 100 astrocyte and 100 neuron models, where pairs 
of neurons and astrocytes represent ATP production capacity 
slices with different static enzyme utilization (Fig. 4F and 
SI Appendix, Note S1). We here for simplicity assumed that all 
synapses within each cell type in the brain were alike with equal 
transportation costs and that one slice therefore could model 
the production capacity of all synapses in the brain at a specific 
utilization. We further for simplicity assumed that all slices har
bored an equal ATP production capacity, although not equally 
utilized over time in all slices. The body was assumed to consume 
80% of the total ATP, neurons 17%, and astrocytes 3%. Lactate 
was allowed to be transported between cell types and slices, 
although at a limited rate to the body (SI Appendix, Note S1). 
Furthermore, we for simplicity assumed that the total brain 
activity is reasonably constant over time, which allows for a 
steady- state model. The combined model system configured with 
lower mitochondrial utilization in astrocytes and optimized to 
minimize the total enzyme maintenance cost yielded a complex 
optimal behavior across the utilization range, predicting both 
lactate shuttling from astrocytes to neurons at low to moderate 
brain activity and lactate export at high activity (Fig. 4 G and 
H and SI Appendix, Fig. S3). Another configuration, with lower 
transportation costs for mitochondrial enzymes in neurons, 
yielded similar results (SI Appendix, Fig. S4). To evaluate the 
importance of the assumption made that mt enzymes have zero 
transportation costs, we also ran the simulation with equal trans
portation costs (T = 0.1) for all enzyme classes, which yielded 
very similar results, suggesting that this assumption does not 
affect our qualitative results (SI Appendix, Fig. S5). To also assess 
the sensitivity of the simulation results regarding the value of 
the transportation cost parameter T, we performed a sensitivity 
analysis, which showed similar simulation results for a large 
range of values (SI Appendix, Fig. S6).

Discussion

Currently, little is known of the enzyme maintenance costs in the 
different cell types in the brain. Here, we have used metabolic 
models with enzyme usage information to simulate the extra ATP 
costs associated with enzyme maintenance in the brain under the 
assumption that the brain is optimized to minimize the total 
enzyme ATP maintenance costs across the whole body. Indeed, our 
models recapitulated known behaviors of the brain and suggested 
a complex optimal metabolic behavior of neurons and astrocytes.

Our modeling results suggest that aerobic glycolysis is used for 
ATP production during peak ATP demand in both neurons and 
astrocytes, which is confirmed by observations of lactate export at 
stimulation of neurons (1–4). This behavior is not unique to the 
brain; similar behaviors have been observed in other cell types dur
ing periods of high ATP demand. For example, muscles produce 
lactate during intense exercise (20, 29), which could be partly 
explained by enzyme utilization and hence an overallocation of 
glycolysis compared to mitochondrial respiration. The fraction of 
the time a muscle is used at maximum capacity is very small, and 
the enzyme maintenance energy expenditure for glycolysis is much 
lower than that of mitochondrial respiration. In addition, glycolysis 
will only produce lactate when used, summing up over time to only 
small amounts of lactate that needs to be processed by other cells. 
Another example is expanding T cells, which are known for using 
aerobic glycolysis (30). T cells have been shown to grow at a rate 
of 5.3 h per cell cycle (31), which is much faster than most human 
cells, and they are likely highly optimized for growth. Since glyc
olysis requires less enzyme mass allocation per produced ATP, it 
may be possible to produce more ATP during proliferation using 
aerobic glycolysis and thereby increase the growth rate. Similarly, 
cancer cells are known to employ aerobic glycolysis, known as the 
Warburg effect (32), which has been shown in modeling experi
ments to increase ATP production (14). The metabolism in differ
ent organs has recently been shown to vary widely (33), and while 
oxygen availability could be a factor in some of the cases mentioned 
above, the enzyme usage per pathway is likely an important factor 
in optimizing the metabolism across the human body.

The ANLS theory (4, 7) suggests that astrocytes respond to glu
tamate by producing lactate that is taken up by neurons. However, 
no convincing argument has been presented that motivates this effect, 
and it is also contradicted by the export of lactate from neurons 
observed during stimulation of neurons (1–4) and additional evi
dence (34). Our modeling results suggest that the behavior is likely 
more complex than what has previously been suggested. As depicted 
in Fig. 1C and suggested in literature (5, 6), the availability of a 
certain level of lactate or other mitochondrial fuels to neurons is likely 
important to address the unsynchronized ATP production capacity 
between mitochondrial respiration and glycolysis. This level could 
very well be supplied by astrocytes, as suggested in memory impair
ment experiments in rats (6). In addition to this effect, our modeling 
results show that under some hypothetical conditions, it would the
oretically be more efficient to allocate more glycolytic pathways to 
astrocytes compared to neurons, while the opposite may be true in 
others, suggesting that a lactate shuttle may be active in some con
ditions or some parts of the brain. However, our models contradict 
that the lactate shuttle is activated by glutamate, as hypothesized in 
the ANLS theory, which has also been disputed by others (34). The 
highest levels of glutamate are likely encountered during high energy 
peaks, when nearby neuron signaling is at its maximum, which most 
likely also corresponds to peak energy demand for the astrocytes due 
to, for example, increased glutamate to glutamine conversion. In our 
models, both neurons and astrocytes export lactate at high energy 
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peaks (Fig. 4H), which matches the observed lactate export by glu
tamate stimulation shown in the original ANLS study (7). Except 
for situations with unsynchronized enzymatic capacity between path
ways (Fig. 1C), there is however no benefit for neurons to take up 
lactate during peak ATP demand; even with effects of mitochondrial 
mobility the net export of lactate is positive at such peaks (Fig. 4H), 
which also matches experimental evidence (2). Furthermore, we have 
in this project only included lactate as possible substrate for mito
chondrial respiration; other substrates such as glutamine/glutamate 
are also possible and have been shown to be used in astrocytes (34). 
We have previously shown that use of glutamine/glutamate as sub
strate to the TCA cycle requires less enzyme allocation per produced 
ATP compared to lactate (14), and glutamine is available at high 
concentrations inside the blood–brain barrier (35), making possibly 
an optimization of different substrates for the TCA cycle across cell 
types with different utilization patterns. However, to reduce the com
plexity of the model, we have in this work chosen not to introduce 
multiple substrates to the TCA cycle.

While our models predict complex metabolic behaviors, they are 
still simplifications of the brain, and many parameters for modeling 
the brain are currently not available. Some of our modeling param
eters are arbitrarily chosen, and while aerobic glycolysis at peak ATP 
demand matches well with experimental measurements, we have 
not been able to validate our hypothetical scenarios that reproduce 
the lactate shuttle in any available data. Except for the effect of 
unsynchronized enzymatic capacity across pathways, the lactate 
shuttle could just as well be reversed, from neurons to astrocytes, it 
all depends on how the modeling parameters are chosen and both 
scenarios could exist in different parts of the brain. The main point, 
however, is not the net effect of these specific configurations, but 
rather that it matters for the enzyme maintenance cost to which 
cell types and parts of the brain certain ATP generation pathways 
are allocated. It is unclear to what extent the brain has succeeded 
in optimizing the allocation of ATP generation, but it is to be 
expected that minimization of the enzyme maintenance costs drives 
a more complex behavior than what is observed in our modeling 
experiments. Despite the simplifications applied to our models, we 
have here shown that metabolic modeling can be used to shed some 
light on this complex behavior, and we believe that further modeling 
efforts incorporating more data can provide further insights into 
brain metabolism and contribute to a better understanding of how 
brain metabolism interacts with overall brain function.

Materials and Methods

Description of Models. The models are described in detail in SI Appendix, Note S1. 
The model parameters are described in SI Appendix, Table S1.

Acquisition of Enzyme Half- life Data. Enzyme half- life data for HeLa cells 
were obtained from the literature (36). All proteins that had a matching gene 
association for any reaction used in each pathway (glycolysis or mitochondrial 
respiration) were deemed to be associated with the pathway and included in 
SI Appendix, Fig. S1.

Software. The data were analyzed using MATLAB R2019b and R version 3.6.1. 
To ensure the quality of our analyses, we verified and validated the code using 
a combination of test cases, reasoning around expected outcome of a function, 
and code review. The details of this activity are available in the verification matrix 
available with the code.

Data, Materials, and Software Availability. The processed data and source 
code are available in Zenodo: https://doi.org/10.5281/zenodo.10206796 (37). 
The source code is also available in GitHub: (https://github.com/SysBioChalmers/
BrainMetabolismModeling) (38).

ACKNOWLEDGMENTS. This work was supported by funding from the Knut 
and Alice Wallenberg Foundation, Grant 2015- 0279 (J.N.). H.Z. is a Wallenberg 
Scholar supported by grants from the Swedish Research Council (#2018- 02532), 
the European Union’s Horizon Europe research and innovation programme under 
grant agreement No 101053962, Swedish State Support for Clinical Research 
(#ALFGBG- 71320), the Alzheimer Drug Discovery Foundation (ADDF), USA 
(#201809- 2016862), the AD Strategic Fund and the Alzheimer’s Association 
(#ADSF- 21- 831376- C, #ADSF- 21- 831381- C, and #ADSF- 21- 831377- C), the Blue
field Project, the Olav Thon Foundation, the Erling- Persson Family Foundation, 
Stiftelsen för Gamla Tjänarinnor, Hjärnfonden, Sweden (#FO2022- 0270), the 
European Union’s Horizon 2020 research and innovation programme under the 
Marie Skłodowska- Curie grant agreement No 860197 (MIRIADE), the European 
Union Joint Programme–Neurodegenerative Disease Research (JPND2021- 00694), 
and the UK Dementia Research Institute at UCL (UKDRI- 1003).

Author affiliations: aDepartment of Biology and Biological Engineering, Chalmers University 
of Technology, Gothenburg, Sweden; bBioInnovation Institute, Copenhagen DK- 2200, 
Denmark; cDepartment of Psychiatry and Neurochemistry, Institute of Neuroscience and 
Physiology, Sahlgrenska Academy at University of Gothenburg, Mölndal 431 30, Sweden; 
dClinical Neurochemistry Laboratory, Sahlgrenska University Hospital, Mölndal 431 30, 
Sweden; eDepartment of Neurodegenerative Disease, University College London Queen 
Square Institute of Neurology, London WC1E 6BT, United Kingdom; fUnited Kingdom 
Dementia Research Institute, University College London, London WC1E 6BT, United 
Kingdom; gHong Kong Center for Neurodegenerative Diseases, Hong Kong 999077, China; 
and hWisconsin Alzheimer’s Disease Research Center, University of Wisconsin School of 
Medicine and Public Health, University of Wisconsin- Madison, Madison, WI 53792

1. X.- H. Zhu et al., Quantitative imaging of energy expenditure in human brain. Neuroimage 60, 
2107–2117 (2012).

2. P. T. Fox, M. E. Raichle, M. A. Mintun, C. Dence, Nonoxidative glucose consumption during focal 
physiologic neural activity. Science 241, 462–464 (1988).

3. K. A. Kasischke, H. D. Vishwasrao, P. J. Fisher, W. R. Zipfel, W. W. Webb, Neural activity triggers 
neuronal oxidative metabolism followed by astrocytic glycolysis. Science 305, 99–103 (2004).

4. S. N. Vaishnavi et al., Regional aerobic glycolysis in the human brain. Proc. Natl. Acad. Sci. U.S.A. 
107, 17757–17762 (2010).

5. S. C. Cunnane et al., Can ketones help rescue brain fuel supply in later life? Implications for 
cognitive health during aging and the treatment of Alzheimer’s disease. Front. Mol. Neurosci. 9, 53 
(2016).

6. G. Descalzi, V. Gao, M. Q. Steinman, A. Suzuki, C. M. Alberini, Lactate from astrocytes fuels learning- 
induced mRNA translation in excitatory and inhibitory neurons. Commun. Biol. 2, 1–11 (2019).

7. L. Pellerin, P. J. Magistretti, Glutamate uptake into astrocytes stimulates aerobic glycolysis: A 
mechanism coupling neuronal activity to glucose utilization. Proc. Natl. Acad. Sci. U.S.A. 91, 
10625–10629 (1994).

8. C. M. Díaz- García et al., Neuronal stimulation triggers neuronal glycolysis and not lactate uptake. 
Cell Metab. 26, 361–374.e4 (2017).

9. J. D. Orth, I. Thiele, B. Ø. Palsson, What is flux balance analysis? Nat. Biotechnol. 28, 245–248 
(2010).

10. J. L. Robinson et al., An atlas of human metabolism. Sci. Signal. 13, eaaz1482 (2020).
11. E. Brunk et al., Recon3D: A resource enabling a three- dimensional view of gene variation in human 

metabolism. Nat. Biotechnol. 36, 272–281 (2018).
12. I. Domenzain et al., Reconstruction of a catalogue of genome- scale metabolic models with 

enzymatic constraints using GECKO 2.0. Nat. Commun. 13, 3766 (2022).

13. R. Adadi, B. Volkmer, R. Milo, M. Heinemann, T. Shlomi, Prediction of microbial growth rate versus 
biomass yield by a metabolic network with kinetic parameters. PLoS Comput. Biol. 8, e1002575 
(2012).

14. J. Gustafsson et al., Metabolic collaboration between cells in the tumor microenvironment 
has a negligible effect on tumor growth. bioRxiv [Preprint] (2022). https://doi.
org/10.1101/2022.02.08.479584. Accessed 14 November 2023

15. D. Debanne, E. Campanac, A. Bialowas, E. Carlier, G. Alcaraz, Axon physiology. Physiol. Rev. 91, 
555–602 (2011).

16. L. Guillaud, S. E. El- Agamy, M. Otsuki, M. Terenzio, Anterograde axonal transport in neuronal 
homeostasis and disease. Front. Mol. Neurosci. 13, 556175 (2020).

17. E. Kim, H. Jung, Local protein synthesis in neuronal axons: Why and how we study. BMB Rep. 48, 
139–146 (2015).

18. J. J. Harris, R. Jolivet, D. Attwell, Synaptic energy use and supply. Neuron 75, 762–777 (2012).
19. S. Mangia, I. A. Simpson, S. J. Vannucci, A. Carruthers, The in vivo neuron- to- astrocyte lactate shuttle 

in human brain. J. Neurochem. 109, 55–62 (2009).
20. A. Nilsson, E. Björnson, M. Flockhart, F. J. Larsen, J. Nielsen, Complex I is bypassed during high 

intensity exercise. Nat. Commun. 10, 5072 (2019).
21. S. Jang et al., Glycolytic enzymes localize to synapses under energy stress to support synaptic 

function. Neuron 90, 278–291 (2016).
22. D. Davidi, R. Milo, Lessons on enzyme kinetics from quantitative proteomics. Curr. Opin. Biotechnol. 

46, 81–89 (2017).
23. E. L. Spaulding, R. W. Burgess, Accumulating evidence for axonal translation in neuronal 

homeostasis. Front. Neurosci. 11, 312 (2017).
24. S. Aibara, V. Singh, A. Modelska, A. Amunts, Structural basis of mitochondrial translation. Elife 9, 

e58362 (2020).

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 U
N

IV
E

R
SI

T
Y

 C
O

L
L

E
G

E
 L

O
N

D
O

N
 L

IB
R

A
R

Y
-P

E
R

IO
D

IC
A

L
S 

D
E

PT
 o

n 
Fe

br
ua

ry
 8

, 2
02

4 
fr

om
 I

P 
ad

dr
es

s 
19

3.
60

.2
40

.9
9.

http://www.pnas.org/lookup/doi/10.1073/pnas.2305035121#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2305035121#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2305035121#supplementary-materials
https://doi.org/10.5281/zenodo.10206796
https://github.com/SysBioChalmers/BrainMetabolismModeling
https://github.com/SysBioChalmers/BrainMetabolismModeling
https://doi.org/10.1101/2022.02.08.479584
https://doi.org/10.1101/2022.02.08.479584


8 of 8   https://doi.org/10.1073/pnas.2305035121 pnas.org

25. A. Mandal et al., Retrograde mitochondrial transport is essential for organelle distribution and 
health in zebrafish neurons. J. Neurosci. 41, 1371–1392 (2021).

26. S. Hui et al., Glucose feeds the TCA cycle via circulating lactate. Nature 551, 115–118  
(2017).

27. N. A. Oberheim et al., Uniquely hominid features of adult human astrocytes. J. Neurosci. 29, 
3276–3287 (2009).

28. J. G. Jackson, M. B. Robinson, Regulation of mitochondrial dynamics in astrocytes: Mechanisms, 
consequences, and unknowns. Glia 66, 1213–1234 (2018).

29. G. van Hall, Lactate kinetics in human tissues at rest and during exercise. Acta Physiol. 199, 
499–508 (2010).

30. R. J. Salmond, mTOR regulation of glycolytic metabolism in T cells. Front. Cell Dev. Biol. 6, 122 
(2018).

31. L. N. Hwang, Z. Yu, D. C. Palmer, N. P. Restifo, The in vivo expansion rate of properly stimulated 
transferred CD8+ T cells exceeds that of an aggressively growing mouse tumor. Cancer Res. 66, 
1132–1138 (2006).

32. M. V. Liberti, J. W. Locasale, The Warburg effect: How does it benefit cancer cells? Trends Biochem. 
Sci. 41, 211–218 (2016).

33. C. Jang et al., Metabolite exchange between mammalian organs quantified in pigs. Cell Metab. 30, 
594–606.e3 (2019).

34. G. A. Dienel, Lack of appropriate stoichiometry: Strong evidence against an energetically important 
astrocyte–neuron lactate shuttle in brain. J. Neurosci. Res. 95, 2103–2125 (2017).

35. R. Zaragozá, Transport of amino acids across the blood- brain barrier. Front. Physiol. 11, 973 (2020).
36. S. B. Cambridge et al., Systems- wide proteomic analysis in mammalian cells reveals conserved, 

functional protein turnover. J. Proteome Res. 10, 5275–5284 (2011).
37. J. Gustafsson, Code and data for “Brain energy metabolism is optimized to minimize the cost 

of enzyme synthesis and transport” (Version 3). Zenodo. https://zenodo.org/records/10206796. 
Accessed 14 January 2024.

38. J. Gustafsson, Code and data for “Brain energy metabolism is optimized to minimize the 
cost of enzyme synthesis and transport”. Github. https://github.com/SysBioChalmers/
BrainMetabolismModeling/. Deposited 14 January 2024.

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 U
N

IV
E

R
SI

T
Y

 C
O

L
L

E
G

E
 L

O
N

D
O

N
 L

IB
R

A
R

Y
-P

E
R

IO
D

IC
A

L
S 

D
E

PT
 o

n 
Fe

br
ua

ry
 8

, 2
02

4 
fr

om
 I

P 
ad

dr
es

s 
19

3.
60

.2
40

.9
9.

https://zenodo.org/records/10206796
https://github.com/SysBioChalmers/BrainMetabolismModeling/
https://github.com/SysBioChalmers/BrainMetabolismModeling/

	Brain energy metabolism is optimized to minimize the cost of enzyme synthesis and transport
	Significance
	Results
	Estimation of Enzyme Maintenance Costs.
	Simulation of Enzyme Maintenance Costs in Metabolic Models.

	Discussion
	Materials and Methods
	Description of Models.
	Acquisition of Enzyme Half-life Data.
	Software.

	Data, Materials, and Software Availability
	ACKNOWLEDGMENTS
	Supporting Information
	Anchor 21



