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Developmental biology - An introduction

Differential cellular behaviors 
(division, differentiation, 
growth, patterning, movement)

The emergence of organized 
structures 
(tissues, organs,…)
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P: Cell differentiation 
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Understanding the Warburg Effect:
The Metabolic Requirements of
Cell Proliferation
Matthew G. Vander Heiden,1,2 Lewis C. Cantley,2* Craig B. Thompson3*

In contrast to normal differentiated cells, which rely primarily on mitochondrial oxidative
phosphorylation to generate the energy needed for cellular processes, most cancer cells instead
rely on aerobic glycolysis, a phenomenon termed “the Warburg effect.” Aerobic glycolysis is an
inefficient way to generate adenosine 5´-triphosphate (ATP), however, and the advantage it confers
to cancer cells has been unclear. Here we propose that the metabolism of cancer cells, and indeed
all proliferating cells, is adapted to facilitate the uptake and incorporation of nutrients into the
biomass (e.g., nucleotides, amino acids, and lipids) needed to produce a new cell. Supporting this
idea are recent studies showing that (i) several signaling pathways implicated in cell proliferation
also regulate metabolic pathways that incorporate nutrients into biomass; and that (ii) certain
cancer-associated mutations enable cancer cells to acquire and metabolize nutrients in a manner
conducive to proliferation rather than efficient ATP production. A better understanding of the
mechanistic links between cellular metabolism and growth control may ultimately lead to better
treatments for human cancer.

For unicellular organisms such as microbes,
there is evolutionary pressure to reproduce
as quickly as possible when nutrients are

available. Their metabolic control systems have
evolved to sense an adequate supply of nutrients
and channel the requisite carbon, nitrogen, and
free energy into generating the building blocks
needed to produce a new cell. When nutrients are
scarce, the cells cease biomass production and
adapt metabolism to extract the maximum free
energy from available resources to survive the
starvation period (Fig. 1). Reflecting these fun-
damental differences in metabolic needs, distinct
regulatory mechanisms have evolved to control
cellular metabolism in proliferating versus non-
proliferating cells.

In multicellular organisms, most cells are ex-
posed to a constant supply of nutrients. Survival
of the organism requires control systems that
prevent aberrant individual cell proliferation
when nutrient availability exceeds the levels
needed to support cell division. Uncontrolled
proliferation is prevented because mammalian
cells do not normally take up nutrients from their
environment unless stimulated to do so by
growth factors. Cancer cells overcome this
growth factor dependence by acquiring genetic
mutations that functionally alter receptor-initiated
signaling pathways. There is growing evidence
that some of these pathways constitutively ac-

tivate the uptake and metabolism of nutrients that
both promote cell survival and fuel cell growth
(1, 2). Oncogenic mutations can result in the
uptake of nutrients, particularly glucose, that
meet or exceed the bioenergetic demands of cell
growth and proliferation. This realization has
brought renewed attention to Otto Warburg’s
observation in 1924 that cancer cells metabolize
glucose in a manner that is distinct from that of

cells in normal tissues (3, 4). By examining how
Louis Pasteur’s observations regarding fermenta-
tion of glucose to ethanol might apply to mam-
malian tissues, Warburg found that unlike most
normal tissues, cancer cells tend to “ferment”
glucose into lactate even in the presence of suf-
ficient oxygen to support mitochondrial oxidative
phosphorylation. A definitive explanation for
Warburg’s observation has remained elusive, at
least in part because the energy requirements of cell
proliferation appear at first glance to be better met
by complete catabolism of glucose using mito-
chondrial oxidative phosphorylation to maximize
adenosine 5´-triphosphate (ATP) production.

In this review, we explore the metabolic
requirements of cell proliferation in an attempt
to understand why proliferating cells metabolize
glucose by aerobic glycolysis. Knowledge of
what proliferating cells need in terms of energy
to generate biomass will help illuminate the con-
nection between signaling pathways that drive
cell growth and the regulation of cell metabolism.

Proliferating Mammalian Cells Exhibit
Anabolic Metabolism
Our current understanding of metabolic path-
ways is based largely on studies of nonproliferat-
ing cells in differentiated tissues. In the presence
of oxygen, most differentiated cells primarily
metabolize glucose to carbon dioxide by oxida-
tion of glycolytic pyruvate in the mitochondrial
tricarboxylic acid (TCA) cycle. This reaction
produces NADH [nicotinamide adenine di-
nucleotide (NAD+), reduced], which then fuels
oxidative phosphorylation to maximize ATP
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Fig. 1. Microbes and cells from multicellular organisms have similar metabolic phenotypes under similar
environmental conditions. Unicellular organisms undergoing exponential growth often grow by fermentation
of glucose into a small organic molecule such as ethanol. These organisms, and proliferating cells in a
multicellular organism, both metabolize glucose primarily through glycolysis, excreting large amounts of
carbon in the form of ethanol, lactate, or another organic acid such as acetate or butyrate. Unicellular
organisms starved of nutrients rely primarily on oxidative metabolism, as do cells in a multicellular organism
that are not stimulated to proliferate. This evolutionary conservation suggests that there is an advantage to
oxidative metabolism during nutrient limitation and nonoxidative metabolism during cell proliferation.
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production, with minimal production of lactate
(Fig. 2). It is only under anaerobic conditions that
differentiated cells produce large amounts of
lactate. In contrast, most cancer cells produce
large amounts of lactate regardless of the avail-
ability of oxygen and hence their metabolism is
often referred to as “aerobic glycolysis.”Warburg
originally hypothesized that cancer cells develop
a defect in mitochondria that leads to impaired
aerobic respiration and a subsequent reliance on
glycolytic metabolism (4). However, subsequent
work showed that mitochondrial function is not
impaired inmost cancer cells (5–7), suggesting an
alternative explanation for aerobic glycolysis in
cancer cells.

Why Do Proliferating Cells Switch to a
Less Efficient Metabolism?
As noted above, many unicellular organisms pro-
liferate using fermentation, a microbial equiv-
alent of aerobic glycolysis, and analogous to
human cancer cells, preferentially ferment glu-
cose evenwhen oxygen is abundant (Fig. 1). This
demonstrates that aerobic glycolytic metabolism
can provide sufficient energy for cell prolifera-
tion. The metabolism of glucose to lactate gen-
erates only 2 ATPs per molecule of glucose,
whereas oxidative phosphorylation generates up

to 36 ATPs upon complete oxidation of one
glucose molecule (8). This raises the question of
why a less efficient metabolism, at least in terms
of ATP production, would be selected for in pro-
liferating cells.

One possible explanation is that inefficient
ATP production is a problem only when re-
sources are scarce. This is not the case for
proliferating mammalian cells, which are ex-
posed to a continual supply of glucose and other
nutrients in circulating blood. Metabolic path-
ways and their regulation have only recently been
studied in actively proliferating cells, and there is
evidence that ATP may never be limiting in these
cells. No matter how much they are stimulated
to divide, cells using aerobic glycolysis also
exhibit high ratios of ATP/ADP (adenosine 5´-
diphosphate) and NADH/NAD+ (2, 9). Further,
even minor perturbations in the ATP/ADP ratio
can impair growth. Cells deficient in ATP often
undergo apoptosis (10, 11). Normal proliferat-
ing cells can also undergo cell cycle arrest and
reactivate catabolic metabolism when their
ability to produce ATP from glucose is com-
promised (12, 13), and signaling pathways exist
to sense energy status. The best characterized of
these is initiated by the activity of adenylate
kinases that buffer declining ATP production by

converting two ADPs to one ATP and one AMP
(adenosine 5´-monophosphate). This helps main-
tain a viable ATP/ADP ratio as ATP production
declines, but the accumulation of AMP activates
AMP-activated protein kinase (AMPK). This
activation is dependent on the tumor suppressor
protein LKB1 and leads to phosphorylation of
several targets to improve energy charge in cells
(14). LKB1 was initially identified as a tumor sup-
pressor gene, suggesting that the ability to sense
energy stress could be an important checkpoint to
prevent malignant transformation in some cell
types.

A second possible explanation for the switch
to aerobic glycolysis, discussed in detail below, is
that proliferating cells have important metabolic
requirements that extend beyond ATP.

Crunching the Numbers–What Are the
Metabolic Needs of Proliferating Cells?
To produce two viable daughter cells at mitosis, a
proliferating cell must replicate all of its cellular
contents. This imposes a large requirement for
nucleotides, amino acids, and lipids. During growth,
glucose is used to generate biomass as well as
produce ATP. Although ATP hydrolysis provides
free energy for some of the biochemical reactions
responsible for replication of biomass, these reac-
tions have additional requirements. For instance,
synthesis of palmitate, amajor constituent of cellular
membranes, requires 7 molecules of ATP, 16 car-
bons from 8 molecules of acetyl-CoA (coenzyme
A), and 28 electrons from 14molecules of NADPH
[nicotinamide adenine dinucleotide phosphate
(NADP+), reduced] (8). Likewise, synthesis of
amino acids and nucleotides also consumes more
equivalents of carbon and NADPH than of ATP. A
glucosemolecule can generate up to 36ATPs, or 30
ATPs and 2 NADPHs [if diverted into the pentose
phosphate shunt (8, 15)], or provide 6 carbons for
macromolecular synthesis. Thus, to make a 16-
carbon fatty acyl chain, a single glucose molecule
can provide five times the ATP required, whereas 7
glucose molecules are needed to generate the
NADPH required. This 35-fold asymmetry is only
partially compensated by the consumption of 3
glucose molecules in acetyl-CoA production to
satisfy the carbon requirement of the acyl chain
itself. It is clear that for a cell to proliferate, the bulk
of the glucose cannot be committed to carbon ca-
tabolism for ATP production. In addition, if this
were the case, the resulting rise in the ATP/ADP
ratio would severely impair the flux through
glycolytic intermediates, limiting the production of
the acetyl-CoA and NADPH required for macro-
molecular synthesis.

For most mammalian cells in culture, the only
twomolecules catabolized in appreciable quantities
are glucose and glutamine. This means that glucose
and glutamine supply most of the carbon, nitrogen,
free energy, and reducing equivalents necessary to
support cell growth and division. From this
perspective, it becomes clear that converting all of
the glucose toCO2via oxidative phosphorylation in
themitochondria tomaximizeATP production runs
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Fig. 2. Schematic representation of the differences between oxidative phosphorylation, anaerobic
glycolysis, and aerobic glycolysis (Warburg effect). In the presence of oxygen, nonproliferating
(differentiated) tissues first metabolize glucose to pyruvate via glycolysis and then completely oxidize
most of that pyruvate in the mitochondria to CO2 during the process of oxidative phosphorylation. Because
oxygen is required as the final electron acceptor to completely oxidize the glucose, oxygen is essential for
this process. When oxygen is limiting, cells can redirect the pyruvate generated by glycolysis away from
mitochondrial oxidative phosphorylation by generating lactate (anaerobic glycolysis). This generation of
lactate during anaerobic glycolysis allows glycolysis to continue (by cycling NADH back to NAD+), but
results in minimal ATP production when compared with oxidative phosphorylation. Warburg observed that
cancer cells tend to convert most glucose to lactate regardless of whether oxygen is present (aerobic
glycolysis). This property is shared by normal proliferative tissues. Mitochondria remain functional and
some oxidative phosphorylation continues in both cancer cells and normal proliferating cells. Nevertheless,
aerobic glycolysis is less efficient than oxidative phosphorylation for generating ATP. In proliferating cells,
~10% of the glucose is diverted into biosynthetic pathways upstream of pyruvate production.
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The Drosophila wing imaginal disc: a tool to study the interplay of morphogens, metabolism and 
mechanics 
 In the past, these three processes have never been integrated into a unified model of growth control, 
because they have been studied in disparate systems. To understand how their interplay regulates the switch 
from growth to differentiation, we must precisely define their relationships in a single developing tissue. The 
wing of Drosophila is perfect for this purpose. Its size is mainly determined by the amount of growth during 
larval stages as an undifferentiated “wing imaginal disc”. The wing disc stops growing as larvae near 
pupariation 9; afterwards it reshapes itself and differentiates. The morphogen signalling pathways that control 
wing growth and patterning are well studied and can be readily manipulated genetically. Furthermore, a rich 
history of classical developmental studies has outlined some basic principles that control its final size. 
However, it is only by drawing together the different disciplines of developmental genetics, metabolism, 
biochemistry and biophysics that we will be able to understand feedback in the networks that control tissue 
growth. We will now devise powerful new methodologies to study and perturb both metabolism and cell 
mechanics in the wing disc. Using them, we will comprehensively describe the changes in cell 
metabolism and cell mechanical properties that occur at the end of the larval growth phase. We will 
then systematically define the interactions and dependencies between morphogen signalling, cell 
metabolism and cell mechanics in the wing disc. These studies will, for the first time, establish the 
architecture of cellular networks that together regulate the switch from growth to differentiation.  
Summary of the morphogens controlling wing disc growth and patterning 
 Wing disc growth depends on the 
activity of three signalling systems located 
at lineage restriction boundaries between the 
anterior (A) and posterior (P) compartments 
and the dorsal (D) and ventral (V) 
compartments (Figure 1). Cells at the DV 
boundary produce Wnt family morphogens, 
including Wingless (Wg). Wg expression is 
maintained by a positive feedback loop 
involving Notch signalling. Cells in the P 
compartment produce Hedgehog (Hh), but 
only A compartment cells express its 
receptor Patched (Ptc). Thus, Hh signals in a 
stripe of cells anterior to the AP boundary. 
Hh signaling induces production of 
Decapentaplegic (Dpp), establishing another signalling gradient along the AP axis. If any of these systems is 
inactive, the wing does not grow. The combination of these signals organizes a fourth important system, 
based on the atypical Cadherins Fat and Dachsous (Ds), that is needed to orient and limit growth. These 
proteins form heterophilic complexes that are intracellularly polarized and oriented radially 10 (Figure 1). 
These signalling systems cooperate to produce a largely uniform pattern of proliferation throughout the wing 
disc 11.  
What is known about how wing disc size is controlled? 
 The transition to growth arrest is largely autonomously determined – larval discs transplanted to 
adults grow to an appropriate size and then stop 9. Size is measured independently within lineage restriction 
compartments 12, which coincide with gap junction communication boundaries 13,14. Theoretically, this could 
allow dilution of limiting small molecules, like metabolites, to stop growth of compartments at a particular 
size. Genetic analysis has identified a class of mutants in which imaginal discs do not stop growing. These 
molecules include not only Fat, but other components of apical epithelial junctions 15, as well as proteins that 
regulate the output of the Notch 16 and Hh17 pathways. This suggests that an intact apical junctional region is 
required to sense when growth should stop, and that altered morphogen signalling may play a role. Fat 
signalling has recently been shown to promote oxidative metabolism18, suggesting that metabolic changes 
may be important as well. 
What is known about metabolism and cell mechanics in the wing disc? 
Whether growing discs engage in Warburg metabolism is not known. However studies from the 70’s and 
80’s show that signalling at AP and DV boundary organizers influences metabolic pathways – at least 
locally. These studies revealed striking patterns of metabolic enzyme activity correlated with the AP and DV 
boundaries 19-21 (Figure 2). These include three of the enzymes that generate the majority of cellular NADPH, 
a critical source of reducing equivalents for anti-oxidation and biosynthesis of fatty acids 22. NADPH is made 
from NADP+ in the Pentose Phosphate Pathway (PPP) by glucose-6-phosphate dehydrogenase (G6PD) and 

Figure 1.  Signalling systems in the wing disc 
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6-phosphogluconate Dehydrogenase (6PGD). Malic enzyme (ME) and cytoplasmic Isocitrate 
Dehydrogenase (IDH1) are the two other major producers of NADPH. In the wing disc, Malic enzyme 
activity is extremely low 23. Surprisingly, cells at the AP boundary also have very low levels of the other 
NADPH-generating enzymes IDH1, G6PD, and 6PGD, suggesting this region may synthesize little NADPH. 
In contrast, cells at the DV boundary dramatically increase the activity of PPP enzymes. Do cells in this 
region synthesize more NADPH than others? The PPP is 

 also the source of precursors for 
nucleotide biosynthesis. Although 
the entire wing disc grows at a 
uniform rate and presumably has 
uniform requirements for these 
RNA and DNA building blocks, the 
DV boundary has by far the highest 
activity of these enzymes. This 

metabolic specialization raises the 
intriguing possibility that cells in 
different regions of the disc 
cooperate with each other to 
produce important metabolites. 
Cutting edge tools like small 
molecule FRET sensors, 
metabolomics and lipidomics will 

be required to address the meaning of these striking metabolic patterns. 
 Mechanical compression has been proposed as a mechanism to limit disc growth.  As the wing disc 
grows, cells within it become pseudostratified – i.e. they elongate in their apical-basal axis, narrowing their 
apical cross-sectional area, and reducing the area of basal contact with the extracellular matrix. 
Pseudostratification depends at least in part on the mechanical properties of the basal ECM, which resists 
expansion 24. Physical models that oppose morphogen-induced proliferation with proliferation-induced 
compression can account for growth arrest in theory 25,26. However, we still do not know how forces at apical 
and basal contacts change during growth or growth arrest. Nor is it clear whether perturbing them influences 
growth. To explore these questions will require new ways of measuring and perturbing forces in the wing 
disc.  
 
To explore the functional relationships between morphogen signaling, cell metabolism and cell mechanics in 
the wing disc, we will pursue the following specific aims: 
 
1. Map changing patterns of metabolic activity as the wing disc stops growing and assess their 

importance. 
2. Investigate the interplay between morphogen signalling and cell metabolism. 
3. Map changing patterns of tissue mechanics as the wing disc stops growing and assess their 

importance 
4. Investigate the interplay between tissue mechanics and metabolism 
5. Investigate the interplay between tissue mechanics and morphogen signaling 
 

Section b. Methodology 

 
1. Map patterns of metabolic activity as the wing disc stops growing and assess their importance. 
We will define the temporal and spatial patterns of metabolic activity in the wing disc and how they change 
as discs stop growing. To specifically ask whether discs shift from Warburg metabolism to oxidative 
phosphorylation, we will measure changes in O2 consumption and lactate production using a Seahorse 
metabolic flux analyser27,28. These experiments are now feasible now, for the first time, because we have 
recently developed a method to culture third instar larval wing imaginal discs that supports normal 
proliferation rates over at least 14 hours, and that maintains the expression of morphogens (Figure 3, and 
Dye and Eaton, in preparation).  
 

Figure 2. Metabolic zonation in the wing disc. 
Patterns of enzyme activity for cytoplasmic Isocitrate Dehydrogenase 
(ICDH1), Glucose-6-phosphate dehydrogenase (G6PD), 6-
phosphogluconate Dehydrogenase (6PGD), and Aldehyde Oxidases in 
third instar wing discs. Images are from Cunningham et al., 1983; 
Kuhn and Cunningham, 1977 and 1986. 
 

Eaton S, personal communication, Cunningham et al. 1983, Cunningham & Kuhn, 1977, 1986



on the mesodermal fate choice of NMPs (Kimelman, 2016).
Although the precise molecular link between glycolysis and FGF/
WNT signaling remains to be revealed, these studies suggest that
aerobic glycolysis plays important roles in developmental signaling
and differentiation processes.

Aerobic glycolysis linked to the regulation of gene expression in
Drosophila larvae
Recent findings have also uncovered links between aerobic
glycolysis and the regulation of gene expression, mediated by the
metabolite 2-HG. Until recently, 2-HG was considered as an
oncometabolite that accumulates only in disease states (as discussed
above). For example, accumulation of 2-HG is a characteristic of
2-hydroxyglutaric acidurias, an autosomal recessive neurometabolic
disorder that causes developmental delay, epilepsy and cerebellar
ataxia (Steenweg et al., 2010). Excitingly, however, a recent study
(Li et al., 2017) has highlighted the need to inspect the function of
2-HG and potentially other oncometabolites during physiological
development. In this study, it was shown that 2-HG production
occurs at the specific stage of development when aerobic glycolysis
is promoted in Drosophila larvae during normal development (Li
et al., 2017). It was further shown that 2-HG, which is produced in a
specific window of development by the activity of glycolytic
enzyme LDH, can function as a signaling molecule that affects
heterochromatin formation, therefore providing a mechanistic link
between metabolic, developmental and gene expression programs
(Li et al., 2017).

Aerobic glycolysis during cell competition
Cell competition is a cell-cell interaction mechanism that leads to
the selection of ‘winner’ cells at the expense of ‘loser’ cells (Di
Gregorio et al., 2016). Cell competition has classically been
studied in Drosophila wing discs, in which Myc-overexpressing
cells (supercompetitors) induce the death of neighboring wild-
type cells (de la Cova et al., 2004). It has been reported that
these supercompetitor cells boost glycolysis dramatically in a non-
cell-autonomous manner under competitive conditions (de la
Cova et al., 2014). This enhanced glycolysis then promotes
the proliferation of supercompetitor cells, which suggests that
intercellular heterogeneity of metabolism facilitates cell competition.
Further supporting a key role of metabolism during cell competition,
it has recently been reported that non-cell-autonomous changes in
mitochondrial and glycolytic activity underlie cell competition
events in RasV12-transformed cells (Kon et al., 2017).

Interestingly, in this context, higher glycolytic activity is
required in loser cells for their elimination; the underlying
mechanism of this remains unknown. Cell competition has also
been described during mouse gastrulation, leading to the
elimination of unfit epiblast cells (Clavería et al., 2013; Sancho
et al., 2013), so it would be of particular interest to investigate
whether metabolic changes also underlie cell competition in
this context.

Metabolic regulation of epigenetics in development
A major remaining challenge is the identification of detailed
mechanistic links between metabolism and development. One such
mechanism that has been highlighted in several recent studies, and
touched upon in some of the examples above, is the metabolic
control of the epigenetic state during developmental processes.
We anticipate that many more such examples will emerge in the
near future, but below we highlight two developmental contexts
in which clear links between metabolism and epigenetics have
been described.

Metabolic control of epigenetics during cell differentiation
Stem cells primarily depend on glycolysis and undergo a metabolic
switch to OXPHOS during cell differentiation, whereas somatic
cells activate glycolysis and suppress OXPHOS upon
reprogramming (Mathieu and Ruohola-Baker, 2017). Remarkably,
the remodeling of energy metabolism during somatic cell
reprogramming precedes the upregulation of pluripotency marker
genes (Folmes et al., 2011; Kida et al., 2015). Moreover, lineage-
specific metabolic rewiring is essential for commitment to a specific
lineage (Cliff et al., 2017; Zheng et al., 2016). These examples
suggest the possibility that cellular energy metabolism plays an
instructive role in cell fate decisions. Indeed, it has been shown that
cellular metabolism controls cell differentiation via epigenetic
regulation (Carey et al., 2015;Moussaieff et al., 2015). For example,
active glycolysis in naïve ESCs facilitates histone acetylation by
maintaining high intracellular acetyl-CoA levels, ultimately
promoting the expression of pluripotent genes (Moussaieff et al.,
2015). Accordingly, the suppression of glycolytic production of
acetyl-CoA promotes early differentiation of ESCs, whereas
supplementation of acetate, a precursor for acetyl-CoA, delays it.
Levels of another TCA cycle metabolite, αKG, also affect the
cellular epigenetic state of ESCs via regulation of αKG-dependent
dioxygenases, such as JHDMs and TET family DNA demethylases.
Naïve ESCs control the flux of glucose- and glutamine-derived
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and may represent a marker of stemness (Folmes et al., 2011b;
Lonergan et al., 2007).
Consistent with immature mitochondrial morphology, oxida-

tive capacity is reduced and glycolysis-dependent anabolic
pathways are enriched in stem cells including ESCs (Cho et al.,
2006; Chung et al., 2007; Folmes et al., 2011a; Kondoh et al.,
2007), long-term HSCs (Simsek et al., 2010), MSCs (Chen
et al., 2008b), and hepatic stem cells (Turner et al., 2008). Stimu-
lation of glycolysis in pluripotent stem cells, through hypoxia
(Ezashi et al., 2005; Mohyeldin et al., 2010), inhibition of mito-
chondrial respiration (Varum et al., 2009), or supplementation
with insulin (Chen et al., 2011), promotes stemness while inhibi-
tion of glycolysis halts proliferation and precipitates cell death
(Kondoh et al., 2007). ESCs also have a high requirement for thre-
onine metabolism to fuel anabolic pathways such as purine
synthesis, with threonine withdrawal impairing cell growth and
depleting stem cell markers (Wang et al., 2009). Core pluripo-
tency circuitry, including the OCT4, SOX2, and NANOG subset,
shares points of convergence with STAT3, a master metabolic
regulator controlling the oxidative to glycolytic switch (Chen
et al., 2008c; Demaria et al., 2010). Specifically, the stemness
factor OCT4 has a number of targets associated with energy
metabolism, which may impact the balance between glycolysis
(pyruvate carboxylase and hexokinase 1) and oxidative metabo-
lism (NDUFA3, ATP5D, and ATP5f1) (Chen et al., 2008c; Kang
et al., 2009; Shakya et al., 2009). Loss of an OCT family member,
OCT1, induces a metabolic shift away from glycolysis in favor of
mitochondrial oxidative metabolism (Shakya et al., 2009). Chro-
matin modifiers, such as polycomb repressor complexes, which
promote pluripotency, also targetmetabolic enzymeswithin their
active gene sets (Brookes et al., 2012; Dang, 2012). Moreover,
kinase inhibitors (2i), which streamline germline-competent
ESCderivation and prevent spontaneous differentiation, upregu-
late genes associated with metabolic functions (Marks et al.,
2012). Key stemness transcriptional programs thus regulate
energy metabolism to promote stem cell homeostasis.
Oxidative Metabolism in Stem Cell Fate Specification
Development, envisioned in Waddington’s landscape, depicts
gravity propelling a ball from a peak, representing pluripotency,

to settle in local minimum elevation points of stable cell states
(Enver et al., 2009). From the perspective of cell metabolism,
the hills within the landscape represent thermodynamic
barriers that segregate discrete cell states, with valleys corre-
sponding to the minimum energetic paths connecting states,
indicating that a specific metabolic capacity is required to over-
come barriers to state conversion. Indeed, the energetic require-
ments of stem cells and their progeny differ; differentiated
cells no longer need to sustain high rates of replication and
thus have lower anabolic demands, but they require large
amounts of energy to fuel the processes of cellular homeostasis
and increasingly specialized functions of the progeny, such as
sustained contraction in cardiomyocytes or electrical impulses
in neurons (Folmes et al., 2012a). The lower requirement for
anabolic precursors enables differentiated cells to catabolize
substrates in a more energy efficient manner through complete
oxidation within the TCA cycle, transfer of reducing equivalents
to the electron transport chain, and production of ATP through
oxidative phosphorylation, which for glucose produces 36 to
38 ATP compared to 2 ATP for glycolysis. Prioritization of
discrete metabolic pathways offers a mechanism to align bio-
energetic needs with evolving identities and specialized func-
tions (Figure 3).
Metabolomic comparison of ESCs and their differentiated

progeny identified a global enrichment of unsaturated metabo-
lites in the pluripotent state (Yanes et al., 2010). Metabolites
with a high degree of structural unsaturation contain a number
of carbon-carbon double and triple bonds, which renders
them reactive and readily susceptible to oxidative reactions.
The unsaturated metabolome may prime ESCs to differentiate
in response to oxidative processes, as levels of these metabo-
lites decrease upon differentiation. In support of this concept,
inhibition of the eicosanoid pathway in ESCs, which maintains
high levels of unsaturated fatty acids, preserves pluripotency,
while addition of saturated metabolites to ESC media supports
oxidative metabolism and accelerates lineage specification
(Yanes et al., 2010). Consistent with an energetically privileged
(primed) state, pluripotent cells display hyperpolarized mito-
chondria (Chung et al., 2007; Folmes et al., 2011a), poised to
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Figure 3. Metabolic Plasticity Enables
Departure from and Reacquisition of
Stemness
While a predominantly glycolytic metabotype
provides sufficient energy to support stem cells in
their basal state, maturation of an efficient and
robust metabolic network is required to match
evolving energetic demands of increasingly
specialized progeny. Establishment of the oxida-
tive metabolism infrastructure is realized through
mitochondrial biogenesis and maturation, forming
networks that support flux through the tricarbox-
ylic acid cycle and electron transport chain. Mito-
chondrial oxidization of pyruvate and glutamine
to CO2 is evolutionarily optimized to efficiently
extract maximal energetic currency. A concomi-
tant rise in mitochondrial reactive oxygen species
may prime stem cells for lineage differentiation.
Nuclear reprogramming initiates reversal of the
developmental paradigm, such that glycolysis is
recommissioned at the expense of oxidative
metabolism, associated with regression of oxida-
tive and mitochondrial infrastructure to a primor-
dial (embryonic-like) state.
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Metabolism during early embryonic development

Metabolic Requirements of Distinct Stem Cell Fates
Different cell states require specific metabolic programs to
support the unique bioenergetic demands underlying their
specialized functions. Flexibility in metabolic pathway utilization
maintains a balance of anabolic processes to support synthesis
of cellular building blocks, and catabolic processes to ensure
adequate bioenergetic resources. Metabolic requirements are
defined by the energetic demands of stem cell proliferation,
lineage specification, and quiescence. As such, metabolism at
a stemness ground state is unable to fulfill the needs of differen-
tiated progeny. Conversely, metabolic metamorphosis underlies
pluripotent induction during nuclear reprogramming.
Glycolysis Fuels Anabolism for Stem Cell Proliferation
and Self-Renewal
Proliferating cells have a high requirement for not only reducing
cofactors (NADPH) and energy (ATP), but also carbon, nitrogen,
and hydrogen to support biosynthesis of cell building blocks
required for replication (Vander Heiden et al., 2009; Zhang
et al., 2012 in this issue of Cell Stem Cell). Complete consump-
tion of available substrates cannot support their anabolic
requirements. Rather, partial breakdown of glucose through
glycolysis and shunting of intermediates through the pentose

phosphate pathway provide a compromise between catabolic
generation of ATP and reducing cofactors, and production
of biosynthetic substrates to meet anabolic requirements
(Figure 2). Indeed, increased expression of glycolytic enzymes
and stimulation of glycolysis is required for cell immortalization
and is sufficient to increase cellular lifespan (Kondoh et al.,
2005). Although glycolysis is inherently less efficient, producing
a fraction of ATP compared to oxidative consumption of
glucose, glycolysis does enable a fast rate of energy genera-
tion. Under abundant supply of glucose, the percentage of
ATP generated from glycolysis can surpass that produced by
oxygen-dependent respiration (Guppy et al., 1993). As such,
mitochondria may redirect away from oxidative ATP generation
to cataplerosis, enabling extraction of partially oxidized
substrates from the tricarboxylic acid (TCA) cycle for biosyn-
thetic purposes. Similar to the early embryo, embryonic stem
cells (ESCs) have a low mtDNA copy number and harbor
a sparse mitochondrial infrastructure with immature cristae
and limited perinuclear localization (Chung et al., 2007). Such
mitochondrial infrastructure is also characteristic of hematopoi-
etic stem cells (HSCs) (Piccoli et al., 2005) and mesenchymal
stem cells (MSCs) (Chen et al., 2008b; Lonergan et al., 2006),

One Cell
Embryo Morula Blastocyst

Egg
Cylinder

35 Somite
Embryo

Oxidative

Glycolytic

Glycolysis PPPPyruvate Oxidation Glucose Oxidation

Mitochondrial
Ultrastructure

Metabolic
Phenotype

1 2 3 4 5 6 8 10Embryonic Day

Embryogenesis

Figure 1. Metabolic Dynamics during Development
Mitochondria and energy metabolism undergo dramatic remodeling during embryonic development. Early embryos are initially dependent upon oxidative
metabolism due to inheritance ofmaternal mitochondria from the oocyte, which are subsequently segregated among daughter cells, as replication is only initiated
after implantation. There is a concomitant acceleration of anaerobic glycolysis, which peaks following implantation and slowly declines as oxidativemetabolism is
reinitiated due to vascularization. PPP, pentose phosphate pathway.
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Zygotic genome activation
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subsequent activation of the zygotic genome. Our focus is on the
dynamics and the scale of these events, their underlying molecular
mechanisms and their functions.

Stage directions: an overview of early
embryogenesis

“We will draw the curtain and show you the picture”
Shakespeare, Twelfth Night (I.v)

To place the events of the MZT in context, we describe the setting
in which it occurs – activated eggs and early embryos – with a focus
on major developmental and cell cycle hallmarks.

Egg activation
Egg cells are suspended both in their metabolic activity and in
their cell cycle, the latter at a particular stage of meiosis that
varies from species to species. Egg activation comprises a
multitude of events, triggered in response to external stimuli,
which bring the mature egg cell out of its suspended state. Egg
activation is necessary – and, in some cases, also sufficient – for
the initiation of embryogenesis (reviewed by Horner and Wolfner,
2008). In echinoderms, nematode worms and many vertebrates,
fertilization is the trigger for egg activation. In other species, such
as insects that undergo parthenogenesis (see Glossary, Box 1),
fertilization is not required; instead, changes in the ionic
environment, pH, or mechanical stimulation trigger activation. In
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Fig. 1. A comparative overview of the maternal-to-zygotic transition (MZT) in several model organisms. Key embryonic stages for each
model organism are depicted schematically above the corresponding cleavage cycle and time after fertilization. The red curves represent the
degradation profiles of destabilized maternal transcripts in each species. The light and dark blue curves illustrate the minor and major waves,
respectively, of zygotic genome activation. The last embryonic stage presented for each organism is the developmental point at which there is a
major requirement for zygotic transcripts.
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Metabolic signaling function during zygotic 
genome activation

carbons to maintain a high αKG to succinate ratio, facilitating
DNA/histone demethylation and thus enabling maintenance of
pluripotency-related gene expression (Carey et al., 2015).

Metabolic control of zygotic gene activation in mouse embryos
The tight regulation of metabolic programs has been well
described in the context of early mouse development. Whereas
pyruvate supports embryo development upon fertilization, glucose
catabolism starts to be enhanced at the eight-cell stage (Leese and
Barton, 1984). The inhibition of glycolysis occurs at the level of
the hexokinase and the PFK-1 reactions (Barbehenn et al., 1978)
and multiple mechanisms have been implicated (reviewed by
Dumollard et al., 2009). Interestingly, although early embryos
require pyruvate as a carbon source for normal development, they
only oxidize a fraction of the pyruvate into carbon dioxide for
energy production (Brown and Whittingham, 1991; Lane and
Gardner, 2000). The physiological roles of this particular
metabolic state remained unclear for a long time. Excitingly, a
recent study has now linked this unique metabolic state to the
regulation of epigenetic changes that are associated with
embryonic (zygotic) gene activation (EGA/ZGA) (Nagaraj et al.,
2017). This study revealed that, in developing mouse embryos, the
mitochondrial enzymes that are responsible for the generation of
acetyl-CoA and αKG are also transiently localized to the nucleus
during the cleavage stages (Fig. 4) (Nagaraj et al., 2017). In

particular, it was shown that, whereas the mitochondrial pyruvate
dehydrogenase complex (PDH), which is a rate-limiting enzyme
complex that regulates entry of pyruvate into the TCA cycle, is
phosphorylated and thereby inhibited in cleavage-stage embryos,
nuclear PDH remains unphosphorylated and active, suggesting
subcellular compartmentalization of PDH activity. It was also
reported that αKG, which appears to be actively produced in the
nucleus, is required for proper EGA/ZGA by impacting epigenetic
histone modifications (Fig. 4). Overall, this study provides another
example of how the remodeling of metabolism, epigenetics and
gene activity is tightly interlinked during the early stages of
mammalian development.

Conclusions and perspectives
In this Review, we have highlighted the extensive connections
between central carbon metabolism and cellular programs, such as
gene regulation and cell signaling, in several developmental
contexts. However, a major future task will be to demonstrate a
clear causal relationship between metabolism and cellular and/or
developmental programs. To address the often complex and
interconnected roles of metabolism, we think the categorization
into bioenergetic and metabolic signaling functions (Fig. 2) could
be useful. Therefore, we can first ask whether, in a given context of
interest, metabolic activity primarily serves to cover particular
cellular metabolic demands (i.e. in a bioenergetic role) or whether

Embryonic/zygotic gene activation

Early (two-cell) stage mouse embryos
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Fig. 4. Metabolic regulation of epigenetics during embryonic/zygotic gene activation. During the early stages of mammalian embryo development,
TCA cycle enzymes involved in the production of acetyl-CoA and αKG localize to the nucleus as well as to mitochondria, whereas other TCA cycle enzymes
(marked in gray) are rarely detected in the nucleus. Importantly, PDH, which regulates the entry of pyruvate into the TCA cycle, is in an active state in the nucleus,
whereas it is inactivated by pyruvate dehydrogenase kinases (PDK) inmitochondria. This allows for nuclear production of TCA cyclemetabolites (e.g. acetyl-CoA,
αKG), which are used for epigenetic modifications and hence promote embryonic/zygotic gene activation. ACO, aconitase; CS, citrate synthase; FH, fumarate
hydratase; IDH, isocitrate dehydrogenase; KGDH, α-ketoglutarate dehydrogenase; MDH, malate dehydrogenase; PCB, pyruvate carboxylase; SCS, succinyl-
CoA synthetase; SDH, succinate dehydrogenase.
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Principles of development

Subcellular compartmentalization of glycolysis is also prominent
in neurons with arborization (branches). For example, the glycolytic
enzyme glyceraldehyde 3-phosphate dehydrogenase (GAPDH) has
been found to be anchored to intracellular vesicles (Zala et al.,
2013). The downstream glycolytic enzyme phosphoglycerate
kinase (PGK) also localizes to vesicles, and this is essential for
local ATP production and axonal transport of vesicles (Zala et al.,
2013). In addition, glycolytic enzymes have been found to form
clusters near presynaptic sites to facilitate synaptic vesicle cycling
upon energy stress (Jang et al., 2016).
Further examples of subcellular compartmentalizationof glycolysis

are found during blood vessel sprouting, in which glycolytic
enzymes and activity are enriched in lamellipodia at the leading
edge of migrating endothelial tip cells. The subcellular localization
of these enzymes to lamellipodia generates ‘ATP hotspots’ that
are proposed to meet the high energy demands associated with
actin remodeling and cell motility (De Bock et al., 2013).
Dynamic remodeling of the actin cytoskeleton is also
accompanied by mobilization of active aldolase A from F-actin,
thereby coupling acceleration of glycolysis to actin remodeling (Hu
et al., 2016).

Temporal regulation of metabolism across scales
Cellular energy metabolism can be compartmentalized not only in
space but also in time, over various time scales. A well known
example includes the coordination of energy metabolism with the
cell cycle in order to meet specific bioenergetic demands of each
phase of the cell cycle (Salazar-Roa and Malumbres, 2017). At the
G1/S transition of the cell cycle, glycolysis is activated and
mitochondria show hyperfused morphology, with greater ATP
output than in any other cell cycle stages (Almeida et al., 2010;
Bao et al., 2013; Mitra et al., 2009; Tudzarova et al., 2011).
Mitochondrial respiration is also found to be enhanced at the G2/M
transition (Wang et al., 2014). These changes in energy metabolism
during the cell cycle are mediated by the cell cycle machinery [e.g.
cyclin-dependent kinases (CDKs) and E3 ubiquitin ligases].
Importantly, however, the link between the cell cycle and energy
metabolism is bidirectional, with metabolic state functioning as a
checkpoint of the cell cycle (Jones et al., 2005; Salazar-Roa and
Malumbres, 2017).

Periodic metabolic rhythms are also linked to circadian clock
activity, across the kingdoms of life (Eckel-Mahan et al., 2012; Qian
and Scheer, 2016). In addition, circannual rhythms in metabolism
are observed in hibernators (Dark, 2005). These rhythmic activity
profiles of metabolism allow the coordination of physiology with
external environmental cycles.

Finally, cells also show ultradian (i.e. shorter than 24 h period)
rhythms and dynamics in metabolic activity, such as glycolytic
oscillations, which were first identified in budding yeast decades
ago (Ghosh and Chance, 1964; Richard, 2003). More recently it has
been found that, during continuous culture in glucose-limited
conditions, budding yeast exhibits robust cycles (with a period of
∼4 h) of oxygen consumption, designated the yeast metabolic cycle
(YMC) (Cai et al., 2011; Tu et al., 2005, 2007). Interestingly, the
iterations of oxidative and reductive phases are tightly coordinated
with gene expression and cell proliferation/division (Cai et al.,
2011; Papagiannakis et al., 2017). The YMC provides a striking
example of the potential benefit of temporally compartmentalizing
metabolic processes in order to enable optimal coordination with
cellular programs (Tu et al., 2005). It has been shown that restricting
DNA replication to the reductive phase minimizes the risk of
oxidative DNA damage (Chen et al., 2007). Ultradian rhythms of
metabolism have also been found in higher eukaryotic cells and in
multicellular contexts. For example, glycolytic oscillations have
been found in pancreatic β cells, and the link between these
oscillations and pulsatile insulin secretion is being investigated
(Merrins et al., 2013).

A direct consequence of spatiotemporal compartmentalization of
metabolic activity is also that metabolite levels dynamically change
over time and space. In turn, cellular levels of selected intermediate
metabolites, such as acetyl coenzyme A (acetyl-CoA), can have a
direct impact on epigenetic modifications, establishing an intriguing
link between metabolic state and, for example, gene expression and
cell signaling (see below). As technologies such as metabolite
sensors (Paige et al., 2012; San Martín et al., 2014) and mass
spectrometry imaging methods (Passarelli et al., 2017) keep
improving at a fast pace, we expect that more examples of
spatiotemporal compartmentalization of metabolism will be
discovered in the coming years. Clearly, a major task will be to
mechanistically link such spatiotemporally regulated metabolism to

Cellular programs

Environment

Metabolism

Metabolic signaling functions

Rate-limiting
substrates

Epigenetics/
PTMs

Non-metabolic roles/
protein-metabolite 

interactions

Moonlighting enzymes/
signaling metabolites

ATP/biomass
production

Metabolic
demands

Bioenergetic
functions

Regulation of metabolism in TIME and SPACE

Fig. 2. Roles of metabolism: bioenergetic functions
versus metabolic signaling functions. Scheme to
categorize the distinct roles of metabolism, which can be
regulated in time and space. Bioenergetic function: we
define this as canonical metabolic activity providing
energy and/or cellular building blocks to cover cellular
demands, which differ within/across cells and tissues
and dynamically change over time. Metabolic signaling:
metabolic pathways are also known to exert signaling
functions via diverse mechanisms, e.g. metabolic
substrates can act as rate-limiting factors in modulating
epigenetic modifications and protein PTMs, thereby
affecting gene expression and signaling activities,
respectively. Moreover, metabolic enzymes and
metabolites can exert direct signaling functions in
numerous ways, for example through non-metabolic
moonlighting functions or via metabolite-protein
interactions. Bioenergetic and metabolic signaling
functions are, therefore, tightly and reciprocally linked
to cellular and/or developmental programs, and also
integrate environmental cues.
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An emerging view emphasizes that bioenergetic activities are highly regulated, in both time and 
space, in order to match context- dependent cellular demands (Vander Heiden and DeBerardinis, 
2017). …(2 sentences about Warburg metabolism)….Nonetheless, this intricate regulation of a 
particular metabolic program exemplifies the tight adjustment of energy metabolism to specific 
metabolic demands. 

Regulation of metabolism in time and space
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What is the free energy cost of a single cell developing into a 
complex multicellular organism?

How does cellular metabolism fulfill this cost and “drive” 
development?

&



Event (E): Cleavage 
Principle (P): Cell division 
Outcome (O): Multicellularity

Cleavage stage - A model system to study the 
energetics of embryonic development



Movie: RO Karlstrom & DA Kane, Development 1996 

Reductive cleavage stage 
(Early divisions without volumetric growth)

Synchronous up to the tenth division





What keeps the embryo busy during cleavage 
stage?

Making more cells!!! 
• Embryonic volume is ~ constant 
• synchronous cleavage divisions ~ every 15 min until cycle 10 (~1000 cells stage) 
• Minimal cell cycle comprised of DNA-replication (S-phase) and chromosome 

segregation (M-phase) 
• DNA replication (exponential increase in genome number)  
• assemble and disassemble cellular machineries (chromatin, spindles) 
• generate forces 

• Increase in plasma membrane 
• Protein assembly/synthesis 
• zygotic genome activation (start of embryonic transcription) 
• …. 
Need: energy & precursors (nucleotides, fatty acids, and amino acids)
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Cleavage stage - A model system to study the 
energetics of embryonic development
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Cleavage stage - A model system to study the 
energetics of embryonic development

signaling, and not the costs of replicating
the genome or undergoing cell division, is
what drives the oscillations.

In our view, these experiments and
their corresponding theoretical interpre-
tation should be viewed as part of a larger
endeavor in our study of the living world
to put the complex processes of living
organisms on a strict and rigorous quan-
titative footing. In his famed book ‘‘What
is Life?’’, Erwin Schrödinger’s early
chapters mused on the question of how
genetic information is passed from one
generation to the next (Schrödinger,
1944). The birth of molecular biology
and, in particular, the discovery of the
structure of DNA definitively answered
this question. But in the latter parts of
his book, Schrödinger then asks about
an equally interesting and important
question focusing on the physicochem-
ical processes that give living organisms
their apparent vitality. In a playful turn-

of-the-millennium opinion piece, Kirsch-
ner, Gerhart, and Mitchison (Kirschner
et al., 2000) called out the importance of
exploring the ‘‘molecular vitalism’’ that
makes cellular processes work by con-
necting biological complexity and organi-
zation with the underlying physico-
chemical nature of living systems. This
important and interesting paper from Ro-
denfels et al. (2019) is exactly the kind of
response needed to answer that chal-
lenge. Calorimetry measurements pro-
vide a holistic perspective on cellular en-
ergetics by providing a measure of the
net heat liberated by all of the biochem-
ical reactions taking place in an organ-
ism. By combining these measurements
with specific perturbations, the energetic
costs associated with a given cellular
process can be ascertained. Carrying
out this program, Rodenfels et al. (2019)
revealed the surprisingly large cost asso-
ciated with signaling during mitotic entry.

Future experiments in this vein will aid in
quantifying the cellular energy economy
and provide a great step towards under-
standing the thermodynamics of living
systems.
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Figure 1. Embryogenesis Meets Calorimetry
In the cell, biochemical processes, such as those of the central dogma, chromosome segregation, and signaling, each incur a free energy cost. By measuring the
heat liberated during the embryonic development of zebrafish, Rodenfels et al. (2019) were able to dissect the distinct roles of different processes and show that
cellular signaling causes a stereotyped, cell-cycle-triggered oscillation in the dissipated heat.
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G = H - TS
Gibbs free energy

H = U + PV
Enthalpy

dH = 𝜹Q

dH
dt

= dQ
dt

Heat and enthalpy

(constant P and no 
additional work)

dU = 𝜹Q - 𝜹W
𝜹Q = heat added to system
𝜹W = work done by the system

Conservation of energy

Heat dissipation can be measured by calorimetry
Foster P, Razo M & Phillips, R,  Dev Cell 2019



Calorimetry was one of the earliest techniques 
reported in 

the ‘literature’ and is now used in many areas

“la respiration est donc une combustion”  
-  
Respiration is in fact a combustion

Lavoisier & Laplace’s ice calorimeter
1780’s



Power Compensation BiocalorimetersPower Compensation Biocalorimeters 
• Difference in temperature relative to

an ‘identical’ reference cell, measured
by very precise thermopile, is kept
constant by the calorimeter in a
feedback loop controlling electrical
heating to the sample cell.

• Increases or decreases in
differential power in this circuit are
directly proportional to the excess
heat taken up or given off during
‘reactions’ main 

heaters 

ΔT 

 feedback heater loop 

± differential 
power 

± measured 
excess heat 

sample ref 

ΔH 
Image from Chris Johnson, MRC, Biological calorimetry

Difference in temperature relative 
to an ‘identical’ reference cell, 
measured by very precise 
thermopile, is kept constant by 
the calorimeter in a feedback loop 
controlling electrical heating to 
the sample cell. 

Increases or decreases in 
differential power in this circuit 
are directly proportional to the 
excess heat taken up or given off 
during ‘reactions’



Measurement of embryonic heat dissipation by 
isothermal calorimetry

Eggs staged at 2-
cell cleavage 

(within 3 minutes)

Malvern MicroCal VP-ITC 
(usually used for protein-

protein interactions)

28.5ºC

Rodenfels et al., Dev. Cell 2019



Measurement of embryonic heat dissipation by 
isothermal calorimetry

Rodenfels et al., Dev. Cell 2019



Measurement of embryonic heat dissipation by 
isothermal calorimetry

Rodenfels et al., Dev. Cell 2019



Measurement of embryonic heat dissipation by 
isothermal calorimetry

Rodenfels et al., Dev. Cell 2019



Heat flows out of the embryo
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Heat flow equals change in enthalpy 

60 nJ/s per embryo 
≡ 25 µM ATP/s 

(∆H = 40 kJ/mol)
Cellular ATP turns over in ~ 1 

minute
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H = U + PV
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dH = 𝜹Q

dH
dt

= dQ
dt

Heat and enthalpy

(constant P and V and no 
additional work)

dU = 𝜹Q - 𝜹W
𝜹Q = heat added to system
𝜹W = work done by the system

Conservation of energy

60 nJ/s per embryo 
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.What are the embryos doing with their ATP?

60 nJ/s per embryo 

≡ 25 µM ATP/s 

(∆H = 40 kJ/mol)
Cellular ATP turns over in ~ 1 

minute

• DNA replication (exponential 
increase in genome number)  

• increase in plasma membranes 
• protein synthesis 
• assemble and disassemble 

cellular machineries (chromatin, 
spindles) 

• generate forces 
• zygotic genome activation

Making more cells!!! 

Rodenfels et al., Dev. Cell 2019



Embryonic heat flow is composed of an 
increasing trend and an oscillatory component
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.Embryonic heat flow is composed of an increasing trend 
and an oscillatory component

Oscillatory componentIncreasing component

Rodenfels et al., Dev. Cell 2019



1 2 3 4 5 6 7 8 9

Heat flow oscillates in conjunction with the cell 
cycle

The cell cycle period is roughly 15 minutes, increasing with cycle 
number
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The oscillatory component has the same 
temperature sensitivity  as the cell cycle

Rodenfels et al., Dev. Cell 2019



DNA-replication 
 during S-phase

Chromosome segregation 
during M-phase

What cellular processes cause the oscillations?

Other biochemical processes 
dependent on the cell cycle: cell 

division, cyclin degradation, 
others?

Drew Berry Duane Compton



Nocodazole blocks DNA replication and mitosis

Oscillatory heat flow is not blocked by nocodazole
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Embryonic heat flow peaks during mitotic entry 
and troughs during mitotic exit

Rodenfels et al., Dev. Cell 2019



Oscillatory heat flow depends on cell cycle 
signaling

Rodenfels et al., Dev. Cell 2019



Nocodazole blocks DNA replication and mitosis

Oscillatory heat flow is not blocked by nocodazole



Energetic cost estimates for cell cycle-dependent 
processes during cleavage stage development

Process ATP equivalents

DNA replication (~ 1.5 x 109 bp, w/o histone translation) ~ 0.6 nM ATP/s 

DNA replication (~ 1.5 x 109 bp, w/ histone translation) ~ 2 nM ATP/s

cyclin B1 translation does not oscillate ~ constant

Degradation of 60 nM cyclin B1 bound to cdk1 ~ 50 nM ATP/s

tubulin turnover (upper limit, 1024 cell stage) ~ 1000 nM GTP/s

Cdk1-dependent phosphorylation & dephosphorylation 
reactions ~ 40 - 180 nM ATP/s

Turnover of protein phosphorylation during X.laevis egg 
activation ~ 80 nM ATP/s

• Measured average oscillatory amplitude of ~ 1 nJ/s = ~ 400 nM ATP/s



The cell cycle biochemical oscillator is likely to 
contribute substantially to the heat oscillations

More to read:  
Rodenfels, J.*, K.M. Neugebauer* and J. Howard. March 11, 2019. Heat oscillations driven by the embryonic cell cycle reveal 
the energetic costs of signaling. Developmental Cell 48: 646-658. *co-corresponding authors 

1. The phase is right (CDK1 activity 
peaks with the heat) 

2. Cell cycle blockers block the heat 
oscillations  

3. CDK1 oscillations are not blocked by 
nocodazole and heat oscillations 
continue  

4. Modeling of the cell cycle and 
energetic cost estimates reveal that 
cyclin degradation and phosphorylation/
dephosphorylation cycles are expected 
to contribute 100 - 250 nM ATP/s of the 
400 nM ATP/s enthalpy oscillations. 



Why does the zebrafish embryo pay so much 
energy for its cell cycle oscillator?

Inherent cost of signaling is very high? 
Need a theory (e.g. Cao, Wang, Quyang & Tu 2015), but difficult to apply to the heat 
oscillations in embryos 

Need single embryo measurements & a biochemical system 

ARTICLES
PUBLISHED ONLINE: 27 JULY 2015 | DOI: 10.1038/NPHYS3412

The free-energy cost of accurate
biochemical oscillations
Yuansheng Cao1, Hongli Wang1, Qi Ouyang1,2* and Yuhai Tu3*

Oscillations within the cell regulate the timing of many important life cycles. However, in this noisy environment, oscillations
can be highly inaccurate owing to phase fluctuations. It remains poorly understood how biochemical circuits suppress these
phase fluctuations and what is the incurred thermodynamic cost. Here, we study three di�erent types of biochemical
oscillation, representing three basic oscillation motifs shared by all known oscillatory systems. In all the systems studied,
we find that the phase di�usion constant depends on the free-energy dissipation per period, following the same inverse
relation parameterized by system-specific constants. This relationship and its range of validity are shown analytically in a
model of noisy oscillation. Microscopically, we find that the oscillation is driven by multiple irreversible cycles that hydrolyse
fuel molecules such as ATP; the number of phase coherent periods is proportional to the free energy consumed per period.
Experimental evidence in support of this general relationship and testable predictions are also presented.

L iving systems are dissipative, consuming energy to perform
key functions for their survival and growth. Although it is
clear that free energy1–3 is needed for physical functions, such

as cell motility4 and macromolecule synthesis5, it remains poorly
understood whether and how regulatory functions are enhanced
by free-energy consumption. The relationship between biological
regulatory functions andnonequilibrium thermodynamics has been
an active area in biophysics6–11. For example, recent studies in
di�erent cellular adaptation processes demonstrated that the cost-
performance trade-o� follows a universal relationship, independent
of the detailed biochemical circuits8,9.

Oscillatory behaviours exist in many biological systems, for ex-
ample, glycolysis12, cyclic AMP signalling13, cell cycle14–16, circadian
rhythms12,17 and synthetic oscillators18,19. These biochemical oscilla-
tions are crucial in controlling the timing of life processes. Much is
known now about the structure of biochemical circuits responsible
for these oscillatory behaviours. There are a few basic network
motifs, illustrated in Fig. 1a, which are responsible for all known
biochemical and genetic oscillations12,13,16–18. These network motifs
share a few essential features, such as nonlinearity, negative feedback
and a time delay, as summarized by Novak and Tyson in ref. 20.
However, in small systems such as a single cell, the dynamics of
oscillations are subject to large fluctuations from the environment,
owing to their small sizes. Thus, onemay ask how biological systems
maintain coherence of oscillations amidst these fluctuations21. Here,
we study the thermodynamic cost of controlling oscillation coher-
ence in di�erent representative oscillatory systems and investigate
whether there is a general relationship between the accuracy of the
oscillation and its minimum free-energy cost that may apply to all
biochemical oscillations.

We study three specific models, the activator–inhibitor (AI)
model, the repressilator model, and the allosteric glycolysis model,
chosen to exemplify the three di�erent basic oscillation motifs, as
shown in Fig. 1. For all the systems studied, a finite (critical) amount
of free energy is needed to drive them to oscillate. Beyond the
onset of oscillation, extra free-energy dissipation must be applied to

reduce the phase di�usion constant and thus enhance the coherence
time and phase accuracy of the oscillations. A general inverse rela-
tionship between the phase di�usion constant and the free-energy
dissipation is found in all three models studied. The parameters
in this inverse relationship and the range of its validity depend on
the details of the system. This general energy–accuracy relation for
noisy oscillations is also verified analytically in the noisy complex
Stuart–Landau equation. In the following, we report these results,
followed by an in-depth discussion of a plausible general micro-
scopic mechanism/strategy for energy-assisted noise suppression.

Models and results
An inverse relationship between phase di�usion and free energy
dissipation is shown in three biochemical oscillatory systems and
in a simple analytical model. Experimental evidence is presented.

Three basic network motifs for biochemical oscillations. All
known biochemical and genetic oscillators contain at least one of the
basic motifs (or their variance) in network topology20,22. To search
for general principles in these noisy oscillatory systems, we study
three biochemical systems (Fig. 1), each representing one of the
three basic network motifs responsible for oscillatory behaviours.
The first one is the activator–inhibitor (AI) system, where a negative
feedback is interlinked with a positive feedback (left panel, Fig. 1a).
This regulatorymotif is common in biological oscillators, such as the
circadian clock in cyanobacteria23,24, cell cycle in frog eggs25,26, cAMP
signalling in Dictyostelium, and genetic oscillators in synthetic
biology19,27,28. We implement this motif in a simplified biological
network with a phosphorylation–dephosphorylation cycle (Fig. 1b).
The second model is a repressilator, which consists of three
components connected in a negative feedback loop, such that each
component represses the next one in the loop, and is itself repressed
by the previous one (middle panel, Fig. 1a). The first synthetic
genetic oscillator was built with this motif18. Many important
transcriptional–translational oscillators also use this motif as their
backbone, such as the circadian clock in mammalian cells17, NF-B

1The State Key Laboratory for Artificial Microstructures and Mesoscopic Physics, School of Physics, Peking University, Beijing 100871, China. 2Center for
Quantitative Biology and Peking-Tsinghua Center for Life Sciences, AAIC, Peking University, Beijing 100871, China. 3IBM T. J. Watson Research Center,
Yorktown Heights, New York 10598, USA. *e-mail: qi@pku.edu.cn; yuhai@us.ibm.com
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Figure 6 | Oscillation coherence increases with the number of ATP hydrolysed per period. a, Illustration of a biochemical oscillation as a clock in phase
space. The intermediate states (green dots) are represented as the ‘hour ticks’ of the clock. The transition from one tick to the next is coupled with a ATP
hydrolysis cycle. The free-energy release 1G from the hydrolysis cycle powers the forward transition (thick solid arrow) and/or suppresses the backward
transition (thin dotted arrow). The number of ATP consumed per enzyme molecule in each period T is given by T/⌧cyc, where ⌧cyc is the average cycle time.
b, The accuracy of the oscillation, characterized by the number of correlated (coherent) periods Nc, increases linearly with the total number of ATP
consumed per period NATP before saturating at very high NATP. We varied NATP by changing the cycle time (see Methods for details). We used V = 100 here.

completely suppress fluctuations in some of the variables. However,
other variables, which are not subject to the energy-assisted noise
control mechanism, can introduce a finite contribution to the phase
di�usion, resulting in a finite C .

Equation (9) has the same form as equation (4) obtained
empirically from studying di�erent biochemical networks. Analysis
of the noisy Stuart–Landau equation clearly shows that free-energy
dissipation is used to suppress phase di�usion. The parameters in
this relationship and the range of its validity depend on the details
of the system. However, the inverse dependence of phase di�usion
on energy dissipation seems to be general.

Discussion
Oscillations are critical for many biological functions that require
accurate time control, such as circadian clock, cell cycle and
development. However, biological systems are inherently noisy. The
phase of a noisy oscillator fluctuates (di�uses) without bound and
eventually destroys the coherence (accuracy) of the oscillation.
Specifically, the number of periods Nc in which the oscillation
maintains its phase coherence is given by Nc = ⌧c/T = ↵T/D,
which decreases with the phase di�usion constant. Here, our study
shows that free-energy dissipation can be used to reduce phase
di�usion and thus prolong the coherence of the oscillation. A
general relationship between the phase di�usion constant and the
minimum free-energy cost, as given in equation (4), holds true for all
the oscillatory systems we studied here. The amplitude fluctuations
also decrease with free-energy dissipation (see Supplementary Fig. 7
for details), as fluctuations in phase and amplitude are coupled
in realistic systems. Our study thus establishes a cost-performance
trade-o� for noisy biochemical oscillations.

How do biological systems use their free-energy sources (for
example, ATP) to enhance the accuracy of the biochemical
oscillations? As illustrated in Fig. 6a, a biochemical oscillation
can be considered as a clock, which goes through a series of
time-ordered chemical states (green dots) during each period.
These chemical states are characterized by the conformational and
chemical modification (for example, phosphorylation) states of the
key proteins or protein complexes in the system. The forward
transition from one state to the next is coupled to an energy
consuming circle exemplified here by a PdP cycle (blue arrowed

circle) driven by hydrolysis of one ATP molecule. For each forward
step, the reverse transition introduces a large error in the clock. The
system suppresses these backward transitions by utilizing the ATP
hydrolysis free energy. However, this is just one half of the story.
Even in the absence of the reverse transition, the time duration
between two consecutive states is highly variable owing to the
stochastic nature (Poisson process) of the chemical transitions. A
general strategy of increasing accuracy is averaging39. In the case
of biochemical oscillations, each period may consist of multiple
steps, each powered by at least one ATP molecule. As a result of
averaging, the error in the period should go down as the number of
steps increases. Specifically, we expect that the variance of the period
� 2
T (=D/T ) should be inversely proportional to the total number of

ATP hydrolysed NATP /T/⌧cyc in each period T , where ⌧cyc is the
average PdP cycle time, which is essentially the ATP turnover time.
Consequently, the number of coherent periods Nc =↵T/D should
be proportional to the number ofATPhydrolysed in each period.We
checked this prediction by varying the kinetic rates in the PdP cycle
to change ⌧cyc (seeMethods for details). In Fig. 6b, it is shown that the
accuracy of the oscillation (clock), as measured by Nc, is enhanced
by the number of ATP molecules hydrolysed in each period.
This result reveals a general strategy for oscillatory biochemical
networks to enhance their phase coherence by coupling to multiple
energy-consuming cycles in each period. For the cyanobacteria
circadian clock, each KaiC molecule has two phosphorylation sites.
In principle a full circadian cycle should consume 2 ATP molecules
per KaiC monomer. Interestingly, approximately 15 ATP molecules
are consumed per KaiC molecule per period40. Our study suggests
that the extra ATP molecules may be used to increase the phase
coherence of the circadian clock.

Biological systems need to function robustly against variations in
their underlying biochemical parameters (rates, concentrations)41,42.
For oscillatory networks, the free-energy dissipation needs to reach
a critical value (Wc) to drive the system to oscillate. We showed here
that additional free-energy cost in excess ofWc is needed tomake the
oscillationmore accurate, as demonstrated explicitly in equation (4).
In addition to this energy–accuracy trade-o�, we found that larger
energy dissipation can also enhance the system’s robustness against
its parameter variations. Take the activator–inhibitor model, for
example: the concentrations of enzyme M (MT ) and phosphatase
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Bradley T. French & Aaron F. Straight et al., 2017 Paranjpe & Veenstra 2015

Can we measure heat flow in single embryos?



Heat oscillations are conserved in single frog 
embryos

Xenopus laevis, 22 degrees C



.Embryonic heat flow is composed of an 
increasing trend and an oscillatory component

Increasing component Oscillatory component

Rodenfels et al., Dev. Cell 2019



Cell proliferation drives increasing heat dissipation

Control

nocodazole

Rodenfels et al. bioRxiv, 2019



Does the increase in heat dissipation scale with
cell number?

Heat dissipation scales with cell surface area   

 5 

% in DMSO treated cells (" = 6) to 13.5 ± 1.5 % in nocodazole-treated cells (" = 6). We 
conclude that some aspect of cell proliferation drives the increasing trend. 
 
The results of nocodazole treatment suggest that the increasing trend is related to the 
number of nuclei or the number of cells. Therefore, we considered a model wherein the 
heat dissipation is proportional to cell volume [assumed to be constant] plus a term that 
is a function of the number of cells. This model is formalized by the following equation in 

which heat dissipation rate '̇(*) is a function of the number of cells (,) and therefore of 
the number of cell divisions ("):  

'̇(*) = - + / ∙ 12,(*)3 = - + / ∙ 1225(6)3 = - + / ∙ 1226/89:3												Eq. 1 

- is the constant volume component and / is a proportionality constant. * is time, ? is 

the period of the cell cycle and 1 is a function (to be determined). Note that when * = 0 
(the start of the experiment), " = 1 and , = 2.  
 

If heat dissipation is proportional to the number of cells, then we expect that 1226/89:3 ∝
26/8 because the number of cells increases exponentially while the doubling time, ?, is 
approximately constant. If the heat increase is proportional to the rate of increase in the 

number of cells, then we expect 1(*) ∝ (1/?)26/8, which again shows a doubling time 
equal to the period of the cell cycle.  
 
To test whether the heat scales with the number or increase in number of cells, we fit 
the heat increase with the following exponential equation: 

'̇(*) = - + / ∙ 26/A												Eq. 2 
where B is the heat doubling time. The equation was fit to the individual curves 
measured in each experiment. Comparison of the average fitted curve (using the 
average parameters from the individual fits) to the experimental traces at 28.5 °C shows 
that the model accords with the data (Figure 3A). The data from the ten individual 
experiments ('C(t), E = 1,… ,10) were rescaled by subtracting -C, dividing by /C and 
plotting against time divided by BC. The rescaled curves showed a “data collapse” 
(Bhattacharjee & Seno, 2001), indicating that the model in Equation 2 is a good 
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 to the number of cells

If proportional
to the rate of increase in cell number
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Heat dissipation scales with cell number but 
increases 3x more slowly
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Tables 
 
Table 1: Means and SDs of the parameters in surface-are model. -, /, and B in Equation 2 
were fit to the individual experimental curves at 28.5	°z (Figure 1A, " = 10), 23.5	°z 
(Supplementary Fig. 1A, " = 9) and 33.5	°z (Supplementary Fig. 1B, " = 6).  The mean cell 
doubling time, ?, is equal to the mean oscillatory period. 

 
  

Parameter Mean ± SD 
Temperature 28.5ºC 23.5ºC 33.5ºC 
Volume term, { 52 ± 12		nJ ⋅ s−1 47 ± 1.8		nJ ⋅ s−1 88.4 ± 22.4		nJ ⋅ s−1 
Area prefactor,	� 8.2 ± 3.2		nJ ⋅ s−1 5.12 ± 2.9		nJ ⋅ s−1 4.22 ± 0.9		nJ ⋅ s−1 
Heat doubling time,	Ä 60.4 ± 10.4		min 74.3 ± 14.9	min not well fit 
Cell doubling time,	Ç 17.2 ± 0.8		min 23.4 ± 1.4		min 14.2 ± 0.8		min Rodenfels et al. bioRxiv, 2019



Slower heat doubling time is consistent with being 
proportional to total cell surface area

Heat dissipation scales with cell surface area   
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Supplementary Materials:  
 
Surface-area model 
 
The surface-area model assumes that  
(i) The cells are closed spheres. 
(ii) The total volume (60 ∙ 10É μm3) remains constant over the cleavage stage 
(iii) Cell division time is constant 
 
The parameters in the model are defined as follows:  
 
Parameter Meaning Value 

'̇(*) Heat dissipation rate 60-85 nJ⋅s-1 
* Time from the beginning of cell 2 cleavage 0 – 150 minutes 

" = */? + 1 Number of divisions, ? is the division period 1-10 
,5 = 25 Number of cells* 2-1024 
ï5 Radius after the "th division ïñ = 243 μm 
P5 Total surface area after the "th division P: = 930 ∙ 10R μm2 
ó5 Total volume after the after the "th division óñ = 60 ∙ 10É μm3 

 
When " = 0 (i.e. the number of cells , = 2ñ = 1), the volume and surface are: 

óñ =
4ò
3 ïñR					and					Pñ = 4òïñV	

Because óñ = 60 ∙ 10É μm3, ïñ = 243 μm.  
 
After " divisions, the total cell volume is  

ó5 = 25 4ò3 ï5R	 
Because total volume is constant, ó5 = óñ, and so 

ï5 =
ïñ
25/R 

Thus,  
P5 = Pñ ∙ 25/R 

In other words, the total surface area of all the cells in the embryo double every third cell 
division. 
 
To write the area as a function of time, rather than the number of cell divisions, we note 
that " = */? + 1, where ? is the doubling time. This formula correctly predicts that at the 
two-cell stage,  * = 0, " = 1 and , = 2. Thus, in continuous time, 

P6 = P6/89: = Pñ2:/R26/R8 = P:26/R8 
where P: = 930 ∙ 10R μm2 is the area at the two-cell stage.   
 
Note that differentiation of this last equation shows that the change in surface area 
öP ö*⁄ (*) is also proportional to 26/R8. Thus, the time-dependence of the increase in 
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high temperatures. Fitting Equation 2 to the average of the individual traces gave a heat 

doubling time of D =	68 min, which is about 5 times larger than the average cell cycle 

time (A =14.2 ± 0.8 min) at 33.5 ºC. The fit was not good, but significantly better than 

when D was constrained to the average cell doubling time, i.e. D = A (Supplementary 

Fig. 1B). Thus, at all temperatures, the increasing trend was much slower than expected 

if it were to scale with cell number. Taken together, these findings exclude the 

interpretation that the increasing trend is directly proportional to the number of cells, 

genomes or nuclei.  

 

What process accounts for the increasing trend? An alternative hypothesis is that the 

slower doubling time is due to a heat dissipation rate proportional to total cell surface 

area, which increases at a different rate from that of nuclei, genomes and cells. To 

explore this possibility, we consider a cell surface model which assumes that (i) the cells 

are spherical; (ii) the total added volume of all cells is constant throughout cleavage 

stage (the initial volume is 60 ×	106	μm3); and (iii) the cell doubling time is constant 

throughout cleavage stage. We defer consideration of potential deviations from these 

assumptions to the supplemental material. The parameters of the model are defined in 

Table 2. 

 

When the number of divisions is " = 	0, the number of cells is -. = 1, and the 

embryonic volume and surface area at the zeroth division and the 1 cell-stage are: 

KL =
4N
3 PLQ							Eq. 3 

RL = 4NPLS					Eq. 4 

After " divisions, there are -. = 2. cells, and each cell has a volume	K. = TU
Q P.

Q, with P.  

the radius of a cell after " rounds of division. The total volume of all cells is then: 

K.6V6 = -.K. = 2. 4N3 P.Q				Eq. 5	 

Because the total volume is constant throughout the developmental process,  K. = KL, 
and the individual cell radius after n divisions decreases as:	

Heat dissipation scales with cell surface area   

 7 

high temperatures. Fitting Equation 2 to the average of the individual traces gave a heat 

doubling time of D =	68 min, which is about 5 times larger than the average cell cycle 

time (A =14.2 ± 0.8 min) at 33.5 ºC. The fit was not good, but significantly better than 

when D was constrained to the average cell doubling time, i.e. D = A (Supplementary 

Fig. 1B). Thus, at all temperatures, the increasing trend was much slower than expected 

if it were to scale with cell number. Taken together, these findings exclude the 

interpretation that the increasing trend is directly proportional to the number of cells, 

genomes or nuclei.  

 

What process accounts for the increasing trend? An alternative hypothesis is that the 

slower doubling time is due to a heat dissipation rate proportional to total cell surface 

area, which increases at a different rate from that of nuclei, genomes and cells. To 

explore this possibility, we consider a cell surface model which assumes that (i) the cells 

are spherical; (ii) the total added volume of all cells is constant throughout cleavage 

stage (the initial volume is 60 ×	106	μm3); and (iii) the cell doubling time is constant 

throughout cleavage stage. We defer consideration of potential deviations from these 

assumptions to the supplemental material. The parameters of the model are defined in 

Table 2. 

 

When the number of divisions is " = 	0, the number of cells is -. = 1, and the 

embryonic volume and surface area at the zeroth division and the 1 cell-stage are: 

KL =
4N
3 PLQ							Eq. 3 

RL = 4NPLS					Eq. 4 

After " divisions, there are -. = 2. cells, and each cell has a volume	K. = TU
Q P.

Q, with P.  

the radius of a cell after " rounds of division. The total volume of all cells is then: 

K.6V6 = -.K. = 2. 4N3 P.Q				Eq. 5	 

Because the total volume is constant throughout the developmental process,  K. = KL, 
and the individual cell radius after n divisions decreases as:	
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P. =
PL
2./Q 					Eq. 6 

The cell radius halves every three divisions, and the surface area of each cell 

decreases as R. =
XY

SZ[/\
 . It then follows that the total surface area, R.6V6, increases as :  

R.6V6 = -.R. = RL ∙ 2./Q    Eq.	7 
In other words, we have calculated that the total surface area of all the cells in the 

embryo is predicted to double every third division. To write the area as a function of 

time, rather than the number of cell divisions, we proceed as in Eq. 1 and take " =

+/A + 1, where A is the doubling time. Thus, in continuous time, 

 

R.6V6 = R6
:;<
6V6 = RL2</Q26/Q: = R<26/Q:				Eq. 8 

 

where R< = 930 ∙ 10Q μm2 is the area at the two-cell stage.   

 

Note that differentiation of this last equation shows that the change in surface area 

_R _+⁄ 	is also proportional to 26/Q:. Thus, the time-dependence of the increase in heat 

dissipation is consistent with it being proportional to the total cell surface area and/or to 

the change in surface area. This simple model shows that the total cell surface area, as 

well as the change in total cell surface area, doubles three times more slowly than the 

number of cells. Thus, our measured data showing that the embryonic heat dissipation 

doubles 3 times slower that the number of cells agree with the predictions of the cell 

surface model (Table 1). 

 

To further test the cell surface model, we asked whether the energetic costs associated 

with the increasing trend are within the range of values, derived from the literature, for 

maintaining and/or producing plasma membrane. To make this comparison, we take the 

unknown function in Eq. 1 to be 4 = aR.6V6 + b_R.6V6 _+⁄ , where a is the heat dissipation 

incurred in maintaining membrane per unit time (nJ⋅s-1⋅μm-2) and b is the heat 

dissipation incurred in building new membrane (nJ⋅μm-2). Equation 1 then becomes: 
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Supplementary Materials:  
 
Surface-area model 
 
The surface-area model assumes that  
(i) The cells are closed spheres. 
(ii) The total volume (60 ∙ 10É μm3) remains constant over the cleavage stage 
(iii) Cell division time is constant 
 
The parameters in the model are defined as follows:  
 
Parameter Meaning Value 

'̇(*) Heat dissipation rate 60-85 nJ⋅s-1 
* Time from the beginning of cell 2 cleavage 0 – 150 minutes 

" = */? + 1 Number of divisions, ? is the division period 1-10 
,5 = 25 Number of cells* 2-1024 
ï5 Radius after the "th division ïñ = 243 μm 
P5 Total surface area after the "th division P: = 930 ∙ 10R μm2 
ó5 Total volume after the after the "th division óñ = 60 ∙ 10É μm3 

 
When " = 0 (i.e. the number of cells , = 2ñ = 1), the volume and surface are: 

óñ =
4ò
3 ïñR					and					Pñ = 4òïñV	

Because óñ = 60 ∙ 10É μm3, ïñ = 243 μm.  
 
After " divisions, the total cell volume is  

ó5 = 25 4ò3 ï5R	 
Because total volume is constant, ó5 = óñ, and so 

ï5 =
ïñ
25/R 

Thus,  
P5 = Pñ ∙ 25/R 

In other words, the total surface area of all the cells in the embryo double every third cell 
division. 
 
To write the area as a function of time, rather than the number of cell divisions, we note 
that " = */? + 1, where ? is the doubling time. This formula correctly predicts that at the 
two-cell stage,  * = 0, " = 1 and , = 2. Thus, in continuous time, 

P6 = P6/89: = Pñ2:/R26/R8 = P:26/R8 
where P: = 930 ∙ 10R μm2 is the area at the two-cell stage.   
 
Note that differentiation of this last equation shows that the change in surface area 
öP ö*⁄ (*) is also proportional to 26/R8. Thus, the time-dependence of the increase in 
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heat dissipation is consistent with it being due to processes proportional to the total cell 
surface area or to the change in surface area. 
 
Substituting this last equation into Equation 1 from the main text, we obtain  

'̇(*) = - + JP: ∙ 26/R8 + K
P:
3?

ln2 ∙ 26/R8 = - + IJ + K
ln2
3?
O P: ∙ 26/R8 = - + / ∙ 26/R8 

where - is a constant term (e.g. proportional to volume), the second term is proportional 
to surface area, and the third term is proportional to the increase in surface area.  
 
Correction of the model for the slowing of the cell cycle  
 
We assume that the change in period over time has the functional form: 
 

?(*) = å*V + ç* + é 
 
We obtained å,	ç and é for each biological replicate by curve-fitting and modified our 
heat dissipation model the following:  

'̇(*) = - + / ∙ 2
6

R(ê6ë9í69ì))													 
 
Where -,	/ are free parameters. The obtained mean values for - = 58 ± 14	nJ ∙ sU: and 
/ = 6.8 ± 2.9		nJ ∙ sU:are statically not different from obtained values from the original 
model (see Table 1), ú = 0.288 and ú = 0.299, students t-test. 
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embryo volume  embryo surface area increase in embryo 
surface area
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(̇(+) = 0 4 = aR.
6V6 + b_R.

6V6 _+⁄ = 0 + aR< ∙ 2
6
Q: + b

R<
3A

ln2 ∙ 2
6
Q: = 0 + 2 ∙ 2

6
Q:			Eq. 9 

where 0 is a constant term (i.e. proportional to volume) and 2 the proportionality 

constant 2 from Eq. 2, which we rewrite as: 

	2 = ea + b
ln2

3Af
R<												Eq. 11 

Here R< is the total surface area (μm2) at the two-cell stage (assuming spherical cells).  

 

We now turn to estimating the coefficients a and b that determine the factor B. We 

begin by a, which corresponds to the cost of maintaining surface area. This includes the 

work done by ion pumps to maintain the membrane potential against leakage through 

ion channels and transporters, work done by flippases and floppases to maintain the 

asymmetry of the lipids, and work done by fission and fusion machinery such as the 

GTPase dynamin and the ATPase NSF associated with vesicular endocytosis and 

exocytosis. To estimate the total maintenance cost, we assumed a total protein density 

of 40 ∙ 10Q	ghiS	(Itzhak, 2016, Quinn, 1984) and that 3% of plasma membrane proteins 

are ATPases (REF). The activity of plasma membrane ATPases is more difficult to 

estimate, and maximum activities ranging from 10 to 400 s-1 have been reported 

(REFs). We chose to assume a moderate range from 10 to 100 s-1 for the average 

activity of embryonic plasma membrane ATPases. Membrane protein turnover is 

another maintenance cost, which we estimate assuming an average protein half-life of 

42h (Peshkin, 2015), protein degradation by lysosomes, and re-synthesis by the 

ribosome. Assuming that the hydrolysis of ATP generates 40	kJ⋅mol-1 of enthalpy, the 

energy cost of maintaining the plasma membrane ATPase activity anopqrs ranges from 

0.8	fJ⋅s-1⋅μm-2 to 8	fJ⋅s-1⋅μm-2 and the cost of plasma membrane protein turnover is 

awxyz{|sy =	0.02	fJ⋅s-1⋅μm-2 (Table 2). Inserting a = a
ATPase

+ a
turnover

 into Equation 3 [why 

equation 3, which is about volume] results in a range of total maintenance heat 

dissipation of 	0.74	–	7.4	nJ⋅s-1 for a 2-cell embryo with an initial surface area of R< = 930 

×	103 μm2.  
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Note that differentiation of this last equation shows that the change in surface area 

_R _+⁄ 	is also proportional to 26/Q:. Thus, the time-dependence of the increase in heat 

dissipation is consistent with it being proportional to the total cell surface area and/or to 

the change in surface area. This simple model shows that the total cell surface area, as 

well as the change in total cell surface area, doubles three times more slowly than the 

number of cells. Thus, our measured data showing that the embryonic heat dissipation 

doubles 3 times slower that the number of cells agree with the predictions of the cell 

surface model (Table 1). 

 

To further test the cell surface model, we asked whether the energetic costs associated 

with the increasing trend are within the range of values, derived from the literature, for 

maintaining and/or producing plasma membrane. To make this comparison, we take the 

unknown function in Eq. 1 to be 4 = aR.6V6 + b_R.6V6 _+⁄ , where a is the heat dissipation 

incurred in maintaining membrane per unit time (nJ⋅s-1⋅μm-2) and b is the heat 

dissipation incurred in building new membrane (nJ⋅μm-2). Equation 1 then becomes: 
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% in DMSO treated cells (" = 6) to 13.5 ± 1.5 % in nocodazole-treated cells (" = 6). We 
conclude that some aspect of cell proliferation drives the increasing trend. 
 
The results of nocodazole treatment suggest that the increasing trend is related to the 
number of nuclei or the number of cells. Therefore, we considered a model wherein the 
heat dissipation is proportional to cell volume [assumed to be constant] plus a term that 
is a function of the number of cells. This model is formalized by the following equation in 

which heat dissipation rate '̇(*) is a function of the number of cells (,) and therefore of 
the number of cell divisions ("):  

'̇(*) = - + / ∙ 12,(*)3 = - + / ∙ 1225(6)3 = - + / ∙ 1226/89:3												Eq. 1 

- is the constant volume component and / is a proportionality constant. * is time, ? is 

the period of the cell cycle and 1 is a function (to be determined). Note that when * = 0 
(the start of the experiment), " = 1 and , = 2.  
 

If heat dissipation is proportional to the number of cells, then we expect that 1226/89:3 ∝
26/8 because the number of cells increases exponentially while the doubling time, ?, is 
approximately constant. If the heat increase is proportional to the rate of increase in the 

number of cells, then we expect 1(*) ∝ (1/?)26/8, which again shows a doubling time 
equal to the period of the cell cycle.  
 
To test whether the heat scales with the number or increase in number of cells, we fit 
the heat increase with the following exponential equation: 

'̇(*) = - + / ∙ 26/A												Eq. 2 
where B is the heat doubling time. The equation was fit to the individual curves 
measured in each experiment. Comparison of the average fitted curve (using the 
average parameters from the individual fits) to the experimental traces at 28.5 °C shows 
that the model accords with the data (Figure 3A). The data from the ten individual 
experiments ('C(t), E = 1,… ,10) were rescaled by subtracting -C, dividing by /C and 
plotting against time divided by BC. The rescaled curves showed a “data collapse” 
(Bhattacharjee & Seno, 2001), indicating that the model in Equation 2 is a good 
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Fig. 1B). Thus, at all temperatures, the increasing trend was much slower than expected 

if it scaled with cell number. Taken together, these findings are inconsistent with the 

increasing trend being to an exponential increase in the numbers of cells, genomes or 

nuclei.  

 

An alternative hypothesis is that the slower doubling time is due to a heat dissipation 

rate proportional to total cell surface area. To explore this possibility, we derived a 

simple model that shows that the total cell surface area, as well as the change in total 

cell surface area, doubles three times more slowly than the number of cells 

(Supplementary Material). This cell surface model assumes that (i) the cells are 

spherical; (ii) the total volume of the cells is constant throughout the cleavage stage (the 

initial volume is 60 ×	106	μm3); and (iii) the cell doubling time is constant throughout the 

cleavage stage. We defer consideration of potential deviations from the assumptions to 

the Discussion section. With this caveat, our data agree with the predictions of the cell 

surface model (Table 1). 

 

To further test the cell surface model, we asked whether the energetic costs associated 

with the increasing trend are within the range of values, derived from the literature, for 

maintaining and/or producing plasma membrane. To make this comparison, we write 

the proportionality constant / in Equation 2, as 

	/ = IJ + K ln23?O P:												Eq. 3 

(Supplementary Material), where J is the maintenance cost per unit area and unit time 

(nJ⋅s-1⋅μm-2) and K is the production cost per unit area of building new membrane 

(nJ⋅μm-2). P: is the total area (μm2) at the two-cell stage, assuming spherical cells, and 

? is the average cell doubling time.  

 

The cost of maintaining surface area includes the work done by ion pumps to maintain 

the membrane potential against leakage through ion channels and transporters, work 

done by flippases and floppases to maintain the asymmetry of the lipids, and work done 
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Table 3: Estimated energetic parameters at 28.5 ºC 
 

 
1 0 = 90		nJ/s. From (Lynch & Marinov, 2015) based on the volume of 60 ∙ 10ï μm2 and a temperature of 28.5ºC 
2 2 = ña + b

ÜzS

Q:ó
R< 

3 anopqrsr = 0.74 − 7.4 ∙ 10iQ	pJ ∙ si< ∙ µmiS. We assume that the density of proteins is 40 ∙ 10Q μm-2, that 3% are ATPases and that 
the average ATPase activity ranges from is 10-100/s. ∆õnop = 40	kJ ∙ moli<   
4 bÜáàáâ = 0.12 − 24	pJ ∙ µmiS. lower bound: We assume that there are 0.9 ∙ 10ï molecules ∙ µmiS of phospholipids and 0.6 ∙ 10ï ∙ µmiS 
molecules cholesterol in the plasma membrane. From (Lynch & Elife, 2017), we assume that the phospholipid cost is just adding the 
head groups, which is 2 ATP equivalents per phospholipid and zero for the hydrolysis of stored cholesteryl-esters. This ignores 
moving lipids and cholesterol from yolk granules in the yolk to the membrane bilayer (and flipping across the bilayer) and also any 
possible synthesis or head groups. ∆õnop = 40	kJ ∙ moli<.	Upper bound:  Takes synthesis of acyl chains, head groups and 
cholesterol into account and is 200x times due to increased ATP cost for de-synthesis (Lynch & Elife, 2017). 
 
 

5 awxyz{|sy = 0.02 ∙ 10iQ	pJ ∙ si< ∙ µmiS. We assume that the density of proteins is 40 ∙ 10Q μm-2 with an average half-life time of 42h 
from (Peshkin et al., 2015). We assume the cost of protein degradation by the lysosome is zero ATP. We account for endocytic 
GTPase activity in the ATPase term. The cost of re-synthesis of degraded proteins is 4 ATP/aa and the average membrane protein 
is 400 aa. ∆õnop = 40	kJ ∙ moli<   

 

6 bày{wsáz = 4 − 128 pJ/μm2 .lower bound: From (Lynch & Marinov, 2015) we assume that the density of proteins is 40 ∙ 10Q μm-2. 
Then if there is no synthesis and we ignore putting them into the plasma membrane, then the cost is 4 ATP/aa. We assume the 
average protein is 400 aa. ∆õnop = 40	kJ ∙ moli<. Upper bound:  Full synthesis is 30 times more because the average ATP cost for 
synthesizing an amino acid is 30 ATP (Lynch & Marinov, 2015) 
 

7 2 = ñanopqrs + awxyz{|sy + 5bÜáàáâ + bày{wsáz7
ÜzS

Q:ó
R< = 1.6 nJ/s (lower bound) and 40.0 nJ/s (upper bound) 

 

8 R< = 930 ∙ 10Q μm2 (	R< = 	 R< ∙ 0.7	for		bÜáàáâ). The area at the two-cell stage, assuming spherical cells and a total volume of 60 ∙ 10ï 
μm3 
* The lower estimates are assuming synthesis from pre-assembled acyl chains, lipid headgroups and amino acids. The higher 
estimate corresponds to de novo synthesis of the building blocks. 
 

Parameter Estimates Values from fits 

Volume term1, é 90	nJ ∙ si<	 52 ± 12		nJ ∙ si< 

Area pre-factor2,	ë a  (maintenance) b (production)  
 anopqrs3 = 0.74	to	7.4 ∙ 10iQ 

pJ ∙ si< ∙ µmiS 
bÜáàáâ4 = 0.12	to	24 ∗ 

pJ ∙ µmiS 
 awxyz{|sy5 = 	0.02	 ∙ 10iQ	 

	pJ ∙ si< ∙ µmiS 
bày{wsáz6 = 4.3	to	128*	

pJ ∙ µmiS 
 2 = ñ∑aá +

Üz(S)

Q: ∑báó ∙ R< = 1.6	to	40	nJ ∙ si<* (see7,8)  8.2 ± 3.2		nJ ∙ si< 

Rodenfels et al. bioRxiv, 2019



Summary

• Increase in heat dissipation is not due to volumetric growth 

• Increase in heat dissipation is due to some aspect of cell 
proliferation 

• The increase scales with total cell surface area rather than total 
cell number 

• Calculated energetic cost of maintaining and assembling plasma 
membranes and associated proteins likely accounts for the 
increase in heat dissipation

Rodenfels et al. bioRxiv, 2019
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