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Fig. 2. Experimental measurements resolve coupled gradients of motors and ATP
across space and time. (Top) Experimentally measured spatial distributions of
molecular motors and (Bottom) ATP over four time points during the self-organization
of an aster. As time evolves, motor proteins concentrate near the aster center; a
coupled ATP gradient develops, with greatest depletion in the aster’s center where
motors are most abundant.

of ATP is manifestly nonuniform over space, forming
a steepening gradient of ATP, with less ATP in the
aster center than at its periphery. These concentration
fields are displayed as radial profiles in Figure 3(A) and
Figure 3(B), registering rich time and space dependencies.
Specifically, conservatively summarizing ATP gradients by
their change in concentration across a one hundred micron
radial region near the edge of an aster (between radial
positions r = 200 µm near the edge and r = 100 µm)
registers gradients of 0.5 µM/µm to 1 µM/µm across
replicate asters (see Supplementary Material section S3).

In general, the uncertainties in such interesting physical
scales (such as gradients and dissipations) reported in this
paper are most earnestly captured by their aggregate vari-
ations across many separate aster formation experiments,
as detailed in the Supplementary Information, section S3,
Figures S25-S28.

Appreciating the biological magnitude of gradients. Are the spa-
tial gradients in ATP reported by our calibrated mea-
surements in Figure 2 and Figure 3 with a characteristic
scale of ≈ µM/µm biologically meaningful? To develop
intuition for that question, we examine how the measured
ATP concentrations vary relative to the KM of the motors.
At intermediate times, as highlighted by Figure 4(A), ATP
drops from a high value of ≈ 100 µM ATP that is several
times larger than the characteristic concentration scales
governing motor stepping activity (namely the enzymatic
Michaelis-Menten constant KM ≈ 23 µM ATP, as
reported by steady-state ATPase assays (23, 24)). Further,
at sufficiently late times, ATP depletes sufficiently so as
to be above this characteristic KM at the edge of the
aster but below this KM in the center of the aster (as
illustrated by the 37 min pink-fuchsia inset of Figure 3(B)).

Thus, the spatial variation of ATP inside a single aster
lies squarely in the functional range that controls whether
or not motors have enough ATP to move close to their
maximum stepping rates.

Another way to size up these gradients is to compare
them to other important gradients as we detail in the
Supplemental Information section S10. Figures 4(B), (C),
and (D) provide several candidate reference points. In
Figure 4(B), we illustrate a classic experimental study
(25) on bacterial chemotaxis in which bacteria navigate
gradients of approximately 30 (molecules/µm3)/µm (25).
As seen in Figure 4(C), the protein kinase Pom1 in
fission yeast is part of the signaling pathway that controls
entry to mitosis, Pom1 localizes in the poles of the
yeast cell (26). We estimate the gradient in these yeast
cells is approximately 3 (proteins/µm3)/µm. As another
example, we consider the transcription factor Bicoid,
which famously contributes to delivering the positional
information that organizes the fruit fly Drosophila’s body
plan, as shown in Figure 4(D) (2, 27–29). This molecular
gradient develops with high precision across embryos, and
robustly adopts a characteristic profile with a gradient
of ≈ 0.2 (molecules/µm3)/µm. Thus we see that the
maximal ATP gradients we measure are ten to a few
thousand times steeper than the chemoattractant, Pom1
and Bicoid gradients used to drive bacterial chemotaxis,
cellular division and sculpt embryos, respectively. (Further
numerical discussion, including complementary notions
of steepness, is found in the Supplementary Information
section S10.) Accordingly, these measurements attest that
such gradients could have biologically salient impacts.

Mapping power consumption in space and time. Another way of
visualizing the results of our measurements is to take the
ATP data from successive instants and convert it to a
power. As shown in Figure 5, the power can be evaluated
directly in units of ATP/s, revealing power of order
few×108 ATP/s. This magnitude of power expenditures is
reproducibly observed across replicate asters as described
in detail in the Supplementary Information, section 3B.2,
Figures S25 and S29; peak dissipation rates usually
occur at early times, and vary between ≈ 3 × 108 ATP/s
and ≈ 8 × 108 ATP/s across separate self-organizations
of distinct asters. We interpret this few-fold variation
in the dissipations across replicate aster experiences as
representative of aggregate uncertainty in these scales (see
SI).

Note that these changes in the ATP present in an
aster over time technically reflect both a consumption
power inside the aster’s volume, and any (not explicitly
measured) replenishment flux of ATP into the aster due
to diffusion or fluid flow. In the present setting, such
replenishment fluxes should counter consumption: since
ATP increases with radial position (including at the aster’s
boundary), average diffusive flux directs inwards (by Fick’s
law), and net fluid flow is also inwards in this contractile
setting (see Supplementary Information section S2J).
Accordingly, the net ATP consumption rates reported
by measurements here may be regarded as reasonably
close lower bounds to full underlying consumption rates.

These real thermodynamic units of our calibrated
measurements allow us to compare our total measured
power with estimates of what the energy from hydrolysis
events is used to pay for. In addition, we can directly
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Fig. 3. Measurements of developing ATP and motor gradients
with respect to radial position in asters. (A) Azimuthally-
averaging the data shown in Figure 2(Top) gives radial
concentration profiles of motors. (B) Similarly, azimuthal
averaging of the data shown in Figure 2(Bottom) yields the
radial concentration profiles of ATP. These gradients reveal
clear, rich nonuniformities over time and space. Further
replicate aster experiments show largely coherent behaviors,
with scales of variation across replicate experiments visible in
the Supplementary Information section S3B.1

contrast these measurements with power expenditures
reported in far different biological contexts. We return to
reckon with what sets the scale of these measured power
values in the final Results section. Next, we ask how one
might develop quantitative intuition for the distribution
of the ATP in the aster in both space and time.

Understanding measured gradients with reaction-diffusion modeling.
The profiles revealed in Figure 6 characterize the radial
and temporal dependence of both the motors and the ATP.
We present a dynamical equation in Figure 6(A) which acts
as a minimal model to describe the resultant ATP profiles
through space and time. The rate of change of ATP in
a small material volume element can be attributed both
to ATP molecules entering and leaving that small region
(diffusion) and to the hydrolysis of those ATP molecules by
molecular motors that are in the material volume element
of interest (reaction). The reaction term is defined as
the product of the hydrolysis rate of a motor protein, the
motor profile (which gives the density of motors in that
material volume element), the bound fraction of motors
to microtubules, and the probability an ATP is bound to
a motor. The bound fraction of motors to microtubules is
described by a kinetic model of binding as derived in the
Supplementary Information section S8A. The probability
an ATP is bound to a motor protein is determined
by Michaelis-Menten-like dynamics for the rate of ATP
consumption by motors. However, the denominator of that
term also includes terms that reflect competitive inhibition
of the reaction due to ADP and Pi. Note that there is
another more pernicious dynamic taking place during
our experiments, namely, photobleaching. Section S6 in
the Supplemental Information describes how we measure
and account for photobleaching, including through finite
element simulations of a diffusion-photobleaching equation
in section S6F.

One powerful way to analyze the solutions to equations
such as that shown in Figure 6(A) in diverse geometries
is by appealing to numerical methods. In our case, we
used the finite element method to compute the space-

time history of ATP as shown in Figure 6(C). To generate
these plots, we input trial functions for the time-dependent
motor and tubulin profiles, which are based on measured
data. The form of these profiles are discussed in detail
in the Supplementary Information section S4A.4 and are
depicted in Figure 6(B), along with the resultant bound
fraction of motors and bound motor concentration across
time and space. To assess the quality of our simulation,
we consider two semi-quantitative checks: does the global
concentration of ATP deplete on a similar time scale to
that measured in the experiment and is the size of the
maximum gradient comparable to the maximum gradient
in the experimental profiles? In Figure 6(C), the left
plot illustrates these two dynamical metrics. The second
graph to the left plots the experimental ATP profiles,
which we note show a maximal slope of ≈ 0.6 µM/µm
and globally depletes in ≈ 66 minutes. The two plots
on the right show the results of our simulation. The
second plot from the right uses our best estimates for
the parameters that we believe apply to our experiment,
which we expound on in the Supplementary Information
section S4A. For this particular choice of parameters,
the simulated profiles have a much shallower gradient
and globally deplete ATP slower. This inspired us to
systematically sweep the parameter values to find those
that more faithfully reproduce the measured profiles. We
find in the right most plot that lowering the diffusion
constant by half, raising the motor hydrolysis rate by 50%
and increasing the maximum tubulin concentration by a
factor of 3 results in an ATP depletion profile that better
matches our data. Here we see a maximum gradient of
0.5 µM/µm and global ATP depletion in 58 minutes. Note
that these alternative parameter values are still within
the uncertainty of knowledge of their values.

Note that our goal with these simulations is not to fit
data curves, but rather to examine plausible behaviors for
realistic parameter choices. With reasonable parameter
choices, within a factor of a few of our assumed parameter
values, we find gradients in ATP of the right scale appear
in our simulation. While we attempted to characterize
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Fig. 4. Appreciating the relative scales of biologically developed gradients. (A) Our measured ATP gradients experience approximately a factor of two depletion across the scale
of the aster length. (B) Bacterial cells respond to gradients of chemoattractants (Plot based on V. Sourjik et al. (25)). (C) In fission yeast, the protein kinase Pom1 localizes at the
cell poles creating steep gradients on each side of the cell. (Plot adapted from J. Moseley et al. (26).) (D) The Bicoid gradient organizing early fly development manifests the
majority of its decrease on the scale of half its body length. (Plot adapted from T. Gregor et al., (29).)
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Fig. 5. Experimental readouts of total power during aster formation. Time derivatives of
ATP reflect local and global power consumption, acknowledging the imaging geometry.
The number of ATP molecules consumed per time over the whole aster volume
significantly changes over time. Under these conditions (1.2 µM motor proteins and
500 µM initial ATP), the magnitude of power tends to follow the size of the aster.
Initially, while the aster is most rapidly contracting, ATP is consumed most rapidly, then
approaches a baseline power level once the aster is no longer dramatically changing
in size. This trend is visible in the majority of aster replicates which can be seen in the
Supplementary Information Figure S29.

the most significant processes impacting the rate of
ATP consumption, we leave the open questions of what
other mechanisms may impact the shape of gradients.
These may include fluid flow, motor cooperativity, motor
jamming, motor detachment, and motor force-stalling, to
name just a few.

More generally, the adequate accord of such a reaction-
diffusion model for how gradients develop in ATP with
measurements attests to general principles for how molec-
ular gradients can form in space. This mechanism differs
in fundamental conceptual ways from the simple and
classical mechanism that develops the Bicoid gradient
in Drosophila. There, in Drosophila, some reaction
(degradation) rate k uniform in space conspires with a
nonuniform boundary condition in space (specifying a
uniform production in time at one end of the embryo),
and competes with diffusion at coefficient D to set a
steady-state gradient with a characteristic length scale
λ ∼

√
D/k. However, applying identical logic to

the present motor-microtubule system would be hasty
(and would anticipate an incorrectly and negligibly-long
analogous gradient length scale).

Instead, we contend that gradients in the present active
matter system ensue very differently. Here, gradients in
ATP develop when its hydrolysis reaction grows suffi-
ciently nonuniform in space (thanks to the underlying self-
organization of motors and microtubules), against uniform
boundary conditions in space. Specifically, gradients

ensue from sufficiently dramatic localization of hydrolysis
rates, whose effects accumulate for long enough times
compared to the characteristic diffusive smoothing times
that appreciable gradients sustain over pattern formation.
Indeed, this connection between a field’s spatial gradient
and that accumulated over time in a consumption rate
field can be expressed as a precise mathematical statement:
the steepest gradient in concentration is at most the
maximal gradient in hydrolysis rates accumulated over
earlier times (see Supplementary Information, section S13).
Such concentration gradients thus testify to reaction
rate gradients. In sum, then, the precise competition
of characteristic physics which govern whether a gradient
appears, and its quantitative extent, differs from other
celebrated classical gradients organizing biology. That an
emergent patterning of reaction rates itself controls the
appearance of sustained gradients may be a principle that
operates beyond the specific motor-microtubule setting
explored in this work.

Comparing and appraising underlying physical origins for measured
power. Provoked by our measurements and these analyses
in the preceding sections, a fundamental and urgent
question arises. What does that ATP hydrolysis “pay
for?” Of course, mechanistically, we know that ATP
is being consumed by motors as they carry out their
walk along microtubules. But here we mean it differently
and functionally. That energy is dissipated through
elementary processes such as ordering and contraction
of the microtubule network. How much energy do these
processes cost?

Microscopically, a huge variety of dissipative processes
are taking place during the microtubule-motor rearrange-
ments attending aster formation. As shown in Figure 5 the
power varies considerably at different stages of the aster
formation process. To that end, we explore the power
associated with a variety of processes that we imagine
are taking place concurrently and would cost different
amounts at different stages of the aster formation process.

Given the measured power, we were intrigued to
compare it to the power associated with a variety of
elementary dissipative processes that take place during
aster formation as shown in Figure 7. For example,
as is evident from the radius as a function of time in
Figure 5, the volume of the microtubule aster is decreasing
over time. As shown in Figure 7(A) and described in
detail in the Supplementary Information section S14C, we
can perform a simple estimate of the power associated
with this contraction as the pressure-volume work done
divided by the elapsed time. We find that the pressure-
volume power is five orders of magnitude smaller than
the measured power. As shown in Figure 7(B), a second
dissipative process is the frictional sliding of the various
microtubules during the contraction process. A näıve
estimate is obtained by replacing a given microtubule by
a corresponding sphere of the same dimensions and to
work out the Stokes drag (see Supplementary Information
section S14E). As in the case of the pressure-volume power,
this results in a power that is five orders of magnitude
smaller than the measured power of Figure 5. As discussed
in the Supplementary Information section S14E.1, a better
estimate can be made in which the microtubule is treated
as a rod rather than a sphere and in this case the computed
power is even smaller. It is possible that crowding
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Fig. 6. Minimal mathematical model and finite element simulations of ATP concentration in space and time. (A) The reaction-diffusion equation used to simulate ATP
concentration is written with illustrations of the diffusive term, the binding states of motors to microtubules, and the binding states of ATP (A) and ADP (D) to the motor protein.
(B) The distribution of microtubules and motors as a function of distance from the center of the aster as a function of time show the development of a gradient over time. The
bottom row shows the empirical and approximate fits used as input into the finite element calculations. The key point of the motor and microtubule temporal distributions is that
they are used as input into the consumption-diffusion model for the ATP. (C) We compare the gradients produced by finite element simulations on two metrics: how quickly the
ATP depletes and the slope of the largest gradient. Next to the data, we plot the simulation using our best estimated parameters, namely a diffusion constant of 120 µm2/s and a
hydrolysis rate of 2 s−1. Additionally, the inputted tubulin profile is the trial function profile in panel (B). The right most plot shows parameters that better satisfy our evaluation
metrics using a diffusion constant of 60 µm2/s, a hydrolysis rate of 3 s−1, and multiplying the maximum value of the tubulin profile by a factor of 3.
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Fig. 7. Mechanistic processes taking place during aster formation and their estimated power. Each schematic considers a different dissipative processes that occurs during
the formation of an aster. (A) Schematic of the power of compressing an ”ideal gas” of microtubules. (B) The power of dragging microtubules through a viscous medium. (C)
Power estimate for inducing nematic ordering in a random array of microtubules. (D) The power to maintain a concentration gradient of motors in the aster.

effects could amend these estimates. Another approach
to estimating the power is offered by field theories of
nematic ordering in which the state of the system is
characterized by the spatially varying tensor Qij(r, t).
This estimate is trickier to make since the parameters in
such a field theory of motor-microtubule systems are not
well known. Nevertheless, as seen in Figure 7(C) (and
described in more detail in the Supplementary Information
section S14F), the power we estimate associated with such
ordering is many orders of magnitude smaller than the
measured power. The final dissipative process highlighted
in Figure 7(D) is that of building and maintaining
a nonequilibrium gradient of motors radially outward
from the center of the aster. One way to think about
such a gradient is that if there were not some active
transport carrying motors towards the aster center, then
diffusion would smooth out that gradient. As we show in
Supplementary Information section S14G, there is a well-
defined prescription for estimating the power to maintain
such a gradient using statistical physics; we find that this
estimated expenditure at late times is roughly an order
of magnitude lower than our measured powers at late
times. This interesting result suggests the hypothesis that
a significant fraction of the ATP hydrolysis consumed by
the motors is “spent” to build and then maintain this
gradient.

Discussion

It is practically a cliché to note that living organisms are
“out of equilibrium.” And yet, because of separation of time
scales, equilibrium ideas are often useful in a variety of

nonequilibrium settings. To render our approach to these
problems more precise, it is useful to measure the rate
at which energy is being consumed to maintain systems
in these nonequilibrium states. One useful way to think
about such dissipative processes in living organisms is to
recast them not as a cost, but rather as a mechanism.

Recent work has made exciting strides in characterizing
energy expenditure in a variety of systems via techniques
that include calorimetry (5, 6), oxygen consumption (30–
33), and fluorescent metabolite measurements (30, 34, 35).
Some of these studies capture the total energy expen-
ditures of some biological system of interest and reveal
intriguing mismatches between the measured dissipation
and contribution such as the mechanical power. Accompa-
nying theoretical efforts have reached similar conclusions
(36, 37). Models have also even started to probe how
biochemical energy sources might vary in space (38). Yet
scarce experimental measurements impede their calibrated
application to cells (35, 36). Further, these methods do
not always have the spatial resolution that can isolate
individual mechanisms, their contributions to the total
dissipation, nor related gradients on the cellular or sub-
cellular scale.

Having the ability to measure gradients is crucial
since gradients are ubiquitous and functionally critical for
processes such as body symmetry and division axes (29),
division time, and cell size (26). These gradients resist
thermodynamic equilibrium, requiring continuous energy
input for their formation and maintenance. Motivated
by the need to develop a physical understanding of how
energy fluxes give rise to biological order, we developed
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an in vitro system of motor-microtubule assemblies to
ask how ATP consumption across space and time drives
the dynamics of structure formation. Within this frame-
work, ATP gradients emerge as a consequence of motor
protein activity. These gradients serve as a measurable
signature of the energetic mechanisms associated with the
rearrangement of microtubules during aster formation.

In our in vitro system, such gradients emerge from
complex interactions between motors, microtubules, flows,
diffusion, and ATP/ADP competitive binding and are not
readily predicted from individual molecular properties. As
shown by our finite element modeling, this cooperation of
interactions can be quantitatively addressed by rigorous
modeling and real calibrated and thermodynamically-
meaningful measurements. These systems display gradi-
ents of order ≈ few × 10−1 µM/µm over tens of microns—
hundreds of times steeper than celebrated developmental
gradients discussed in Figure 4.

The differences between the magnitudes of the gradients
we measured and those observed in specific cellular and
organismal contexts (Figure 4), possibly come from a host
of additional complexities in those systems, which we
need to account for in future studies with living systems.
For example, in whole cells, there are metabolic energy
sources (including mitochondria) and sinks of energy other
that motors (filaments, ATP driven enzymes). It is a
fascinating, abiding question for our field, to ask whether
or how the conspiracy of both sources and sinks manifests
appreciable gradients (or not) of biochemical sources of
energy, as started in a beautiful recent work (38). We
can begin addressing these complexities by finite element
modeling, built upon our initial steps described here.
In terms of future studies, our analysis cautions that
the dissipation rate estimated by mean-field quantities
(such as average, not local, concentrations) can generically
overestimate the true macroscopic dissipation rate, as
we dissect further in the Supplementary Information
section S12 using an application of Jensen’s inequality.
This highlights the need for spatially resolved measure-
ments. To understand the nonequilibrium nature of whole
cells and their assemblies into tissues and organisms, we
acknowledge that an approach with at least a similar level
of rigor and scope as the one we have demonstrated needs
to be undertaken in these further contexts.

Our experiments, calibrated in real molecular units,
resolve substantial dissipation rates, up to a few × 108

ATPs per second (> 10−17 W/µm3), which for com-
parison, exceeds the average optical power densities
of our activation light of 10−17 W/µm3. As illus-
trated in Figure 8, these power values measured in
contracting asters enjoy informative comparisons with
typical metabolic power expenditures of bacteria (≈ 103

ATP/s/cell in slow-metabolizing anaerobic P. aeruginosa
(39); ≈ 106 ATP/s/cell (40, 41) in basal metabolism
to ≈ 107 ATP/s/cell in exponential growth (42, 43) in
organisms like E. coli); mouse oocytes (approximately 105

ATP/µm3/s totaling 2 × 1010 ATP/s/oocyte as inferred
from NADH turnover) (30); Xenopus embryos (on average,
approximately ≈ 1.5 × 104 ATP/µm3/s in the two-cell-
stage to ≈ 2.1 × 104 ATP/µm3/s at the cleavage stage as
inferred by calorimetry, with cell cycle oscillations about
one- hundred-fold smaller (6)); or other, extensile, active
matter microtubule systems (few ×103 ATP/s/µm3) (5);

(A) total power expenditures across systems and sizes

(B) power densities on a per-volume basis
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Fig. 8. Comparisons of this work’s measured thermodynamic dissipations with those
of relevant organismal and active matter contexts. (A) Absolute power versus total
volume for embryos, microbial cells, and distinct experimental contexts. (B) The power
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further details.

see Supplementary Information section S11 for further
numerical discussion. Our experiments further report
ATP gradients develop in space (with steepnesses of order
at least a few tenths of micromolar per micron, sustained
over tens of microns).

Beyond the aim of developing an energetic consump-
tion census, the formation of ATP gradients motivates
questions that ask: might these energetic gradients hold
significance to the cell? As we have highlighted in the
results, the energetic cost of maintaining a gradient is
comparable to energy expenditure we observe. Widely
celebrated cellular gradients, including the morphogen
gradient in Drosophila (29), which assigns the embryo’s
anterior-posterior body axis, the protein kinase gradient
in fission yeast (26), which regulates the timing of cellular
division, ras-related nuclear protein gradients (44), which
control spindle assembly, and others, are so beloved due to
how they drive cellular function. Perhaps, ATP gradients
have similar implications, localizing energy availability
to incite cellular activity in specified areas. Only with
measurements and mathematical models yielding space-
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time understandings of energetic dissipation can one truly
know how cells exists away from equilibrium.

Materials and Methods

Experimental, computational, and theoretical methods and results are
described extensively in the supplementary information.

Data, Materials, and Software Availability. Data and analysis code used
to generate this study’s analyses are available open source; see https:
//github.com/RPGroup-PBoC/am atp.
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