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Single-molecule force spectroscopy
reveals signatures of glassy dynamics in
the energy landscape of ubiquitin
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The conformational energy landscape of a protein out of
equilibrium is poorly understood. We use single-molecule
force-clamp spectroscopy to measure the kinetics of
unfolding of the protein ubiquitin under a constant force.
We discover a surprisingly broad distribution of unfolding
rates that follows a power law with no characteristic
mean. The structural ﬂuctuations that give rise to this
distribution reveal the architecture of the protein’s energy
landscape. Following models of glassy dynamics, this
complex kinetics implies large ﬂuctuations in the energies
of the folded protein, characterized by an exponential
distribution with a width of 5–10kB T. Our results predict
the existence of a ‘glass transition’ force below which
the folded conformations interconvert between local
minima on multiple timescales. These techniques offer
a new tool to further test statistical energy landscape
theories experimentally.

T

he glassy model of multiple traps in the native protein
landscape was ﬁrst proposed by Frauenfelder on the basis of
ligand binding experiments1,2 . Thermal motion of the folded
protein explores local ﬂuctuations of the secondary structure, the
dynamics of which is crucial for the optimal functioning of the
protein3 . Complex energy landscape models of proteins are often
proposed4–7 , and the conformational heterogeneity of the nativestate ensemble has been characterized experimentally8 . Recent
work relating the structure and dynamics of human ubiquitin
has predicted an unprecedented diversity in the conformations of
the native-state ensemble9 , inferred from the structural motion
detected by NMR relaxation experiments. However, the most
direct demonstration of the ruggedness of the protein energy
landscape under equilibrium conditions has been done at the
single-molecule level. For example, ﬂuorescence experiments have
identiﬁed a conformational diversity in the ﬂuctuations of folded
protein molecules at room temperature, in the activity of enzymes
in biochemical reactions10–12 and the correlations of ﬂuorescence
lifetimes of conformations of the same protein molecule13,14 . These
experiments suggest dynamic ﬂuctuations on multiple timescales,
and measure a power-law distribution of their lifetimes.
In contrast to these observations, under non-equilibrium
conditions protein unfolding is claimed to have a smooth energy
landscape15 , lacking the features characteristic of glassy systems.
In conventional folding (unfolding) experiments, the proteins are
driven out of equilibrium by chemical denaturants and large
temperature jumps. In these macroscopic measurements, the
pathways are averaged out in the ensemble, such that the energy
landscape appears smooth with few (if any) stable intermediates
under a given set of unfolding conditions.
Single-molecule force spectroscopy can be used to directly
examine the energy ﬂuctuations in the unfolding landscape of
a protein. As force is present in many biomechanical processes,
it is a natural variable for probing the protein free-energy
landscape. Proteins are mechanically stable entities due to the
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Figure 1 AFM force-clamp spectroscopy experiments on single polyproteins.
a, A ubiquitin chain of six modules is picked up by the cantilever and held under a
constant stretching force of 110 pN. b, The individual modules unfold stochastically
(see asterisks), as shown by the stepwise increases of length 20 nm in the length
versus time measurement. We analyse the dwell times to each unfolding event (from
the time of the force application), labelled t k , to reveal the protein kinetics. (Zero
displacement is set at the point where the molecule is taut.) c, Ubiquitin chains with
a varying number of protein modules, N ≤ 12, are picked up from the surface
resulting in unfolding trajectories of different lengths. Here, N is the same as the
number of observed unfolding events, kmax .

network of native contacts that keep the folded structures
intact16 . The presence of an external stretching force probes the
conformational diversity of the protein out of equilibrium, using
the mechanical stability of each conformation as its structural
ﬁngerprint17 . The complex and dynamic network of forces within
each individual conformation determines the energy of the state,
and therefore the time it takes for it to unfold. Here we present
a kinetic analysis of 2,625 unfolding events of poly-ubiquitin
proteins using single-molecule force-clamp spectroscopy, with the
aim of revealing the shape and breadth of the energy barrier
distribution. A novel statistical analysis of the protein unfolding
times opens the investigation of the energy ﬂuctuations as a
function of the stretching force, that is, the external perturbation,
to experimentation. Mapping the statistical landscape features as
a function of the external force provides a powerful new tool to
precisely investigate the eﬀects of non-equilibrium conditions on
the conformational diversity of proteins.
In atomic force microscopy (AFM) experiments, the forceclamp technique provides ideal experimental conditions for the
measurement of the kinetics of protein unfolding at a well-deﬁned
force18 . We use a twelve-module ubiquitin protein construct in all
of the experiments. However, the polyprotein molecules are picked
up by the cantilever at random points on the surface, implying that
any number of protein modules, N ≤ 12, may be exposed to a force
in a pulling experiment. The polyprotein is stretched at a calibrated
constant force of 110 pN, causing the individual modules to unfold
stochastically, as illustrated in Fig. 1a. Each unfolding event is
accompanied by a release in length of 20 ± 0.9 nm, corresponding to
the unravelling of a single ubiquitin module. Each length trajectory

Figure 2 Average unfolding trajectory obtained by summing over 416
single-chain trajectories or 2,625 events (black curve), analogous to ensemble
measurements. A single exponential ﬁt serves as a test for the two-state model,
with χ 2 = 40 (black dashed curve). The average trajectory of all the data is
compared with the weighted average predicted from the power-law distribution of
rates, P(α), obtained experimentally in Fig. 4 (green dashed curve), with a
much-improved agreement with the data.

over time therefore resembles a staircase, with each step marking
the dwell time, t k , of the kth module in a chain of N modules, as
shown in Fig. 1b. We have collected 416 such unfolding trajectories,
as shown in Fig. 1c, each containing between 3 and 12 unfolding
steps, giving a total of 2,625 unfolding events. A minimum of three
consecutive 20-nm steps in the staircase is required as the signature
of the poly-ubiquitin molecule to be included in the analysis.
The two-state model of unfolding implies a stochastic
(markovian) process with a single rate constant, which can be
obtained from the single exponential ﬁt to the average unfolding
trajectory. Previously we have shown that the rate of unfolding,
obtained from the average of just a few trajectories, is exponentially
dependent on the force, and that the process at a constant force
appears two-state18 . With a much-improved statistical pool of 2,625
unfolding events at a constant force of 110 pN, summing over all
the trajectories gives rise to the average trajectory that eﬀectively
counts the number of unfolding events as a function of time,
as each unfolding event is marked by a 20-nm step in length.
Normalizing by the total number of unfolding events and the
protein length, we obtain the unfolding probability as a function
of time, P (t ), for all of the data, shown in Fig. 2. The ﬁt is
clearly distinct from a single exponential (χ2 = 40). The deviations
from the ﬁt may be indicative of alternative unfolding barriers
in this ensemble measurement. The average rate constant, α =
1.0 s−1 , is nevertheless in good agreement with previous results. The
unfolding probability is independent of the number of modules in
the chain, N , as we show in the Supplementary Information.
The challenge is then to decipher how diverse the rates
of unfolding are within the system ensemble, assuming a
non-homogeneous markovian process19 . Therefore, we use the
information at the single-molecule level to obtain the probability
distribution, P(α), for the ensemble of single-molecule data. We
approximate a rate constant, α, for the unfolding trajectory of each
ubiquitin chain. Analogous to radioactive decay and the release of
neurotransmitters in synaptic transmission20 , the probability of a
single module unfolding in time t is assumed to be (1 − e−αt ). This
assumption is supported by the observation that each unfolding
event takes place in a single-length step on the timescale of the
experiment, as seen in Fig. 1b,c. The probability distribution of
observing a sequence of unfolding modules in a single trajectory
depends on N according to a binomial distribution. However,
the unfolding trajectory of a polyprotein does not reveal N with
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Figure 3 Normalized histogram of the unfolding rates of each poly-ubiquitin
chain. From the sequence of dwell times to the unfolding events in every chain, we
obtained the most likely rate α by maximizing the probability distribution in
equation (1) as a function of α and N (between kmax and 12). As the histogram does
not capture the fast unfolding traces with α > 10 s−1 , the remainder of the data are
represented in the last bar of the histogram. Inset: The probability map is shown for
a single chain, with maximum P corresponding to α = 38 s−1 , N = 7.

certainty, because the molecule can detach from the cantilever
before all of the modules unfold. The range of possible N is small, as
it must lie between the number of observed steps, kmax , and twelve,
the length of the whole protein chain. For a given α, from the
experimental data of a sequence of k events unfolding at the dwell
times t k , we have

P(t1 , . . . , t k ) = α kmax N (N − 1)···(N − kmax + 1)


k
max −1
t k e−α(N−kmax +1)tkmax .
× exp −α

(1)

k=1

This is the product of probability distributions that ‘ k out of
N ’ modules remain folded during each time interval between
unfolding events in a single chain. For instance, for a chain with
two unfolding events (green trace in Fig. 1c) whose ﬁrst module
unfolded at time t1 and the second at time t2 , equation (1)
reduces to

P(t1 , t2 ) = α2 N (N − 1)e−αt1 e−α(N−1)t2 .
A probability map is calculated for each individual unfolding
trajectory. We apply equation (1) to calculate the probability of a
given sequence of unfolding times, t k , occurring for all possible
values of N , ranging from kmax to 12, and α. The resulting
probability map, shown in the inset of Fig. 3, shows that the most
likely N and α are identiﬁed as the peak in the probability map. This
is known as the maximum-likelihood method21 , and is described
in more detail in the Supplementary Information. The maxima of
the probability maps for each trace give rise to a distribution P(α)
for the whole set of data, shown in Fig. 3. As this histogram is
plotted on a linear scale, it is diﬃcult to capture the long tail of
the distribution. Logarithmic binning of the data shown on a log–
log plot reveals an unanticipated degree of complexity, shown in
blue in Fig. 4. Although the unfolding process has a statistically
preferred pathway, indicated as the peak α = 0.7 s−1 , we ﬁnd a

Figure 4 Histogram in Fig. 3 plotted on a log–log scale reveals a power-law
distribution of rate constants (blue diamonds) per ubiquitin chain that spans
more than two decades with a decay exponent γ = 1.8. Because the molecules
detach from the cantilever at random times, the slow unfolding rates are
under-represented in the distribution, giving rise to the peak. Furthermore, the
maximum-likelihood method averages over unfolding events within each chain,
which narrows the distribution. Monte Carlo (MC) simulations showed that the
distribution of rates for each module within the chain (green triangles), with
γ = 0.85± 0.05, reproduces the experimental power-law tail of the distribution per
trace (grey circles).

surprisingly broad distribution of rate constants, which follows a
power law (red line),

P(α) ∝ α−γ .
The decay exponent, γ = 1.8, implies that the distribution does not
have a well-deﬁned average. The few data points deﬁning the peak
at very slow unfolding rates correspond to long-lasting experiments
with a smaller statistical pool of data, which may be skewing the
distribution up to α = 0.4 s−1 . The following discussion therefore
only concerns the power-law tail of the distribution.
The existing power law spreads over two decades (without the
peak), which we cannot extend due to experimental limitations.
To monitor the non-equilibrium unfolding behaviour of a protein,
we apply an external stretching force, which uses an electronic
feedback system, limiting our time resolution to 10 ms. The fastest
measurable rate constant is therefore 100 s−1 . On the slow end
of the spectrum, the random detachment of the molecules from
the cantilever and the presence of cantilever drift conspire against
the measurement of long traces beyond 10 s. We are therefore
limited to the measurement of rates of 0.1 s−1 . Even so, the
distribution shows large deviations from the currently accepted
two-state unfolding kinetics.
Owing to the averaging over each single-molecule chain of
unfolding events, implicit to our maximum-likelihood method, it is
expected that the same distribution for a monomeric protein is even
broader, with γ < 1.8. Indeed, we quantiﬁed the eﬀect of averaging
by generating individual protein modules in each chain with powerlaw distributed rates of unfolding using Monte Carlo simulations.
Then, we allocated the most likely rates to each single-molecule
chain, as in the experiment. In Fig. 4, we show that the modulegenerated distribution of P(α) ∝ α−0.85±0.05 (green triangles) best
reproduces the experimentally observed power-law distribution of
rates per chain (grey circles). Further conﬁdence in the validity
of this result is obtained from the excellent ﬁt of the average
unfolding trajectory calculated assuming the experimental P(α)
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τ = τ0 eE/kB T ,

(2)

where τ0 is a microscopic timescale and kB is the Boltzmann
constant. A simple change of variables converts the experimental
P(α) ∝ α−0.85±0.05 per module into P(τ) ∝ τ −1.15±0.05 , which can
be conveniently represented as τ −(1+a) , where a = 0.15 ± 0.05. The
distribution of barriers, P(E), therefore governs the distribution
of trapping times, P(τ), through equation (2). Assuming the
experimental distribution of P(τ), P(E) is then expressed by an
exponential distribution with average barrier height Ē

P(E) =

τ0(−a) −E/ Ē
e
,
kB T

with Ē = kB T /a = 6.7kB T , as shown in Fig. 5. The shaded region in
the ﬁgure shows the experimental error in a, which implies that the
average barrier height lies in the range between 5 and 10 kB T . The
breadth of the energy-barrier distribution indicates high amplitude
ﬂuctuations in the landscape, much higher than thermally activated
transitions. Systems in such landscapes have little preference for the
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(blue diamonds) to the average trajectory of the raw experimental
data, shown in Fig. 2 (green dashed trace), where maximum
likelihood plays no role. The observed distribution in Fig. 4
is independent of the number of modules in the chain N , as
P(α) with the same decay coeﬃcient of γ = 1.8 is obtained by
pooling data with diﬀerent chain-length ranges, as shown in the
Supplementary Information. This indicates that the individual
modules are independent of one another, such that the length of
the chain plays no role in the unfolding rate constant. Because the
complex kinetics arises from the conformational heterogeneity on
the level of the module, we interpret the results in terms of the
modular distribution of unfolding rates.
How can we interpret a distribution of unfolding rate constants
that spreads over two orders of magnitude under constant
experimental conditions? This distribution could not be explained
by the uncertainties associated with maximum likelihood21 nor the
experimental noise in the force, given a single rate of unfolding in
the system. The system’s complex kinetics is then a consequence
of the underlying roughness of the free-energy landscape1,22,23 . It
could be argued that several discrete pathways between the folded
and the unfolded state govern the broad distribution, as the data
can be equally well ﬁtted as a sum of at least three exponentials
with diﬀerent decay rates. However, such a large number of ﬁtting
parameters is highly degenerate, and so we postulate that it is much
more likely that a continuous variation in α is giving rise to such a
broad distribution.
The power-law-distributed rates can be deduced on physical
grounds, by appealing to the notion that the energy of the folded
protein can be represented as a multi-valley energy landscape2 . We
assume that the only possibility for the protein to diﬀuse in the
landscape is an energy-activated process to overcome the energetic
barrier of height E , as implied by the Arrhenius law. This model
is the simplest interpretation of our data. The applicability of the
Arrhenius law to diﬀusion in glassy landscapes is much debated
in the literature, and depends on whether the glass in question is
classiﬁed as a ‘strong’ or a ‘fragile’ glass24,25 . Fragile glasses with very
high energy barriers, such that activation is not possible, exhibit
diﬀusion that is independent of the energy barriers in the system26 .
On the other hand, the Arrhenius law assumes that the protein
is a strong glass, in which the energy barriers are low enough to
determine the activation process of unfolding.
Under this assumption, the time taken to escape from a given
folded state and overcome a barrier of height E at temperature T is
the inverse of the unfolding rate τ = 1/α and can be described by
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Figure 5 Shape and breadth of the distribution of energy barriers in the protein
energy landscape under a constant force. The experimental data predicts the
exponential distribution, according to the trap model (red curve). The highlighted
area represents the possible error introduced by the uncertainty in the data, ranging
between 5 and 10kB T. Alternative energy landscapes, with gaussian ﬂuctuations
(grey dashed curve) or a two-state model (blue dashed line) are also shown.

ground native state, yet they ﬂuctuate between structurally similar
conformations. The exponential form of the energy distribution
is typical of glasses, appearing in the random energy model27
with applications in protein-folding simulations28 , as well as in
experiments on glassy polystyrene29 .
The above results can be understood in the framework of
the phenomenological ‘trap’ model of glasses30 , according to
which the average energy characterizes the critical glass-transition
temperature as Tg = Ē/kB in proteins31 . Below Tg the folded states
exhibit frustration, and above it the landscape appears smooth with
a single rate constant. Figure 5 schematically illustrates the diﬀerent
models of P(E). In contrast to our ﬁndings, traditional twostate models would give rise to a single rate constant. Moreover,
gaussian-distributed energies that do capture the roughness in
funnel models7,32 would result in log-gaussian kinetics, which
do not reproduce our experimental power-law distribution of
unfolding times.
It has already been established how the force, F , inﬂuences
the height of the average unfolding energy barrier, Ē , along the
ubiquitin-length reaction coordinate18 . The energy-barrier height
to unfolding, Ē a , is reduced by the work done in stretching
the protein to the transition state, then the resulting barrier height,
Ē = Ē a − Fx , where x is the distance to the transition state
for unfolding. Provided that the transition state has roughly the
same end-to-end length at all forces (0.14 nm), a larger force has
been shown to reduce the barrier heights, on average, shifting the
mean to a faster unfolding rate constant. However, the eﬀect of
force on the distribution of available conformations, and therefore
energies, will depend on how the force distributes through the
protein, microscopically, along the observed reaction coordinate.
The answer to this question would require a three-dimensional
investigation of stress transmission through the structure of the
protein, testing the change in the conﬁgurational diversity of the
protein in response to the applied force.
It is reasonable to assume that when the energy scale Ē of
the unfolding barriers becomes comparable to kB T at suﬃciently
high forces, the folded conformations will self-average, giving rise
to two-state kinetics on a smooth energy landscape. Alternatively,
raising the temperature above the measured Tg at 110 pN should
induce two-state kinetics, although operating at such a high
temperature would not be possible. Our result therefore indicates
that ubiquitin under physiological conditions is inherently glassy,
such that the proteins are ‘frozen’ in a given distribution
of conformations.
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Relating the power-law distribution of rates to protein
conformational changes is an important task. Recent work, relating
structure and dynamics of human ubiquitin (used in this study)
ﬂuctuating in solution9 , shows structural motion of the order of
2 Å for individual amino acids. Mechanical stability of proteins has
been shown to arise mainly from the backbone hydrogen-bonding
pattern of the protein16,17 . We speculate that thermally driven
rupture and formation of the hydrogen bonds causes ﬂuctuations
in the mechanical stability of the protein. These ﬂuctuations are
not reﬂected in our measured reaction coordinate of the end-to-end
length, yet they manifest themselves through the broad distribution
of P(α) that we observe. The connectivity of the states as a
function of length is therefore still unclear, as there may be other
coordinates through which they are locally connected in the multidimensional space. Molecular dynamics simulations have shown
that the connections in the network of the conformational space
of a folding protein are scale-free and have a native-state basin with
a hierarchical organization of free energies33 , which may account
for our observations. Their scale-free distribution is reminiscent
of many diverse complex networks in biology34 , such as the
protein structural network, protein–protein interaction network
and the network of metabolic pathways, which have been shown to
exhibit a fractal architecture, evolved according to a self-organizing
principle in nature35 . Could the energy landscape of proteins be
yet another example? This raises important questions about the
relationship between the topology of the network and protein
function. Although most protein engineering has so far been done
on the basis of simple two-state models using φ value analysis15 , it
is becoming clear that point mutations may aﬀect the distribution
of states in more-complex ways, moderating the power-law decay
coeﬃcient or eliminating certain kinetic barriers in the landscape.
Our results call for new methods of assessing the complex protein
landscape, which are now amenable to experimentation using the
techniques described in this paper.

METHODS
PROTEIN ENGINEERING

The polyprotein used in this study was a multiple-domain ubiquitin construct
comprising twelve identical repeat units. The tandem repeats were formed by
consecutive subcloning of the ubiquitin monomer using the ‘sticky’ ends
of the BamHI and BglII restriction sites. The monomer was cloned from the
native nine-unit ubiquitin by the polymerase chain reaction and isolated by
agarose gel puriﬁcation. The twelve-domain ubiquitin was cloned into the
PQE16 (Qiagen) expression vector, and transformed into the BLR(DE3)
Escherichia coli expression strain. This construct has a C-terminus His-tag
and has two additional residues (arginine and serine) between each module
in the chain. Constructs were expressed in BLR (DE3) E. coli, and puriﬁed by
histidine metal-aﬃnity chromatography with Talon resin (Clontech) and by
gel-ﬁltration using a Superdex 200 HR column (GE Biosciences).
SINGLE-MOLECULE AFM

We used a custom-made AFM under force-clamp conditions18 . The sample was
prepared by depositing 3–10 μl protein in 50 μl PBS, at a concentration of
10–100 μg ml−1 , onto a freshly evaporated gold coverslip to allow the protein to
adsorb onto the gold. Each cantilever (Si3 N4 , Digital Instruments) was
calibrated in solution before the measurements. The spring constant was
typically found to be 15 pN nm−1 . The cantilever was repeatedly placed in
contact with the surface, exerting a signiﬁcant force of several hundred
piconewtons, causing the polyprotein molecules to adhere non-speciﬁcally to
the cantilever tip. The piezo was then retracted to produce a set constant force,
while the extension was recorded. An active feedback mechanism was used to
maintain the constant force for ten seconds. As the molecules detach from the

cantilever at random times, we only include trajectories with a detachment
time of at least 2.5 s to minimize the error in the maximum-likelihood method.
All experiments were carried out at room temperature.
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