
Proteins function through their interactions 
with other biomolecules, and can be modu-
lated not only by changes to the amino-acid 
residues at the protein–biomolecule inter-
face, but also by changes at distal sites — a 
phenomenon called allostery. Discovering 
which protein sites are allosteric has been 
difficult, because methods that simply and 
comprehensively quantify allosteric effects 
have been lacking. On page 175, Faure et al.1 
report the first integrated method to globally 
map, quantify and distinguish the effects of 
mutations on allostery and protein stability. 
Their approach is also easy to do, making it 
as accessible to geneticists as it is to biophysi-
cists. This method will have broad applications 
in biotechnology and drug discovery.

Advances in experimental technologies, 
especially DNA sequencing, have enabled the 
simultaneous measurement of the effects of 
thousands of mutations on a single protein2. 
Many hundreds of these high-throughput 
experiments have been published3, focusing 
on assays that can infer mutational effects on 
a wide range of protein properties and pro-
cesses — including heat stability, catalytic 

activity, binding to other proteins and small 
molecules, cell growth and drug resistance. 
The COVID-19 pandemic has showcased the 
value of these technologies, which have been 
used to screen how mutations in the spike pro-
tein of the SARS-CoV-2 virus affect the protein’s 
expression and binding to host receptors4 and 
antibodies5. Computational methods have 
also matured, and can now make surprisingly 
accurate predictions of mutational effects6 
across thousands of proteins without using 
experimental data7. All of these successes 
have led to the emergence of an international 
consortium called the Atlas of Variant Effects 
Alliance (www.varianteffect.org), whose goals 
include the open sharing of experimental and 
computational methods among scientists.

However, in practice, neither the experi-
mental nor computational approaches have 
been able to distinguish the effects of muta-
tions on different protein traits. To predict  
and, ultimately, engineer proteins that have 
desired traits requires an understanding of 
how biophysical properties are encoded by 
protein sequences.

Furthermore, ambiguities in discerning 
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discovery, a team of biophysicists used light 
traps called optical tweezers to manipulate a 
single molecule of RNA, which interacts with 
itself to form structures resembling hairpins. By 
repeatedly opening and closing an RNA hairpin, 
the researchers showed that the work fluctua-
tions accurately obeyed the Jarzynski relation2.

The nanometre scale is also the realm of 
molecular motors: protein complexes that act 
as mechanical engines in the cell. Molecular 
motors can perform work by stretching 
biopolymers or by transporting cargo against 
a drag force. In doing so, they drive mechanical 
processes — from cell division to muscle con-
traction — occurring at larger scales. A single 
molecular motor is fuelled by molecules that 
each provide around 20 times the thermal 
energy at room temperature. This means that 
the operation of biomolecular engines is, in 
principle, constrained by Jarzynski’s equality, 
making his research the first step in revealing 
how the nanoscale thermodynamics of molec-
ular motors3 goes beyond the macroscopic 
thermodynamics of steam engines.

Jarzynski’s discovery — an equality hidden 
in plain sight behind the second law’s inequal-
ity — also had a major impact on the physics 
of non-equilibrium processes. Strikingly, the 
relationship makes no assumptions about how 
fast a thermodynamic transformation takes 
place. It thus applies, for example, if the sys-
tem is driven far from thermal equilibrium dur-
ing the experiment. This in turn implies that 
the work fluctuations of a non-equilibrium 
process are directly related to equilibrium 
free-energy differences — a surprising result, 
suggesting that such processes obey general 
laws that can be derived exactly. 

Such laws are known as fluctuation theo-
rems, and they had already started to appear 
in the years before Jarzynski’s result, but their 
impact had been appreciated by only a narrow 
group of researchers4,5. The most popular fluc-
tuation theorem, Gavin Crooks’ refinement of 
Jarzynski’s equality, offers a statistical descrip-
tion of the arrow of time of a process — a way 
of calculating the probability that a video of 
an experiment is running forwards or back-
wards6. This surge of fundamental discoveries 
sparked the development of modern stochas-
tic thermodynamics, which is a mathematical 
framework describing the thermodynamic 
properties of microscopic systems ranging 
from nanometre-scale molecular motors to 
micrometre-scale colloids7. 

Although Jarzynski’s equality remains 
essential to our understanding of modern 
statistical physics and has been verified in 
many contexts2,8, its direct application has so 
far proven underwhelming, and it has yet to 
result in any major technological advances. 
For instance, although it can be used as a tool 
to determine free-energy differences in molec-
ular dynamics simulations9, this application 
is limited by the fact that the relationship 

relies on very rare events. A promising class 
of thermodynamical uncertainty relationship 
has emerged to describe non-equilibrium fluc-
tuations, which are more practical because 
they do not rely on such rare events10,11.

All in all, Jarzynski’s article remains a 
physicist’s favourite, and a must-read for 
students, for its simplicity and elegance, as 
well as its impact on our understanding of 
thermo dynamics. Rarely has a breakthrough 
discovery been so clearly evident at the time 
of its publication.
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which protein traits are affected by mutations 
need to be resolved. For instance, we might 
want to know how mutations affect the binding 
of an antibody to a viral protein; but mutations 
to a protein that affect its binding to an anti-
body in an experiment might also decrease the 
protein’s stability or increase its abundance. 
A single experiment will therefore not be able 
to identify effects that are specifically attrib-
utable to changes in antibody binding. Fur-
thermore, in genetics, different mutations (or 
combinations of mutations) can have the same 
effect on an organism, but arise from multiple 
biophysical causes. How can we distinguish 
between these different causes?

Faure and colleagues address this funda-
mental challenge using a combination of 
experimental and computational strategies. 
First, the authors describe an in vivo screening 
method that amplifies the effects of individ-
ual and double protein mutations, and distin-
guishes those that alter the protein’s stability 
from those that affect its binding affinity for 
other proteins. Their approach uses two 
versions of previously reported techniques, 
known as protein-fragment complementation 
assays (PCAs), that are based on the activity of 
the enzyme dihydrofolate reductase (DHFR)8,9.

In the first type of PCA used by the authors, 
two proteins are expressed in cells (Fig. 1). The 
first protein (let’s call it A) is fused to an ami-
no-terminal fragment of DHFR; and a second 
protein (B), which can bind to protein A, is 
fused to a complementary carboxy-terminal 
fragment of DHFR. If A binds to B, then the 
two fragments are brought together to form 
a functional DHFR enzyme. This confers the 
cells with resistance to an antibiotic, and 
thereby allows them to grow. The higher the 
binding affinity is for A to B, the greater the 
number of DHFR molecules reconstituted 

from fragments, and the faster the cell growth. 
Libraries of mutants of protein A can thus be 
screened in cells to find out which mutations 
increase its binding affinity for protein B.

However, cell growth in that assay could also 
change if the mutations alter the stability (and 
therefore the abundance in cells) of protein 
A. To distinguish effects on protein stability 
from effects on binding affinity, Faure and 
co-workers performed another PCA screen 
in which protein A, still fused to the N-terminal 
fragment of DHFR, is expressed in cells with 
the C-terminal fragment of DHFR alone. In this 
case, reconstitution of DHFR and associated 
cell growth depends only on the abundance of 
protein A. The authors call their combination 
of PCAs ‘double deep PCA’ (ddPCA).

Faure et al. used ddPCA to screen thou-
sands of variants of two proteins, with each 
variant containing one or two changes in the 
amino-acid sequence, and thereby captured a 
comprehensive sample of mutational effects 
on the growth of cells in the assays. They then 
inferred from these data how each single or 
double amino-acid substitution alters the 
free energy of the proteins’ stability and the 
free energy of the binding of the proteins to 
their partner protein (that is, protein B in the 
assay), using an artificial neural network to fit 
thermodynamic models to the experimental 
data. Importantly, by quantifying the effects of 

double mutants and measuring the mutational 
effects on two molecular traits, the number of 
mutations needed to fit the data to the models 
is reduced.

From the fitted models, the authors could 
infer the free-energy differences specifically 
associated with stability and binding affinity 
for all single mutations of the two proteins 
and their binding partners, relative to the free 
energies of the non-mutated proteins and the 
other mutants. In other words, Faure et al. were 
able to disentangle and quantify the size of the 
allosteric effects of mutations on these two 
protein traits. The authors compared their 
inferred results with free-energy differences 
determined experimentally from in vitro meas-
urements of protein binding and stability, 
and observed remarkably strong agreement. 
Faure and colleagues’ technique is much sim-
pler than the technologies currently used to 
determine mutational effects on these traits. 
The methods and resources used are similar to 
those available to most university or industry 
laboratories, so the approach could be widely 
adopted by other researchers.

So what’s next for ddPCA? The generaliza-
bility of the technique suggests that it could 
be scaled up to investigate the tens of thou-
sands of protein interactions that occur in an 
organism10. If so, then it could be used to iden-
tify the residues involved in a huge range of 
protein-mediated processes — such as enzyme 
catalytic activity, post-translational modifi-
cations (chemical modifications of proteins) 
and disease states, to name but a few. Much as 
genetics is increasingly becoming a computa-
tional discipline, ddPCA could now take it into 
the realm of biophysics.
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Figure 1 | A method for quantifying allosteric effects. a, Faure and colleagues’ method1 uses a combination 
of screening techniques known as protein-fragment complementation assays (PCAs). In the binding PCA, 
cells express protein A fused to a fragment of an enzyme (dihydrofolate reductase, DHFR) and protein B 
fused to a second DHFR fragment. If A binds to B, the DHFR fragments come together and form active DHFR. 
DHFR activity accelerates cell growth, which acts as a measure of the affinity of A for B. In the abundance 
PCA, the second DHFR fragment is not attached to B. Cell growth associated with DHFR activity correlates 
only with the abundance (and therefore stability) of A. b, Data from the binding and abundance PCA 
screening of thousands of mutants of A are fitted to thermodynamic models of the protein by an artificial 
neural network. The fitted models are used to calculate the free-energy differences specifically associated 
with the effects of mutations on the proteins’ stability and allosteric effects on binding affinity.
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“This technique is 
much simpler than the 
technologies currently used 
to determine mutational 
effects on protein traits.”
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