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Keywords: Predicting the functionality of missense mutations is extremely difficult. Large-scale genomic screens are
Binding calculations commonly performed to identify mutational correlates or drivers of disease and treatment resistance, but
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interpretation of how these mutations impact protein function is limited. One such consequence of mutations to a
protein is to impact its ability to bind and interact with partners or small molecules such as ATP, thereby
modulating its function. Multiple methods exist for predicting the impact of a single mutation on protein-protein
binding energy, but it is difficult in the context of a genomic screen to understand if these mutations with large
impacts on binding are more common than statistically expected. We present a methodology for taking muta-
tional data from large-scale genomic screens and generating functional and statistical insights into their role in
the binding of proteins both with each other and their small molecule ligands. This allows a quantitative and
statistical analysis to determine whether mutations impacting protein binding or ligand interactions are occur-
ring more or less frequently than expected by chance. We achieve this by calculating the potential impact of any
possible mutation and comparing an expected distribution to the observed mutations. This method is applied to
examples demonstrating its ability to interpret mutations involved in protein-protein binding, protein-DNA
interactions, and the evolution of therapeutic resistance.

Protein structure
Missense mutation

1. Introduction

With the increasing accessibility of genome sequencing methods,
such as Illumina and NanoSeq methods, mutational data for a wide
range of organisms and conditions are rapidly becoming available[1-3].
Genome sequencing screens are routinely being applied to study evo-
lution of organisms[4], population diversity[5], and complex diseases
such as cancer[6]. As the amount of this data increases, new methods are
needed to enable interpretation and understanding of this high dimen-
sional and functionally heterogeneous data. When a mutation is
observed within a gene compared to a reference sequence, this mutation
can be synonymous (does not change the amino acid composition of the
protein encoded by the gene), or non-synonymous (somehow changes
the amino acid composition of the protein encoded by the gene). Within
non-synonymous mutations, missense mutations (which switch the
amino acid at a specific site of the protein with another one) are some of
the hardest to functionally interpret[7-9]. These mutations may induce
any of a myriad of effects on a protein, including having no effect at all.
Missense mutations may modify protein folding, alter its ability to

interact with protein partners or complexes, damage a functionally
important region such as an enzymatic binding site, or have other im-
pacts. Understanding how these mutations change a protein has large
implications for comprehension of protein structure biophysics, treat-
ment decisions, and design of drugs.

Calculations can be performed on a protein structure to predict the
energetic effects of a missense mutation, thereby predicting quantitative
changes in the stability and folding of a protein (referred to as the Gibbs
free energy or AAG). We have previously applied these calculations to
understand mutational function in disease[10-13]. These calculations
can additionally be applied to the interaction energy between a protein
and another molecule or protein, generating the AAG of binding, a
measure of how much a specific missense mutation energetically im-
pacts the interface between the two molecules. Many methods exist for
calculating the AAG of binding, ranging from machine-learning based
calculators[14,15], to “force-field” type methods that use chemical de-
scriptions of atoms and their bonds to calculate energies[16], through to
dynamical and “alchemical” methods that use computationally intensive
dynamics-based methods[17,18]. In the same field of study, Brownian
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Fig. 1. Workflow for performing binding energy mutagenesis saturation screens. Results can then be used to study single mutations, groups of mutations, compare
mutational energies to other data types, and predict the functionality of any potential mutation.
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Fig. 3. Comparing single and groups of mutations. A - Structure of barnase-barstar complex with HIS102 highlighted in red (insert — right). B - Binding energy
distribution showing the top 5% of mutations, and highlighting the location of HIS102LYS. C - Binding energy distributions for all mutations, and a subset of HIS102
mutations known to disrupt binding of barnase-barstar. P value represents independent t-test. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

dynamics calculations can also be used to estimate binding affinity of
two biophysical objects, and provide the advantage of incorporating
changes to environmental conditions and interactions with surfaces
[19,20].

Interpretation of these energy predictions however can be chal-
lenging. Individual calculations may denote a large change in interac-
tion energy, but knowing whether they are larger than an “expected”
change due to randomness or the mutational background is necessary to
evidence that they are under evolutionary selection, and are therefore
highly likely to be functionally impactful. Mutation sets can be
compared to all possible mutations to study whether they are enriched.
Previous studies have developed statistical tests for analysing muta-
tional data applied to protein structures, producing an “expected dis-
tribution” for a biophysical property[21]. In this work, we demonstrate
how binding site saturation mutagenesis screens can be performed in
silico using the tool FoldX[16], and how the data from these screens can
be statistically analysed to understand mutational selection and func-
tional impact. Similar results would be expected to be obtained using
any method for calculating the estimated mutational AAG such as
Rosetta, as previous studies have reported high similarities between
results from a range of methods[22-25]. We provide all code and
analysis in the form of scripts and notebooks available at https://github.
com/shorthouse-lab/binding_ddg, and apply our methods to a range of
biological systems including protein-protein, protein-DNA, and pro-
tein-ligand interactions (Fig. 1).

2. Methods

We present methods for calculating binding energies — here applied
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to the example case of the barnase-barstar complex 1BRS (https://doi.
org/10.2210/pdb1BRS/pdb). All code required to replicate this work-
flow is provided at https://github.com/shorthouse-lab/binding_ddg. We
explore analysis of the generated data for this and other complexes in the
results section. This workflow involves the energetic optimisation of a
target structure, the calculation of mutational energies for every possible
amino acid mutation within a defined cutoff, and then statistical analysis
of the results (Fig. 2). For this study, calculations were performed on a
virtual machine hosted by NMRbox[26].

2.1. Structure preparation

Our workflow utilises the energy calculation methods included as
part of FoldX[16]. Prior to performing calculations, structures need to
undergo cleaning and energy minimisation. The structure is cleaned by
removing excess molecules and complexes from the.pdb file. In the case
of barnase-barstar complex, we used the.pdb file 1BRS. This file contains
the structures for three barnase-barstar complexes; we opted to retain
only chains A and D, which corresponds to one complex. Subsequently,
this complex is energy minimised using the FoldX command ‘repairpdb’,
performed ten times in sequence. As ‘repairpdb’ optimises each amino
acid in the protein sequentially, conducting multiple rounds of repair
result in a more optimised structure, determined by a lower overall
calculated energy. We chose to repair the structure ten times to ensure
the structure has reached a local minima, as for large structures multiple
rounds of repair will result in a more optimal energy (An example of this
for 3KMD can we found in the appendix). We used the following com-
mand to repair the pdb, a python script to do this ten times automati-
cally is available at https://github.com/shorthouse-lab/binding ddg:
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figure legend, the reader is referred to the web version of this article.)

$foldx --command=RepairPDB --pdb=1brs.pdb --water=CRY STAL
--pH=7 --vdwDesign=2 --ionStrength=0.05

Inclusion of the “~water = CRYSTAL” command allows waters in the
interface of the complex to be retained and included in energy calcu-
lations. “—pH” and “~ionStrength” flags enable to tool to perform cal-
culations under physiologically relevant pH and ionic conditions.

2.2. Molecule parameterisation

FoldX recognises certain molecules, such as ATP, using prebuilt pa-
rameters. This allows the calculation of energetic effects of mutations on
binding, potentially indicating mutations that increase or reduce bind-
ing affinity and consequently altering enzymatic activity. These calcu-
lations can be performed with a recognised molecule through setting the
molecule as the “ligand”, and mutating all residues within a defined
radius in the “target” protein. For other molecules however, parameters
may not be available in FoldX, and so we must parameterise them. We
used the existing method incorporated into pyFoldX[27] to perform
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parameterisation, an example of which is included at https://github.co
m/shorthouse-lab/binding_ddg.

2.3. Binding DDG calculation

Binding DDG calculations are then performed on every residue of the
“target” protein within a defined radius of the “ligand”. We chose a cut-
off of 10 A for calculations, and use Biopython[28] to calculate these, as
FoldX is only expected to capture local changes in protein structures,
and does not allow large conformational or backbone shifts. For each
residue within the cut-off, we mutate it to each other amino acid using
the FoldX command BuildModel:

$foldx --command=BuildModel --pdb=1brs_repair.pdb
--numberOfRuns=1 --pH=7 --vdwDesign=2 --ionStrength=0.05
--mutant-file=mutantfile.txt --water=CRYSTAL

Where “mutantfile.txt” is a file containing the mutation to induce as
denoted by FoldX (Wildtype residue, chain, residue number, mutant
residue). For example, to mutate the Threonine at position 100 of bar-
nase (chain A) in 1brs.pdb to Alanine, the file will contain: “TA100A;”.
Energy is then calculated using the ‘AnalyseComplex’ command applied
to either a wildtype or mutant structure:

$foldx --command=AnalyseComplex --pdb=pdbfile. pdb
--analyseComplexChains=A,D --pH=7 --vdwDesign=2
--ionStrength=0.05 --water=CRYSTAL

By comparing the energies of the wildtype and mutant structures for
each mutation, we can calculate the change in binding energy induced
by each mutation (Binding AAG). Results are then aggregated to
generate a single file containing the binding AAG of every possible
mutation to the “target” protein within the defined radius of the
“ligand”. Scripts to automatically perform and summarise these calcu-
lations for any complex of interest are included at https://github.co
m/shorthouse-lab/binding_ddg.

2.4. Data analysis

Analysis is performed with python3, using the libraries pandas,
numpy|[29], and scipy[30]. Plotting is performed with matplotlib[31]
and seaborn[32]. Survival analysis was performed using the lifelines
python package[33]. To calculate evidence of mutational selection we
used the library darwinian_shift (https://github.com/michaelhall28/
darwinian_shift)[21]. Jupyter notebooks containing the code for all
analysis presented in this paper are available at https://github.com/sho
rthouse-lab/binding_ddg.

3. Results
3.1. Barnase-barstar — Probing single and small groups of mutations

We applied this workflow to the barnase-barstar complex as a proof-
of-principle. The barnase-barstar complex is a classically studied pair of
proteins whereby barnase is an extracellularly secreted ribonuclease
from Bacillus Amyloliquefaciens. Barnase is lethal to a bacterial cell that
does not also express its inhibitor barstar, which tightly binds it and
prevents activity[34,35]. The barnase-barstar structure 1BRS[36] was
downloaded from the pdb, repaired, and binding AAG calculated for
every possible mutation in barnase. A conserved histidine (HIS102) in
barnase is known to destabilise the protein complex when mutated to
Lysine[37] (Fig. 3A). When plotting the distribution of binding AAG for
all potential mutations to barnase within 10 A of barstar, we find that
HIS102LYS, with a AAG of 2.56 kcal/mol, is in the top 5 % (>2.2 kcal/
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red) and low energy (AAG < 0.5 kcal/mol - orange) mutations in TP53 across the pan-cancer TCGA dataset. (For interpretation of the references to colour in this
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mol) of all possible mutations (Fig. 3B). Furthermore, a set of other
mutations to HIS102 have been experimentally determined to reduce
binding affinity (HIS102ASP, HIS102GLN, HIS102GLY, HIS102LEU,
HIS102ALA). By extracting the predicted binding AAG for this group of
mutations, we can compare them to the total population, and therefore
calculate statistics to determine if they are outliers. We find that for
these six mutations in barnase, they have a statistically significantly
higher energy than the “base” distribution (independent t-test p = 2.27e-
15) and therefore are higher energy than would be expected (Fig. 3C).
This example illustrates how our method of calculating binding AAG for
all possible mutations allows simple statistical comparison of individual
or groups of observed mutations.

3.2. SPOP - Evidencing mutational selection

We next applied this workflow to an example of mutations to pro-
tein—-protein binding in large-scale genomics datasets to identify evolu-
tionary selection. SPOP is an E3 ligase involved in degradation of protein
targets, and is known to be under selection in a number of cancers[38].
Notably, SPOP missense mutations occurring in prostate cancer are
thought to be loss of function (LoF), decreasing SPOP activity, whilst
missense mutations occurring in endometrial cancer are thought to be
gain of function (GoF), increasing protein activity[39] (Fig. 4A). We
used the structure of SPOP bound to its protein-ligand target BRD3 (pdb
id: 6I141) to calculate every possible mutation within 10 A of the ligand.
We downloaded the mutational data for a large number of patients with
prostate[40] (n = 494) and endometrial[40] (n = 447) cancers from The
Cancer Genome Atlas. Both cancer cohorts have numerous observed
mutations within the ligand binding domain, and we have used a pre-
viously published method known as “Darwinian shift’[21] to generate
expected distributions - distributions of binding AAGs that would be
expected if mutations to the binding site were only subject to the
mutational signature of the cancer. If our observed mutations are
significantly different to this expected distribution, then we can
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conclude that there is evidence of evolutionary selection. We find that
mutations near the ligand of SPOP in prostate cancer are statistically
significantly (CDF Monte Carlo p = 0.0002) higher energy than ex-
pected, and therefore would likely decrease the ability of the protein to
bind BRD3, whilst the mutations in endometrial cancer are significantly
(CDF Monte Carlo p = 0.0314) lower energy than expected, and there-
fore do not significantly increase binding energy (Fig. 4B). This dem-
onstrates how binding AAG calculations can be used to explore
evolutionary selection in large-scale genomics datasets, with the
example of understanding selection of ligand binding mutations in
SPOP.

3.3. TP53 - Calculating binding to non-protein molecules

TP53 is a DNA binding protein playing a role in a majority of human
cancers[41]. Most human cancers mutate TP53 to some extent, and
evidence suggests that different types of mutations have different effects
on cell phenotype, tumour progression, and treatment response[42].
Many mutations to TP53 impact its ability to bind DNA, whilst others
damage its ability to tetramerise, and potentially have numerous other
effects. To illustrate how our methodology can explore mutational ef-
fects and their relation to other data sources, we first calculated the
binding AAG for all mutations in the TP53 structure 3KMD within 10 A
of the cocrystallised DNA fragment (Fig. 5A). Energies follow a broadly
normal distribution, and the known DNA contact disrupting hotspot
mutation ARG273HIS is found to have a comparatively high mutational
energy (1.059 kcal/mol, within the top 8 % of mutations) (Fig. 5B). We
next collected the mutational and clinical data from the TCGA pan-
cancer atlas[6], and extracted the clinical data for all patients with a
missense mutation in TP53. We subset mutations into those expected to
have any (even minor) destabilising effect on TP53-DNA binding
(denoted “high energy” - those with a AAG > 0.5 kcal/mol), and those
not expected to reduce the ability of TP53 to bind DNA (denoted “low
energy” - those with a AAG < 0.5 kcal/mol). We find a statistically
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significant (logrank P = 0.02) difference in overall survival for our pan-
cancer cohort (n = 3290), and patients with high energy TP53-DNA
binding mutations have a better overall survival (Fig. 5C). This sug-
gests that mutations that do not disrupt DNA binding lead to poorer
clinical outcomes, possibly because their biophysical effects are more
potent, or they are more likely to respond to treatment. With this
example we demonstrate how to apply our method to correlate bio-
physical properties of mutations in protein structures with other infor-
mation such as clinical or disease outcome data.

3.4. PARP inhibition by niraparib — Predicting resistance mutations

A final potential use of this workflow is demonstrated by prediction
of mutations that might lead to resistance to drugs. Mutations in proteins
that reduce the ability of a drug to bind are likely to lead to reduced
toxicity to those cells, and so these mutations will be selected for in
competitive conditions. This is a large problem for antibiotics, where
resistance is emerging and becoming increasingly prevalent, but also for
chemotherapy, whereby introduction of targeted therapies provides
evolutionary pressure on the tumour to evolve resistance around them
[43]. We chose to demonstrate this workflow with the example of the
targeted ovarian cancer treatment, niraparib, in complex with its target
protein PARP1. The niraparib-PARP1 structure has been solved (4R6E)
[44]. We again repeated the presented methodology — first repairing the
structure ten times before calculating all possible mutations within 10 A
of the drug. For this example, we had to generate parameters for nir-
aparib. We chose to use pyFoldX[27] to generate parameters - each atom
in the molecule is assigned to an ‘atomtype’ included in FoldX. This
resulted in a parameter file for niraparib that, when included in the
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directory where calculations are performed, allows FoldX to recognise
small molecules and perform energy calculations on them.

We calculated every possible mutation to PARP1 in the vicinity of
niraparib, surmising that mutations which increase the binding energy
significantly are likely to confer resistance. We find that within the top
ten mutations by binding AAG, only two amino acids are represented —
residues 898 and 904, both of which have direct contact with the ligand
(Fig. 6A, C). In particular, mutation ALA898TRP is predicted to have an
extremely high AAG value of 19.60 kcal/mol, suggesting that it will
significantly reduce the ability of niraparib to bind to PARP1. Similarly,
looking at mutations that reduce AAG, we can infer that these mutations
may increase niraparib binding affinity and thus sensitise the protein to
inhibition. The top two mutations that reduce binding AAG are both to
residue TYR907 (Fig. 6B, C). Interestingly, this residue is known to be
phosphorylated by c-Met, which subsequently reduces the effect of
PARP inhibitors[45]. This highlights that whilst these predictions can
give some insights into mutational effects on protein activity, biological
context is required in order to fully understand and interpret them.

4. Discussion

These methods provide a toolkit for interpreting functionality of
mutations to protein binding. Whilst we demonstrate that this method
can interpret single or small groups of mutations, its most powerful
application is in the interpretation of large-scale missense mutational
data, which allows the generation of a mutational “expected” signature
to compare against. We chose to use the empirical energy calculation
method available in FoldX[16] as we feel that this method is a good
trade-off between computational time (readily parallelisable and does
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not involve dynamics calculations) and accuracy, as it has been shown to
be comparable to other available methods[22-24]. However, it is
possible to apply these methods to any distribution of energy calcula-
tions calculated by a different method, such as Monte Carlo sampling-
based rosetta[17], or significantly more computationally intensive but
higher accuracy alchemistry methods[18]. Ultimately however, this
method is dependent on the accuracy of the underlying energy calcu-
lations, and whilst evidence suggests that average accuracy of FoldX is
acceptable[24], it is not necessarily accurate for predicting individual
mutations. We also note that this methodology is limited to cases where
protein structures are available, and whilst recent advances in Al based
structure and protein—protein interface predictions mitigate some of this
[46,47], it is unknown exactly how reliable individual predicted struc-
tures are, and therefore how much weight can be put on the outputs
from their predictions.

5. Conclusions

We present a workflow for performing and analysing calculations to
understanding the impact of missense mutations on protein-ligand
binding, with a focus on “big data”. As increasingly large datasets of
mutations are generated, methodologies such as these which enable
interpretation of this complex and large information become ever more
important. Our methodology involves calculating all possible mutations
to an interaction site to generate a base distribution that can be used for
statistical comparisons. We apply this method to single and small groups
of mutations, data from large-scale genomic screens, use our results to
understand clinical and other data types, and use it predictively to study
potential effects of unobserved mutations. This workflow provides a
toolkit for improving our understanding of notoriously hard to func-
tionally interpret whole genome sequencing and CRISPR screens with
reasonable computational cost and space requirements — for the example
of 3KMD, this study generated 1 GB of data, taking just 6 h on a 40 CPU
virtual machine. The workflow presented involves the use of FoldX, but
can be applied to any current or future methods that predict or calculate
the binding AAG, including Rosetta, which has been demonstrated to
generate comparable results[10,23,24]. This methodology has applica-
tions in areas of genomics research such as biomedical study of diseases
like cancer, evolutionary biology, and protein or therapeutic engineer-
ing. In an effort to make this workflow as accessible as possible, we
include code to implement these analyses at https://github.com/sho
rthouse-lab/binding_ddg.
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