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A B S T R A C T   

Predicting the functionality of missense mutations is extremely difficult. Large-scale genomic screens are 
commonly performed to identify mutational correlates or drivers of disease and treatment resistance, but 
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.   

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 ΔΔG). 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 ΔΔG 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 ΔΔG 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. 

Fig. 2. Flow diagram for workflow presented in this manuscript. Numbers represent sections of this manuscript where the methods are explained.  
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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 ΔΔG 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 

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: 

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.) 
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. 
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 

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 Å 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: 

. 
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: 

. 
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 ΔΔG). Results are then aggregated to 
generate a single file containing the binding ΔΔG 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 ΔΔG 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 ΔΔG for 
all potential mutations to barnase within 10 Å of barstar, we find that 
HIS102LYS, with a ΔΔG of 2.56 kcal/mol, is in the top 5 % (>2.2 kcal/ 

Fig. 4. Comparing mutations to an expected distribution. A - Structure of 
SPOP MATH domain bound to BRD3 ligand. Mutations observed in the TCGA in 
prostate cancer are shown in blue (left), mutations observed in the TCGA in 
endometrial cancer are shown in red (right). B - SPOP-BRD3 binding energy 
distributions for an expected mutational distribution generated from the 
mutational signature of the cancer, and the observed mutations for prostate and 
endometrial cancer in the TCGA. P value represents Monte Carlo Cumulative 
Distribution Function. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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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 ΔΔG 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 ΔΔG 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: 6I41) to calculate every possible mutation within 10 Å 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 ΔΔGs 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 

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 ΔΔG 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 ΔΔG for all mutations in the TP53 structure 3KMD within 10 Å 
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 ΔΔG > 0.5 kcal/mol), and those 
not expected to reduce the ability of TP53 to bind DNA (denoted “low 
energy” - those with a ΔΔG < 0.5 kcal/mol). We find a statistically 

Fig. 5. Assessing mutational impact through comparison with other data. A – Structure of TP53 bound to DNA with ARG273 highlighted. B – TP53-DNA 
binding energy distribution for all mutations in TP53, highlighting ARG273HIS. C – Kaplan-Meier analysis of patients with high energy (ΔΔG > 0.5 kcal/mol – 
red) and low energy (ΔΔG < 0.5 kcal/mol – orange) mutations in TP53 across the pan-cancer TCGA dataset. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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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 Å 
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 

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 ΔΔG, 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 ΔΔG 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 ΔΔG, 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 ΔΔG 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 

Fig. 6. Predicting mutational effects from binding ΔΔG. A – Highest ten mutations by ΔΔG for the interaction between PARP1 and the inhibitor niraparib. B – 
Lowest ten mutations by ΔΔG for the interaction between PARP1 and the inhibitor niraparb. C – Structure of PARP1-niraparib (Orange), highlighting the residues 
with high (blue) and low (red) energy mutations. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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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 AI 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 ΔΔG, 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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G. Sanders, S. Sothi, S. Tavaré, O. Tucker, R. Turkington, T.J. Underwood, I. Welch, 
R.C. Fitzgerald, D.M. Berney, J.S. De Bono, D. Cahill, N. Camacho, N.M. Dennis, T. 
Dudderidge, S.E. Edwards, C. Fisher, C.S. Foster, M. Ghori, P. Gill, V.J. 
Gnanapragasam, G. Gundem, F.C. Hamdy, S. Hawkins, S. Hazell, W. Howat, W.B. 
Isaacs, K. Karaszi, J.D. Kay, V. Khoo, Z. Kote-Jarai, B. Kremeyer, P. Kumar, A. 
Lambert, D.A. Leongamornlert, N. Livni, Y.J. Lu, H.J. Luxton, L. Marsden, C.E. 
Massie, L. Matthews, E. Mayer, U. McDermott, S. Merson, D.E. Neal, A. Ng, D. 
Nicol, C. Ogden, E.W. Rowe, N.C. Shah, S. Thomas, A. Thompson, C. Verrill, T. 
Visakorpi, A.Y. Warren, H.C. Whitaker, H. Zhang, N. van As, R.A. Eeles, A. 
Abeshouse, N. Agrawal, R. Akbani, H. Al-Ahmadie, M. Albert, K. Aldape, A. Ally, E. 
L. Appelbaum, J. Armenia, S. Asa, J.T. Auman, M. Balasundaram, S. Balu, J. 
Barnholtz-Sloan, O.F. Bathe, S.B. Baylin, C. Benz, A. Berchuck, M. Berrios, D. 
Bigner, M. Birrer, T. Bodenheimer, L. Boice, M.S. Bootwalla, M. Bosenberg, R. 
Bowlby, J. Boyd, R.R. Broaddus, M. Brock, D. Brooks, S. Bullman, S.J. Caesar- 
Johnson, T.E. Carey, R. Carlsen, R. Cerfolio, V.S. Chandan, H.W. Chen, A.D. 
Cherniack, J. Chien, J. Cho, E. Chuah, C. Cibulskis, L. Cope, M.G. Cordes, E. Curley, 
B. Czerniak, L. Danilova, I.J. Davis, T. Defreitas, J.A. Demchok, N. Dhalla, R. Dhir, 
H.V. Doddapaneni, A. El-Naggar, I. Felau, M.L. Ferguson, G. Finocchiaro, K.M. 
Fong, S. Frazer, W. Friedman, C.C. Fronick, L.A. Fulton, S.B. Gabriel, J. Gao, N. 
Gehlenborg, J.E. Gershenwald, R. Ghossein, N.H. Giama, R.A. Gibbs, C. Gomez, R. 
Govindan, D.N. Hayes, A.M. Hegde, D.I. Heiman, Z. Heins, A.J. Hepperla, A. 
Holbrook, R.A. Holt, A.P. Hoyle, R.H. Hruban, J. Hu, M. Huang, D. Huntsman, J. 
Huse, C.A. Iacobuzio-Donahue, M. Ittmann, J.C. Jayaseelan, S.R. Jefferys, C.D. 
Jones, S.J.M. Jones, H. Juhl, K.J. Kang, B. Karlan, K. Kasaian, E. Kebebew, H.K. 
Kim, V. Korchina, R. Kundra, P.H. Lai, E. Lander, X. Le, D. Lee, D.A. Levine, L. 
Lewis, T. Ley, H.I. Li, P. Lin, W.M. Linehan, F.F. Liu, Y. Lu, L. Lype, Y. Ma, D.T. 
Maglinte, E.R. Mardis, J. Marks, M.A. Marra, T.J. Matthew, M. Mayo, K. McCune, S. 
R. Meier, S. Meng, P.A. Mieczkowski, T. Mikkelsen, C.A. Miller, G.B. Mills, R.A. 
Moore, C. Morrison, L.E. Mose, C.D. Moser, A.J. Mungall, K. Mungall, D. Mutch, D. 
M. Muzny, J. Myers, Y. Newton, M.S. Noble, P. O’Donnell, B.P. O’Neill, A. Ochoa, 
J.W. Park, J.S. Parker, H. Pass, A. Pastore, N.A. Pennell, C.M. Perou, N. Petrelli, O. 
Potapova, J.S. Rader, S. Ramalingam, W.K. Rathmell, V. Reuter, S.M. Reynolds, M. 
Ringel, J. Roach, L.R. Roberts, A.G. Robertson, S. Sadeghi, C. Saller, F. Sanchez- 
Vega, D. Schadendorf, J.E. Schein, H.K. Schmidt, N. Schultz, R. Seethala, Y. 
Senbabaoglu, T. Shelton, Y. Shi, J. Shih, I. Shmulevich, C. Shriver, S. Signoretti, J. 
V. Simons, S. Singer, P. Sipahimalani, T.J. Skelly, K. Smith-McCune, N.D. Socci, M. 
G. Soloway, A.K. Sood, A. Tam, D. Tan, R. Tarnuzzer, N. Thiessen, R.H. Thompson, 
L.B. Thorne, M. Tsao, C. Umbricht, D.J. Van Den Berg, E.G. Van Meir, U. Veluvolu, 
D. Voet, L. Wang, P. Weinberger, D.J. Weisenberger, D. Wigle, M.D. Wilkerson, R. 
K. Wilson, B. Winterhoff, M. Wiznerowicz, T. Wong, W. Wong, L. Xi, C. Yau, H. 
Zhang, H. Zhang, J. Zhang, Pan-cancer analysis of whole genomes, Nature. 578 
(2020). https://doi.org/10.1038/s41586-020-1969-6. 

[7] J.R. Pon, M.A. Marra, Driver and passenger mutations in cancer, Annu. Rev. Pathol. 
10 (2015), https://doi.org/10.1146/annurev-pathol-012414-040312. 

[8] M.S. Lawrence, P. Stojanov, P. Polak, G.V. Kryukov, K. Cibulskis, A. Sivachenko, S. 
L. Carter, C. Stewart, C.H. Mermel, S.A. Roberts, A. Kiezun, P.S. Hammerman, 
A. McKenna, Y. Drier, L. Zou, A.H. Ramos, T.J. Pugh, N. Stransky, E. Helman, 
J. Kim, C. Sougnez, L. Ambrogio, E. Nickerson, E. Shefler, M.L. Cortés, D. Auclair, 
G. Saksena, D. Voet, M. Noble, D. DiCara, P. Lin, L. Lichtenstein, D.I. Heiman, 
T. Fennell, M. Imielinski, B. Hernandez, E. Hodis, S. Baca, A.M. Dulak, J. Lohr, D.- 
A. Landau, C.J. Wu, J. Melendez-Zajgla, A. Hidalgo-Miranda, A. Koren, S. 
A. McCarroll, J. Mora, B. Crompton, R. Onofrio, M. Parkin, W. Winckler, K. Ardlie, 
S.B. Gabriel, C.W.M. Roberts, J.A. Biegel, K. Stegmaier, A.J. Bass, L.A. Garraway, 
M. Meyerson, T.R. Golub, D.A. Gordenin, S. Sunyaev, E.S. Lander, G. Getz, 
Mutational heterogeneity in cancer and the search for new cancer-associated genes, 
Nature 499 (2013) 214–218, https://doi.org/10.1038/nature12213. 

[9] L. Gerasimavicius, B.J. Livesey, J.A. Marsh, Loss-of-function, gain-of-function and 
dominant-negative mutations have profoundly different effects on protein 
structure, Nat Commun. 13 (2022), https://doi.org/10.1038/s41467-022-31686-6. 

[10] D. Shorthouse, M.W.J. Hall, B.A. Hall, Computational saturation screen reveals the 
landscape of mutations in human fumarate hydratase, J. Chem. Inf. Model. 61 
(2021) 1970–1980, https://doi.org/10.1021/acs.jcim.1c00063. 

[11] D. Shorthouse, B.A. Hall, SARS-CoV-2 variants are selecting for spike protein 
mutations that increase protein stability, J. Chem. Inf. Model. (2021), https://doi. 
org/10.1021/acs.jcim.1c00990. 

[12] M. Lee, D. Shorthouse, R. Mahen, B.A. Hall, A.R. Venkitaraman, Cancer-causing 
BRCA2 missense mutations disrupt an intracellular protein assembly mechanism to 
disable genome maintenance, Nucleic Acids Res. 49 (2021) 5588–5604, https:// 
doi.org/10.1093/nar/gkab308. 

[13] J.C. Fowler, C. King, C. Bryant, M.W.J. Hall, R. Sood, S.H. Ong, E. Earp, 
D. Fernandez-Antoran, J. Koeppel, S.C. Dentro, D. Shorthouse, A. Durrani, K. Fife, 
E. Rytina, D. Milne, A. Roshan, K. Mahububani, K. Saeb-Parsy, B.A. Hall, 
M. Gerstung, P.H. Jones, Selection of oncogenic mutant clones in normal human 
skin varies with body site, Cancer Discov. 11 (2021) 340–361, https://doi.org/ 
10.1158/2159-8290.CD-20-1092. 

[14] M. Li, F.L. Simonetti, A. Goncearenco, A.R. Panchenko, MutaBind estimates and 
interprets the effects of sequence variants on protein–protein interactions, Nucleic 
Acids Res. 44 (2016), https://doi.org/10.1093/nar/gkw374. 

[15] A. Strokach, T.Y. Lu, P.M. Kim, ELASPIC2 (EL2): Combining contextualized 
language models and graph neural networks to predict effects of mutations, J. Mol. 
Biol. 433 (2021), https://doi.org/10.1016/j.jmb.2021.166810. 

[16] J. Delgado, L.G. Radusky, D. Cianferoni, L. Serrano, FoldX 5.0: working with RNA, 
small molecules and a new graphical interface, Bioinformatics 35 (2019) 
4168–4169, https://doi.org/10.1093/bioinformatics/btz184. 

[17] R.F. Alford, A. Leaver-Fay, J.R. Jeliazkov, M.J. O’Meara, F.P. DiMaio, H. Park, M. 
V. Shapovalov, P.D. Renfrew, V.K. Mulligan, K. Kappel, J.W. Labonte, M.S. Pacella, 
R. Bonneau, P. Bradley, R.L. Dunbrack, R. Das, D. Baker, B. Kuhlman, T. Kortemme, 
J.J. Gray, J.J. Gray, The Rosetta All-atom energy function for macromolecular 
modeling and design, J. Chem. Theory Comput. 13 (2017) 3031–3048, https://doi. 
org/10.1021/acs.jctc.7b00125. 

[18] D. Seeliger, B.L. de Groot, Protein thermostability calculations using alchemical 
free energy simulations, Biophys. J. 98 (2010), https://doi.org/10.1016/j. 
bpj.2010.01.051. 
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