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Abstract

Single-point mutations in kinase proteins can affect their stability and fitness, and computational
analysis of these effects can provide insights into the relationships among protein sequence,
structure, and function for this enzyme family. To assess the impact of mutations on protein
stability, we used a sequence-based Potts Hamiltonian model trained on a kinase family multiple-
sequence alignment (MSA) to calculate the statistical energy (fitness) effects of mutations and
compared these against relative folding free energies (AAGs) calculated from all-atom molecular
dynamics free energy perturbation (FEP) simulations in explicit solvent. The fitness effects of
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mutations in the Potts model (A£s) showed good agreement with experimental thermostability
data (Pearson r=0.68), similar to the correlation we observed with AAGs predicted from
structure-based relative FEP simulations. Recognizing the possible advantages of using Potts
models to rapidly estimate protein stability effects of kinase mutations seen in cancer genomics
data, we used the Potts statistical energy model to estimate the stability effects of 65 conservative
and nonconservative mutations across three distinct kinases (Weel, Abl1, and Cdc7) with somatic
mutations reported in the Genomic Data Commons (GDC) database. The AEs of these mutations
calculated from the Potts model are consistent with the corresponding AAGs from FEP simulations
(Pearson ratio of 0.72). The agreement between these methods suggests that the Potts model may
be used as a sequence-based tool for high-throughput screening of mutational effects as part of a
computational pipeline for predicting the stability effects of mutations. We also demonstrate how
the scalability of the fitness-based Potts model calculations permits analyses that are not easily
accessed using FEP simulations. To this end, we employed site-saturation mutagenesis in the Potts
model in order to investigate the relative stability effects of mutations seen in different cancer
evolutionary scenarios. We used this approach to analyze the effects of drug pressure in Abl kinase
by contrasting the relative fitness penalties of somatic mutations seen in miscellaneous cancer
types with those calculated for mutations associated with cancer drug resistance. We observed
that, in contrast to somatic mutations of Abl seen in various tumors that appear to have evolved
neutrally, cancer mutations that evolved under drug pressure in Abl-targeted therapies tend to
preserve enzyme stability.
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INTRODUCTION

A single mutation in the amino acid sequence of a protein can lead to structurally or
functionally deleterious or advantageous effects. Deciphering and leveraging the effects

of mutations on protein fold stability is challenging due to the vast number of possible
mutations and the complexity of the mutational landscape.1~* While the full scope of
biological consequences for making mutations is difficult to predict without experimental
guidance, the effects of single-point mutations on protein thermostability can in principle
be probed entirely /in silico. The impact of mutations on the stability of the protein fold
provides insights into the physical and sequence-evolutionary constraints on protein folding
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and offers a framework for predicting the biological consequences of mutations. Over the
past decade, structure-based computational approaches that have been increasingly utilized
to guide and complement experiments include implicit solvent molecular mechanics/Gibbs—
Boltzmann surface area (MM/GBSA) and Analytical Generalized Born plus NonPolar
(AGBNP) models.>® Free energy perturbation (FEP) is an explicit solvent molecular
dynamics-based method, offering a robust approach for assessing the thermodynamic
effects of amino acid substitutions on protein stability.”-2 However, FEP’s explicit
representation of water and requirement for multiple MD simulations (lambda windows)
make it computationally intensive. Nevertheless, the valuable insights gained from FEP
simulations contribute to our understanding of protein structure—function relationships and
the changes in stability caused by specific mutations.19 On the other hand, MM/GBSA and
AGBNP provide faster, implicit solvent alternatives, although they are more approximate
methods.®11:5 However, when used in conjunction with FEP as part of a workflow, implicit
solvent models can be used as a structure-based tool to more rapidly select mutation targets
for further analysis, thus enhancing the scalability of the screening process.?

In the past decade, there has been a significant increase in experimental studies that map
protein mutations and correlate their effects with biological fitness, providing valuable
insights into protein function and structural stability. However, analyzing the effects of
mutations over many members of a protein family rather than individual proteins poses
challenges; thermodynamically rigorous structure-based methods such as FEP have their
limitations and can also be very expensive in terms of resources and time when trying to
understand the effects of mutations over many proteins from the same family. In contrast,
sequence-based Potts Hamiltonian models can predict the effects of mutations on protein
fitness at-scale, allowing large sequence data sets to be rapidly analyzed.

The Potts Hamiltonian is an information theoretic potential function trained on natural
sequence covariation in a protein family MSA. Once trained, the statistical energy
Hamiltonian is able to predict direct interactions between residues that capture their
complex covariation patterns in the MSA.12 The Hamiltonian is parametrized by pairwise
couplings Jbetween pairs of amino acids, which can be interpreted as direct coevolutionary
contributions to the total fitness of the protein sequence.13 The Potts coupling between
residues that are “in contact” in the protein tertiary structure can generally be interpreted
as a fold stability contribution to fitness due to their side-chain interactions.13 Potts models
are well suited for predicting the effects of mutations on protein stability.1415 While the
initial determination of the statistical energy parameters of ~10° or more residue pairs for a
typical L ~ 300 protein family is a computationally intensive task, the Potts Hamiltonian
once parametrized can be used to perform mutation stability analysis at-scale for any

S Ly .. .
number of sequences. There are, in principle, up to 20% x (2 unique interaction parameters

that go into a Potts Hamiltonian for a protein family with (aligned) primary sequence

length L and a natural 20-letter amino acid alphabet, but in practice, there are many

fewer parameters as only residues that appear at each position in the MSA are fit. These
parameters can be inferred from a protein family MSA without analytical approximations
using generative methods such as the Mi3-GPU software developed in our lab.16 FEP
simulations, on the other hand, depend on molecular mechanics force fields to directly probe
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the relative changes in free energy of two structural ensembles (e.g., folded vs unfolded).

In the literature, there is currently no study that shows how well the two methods, structure-
based and sequence-based, i.e., FEP and Potts models, are correlated in their prediction of
mutational effects on protein stability.

In previous research conducted by our group, we developed a Potts Hamiltonian model for
the protein kinase family and used it to analyze relative conformational preferences.13.17
The kinase Potts model, inferred using Mi3-GPU, has also been shown to reproduce higher-
order residue correlations (beyond pairwise) seen in experimental sequence data from the
UniProt database.1218 In the present work, the fitness effects of mutations, modeled as
statistical energy differences between wild-type and mutant sequences in the Potts model
(AES), serve as a proxy for the effects of mutations on stability (relative change in folding
free-energy, AAG). This was done by using the Potts model to predict the effects of single-
point mutations on kinase fitness and comparing the results with relative FEP simulations,
focusing on a set of somatic mutations in kinases that were identified from tumor samples.
We note that the effects of kinase mutations on protein folding and stability make a major
contribution to protein fitness; there are other contributions, especially effects on enzymatic
activity and substrate recognition, that also contribute to the fitness of the mutant enzyme.
As a benchmark analysis, we first compared the relative mutant stability predictions from
both methods with experimental thermostability data for three kinases (Abl1,19 Pim1,20 and
EphA321). We then focused our analysis on a set of 65 somatic mutations obtained from
cancer genomic data in the GDC database,! which are spread across the catalytic domains of
Abl1 and two additional kinases, Weel and Cdc7. To evaluate the effects of these mutations
on the stability of the active state of the catalytic domain, we calculated the relative change
in folding free-energy upon mutation, AAG, using the FEP+/REST2 Hamiltonian replica
exchange method?3:24 with a tripeptide model of the reference unfolded state (Figure

1), as has been used previously.? By assessing the correlation between sequence-based
fitness changes for these somatic mutations (Potts A£s) and the FEP-derived AAGs, we
gain insights into the practical utility of Potts models when integrated into computational
pipelines to screen the effects of clinically observed mutations.

Computational methods that are able to predict the stability consequences of mutations and
are highly scalable, such as the Potts model, allow for comprehensive analyses of sequence
data which are not readily accessible by FEP simulations alone. For example, selective
pressures underlying the distributions of mutations seen in different cancer evolutionary
scenarios can be analyzed in the Potts model by performing /n silico site-saturation
mutagenesis to discern biophysical signatures associated with neutrally evolved versus
positively selected variation. We used this approach to analyze the effects of drug pressure
on Abl kinase. We observed that, in contrast to the set of somatic mutations of Abl seen in
various tumors that tend to have deleterious effects on enzyme stability and appear to have
evolved neutrally,2> mutations that evolved under drug pressure in Abl-targeted therapies?
tend to preserve enzyme stability.
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RESULTS AND DISCUSSION

Effects of Single-Point Mutations on Protein Stability in Kinases.

The Potts model is a sequence-based machine-learning statistical energy function that, once
trained, can be used to estimate the effects of mutations on protein fitness.26 One approach,
which we employ here, is to “thread” the Potts couplings of a particular kinase sequence
over an experimentally solved and MD-refined structural model of the folded wild-type
protein (see Methods) and sum the changes in coupling energies that occur upon mutation in
the Potts model:

A Epy(w, m) = E(m) — E(w)

@

L

AEpu(w.m) = D (T, = T80, (n) < 6A]
i<j

@

where amino acids (residues) i and j in structure » contribute to the net change in statistical
energy, A Ey,, only if their distance in the folded protein structure d,(») is less than 6 A (as
measured from their closest approaching side chain heavy atoms, including Cg atoms). In eq
2, 5 is unity when this condition is met and is zero otherwise.

The relationship between the fitness of protein sequences and thermodynamic stability
of the protein fold (Figure 1) allows the Potts calculation (eq 1) to be interpreted as a
sequence-based analog of AAG, a thermodynamic observable defined as the difference in
folding free energy between wildtype and mutant amino acid sequences (Figure 1).

AAG = AGyun — A(;wilzllypc
®)

where the difference in free energy between the folded and unfolded states, AG,
is defined by the log ratio of their equilibrium probabilities in bulk solution, i.e.,

_ P(folded)
AG = len( P(unfolded)

upon mutation where, relative to the unfolded state, AAG < 0 is stabilizing to the folded
protein and AAG > 0 is destabilizing.

). The sign of AAG indicates the direction of the stability change

To evaluate the ability of our kinase Potts model to capture the stability effects of single-
point mutations, we have calculated A E,,,, for 14 mutations over three different kinases
with mutant thermostability data available in the literature (see Methods).1%-21 The Potts-
calculated AEs have good correspondence with AAG.,, estimated from experimental melting
temperature shifts, with a Pearson correlation coefficient of 7= 0.68 (Figure 2B). It should
be noted that prior studies have reported a strong correlation between the Potts Hamiltonian
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energy, used for estimating the effects of mutations on protein fitness and fold stability and
experimental measurements of fold stability.14:15:27

Recent advancements in FEP simulations in terms of speed and accuracy have allowed
studies to be performed over large data sets where authors have showcased the efficacy

of FEP simulations by comparing predicted AAGs with experimental data across a variety
of protein families.%28 The FEP-calculated AAGs in these studies tend to agree well with
the experimental benchmarks, within a mean unsigned error (MUE) of £1 kcal/mol and
Pearson correlations ranging from 0.64 to 0.82. Our FEP simulations using these same
methods for kinase proteins, performed over the much smaller set of benchmark mutations
described above, show a statistically significant correlation with AAG,,, estimated from
melting temperature shifts (+= 0.61 with Pvalue <0.05) and a MUE of £1 kcal/mol (Figure
2A). This is similar to our results obtained when using the kinase Potts model (Figure 2B
and Figure S5), suggesting a potential for the Potts model to be integrated with structure-
based computational methods, i.e., FEP, for practical applications such as interpreting cancer
genomics data.

To this end, we have identified a set of 65 somatic mutations curated from tumor samples by
the GDC database (see Methods). These mutations are spread across the catalytic domains
of three protein kinases (WEE1, CDC7, and ABLZ1). For each mutation, we calculated

AE,, (eq 1) (Figure 2C), which, when compared with AAGggp from FEP simulations,
exhibit good correlation with a Pearson coefficient of 7= 0.72 similar to what we observed
between AAGrep and AAGgyp (Figure 2B). Interestingly, with FEP as a benchmark, the
Potts statistical energies significantly outperform an end point implicit solvent molecular
mechanics approach (MM/GBSA),%2% which displays a weaker correlation with the FEP
results (= 0.43) (Figure 2D). Correlation coefficients for the comparison between FEP,
Potts, and MM/GBSA can be found in the Supporting Information (Figures S2—S4 and Table
S1). This analysis demonstrates the utility of AE,, in predicting the effects of mutations

on protein stability, potentially as a prescreening tool for FEP and subsequent experimental
characterization. The scale of AE,, in Figure 2C is approximately 1.2 kcal/mol, consistent
with the scale observed in a previous study where we used Potts threading and free energy
simulations to study the relative conformational stabilities of evolutionarily related kinase
sequences.17:27

Utility of Potts Models for Predicting the Effects of Structurally Nonconservative

Mutations.

Our results from Figure 2B-D suggests that the Potts model is a viable tool for analyzing
the effects of large numbers of mutations in a high-throughput manner. This opens up the
ability to perform analyses that are not as easily accessible for FEP methods, for example,
in silico site-saturation mutagenesis. When a mutation of interest is identified, e.g., somatic
mutations from cancer genomics data such as those analyzed in Figure 2C, or mutations that
arise under chemotherapeutic pressure as discussed in a later section (Figure 4), additional
insights of a biological nature can be gleaned when the mutational stability effects are
viewed in context with all other mutations that can be made at those same positions, i.e.,
when the mutational space is “saturated” by systematically mutating each position in a
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wild-type protein to all amino acid types at that position observed in the UniProt sequence
database. However, the accuracy of this approach relies in part on the ability to predict

the effects of nonconservative mutations involving large perturbations to structure and
dynamics: for example, large changes in side-chain vdW (van der Waals) volume, charge
changes, and mutations involving glycines, prolines, and histidines, which have multiple
charge and tautomeric states. In general, challenges may arise when structurally modeling
mutations involving glycine residues, known for their increased backbone flexibility,

or prolines that must establish covalent bonds with the peptide backbone, resulting in
cyclization and introducing further complexities.®-3% While methods for structural modeling
and performing these nonconservative mutations are well established for FEP,28:31 they can
be quite resource-intensive and limited in terms of scalability. In contrast, Potts threading
does not require mutant structural models and dynamical trajectories as input (Figure S6) as
the changes in fitness-based couplings appear to include this information implicitly (eq 2);
the calculation involves “threading” the mutant Potts energy terms onto a single wild-type
structure, allowing one to rapidly estimate the effects of mutations at-scale for a large
number of sequences in the protein family.

To evaluate the consistency of the Potts’s statistical energy in estimating kinase fold

stability for nonconservative mutations involving changes in charge, large side-chain volume
changes, glycine/prolines, and histidine, and motivate the site-saturation mutagenesis
approach in the subsequent section, we separated our data set of 65 single-point mutations
into different “challenge cases” to individually assess the confidence of their predicted
relative stabilities from the Potts model in comparison with FEP (Table S2). We observe

a Pearson correlation coefficient greater than 0.80 for mutations involving charge changes,
considerable changes in side-chain vdW volume32 compared to the wild type (=60 A3), and
histidines for which pKj corrections were taken into account (Figure 3). For mutations that
involve significant alterations to the protein backbone, i.e., glycine and proline, we observe
a weak correlation between FEP and Potts predictions (Pearson ratio of 0.39) (Table S2

and Figure 3C). Three mutations in particular deviate significantly from the linear fit in
Figure 3C and have a significant effect on the correlation coefficient (see Figure S8), all of
them involving mutations to or from glycine (G401S and D62G in CDC7 and G436D in
ABL1). Among the three glycine mutations, FEP simulations yielded remarkably deleterious
AAG values for mutations where glycine is the wild type, i.e., G401S (CDC7) and G436D
(ABL1), in contrast to the corresponding values of AE;.., which are small in magnitude.

As glycine does not have a side chain, unexpectedly large and positive values of AAG may
indicate issues encountered in FEP simulations related to backbone flexibility and prediction
of the mutant side chain without a common Cgatom to model from, resulting in unfavorable
conformers or clashes with nearby side chains in the folded state, which occupy space
around the wild-type residue.

Histidine side chains exist in a dynamic equilibrium of two neutral tautomers and one
fully protonated state with a +1 formal charge. Accurate prediction of the relative fold
stability effects of mutating to histidine therefore strongly depends upon the correct
modeling of these protonation states in the folded protein, which requires accounting
for the entire ensemble of tautomeric and protonation states by running FEP simulation
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in all three states (HIE, HID, and HIP). The AAG for mutation involving just one of

these states can be subsequently corrected to account for other states in the ensemble by
adding a “pKj correction” term (see egs 4-6 in Methods). This allows us to account for
contributions to AAG resulting from shifts in the pK; of the histidine side chain between
the reference (unfolded) environment and the folded protein environment.33-35 We find that
A Ey 18 Strongly correlated with (p K;-corrected) AAG calculated from FEP simulations
with a Pearson rof 0.90 (Figure 3D), suggesting that the Potts coupling parameters (and
fundamentally, the sequence statistics from the MSA it is trained on) have implicitly
captured the stability/fitness contributions from the entire ensemble of protonation states
that coexist in the folded protein population (see Figure S10 and Table S3 for more details).

Using Potts Saturation Mutagenesis to Probe Selection Pressure on Protein Mutations.

As described above, our Potts model calculations for 65 somatic mutations of the kinases
Abl1, Weel, and Cdc7 seen in the GDC database are consistent with FEP simulations and
support the interpretation of AE;, (eqs 1 and 2) as a relative stability contribution to fitness
due to mutation. In general, we observe these mutations to have neutral or destabilizing
effects on fold stability, where 42 mutations result in AAG > 0 and A E;,,, > 0 while only one
mutation, V508L in Weel, showed significant stabilizing effects from both methods (see
Table S1). An enrichment of destabilizing mutations in tumor cell samples is consistent with
a neutral theory of somatic evolution in cancer,2%:36:37 which predicts a relative abundance
of functionally deleterious mutations compared with beneficial mutations due to neutral
drift. While there are a small number of mutations that drive tumorigenesis and evolve
under positive selection pressures,25:36:38-40 3 scenario where subsequent tumor evolution is
dominated by neutral selection?® appears consistent with the pattern of stability effects seen
here.

Abl1 is a tyrosine kinase well known for its role in chronic myelogenous leukemia (CML),
which is positively driven by aberrant fusion with the BCR gene (breakpoint cluster region)
at the N-terminus of the Abl sequence, making the kinase constitutively active. Following
a subsequent period of neutral evolution, upon exposure to chemotherapeutic agents such
as imatinib (Gleevec), additional point mutant variants of the Abl catalytic domain may
become positively selected,*! resulting in drug resistance. Some of these drug resistance
mutations alter drug binding directly,*2 while others resist the inhibitory effects of drugs by
increasing the intrinsic fitness of the enzyme, or a combination of both.243 As described
below, using the Potts model to analyze a large number of mutations sourced from drug-
resistant Abl strains? (see Methods), we observe a selective bias in the distribution of Potts
AEsto preserve the intrinsic fitness of the Abl catalytic domain, whereas the 24 somatic
mutations of Abl sampled from miscellaneous non-CML tumaors (from the original GDC set)
have fitness effects consistent with an outcome expected from neutral selection.

Even though our kinase Potts model is trained on natural, drug-naive sequences across a
variety of species, we can still detect how mutations at these positions affect the intrinsic
fitness of human Abl by performing saturation mutagenesis at each position in the sequence
where a drug resistance mutation is observed (4D). When analyzing the AE£s of each drug
resistance mutation relative to the average of the site-saturated distribution of A£sat those
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same positions (Figure 4D), we observe a heavier left-hand tail in the Potts distribution

of drug resistance mutations compared with the null model, signifying a selective bias to
preserve the fitness and stability of the enzyme. The null model was constructed using the
overall distribution of AEsacquired from Potts site-saturation mutagenesis at the same
positions in the Abl sequence where mutations are observed in the clinical data. For
resistance mutations, the null model was rejected using the Kolmogorov—-Smirnov (K-S) test
with 2~ 107 (Figure 4A, left), meaning the weight of the left-hand tail for the distribution
of (red) drug resistance mutations compared with the null model (black) is highly unlikely to
be a random realization of the latter. Consistently, when performing this same analysis over
the 24 somatic mutations as a control (Figure 4A, right), the null model is accepted with a
Pvalue of 0.47, suggesting that Abl mutations seen in miscellaneous non-CML tumors are
likely a product of neutral selection.

CONCLUSIONS

This study uses a sequence-based kinase family Potts Hamiltonian model to predict the
effects of single-point mutations in protein kinases. Its performance was compared with
experimentally derived AAGs taken from the literature for a set of 14 single-point mutations,
showing a good correlation (Pearson rof 0.68). Leveraging all-atom molecular dynamics
FEP simulations as a computational benchmark, we calculated the relative folding free
energies of point mutants, AAGs, and compared these with fitness-based A£s calculated
from the Potts model. The comparison of AAG versus AE for 65 somatic mutations observed
from cancer genomics datal of three kinases (Weel, Cdc7, and Abl1) suggests that the
sequence-based Potts model can be utilized as a prescreening tool for much more compute
intensive FEP simulations and subsequent labor-intensive laboratory experiments. We note
that the Pearson correlation observed when comparing Potts A£s with FEP-calculated

AAGs (r=0.72) is similar to that observed when comparing Potts A£s with experimental
benchmark data (r=0.68).

This study also begins to explore the application of the Potts model for probing the effects
of cancer mutations on protein stability; our results from Figure 4 suggest that the analysis
of Potts AFs, when performed over cancer genomics data, can discern whether kinase
mutations observed in a particular disease environment have arisen under positive versus
neutral selection. This analysis involved site-saturation mutagenesis in the Potts model,
requiring nonconservative amino acid changes to be made to the protein sequence. To
substantiate this approach, we first paid special attention to specific categories of amino
acid substitutions among the 65 somatic mutations, which represent well-known “challenge
cases” for computational modeling (Figure 3) and thoroughly evaluated the consistency
between Potts AEs and FEP-derived AAGs for these nonconservative substitutions involving
changes in charge, large side-chain vdW volume changes, and mutations involving proline,
glycine, and histidine. Our results for these mutations are largely consistent (Figure 3),
adding confidence to our broader observation of the stability trends for somatic mutations
in Weel, Cdc7, and Abl1; the results from Figure 2C show an enrichment of deleterious
(AAG > 0) and neutral mutations (AAG ~ 0), consistent with the characteristics of passenger
mutations expected under the theory of neutral drift, which is thought to explain much

of the sequence variation observed in cancer data.2>37 In contrast, for the case where
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chemotherapeutic pressures have led to the evolution of drug resistance in Abl-targeted
therapies, our analysis with the Potts model suggests that drug resistance mutations are
biased to preserve the stability of the enzyme (Figure 4)

Overall, the results discussed in this study highlight the potential of the Potts Hamiltonian
model to be used as a tool for predicting the effects of mutations on protein stability and
function generally, even for nonconservative mutations; these results suggest the Potts model
may also be useful as a sequence covariation-based tool to analyze some features of the
dynamics involved in cancer development. The Potts model can rapidly assess the effects of
single-point mutations across a broad spectrum of proteins within the same family without
the necessity of constructing accurate structural models of the mutant proteins. In terms of
net-computational cost, when used for pre-FEP screening or as a high-throughput alternative
to FEP simulations, the initial Potts model inference of the Hamiltonian parameters is the
most significant bottleneck.

METHODS

FEP Calculations.

FEP represents a physics-based molecular dynamics simulation approach applied to
understand how changes in amino acid residues affect the stability of a protein. This involves
transforming the wild-type residue into the mutated one using alchemical techniques, in both
folded and unfolded protein states, using a thermodynamic cycle as described in Figure 1.
The simulations yield estimates of the free energy difference (AAG) between folded and
unfolded states in both the wild type and mutant as described in eq 1 and signify the
mutation-induced shift in protein thermostability. In this study, FEP+ software from the
Schradinger Suite 2021-4 was employed to compute the latter described thermostability
effects on three kinases (WEE1, CDC7, and ABL1). The initial wild-type complexes were
prepared using the Protein Preparation Wizard tool.

Crystal structures of the catalytic domain for Weel, Cdc7, and Abl1 (PDB ID: 1X8B,*4
6YA7,%5 and 2V7A 46 respectively) provided the starting Cartesian coordinates for folded-
state FEP simulations. The initial apo wild-type structure was generated by deleting any
cocrystallized inhibitors followed by default protocol for protein preparation in maestro.
However, the Abl1 crystal structure gatekeeper residue Thr315 was mutated to lle, so it was
mutated back to the wild type and the rotamer state of the lle side chain was compared

with the wild-type Abl1 crystal structure (PDB ID: 2HZ4%7). To overcome the artifacts in
the protein due to deleting the ligands and mutating back to the wild type, all three apo
wild-type systems were subjected to equilibration over 50 ns of classical molecular dynamic
simulations using the Desmond module. The capped tripeptide with native conformation and
sequence (where the mutation site is in the center of the peptide) extracted from the crystal
structure was used as a model for the unfolded state.

The topology files for all wild-type and mutant systems were generated using the OPLS4
force field.8 Each system was solvated using a SPC cubic water box of dimensions 10
A from the edge of protein in each direction. To simulate the system at physiological
conditions, counterions were first added to neutralize the overall charge followed by

J Phys Chem B. Author manuscript; available in PMC 2024 March 14.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Thakur et al.

Page 11

additional Na+ and Cl- ions incorporated randomly in the simulation box to achieve a
concentration of 0.15 M NaCl. The mutated residue was included in the Hamiltonian
replica exchange with solute tempering (REST) region.*® Followed by the solvation steps,
all systems were subjected to a series of short minimizations and equilibrations using

the Desmond default protocol. The alchemical A windows, which connect the wild-type
and mutant states, were established at a default count of 16 for mutations that do not
involve a charge change, whereas mutations that involved charge changes or had difficulty in
convergence were extended up to 32 lambdas. Within each 4 window, production molecular
dynamics (MD) simulations were conducted for 10-20 ns under the NPT ensemble. To
maintain overall neutrality for mutations that result in a net change in charge, the coal
chemical water approach was employed.>% For mutations involving prolines, a set of 16—
24 core-hopping 4 windows were utilized. In this approach, the CG-CD bond within the
pyrrolidine ring was substituted with a softcore bond, enabling the bond to be broken to
accommodate noncyclic side-chain mutations.® This same protocol and parameters were
applied to both the wild-type and mutant unfolded tripeptide systems.

The protonation equilibrium of the residue fragment in bulk solution is formally described
by the microscopic acid dissociation constant of each titratable site, which can, in principle,
be determined through quantum calculations. Absolute determination of pKj for protein
residue side chains in the folded protein environment is significantly more challenging,
both experimentally and computationally.>> However, if a reference pKj is known, e.g.,
solvated residue in the unfolded state, then shifts in the protonation equilibrium from the
model reference state to the folded protein environment can be determined classically
using MD and FEP, which reduces to a relatively straightforward calculation under the
assumption of independent pKj3s. By expressing the pKj shift in terms of relative folding
free energies via FEP where the different tautomeric and charged states are held fixed and
simulated independently, assuming the pKjs of nearby titratable residues are uncoupled,
the contribution of the entire ensemble of histidine protonation and tautomeric states can
be determined using a “pK; correction” formula that takes three different AAG values
calculated via FEP simulations, which alchemically protonate/deprotonate each of the three
titratable sites on the histidine side chain in succession.33-35

The “true” value of AAGY ~ " for mutating a nontitratable wild-type residue “w” to mutant
histidine “m”, which rigorously accounts for the relative populations of all protonation
states, can be calculated by taking the estimated value AAG! ~ ™, which comes from an
FEP simulation of the mutation to a single fixed tautomer ¢, and adding a “correction” term

me — m

AAG,

w— meg me — m

AAGY ™™ = AAGE ™" + AAG]

©

The additional term is sometimes called a “p K correction” because it derives from the
ability to calculate shifts in pKj; that occur between the reference environment and the
folded protein environment. From this, we obtain information about the population shifts
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between tautomeric and protonation states between the two protein environments, and thus
the folding free-energy cost for restricting the ensemble to ¢, AAG;* ™", can be determined
with the following formula®! and included as a correction to the calculated AAG; ™ ™.
exp[—%uc}"‘”f*](lo@"i‘PH)) + exp{—%AAG,”"”’“”}(m(PKf—PKf))(exp[—%AAG[m“””*}10(PKf—PH) + 1) +1

10(PKi—PH) 10(1”(5‘?’(5)(10(?’(3‘1’“) + 1) +1

AAG "= — RTln(

= — RTIn

®)

where the microscopic acid dissociation constants associated with the formation of ¢ and &
tautomers and resulting pKjs in the fully solvated or state were adopted from ref 33 and
assumed to correspond to the ionization equilibrium in the unfolded state:

KE
Hist <5 Hisc + H'

Kb'
His} < His, + HT

For the case where the titratable residue is the wild type rather than the mutant, the

We — W

correction term AAG: is calculated the same way but should instead be subtracted from

We — m,

the FEP-calculated AAG; :

we —m

AAGY ™" = AAG}

we — w

— AAG;

(6)

Potts Model Calculations.

The kinase family Potts Hamiltonian model was constructed from an MSA of Hanks-type
“eukaryotic” protein kinase catalytic domains, as described previously,1217 which has a total
depth of ~10° sequences and 259 columns (sequence “length” L = 259). The Hamiltonian
inference was performed as described previously, using Mi3-GPU: a program that utilizes
massively parallelized MCMC (Markov chain Monte Carlo) simulations on GPUs to
generate ensembles of sequences from a given Potts Hamiltonian, starting from an initial
“guess”, and iteratively perturbing the coupling parameters until subsequent MCMC runs
can generate ensembles with residue-residue correlations that agree with the training MSA.
For more details, we refer the reader to previous publications.16:26

When considering the fitness of a mutant sequence relative to its wild-type form, it is
standard practice to calculate the quantity AE as a function of the wild-type and mutant
sequence,
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L L
AE(w,m) =Y it = Jihu) + D (i, = i)
i<j i

™

where J and & represent the Hamiltonian residue-pair couplings and position-specific field

terms, respectively. AE is the relative statistical energy of a wild-type sequence “w” with

the mutant form “m”, which relates to the relative probability of observing the wild type in

the MSA compared with the mutant via the Boltzmann factor % =e¢~AE The Boltzmann

factor is a measure of the relative fitness of the mutant to the wild-type fold, of which
the fold stability of the mutant sequence compared with the wild type is often the largest
contribution,2” which is the quantity of interest in this study.

Consistent with our previous work where we used the kinase Potts model to determine
conformational propensities of folded kinases,13:17 the stability of a single free-energy basin
(e.g., the active conformation) can be probed relative to the unfolded state by threading the
Potts couplings of a given sequence (e.g., the wild type) over pairs of residues observed in
contact in structure »;

L
E(w,n)= Y Jiu0ld,(n) < 6A]
i<j

®)

where 5 = 1 if the distance between the closest approaching side-chain heavy atoms of
residues i and j (including CBatoms) is within 6 A and 56 = 0 otherwise. For glycine
residues, the side chain is defined as the Ca atom. The mutant sequence m can be threaded
over the same structure, and the difference in threaded energy with respect to the wild type
is interpreted as a statistical energy analog of the relative folding free energy calculated from
FEP simulations using structure n.

AE(w,m,n) = E(m,n) — E(w, n)

L
= > Uiy = Jihudldi(n)

©)

We find that the Pearson correlation coefficient of the structure-independent calculation

(eq 7) vs AAG calculated from FEP is similar to the correlation observed when threading

the zero-gauge couplings (eq 9) over the MD-refined starting structures used for FEP
simulations (Supporting Information). Interestingly, for specific examples where histidine

is involved, the threading calculation has better correspondence with FEP-calculated AAGs
particularly when the effects of the protonation equilibrium are rigorously accounted for
(egs 4-6). This suggests that the Potts zero-gauge couplings capture the relevant interactions
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formed between the mutant side chain and nearby residues when histidine is in its different
protonation states.

MM/GBSA Calculation for Estimating the Protein Stability Effects.

This study employed a standard protocol to assess the impact of protein mutations on
stability using the MM/GBSA method implemented in BioLuminate (Schrédinger Suite
2021-4).11 The protocol systematically involves mutating each residue to a reference amino
acid and analyzing the resultant change in protein stability, as illustrated in eq 3. This
method utilizes the OPLS4 force field*8 in conjunction with the implicit solvent model
(VSGB)®2 to assess the impact of mutations on protein stability. It solely focuses on
side-chain rotamers by keeping the protein backbone and neighboring side chains fixed

and eliminating the need for extensive MD simulations sampling, thereby significantly
enhancing computational efficiency. Prior to residue scanning calculations, crystallographic
water molecules were removed from the input structures to ensure compatibility with the
VSGB solvation model.

Conversion of Experimental Melting Temperatures to AAG.

Protein melting temperatures (T,,) are a common experimental measurement of protein fold
stability, and the effect of mutations on stability is reflected by T, shifts between wild type
and mutant (AT,). However, AT, is difficult to compare directly with AAGs calculated from
FEP simulations (kcal/mol) without further treatment. As reviewed in a recent study,>3 the
Gibbs—Helmholtz equation relates the free-energy of folding with melting temperature:

T T
AG = - AHm(l - T—m) + ACP(Tm -T+ Tln(T—m))

(10)

In practice, AH, and AC, are unknown values; however, based on early protein folding
experiments, Razban®3 suggests the following approximation:

T, — T kcal
T mol

AG ~ — N[0.698 + 0.014(T,, — 333)]

(1

where N is the number of residues in the protein construct used for experimental
determination of T, and T is set to 300 K.

Data Set of Somatic Mutations in Cancer.

Somatically occurring mutations located on the Abll, Weel, and CDC7 kinase domains
were identified from cancer genomic data using the National Cancer Institute GDC
(Genomic Data Commons) database.! Only mutations satisfying the following criteria were
retained for further analysis: (1) mutations must involve nonsynonymous protein coding
changes, (2) mutations must be located on the catalytic domain sequence, and (3) mutations
do not target conserved residues in the DFG (“Asp-Phe-Gly™) or catalytic loop motifs.
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Overall, we collected 24 such mutations for Abl1, 23 for Weel, and 16 for CDC7, which are
plotted in Figure 2C (data available in Table S1).

Data Set of Drug Resistance Mutations in Abl1.

For our comparison in Figure 4 of somatic mutations in cancer (presumably under neutral
selection) with cancer drug resistance mutations (presumably under positive and/or purifying
selection), we used the set of 93 Abl1 drug resistance mutations studied by Lyczek et al.,1°
originally sourced from the COSMIC database.22 The “somatic mutations in miscellaneous
cancers” data set refers to the 24 somatic mutations of Abl described above, initially
identified from GDC.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figurel.

Two different methods that have been applied to understand the effect of a mutation on
protein stability, where (A) represents the thermodynamic cycle to estimate the change

in free energy between wild type and mutant associated with protein folding, where
vertical and horizontal paths represent the physical and alchemical paths, respectively, and
(B) illustrates the sequence-based Potts model derived solely from sequence covariation

observed in multiple-sequence alignments.
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Analyzing the consistency between different computational methods for predicting the
relative stability effects of mutations in kinases: (A) AAG: calculated from FEP simulations
compared with a benchmark, AAG.,, (kcal/mol) derived from experimental thermostability
data. (B) Potts statistical energy penalty of mutations (A Es,.) compared with AAG.,,,. (C)
Comparing the two computational predictors, AAG and A E,,,, Over a larger set of kinase

mutations from the GDC database, where the slope of 1.24 indicates that 1 Potts A£

corresponds to approximately 1.24 kcal/mol of AAG. (D) AAG:: compared instead with
stability predictions from an implicit solvent end point method, MM/GBSA (kcal/mol). The
MUE between AAG values plotted on the vertical axis and values from the horizontal axis
projected onto the regression line is represented by the gray region.
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Figure 3.
Plots showing the correlation between protein stability predicted from FEP and the Potts

model for the mutations from Figure 2C, separated into different “challenge cases”
commonly recognized in computational modeling. The data set was categorized into four
groups: (A) 23 mutations involving charge changes, (B) 15 mutations that involve large
changes in side-chain vdW volume between wild type and mutant (>60 A3), (C) 15
mutations involving proline and glycine, and (D) 6 mutations involving histidine, for which
we apply a “pKj correction” to account for changes in the physicochemical environment of
titratable sites between the folded and unfolded states (see Methods for details).

4 5 6 7

B.)

DAG,, (kcal/mol)

AAG, (kcal/mol)

Page 21
»
’ v
$148F {62A%} [ABL1] }/ 7
P rd
' S
/“
,’ Pearson r = 0.82
< =1.42x + 0.30
L ’0’0 L
“ @ @ i® Mutations involving >60 Kvolume change |
1 0 1 2 3 4 5
AEDO‘(S
- - ’A
-
-
-
A - - -
e
A ,Aa e
- Pearson r = 0.90

y=0.71x+0.71

i A\ Mutations involving Histidine |

o

J Phys Chem B. Author manuscript; available in PMC 2024 March 14.

AE

potts

5 7



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Thakur et al.

Page 22
A Abl1 drug resistance mutations (N = 55) Abl1 somatic mutations in misc. cancers (Nos = 24)
12 12
—— Drug resistance mutations —— Somatic mutations in cancer
1.0 { = All mutations 1.0 { = All mutations
2
Z 08 08
3
206 " — 0.6
Z Fitness/stability bias
6
S 04 0.4
&
0.2 0.2
0.0 0.0
-4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4
L0q(— Drug resistance mutations 101 ___ somatic mutations in cancer
—— All mutations —— All mutations
>
I‘—::
2
K
3
&
o
2
K
3
£
5
o

-4 -3 -2 =X 0 1 2 3 4 -4 -3 “3 =, 0 1 2 3 4
Relative Potts AE Relative Potts AE
L -
B C = Somatic mutations in cancer
3
Loci: Drug resistance Misc. cancer 3
(Npos= 55) (Npos= 24)
Abl1 mutations: Al Observed Al Observed || 4 1
——— £
No. mutations: | 1045 87 456 2 £ oA % ¥ é é LA %# . é Hie
Potts Left-tail K-S test (“Observed” vs “All’) £,
s
K-S statistic: 0.22 0.12 <
-2
P-value 35x 104 0.47
-3
-4
RARRRRIEFEIAOEIIRIIERERAGR A

= Drug resistance mutations

[
—<p—
)
o
e
—fae
o
..—-H@
gl
ﬂlk-—'
e —
—tnder
D S
—
[
gp—s
34
it
e
g
i
e
e
i
—ifpn
3
—
sph
i
—
._4?.._1

Figure 4.
Distribution of relative Potts AEs for Abl1 per position (loci) where a mutation is

observed in (A) imatinib-resistant CML (left) or miscellaneous non-CML tumors (right).
Relative Potts AE for each mutation was calculated by subtracting the average AE

from the site-saturated distribution at that position. Normalized histograms and kernel
density estimates (KDE) of the probability density are shown in the top plots, and the
corresponding cumulative probability distributions are plotted below as dotted and solid
curves, respectively. (B) Summary statistics and result of the K-S (Kolmogorov— Smirnov)
test. (C, D) Violin plots of the AE distributions at each position in the Abl sequence where
mutations are observed, where the observed mutations are plotted as horizontal red bars, and
the overall distribution/”violin” was plotted using KDE with a bandwidth of 0.3.
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