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Abstract

Hydrogen exchange (HX) studies have provided critical insight into our understanding of protein
folding, structure and dynamics. More recently, Hydrogen Exchange Mass Spectrometry (HX-
MS) has become a widely applicable tool for HX studies. The interpretation of the wealth of data
generated by HX-MS experiments as well as other HX methods would greatly benefit from the
availability of exchange predictions derived from structures or models for comparison with
experiment. Most reported computational HX modeling studies have employed solvent-accessible-
surface-area based metrics in attempts to interpret HX data on the basis of structures or models. In
this study, a computational HX-MS prediction method based on classification of the amide
hydrogen bonding modes mimicking the local unfolding model is demonstrated. Analysis of the
NH bonding configurations from Molecular Dynamics (MD) simulation snapshots is used to
determine partitioning over bonded and non-bonded NH states and is directly mapped into a
protection factor (PF) using a logistics growth function. Predicted PFs are then used for
calculating deuteration values of peptides and compared with experimental data. Hydrogen
exchange MS data for Fatty acid synthase thioesterase (FAS-TE) collected for a range of pHs and
temperatures was used for detailed evaluation of the approach. High correlation between
prediction and experiment for observable fragment peptides is observed in the FAS-TE and
additional benchmarking systems that included various apo/holo proteins for which literature data
were available. In addition, it is shown that HX modeling can improve experimental resolution
through decomposition of in-exchange curves into rate classes, which correlate with prediction
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from MD. Successful rate class decompositions provide further evidence that the presented
approach captures the underlying physical processes correctly at the single residue level. This
assessment is further strengthened in a comparison of residue resolved protection factor
predictions for staphylococcal nuclease with NMR data, which was also used to compare
prediction performance with other algorithms described in the literature. The demonstrated
transferable and scalable MD based HX prediction approach adds significantly to the available
tools for HX-MS data interpretation based on available structures and models.
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INTRODUCTION

Mapping of protein-protein and protein-small molecule interactions by Hydrogen-Deuterium
Exchange Mass Spectrometry (HX-MS) is now extensively used.!: 2 Compared to other
chemical labeling methods, HX has the advantage of a uniform probe distribution (amide
hydrogens) across the system under study and a labeling chemistry that is based on a
naturally occurring exchange mechanism that does not perturb the structure and dynamics of
the system via the introduction of large atoms or groups and/or electrostatic modification.3
In addition, the use of MS allows sensitive analysis in even complex matrices. Expressions
for the HX rate equations derived from the local folding/unfolding model are widely used.*
The general description of amide hydrogen (NH) exchange assumes a pre-equilibrium
between closed (i.e. exchange incompetent or folded) state and an exchange competent or
open (i.e. unfolded) state. Only in the open state, exchange of NH with solvent hydrogen is
possible (Figure 1). In the closed state, the amide hydrogen is protected from exchange by
virtue of either being hydrogen bonded to other protein hydrogen bond (H-bond) acceptor
atoms or exclusion from the solvent. In HX, the native exchange is visualized by dilution of
a protein into a buffer containing other hydrogen isotopes like deuterium. This results in
incorporation of deuterium into the protein by exchange of NH with deuterium (D) from the
solvent. As deuterium is 1 Dalton (Da) heavier than hydrogen the labeling of a protein can
be followed by its change in mass using MS. Further, a change in pH and temperature can
sufficiently stabilize the backbone amide labels to allow the fragmentation of the protein
with acid proteases. This localization of the label to a specific fragment resolves the
incorporation of the deuterium on the primary sequence level. From quantitation of the
observed mass shift over time, local rate information can be extracted. 2

HX can probe structural change

Protein structure can be largely characterized by a protein’s backbone NH hydrogen bonding
(H-bonding) arrangement in the folded state. Changes in the folded state typically require
partial or complete unfolding that is synonymous with breaking of backbone NH hydrogen
bonds, which changes the exchange competence of the NH involved. Changes in the rate of
HX are indicative of conformational changes or changes in the protein dynamics. This
makes HX an ideal tool for studying protein-ligand interactions, protein folding, or the
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intrinsic stability of a protein at a specific condition such as pH, temperature, or denaturant
concentration. ® It is customary to express the observable exchange rate (Kops) as product of
an intrinsic chemical rate (ki) and the inverse of a protection factor (PF) (Equation 1) as
suggested by Englander and Kallenbach 6:

Kop

kobs :kint (k_l

) =kint/PF (1)

In Equation 1, ki represents the protein amide specific intrinsic chemical rate of the fully
open state for a given pH, temperature, and set of bracketing amino acid side chains. The PF
is defined as the ratio of the closing and opening rate constants (Kci/kqp) as shown in the pre-
equilibrium scheme | Figure 1. Using basic thermodynamic relationships the PF can be
related to the opening free energy via Equation 2.

InPF=Inkq—Ink,,=AGo,/RT ()

The maximum opening or local unfolding free energy AGy, is calculated to be 6.6 — 8.2
kcal/mol, from HX-NMR measurements at 30°C. ’

Prior attempts to build computational models of HX

The determinants of hydrogen exchange and the merits of the mechanistic models derived
over the years based on solvent accessibility, solvent penetration, electrostatics,
polarizability, packing density, structural dynamics, strength and length of the amide
hydrogen bond have been discussed in detail by relating single amide resolved exchange
data to high resolution crystal structures.* 8 9 The authors of these publications arrive at the
conclusion that hydrogen bonding is one of the most important determinant of exchange and
that the structural environment provides additional modulatory effects (e.g. burial, etc.).
Other specific factors including hydrogen bond strength/length, electrostatics, and small
atomic displacements are found to correlate poorly or not at all with single amide resolved
exchange rates. Further, from the findings it is concluded that a successful HX prediction
algorithm will need to be able to differentiate alternative pathways that lead to exchange
competence and that interpretation of HX of individual amides in the detailed structural
context is most meaningful in elucidating pathways and mechanism.*

Published attempts to model the PF for HX either use a direct approach of parameterizing
the open/closed (or unfolded/folded) state ratio as a function of H-bonding and SASA, or
formulate the problem on the basis of a pseudo-energy function that indirectly incorporates
the open/closed metric as summarized below.

Solvent accessibility suggests itself as a significant parameter in HX, which is a chemical
labeling method that uses the solvent as reagent. In that regard, solvent-accessible-surface-
area (SASA) of a residue has been one of the frequently used HX modeling metrics. The
SASA is typically used as an approximation for the conformational entropy in conjunction
with conventional free-energy calculation protocols instead of time-demanding normal mode
analysis. 10 However, given the complex geometric characteristics of amide hydrogen (NH)
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response to structural change, the SASA averaged over all atoms in a residue is only a crude
estimate, while the SASA of the NH atom alone is not very sensitive (see below).

Liu et al. 11 published the DXCOREX algorithm using an empirical energy function based
on the parameterization of energy and entropy terms as a function of SASA of polar and
nonpolar atoms as derived from a limited base set of globular proteins. Their algorithm uses
a statistical thermodynamics formulation enumerating an ensemble of native-like states by
sequence-partitioning. This is accomplished by assignment of successive short sequence
stretches called folding units to either a folded or unfolded state. Each microstate generated
in this fashion is scored by summation of all constituent residues’ SASA-based energy
relative to the tripeptide model (Gly-X-Gly) representing the fully unfolded state of the
corresponding residue. A PF is calculated as the ratio of the folded-ensemble-averaged
probabilities over unfolded-ensemble-averaged probabilities.

Vendruscolo et al. 12 used Monte Carlo (MC) sampling with experimental constraints from
NMR data to fit the parameters of a phenomenological expression of the PF to approximate
the experimentally observed one. The PF was modeled as a function of the number of
contacts with other residues N¢ and the number of hydrogen bonding interactions of the
amide hydrogen NP using the expression InPF = B, NC + ,2ond N, They found that p."° =
1 and ,”°"d= 5, which corresponds to 0.6 kcal/mol (= RT) for a non-bonded interaction and
3 kcal/mol (= 5 RT) for a hydrogen bond. Their work is specifically designed to use HX-
NMR data by utilizing i) NMR constraints to guide the MC simulation of the structural
ensemble, and ii) experimental PF as a scaling factor of the predicted PF to make it
comparable to the experimental value.

Craig et al. 13 compare coarse-grained model predictions of protections factors for human
ubiquitin, chymotrypsin inhibitor 2, and staphylococcal nuclease (SNase) with NMR derived
values. The work is unique in that it is to the authors’ knowledge the only attempt of using
coarse-graining to sample a large fraction of the structural ensemble in an attempt to
improve HX prediction accuracy. Accessibility and hydrogen bonding criteria were
developed in the work using number of native contacts and the change in the pairwise
distance of CP atoms between snapshots, respectively. These criteria were used to define
open and closed states and probabilities for residues being in exchange competent and
incompetent state were calculated using weighted histogram analysis!® and integration over
the global reaction coordinate. Key findings of the work were the requirement of a
significant distortion of the local environment of a residue to produce an exchange-
competent state and the ability to predict HX without explicit consideration of hydrogen
bonding energy and geometry.

Kieseritzky et al. 16 describe an MD-based ensemble approach using various metrics for PF
modeling via linear combinations similar to Vendruscolo et al. 12 They observed that
backbone amide PFs show positive correlations with the number of contacts, H-bond
occupancy and H-bond survival times. Further, inverse correlation with fluctuations of
backbone atoms and H-bond lengths derived from MD simulation data were observed.
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Recently, Petruk et al. 17 used MD simulations and a metric based on average SASA of NH
and the number of H-bonds with water molecule as the basis for the binary decision if
exchange would occur or not in the ERK2 MAP kinase system. The authors were successful
in explaining some of the observed differences between apo and holo dynamics in terms of
their metrics.

Garcia and Hummer 18 applied MD simulations and ensemble averaging of the mean square
displacement to Cytochrome c. They found that the opening and closing of backbone
hydrogen bonds involved in secondary structure stabilization could be better understood by
monitoring the amino group interactions with water through the NH-OW pair correlation
function and the number of waters that occupy the first hydration shell of these atoms.

Ma and Nussinov 19 considered the average number of H-bonds of an NH with the peptide
backbone (NHpg) in various AB42 peptide structures (folded state) and the average number of
H-bond of an NH with water (NHs) (unfolded state). They used these terms in the
expression (100 — Pgo)) = C-NHsq /(NHso + NHg) to estimate the exchange probability and
concluded that it should be possible to identify major structural species of a polymorphic
structural ensemble based on correlation between NMR data and prediction.

Sljoka and Wilson 20 used NMR ensemble based modeling using H-bonding as a
quantitative rigidity/flexibility predictor together with the SASA of NH as a qualitative
metric for HX prediction. Lastly, Resing et al. 21 empirically modeled exchange for ERK2
kinase helices by regression of the PF using SASA, hydrogen bond length and a positional
parameter according to logPF = a-SASA + b/(H-bond length) + ¢ - (distance from alpha
helix ends).

NH is specifically able to probe structural change

NMR and MS provide complementary technical capabilities in exchange experiments. The
former provides single-residue information by default although sequence coverage is often
limited especially for larger systems because of a laborious labeling and resonance
assignment process, whereas the latter can often be performed even in complex matrices but
sequence resolution is moderate and largely dependent on the size and number of observable
peptides. 22 Experimental residue-specific PF data from the Biological Magnetic Resonance
Bank (BMBR) show clear anti-correlations between SASA of NH and experimental PFs
(supplemental Figure S1) and have led many to suggest SASA might be a suitable
determinant for HX. However, as evident from literature cited above there are no solid
reference values for modeling purposes that would allow PF prediction on an absolute scale.
Part of this is explained by the different SASA algorithms in use, such as Richards & Lee
method 23 or Shrake & Rupley method, 24 that result in different SASA values. Further, it is
impossible to discriminate the large number of buried NH typically found in proteins based
on SASA alone as all of them have a zero SASA. Parameterizations of energy functions in
terms of SASA are observed to be very sensitive to even small changes in SASA.
Additionally, the pure SASA approach does not provide a clear threshold value of SASA of
NH for representing the folded state of residues whose NHs are fully exposed at the protein
surface, either.
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To overcome the limitations of a SASA approach while retaining the specificity of NH as a
probe atom, we have implemented an alternative metric on the basis of the NH-bond status
alone; this seemed most consistent with what is known about the structural dynamics of
proteins as summarized by Englander and Kallenbach. 8 Key observations are that hydrogen
bonding makes HX slow and that HX chemistry is controlled by structure effects as follows:
Firstly, the HX rate is affected by H-bond (not only via backbone NH but also backbone CO
or other side-chains) that blocks effective proton transfer to NH. Secondly, the HX rate may
be slow without H-bond formation because burial of NH alone may be sufficient to retard
the exchange, although such cases are the rare exception. Thirdly, the mere proximity of
water to NH is an insufficient requirement for exchange competence. Further, H-bonding
contributions are one of the major determinants in the definition of structure 25 and
energetics of protein folds. 26

The stated observations suggest that exchange propensity should be a function of both the
persistence and nature of the NH H-bond. Therefore, we hypothesized that an approach that
quantifies the H-bonding relationships of NH on the basis of ensemble solution structures
from MD simulations alone should be ideal for quantitative prediction of exchange
propensities. 2729

In the following, we demonstrate a computational HX prediction method quantifying the
interactions of NH with other internal residues (closed state of NH) and those with explicit
waters (open state of NH) over an ensemble of structures of a protein in solution generated
by MD simulation. Firstly, it is shown that this MD-based method achieves high correlations
between model predictions and experimental PFs for a comprehensive HX-MS dataset
collected for Fatty acid synthase thioesterase domain (FAS-TE), 39 which was studied in
detail, under a wide range of experimental conditions. Secondly, application of the method
to other published data sets including apo/holo proteins (ligand/receptor-bound including
metal ligand), is made to demonstrate the general transferability/applicability and utility of
the method and its utility in discriminating possible protein conformations based on
comparison of experimental data with MD-based predictions. Comparison of MD-based
predictions with published DXCOREX results 11 is used to show improved correlations for
the MD method. Further, decomposition of experimental in-exchange curves into rate
classes is performed and then compared with decompaositions of computational predictions,
demonstrating a means to improve the NH resolution of a typical fragmentation HX-MS
experiment. Lastly, predictions of residue resolved protection factors for staphylococcal
nuclease (SNase) are compared with NMR protection factors and predictions from three
other models to demonstrate the comparative performance of the algorithm.

METHODS

Computational HX modeling protocol

All the calculations and data analyses described here are implemented in Python 2.7.3 and R
3.0.1 (nls.Im package for nonlinear fitting and lattice package for multiple-factor data
visualization).
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Input—3D structure coordinates of X-ray crystallography structures listed in Table 1 were
used for MD simulations. Models for comparing wild-type versus mutant, apo versus holo,
etc. were constructed by modifying available structures where required.

Ensemble generation by MD simulation—Water solvated MD simulations to generate
trajectories of proteins were carried out using Amber 11 (ff99SB forcefield). Initially, the
protein was solvated using tleap protocol of AmberTools with 12A TIP3BOX explicit water
model, followed by neutralization of the system by adding counter ions. This was followed
by solvent relaxation imposing Cartesian restraints on the protein, which were subsequently
released for minimization of the entire system using the MPI version of sander protocol of
Amberll package. Temperature equilibration was performed for 20ps heating at NVT from
OK to 300K, pressure equilibration for 300ps at NPT with weak coupling and SHAKE, and
finally a production run at NVT for 50-100ns. For rapid equilibration and production runs
the parallel cuda-enabled pmemd protocol of Amber11 was executed on the workstation
with the following specifications: Intel Xeon CPUs, Ubuntu 12.04 LTS (Precise) 64-bit OS
equipped with two GPUs (NVIDA Tesla C2075). NH-bond analysis with explicit waters
was performed using UCSF Chimera 3° (see below) after re-imaging of the water molecules
back into the central simulation box using ptraj protocol of AmberTools.

Amide hydrogen (NH) bond statistics from MD snapshots—Solute-solute NH-
bonds and solute-solvent NH-bonds from MD snapshots were quantified at every 20ps time
step over 50-100ns MD trajectories. The “closed/folding” propensity for a NH; (j= residue
index) was modeled from the number of snapshots showing H-bonding to solute #(NH:CO);.
Likewise, the “open/unfolding” propensity was modeled via the number of snapshots
showing H-bonding to solvent #(NH:water) j. The difference #(NH:CO); — #(NH:water);
was normalized by the total number of snapshots (Equation 3) and used as a representation
of the overall “NH-bond statistics” ranging from -1 to 1.

#(NH:protein), —# (NH:water);
Total#of Snapshot

NHstat;= 3)

More extended NH bond models were constructed using the definitions in Table 2 for
counting of snapshots.

Protection Factor (PF) modeling with NH-bond statistics—To map the range of -1
to 1 from Equation 3 into a PF scale of 1 to PFmax a logistic growth function was employed.
The logistics growth function y = ¢/(1+a-bX) provides approximately exponential weighing
to the NH-bond statistics in Equation 4. The three parameters a, b and ¢ were determined by
imposing constraints: i) for the upper bound of the PF (X, y) = (1, base) for maximum PF =
base/2; ii) a mid-point passing through (x, y) = (0, vbase); and iii) a lower bound to be set (x,
y) = (-1, 1) for minimum PF. The final form of the fitting function is then

base
PFJ: NHstat; ’ (
14+ vbase - (1/ v base)

4)
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where the parameter “base” is the only adjustable parameter of the model. The value of base
can be set by referring to the HX-NMR experimental PF values or derived on the basis of an
optimal correlation. " 22 For example, slowest exchanging NHs from NMR measurement
suggest AGqp = 6.6 — 8.2 kcal/mol at 30°C 7 which corresponds to a base value range of 1E
+4 to 1E+6 by Equation 2.

Calculation of peptide deuteration from PF modeling results—Once PF; (j =
residue index) is calculated, deuterium incorporation (DI) for a peptide is estimated by
summing contributions of exchangeable NH; for each residue using Equation 5. To exclude
the N-terminus and the first backbone amide of a peptide, whose back-exchange rates are
too fast to be observed in our fragmentation HX-MS experiments, the residue index runs
from j = m + 2 (where m corresponds to the N-terminal residue of a given peptide) to j = n
(where n corresponds to the C-terminal residue of a given peptide):

D=3 o (1o [F8] 1) 9

In Equation 5, tis time in units of either min or sec; Kin j is an intrinsic chemical rate in
matching units of 1/min or 1/sec. The applicable experimental conditions of pH and
temperature as well as the protective effect due to the neighboring side-chains of an NH are
captured in Kijnt j, which also serves as a maximum upper-bound of each NH’s exchange rate
(Supporting Information 1). 36

HX-MS FAS-TE data set

FAS-TE is an enzyme participating in the conversion of dietary carbohydrate to fat. It has
been pursued as an anti-cancer target because increased expression of FAS is a hallmark of
all major cancers. FAS-TE was chosen as the model protein for this study because of its
prior in-house use as model system, 37 ready availability (see Supporting Information 3 for
expression and purification), and availability of in-house structural data (PDB code: 4249).

An extensive data set varying pD (5, 6, 6.5, 7, 7.5 and 8), temperature (0 °C and 25 °C), and
time (10s, 30s, 270s, 810s, 2430s, 7290s, 21870s, and 65610s) was collected on the HX
behavior of FAS-TE for the purpose of accessing the predictive performance of the models
over the typical range of conditions used in HX-MS. A detailed description of the standard
in-exchange experimental method as well as the mass spectral data reduction procedures is
found in the Supporting Information 3. Peptide deuterium incorporations (DI) for each
condition was compiled into tables (D1"@W) together with the control values for fully
deuterated control (DIT!'D), Back-exchange corrected DI numbers (DICOect) were
calculated by applying a back-exchange correction on the basis of the fully deuterated
control as shown in Equation 6, where #EXNH is the number of observable NHs of a
peptide. Further, all prolines were removed from consideration due to lack of NH.

correct __yyraw #EXNH
DI =DIg; (W) )
P
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The large amount of exchange data collected for FAS-TE necessitated automated data
curation and cleaning procedures. The major consideration for filtering was consistency of
observations. This was implemented by requiring less than 5% deviation between time point
replicates and trending of the DI numbers for any given time course to increase with time for
acceptability of the data.

Deconvolution of experimental peptide exchange rates into rate classes

RESULTS

To improve the exchange resolution beyond peptide resolution for more accurate
comparisons of model and experiment, decomposition of peptide rates (Equation 6) into the
three rate classes (fast, medium, and slow) using a tri-exponential model (Equation 7) was
performed. 38 The constraints MaxDI = A + B + C and positive values of all fitting
parameters (A, B and C representing the number of amides in each rate class and ky, ko and
k3 the respective rate constants) were applied. Fitting was performed in R (R code available
in the Supporting Information 2) using nlsLM/nlsList functions for fitting the experimental
in-exchange time points of each peptide to Equation 7.

Dl =A(l—e ® )+B(1—e ") +C(1—e ") (1)

To gauge the performance of our HX model based on MD snapshot (Equation 3) counting
and mapping of the statistics into a PF (Equation 4), which was subsequently used for
calculation of time-dependent DI numbers (Equation 5), we firstly benchmarked the
predicted DI numbers against those for a published DXCOREX protein set (Table 3).
Performance benchmarking against a wider array of experimental conditions and time scales
was then carried out in the context of extensive FAS-TE data, which we acquired. Based on
the robust prediction results at the peptide level (Figure 2), we next decomposed (Equation
7) deuterium uptake curves into HX rate classes (Figure 3) to demonstrate the ability to
improve resolution.

DI prediction for the DXCOREX protein set

Table 3 summarizes the correlation of calculated and experimental DIs obtained for HX
modeling of published data using the method described (for base=1E+6 and NH-bond model
HB3) together with correlations reported from published DXCOREX prediction results. 11
In most cases, our HX model shows higher correlation values than calculated from simple
intrinsic rate predictions and those reported for DXCOREX calculations. Considering the
diverse properties of these protein systems (apo/holo, wild-type/mutant, etc. see Table 1) the
observed strong correlations suggest robust predictive power of the method. The correlations
of the intrinsic rate prediction are in fact surprisingly high and may be misleading given that
they are calculated from the limited available data derived mostly from long in-exchange
time points. This issue becomes clearer when the slope and abscissa intersect values are
scrutinized. For an accurate prediction these values should be close to 1 and 0 respectively,
which is clearly not the case for the majority of the ki predictions.
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HX-MS experimental results for FAS-TE

HX-MS data from the literature is limited in terms of the sequence coverage depth of the
proteins studied as well as the range of experimental conditions (especially limited number
of time points). As this limited the exploration of the predictive nature of the approach, it
was decided to generate an extensive data set on FAS-TE spanning a large pD (= pH + 0.4)
range and multiple temperatures. The hope was that this would provide the widest possible
exchange range against which predictions could be made assuming the structural
conformation is unaffected by a change in experimental conditions. FAS-TE was chosen for
this purpose as it was readily available in-house, has diverse structural features, and is
comparatively well behaved. The obtained sequence coverage depth of FAS-TE under
optimal conditions is illustrated in supplemental Figure S2. The 283-residue protein was
covered with 148 and 137 unique peptides at 25 °C and 0 °C respectively in searches of the
raw tandem MS data against the protein sequence. The height of a histogram in the plots is
the number of times any given residue of the protein was covered by a unique peptide
observation and provides a measure of the coverage density. The butterfly plots show the
effects of automated data filtering to be substantial as coverage is significantly reduced post
filtering. This is typical for HX-MS data sets as many of the peptide sequences derived from
database searching cannot be confidently observed under all experimental conditions or
reliable deuteration values are impossible to extract due to interference.

Figure 4 shows filtered in-exchange curves from the 25 °C data set for peptides selected to
cover the protein sequence. Some curves show missing observations for some time points.
These absences are either due to an inability to observe or extract the value or extracted
values for the sample failing the filtering criteria. As expected, the magnitude of the
observed exchange is strongly modulated by pH. A wide range of peptide exchange
behavior is observed. For example, peptide 145-163 shows rapid saturation of exchange
under almost all pD conditions. Peptide 169—-200 reveals what looks to be mostly uniformly
exchanging amides as indicated by the straight parallel lines, yet one of its sub sequence
peptides, 184-198, reveals that the “true” exchange behavior in that sequence is much more
complex.

DI prediction for the FAS-TE

Comparison of all the experimental data for FAS-TE with predicted values is made in the
form of correlation plots (Figure 2) capturing the experimental variables (pH, temperature,
time) and modeling variables (ki and base). The 25 °C temperature data (upper panels)
shows a slight trend to higher correlation coefficient in the direction of increasing pD.
Consistently higher correlations coefficients around 0.9 are obtained throughout all pD
conditions at 0 °C (lower panels). The slope values show similar slight trending from
significantly less than one at the lowest pD to close to one at the highest for the 25 °C series.
For the 0 °C series consistent but elevated slope values around 1.17 (expected value 1) are
observed for all pDs. Overall, correlations seem to improve with pH and temperature as
judged by the trends in the correlation coefficients. This suggests systematic
underestimation of the DI by the model at higher temperatures and low pD if it is assumed
that experimental conditions do not modulate the structural ensemble of FAS-TE
significantly.
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On the other side the improvement in correlation at high pH and temperature can be
interpreted as a consequence of the banded nature of the predictions (the DI values saturate
already at the shortest time points due to all PFs being 1, see Figure 4). For long in-exchange
times many or most of the time points will be “accurately” predicted based on ki, as the
number of saturated amides increases. This effect is magnified for predictions based on Kipt
alone as seen in supplemental Figure S3, so that at exchange saturation, correlation with
predictions based on ki alone will be quite accurate. This is also the reason why predictions
based on kjn alone are in general meaningless (see also large Y-axis offsets in supplemental
Figure S3), and that high correlation coefficients in DI space are not necessarily a
meaningful measure of the predictive power of a model. Correlation of the peptide DI
provides only a limited assessment of the accuracy of prediction of protection factors as
peptide DI can be quite insensitive to the individual amides’ PFs. The reasons for this are
found in the summing over many PF; that occurs (Equation 5), a comparatively large
experimental error due to the inability to accurately correct for back-exchange (Equation 6),
and the large dynamic range of the PF from 1 to “base” (on the order of 1E+4 to 1E+6).

Decomposition of HX rates for FAS-TE

Fortunately, the HX-MS experimental data collected for FAS-TE after data cleaning are of
sufficient quality to allow decomposition into rate classes by fitting the experimental DI
curves (Figure 4) with Equation 7. 38 This increases the effective resolution of the
experiment in amide and PF space as the DI curves calculated from predicted PFs on the
basis of the HX model can be also decomposed in a similar fashion to the experimental ones.
The improved resolution allows more detailed comparison between experiment and
prediction and this should reveal more clearly if prediction actually represents the individual
amides’ contributions (and therefore PFs) accurately on an individual per amide basis or
only in an average sense.

Figure 3 shows butterfly representations of overlapping and normalized comparisons of rate
decompositions for experimental (up) and predicted (down) data for different pDs (for the
full set see supplemental Figure S5 and S6 for 25°C and 0°C data, respectively). The three
rates in Equation 7 are plotted on the X-axis using a logarithmic scale as k; (fast in red), k;
(medium in green) and k3 (slow in sky blue). The Y-axis values are the relative number of
amides in each rate class. For easier comparison, the values have been normalized and A, B,
and C are plotted as the percentage of total amides of a peptide in a rate class. Each column
represents a different peptide and each row the decomposition of that peptide at a different
pD condition. Missing panels indicate that for a specific peptide at the specific temperature
and pD condition, either no experimental data are available or the fitting was unsuccessful
due to lack of data points or an inhomogeneous nature indicating a lack of trend.

Generally, a good agreement of the decomposition in terms of rate classes and the relative
intensities of their contributions to the DI is observed for pDs of 6 and higher and trends
between related peptides are consistent. This suggests that modeling accurately predicts
individual protection factors whose contributions modulate the DI and that modeling can be
used to assign individual amides in a peptide to a rate class, which effectively improves the
resolution beyond the fragmentation level of the primary sequence.

J Chem Inf Model. Author manuscript; available in PMC 2016 September 28.



1duosnuen Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Park et al. Page 12

Comparison with other HX prediction algorithms

Protection factor prediction accuracy has been benchmarked in the literature by comparing
predictions with experiment for model systems for which comprehensive sets of single
amide resolved NMR data is available. Staphylococcal nuclease has been used as a preferred
model protein and a comparison in the SNase system for three prediction algorithms is
shown in Figure 5. The figure compares results from predictions of the COREX and
Vendrusolo et al.’s algorithms as published in reference® with our model. A similar plot for
an unknown subset of the data plotted in Figure 5 comparing predictions from the coarse-
grained model developed in reference!3 with experiment can be found in that work.
Regression parameters for all 4 models are summarized in Table 4 for ease of comparison.
Inspection of the scatter patterns observed in the plots of Figure 5 and Figure 6 panel C of
referencel3 reveal pileups of predicted values at the scales extremes. In our model this is
indicative of the amides in question being observed only in the closed state during the
simulation. Therefore, these amides will be assigned the maximum PF (base/2). The issue
cannot be resolved by increasing the base value of the model to allow for a larger maximum
PF as this is equivalent to linearly rescaling of the InPF_model axis in Figure 5. A more
accurate treatment of the amides that are only observed in the closed state during simulation
would be to eliminate them from consideration, as there expected PF is larger than what the
scale allows. Indeed, improved correlation is observed if those amides are taken out of
consideration (R = 0.84, R2 = 0.70 vs. R = 0.72, R2 = 0.51 from Table 4). As this
elimination would favor the predictive accuracy of our model over the others we did not
make that adjustment and continued with the full set (all amides for which experimental
values were reported) instead. A similar accumulation of data points occurs at the low end of
the prediction scale in the COREX plot, which is traced back to the algorithms inability to
predict random coil and surface exposed amides with any accuracy (see below).

Overall prediction performance of the models as assessed by the regression coefficient (R)
and for all models as compiled in Table 4 seems comparable with the exception of
Vendruscolo et al.’s, whose predictive ability appears to be poor. If the average of the
absolute differences between predicted and experimental PF (<|AInPF|>) is used as a
measure of prediction performance as suggested by Craig et al. then their coarse-grained
model performs best (even so it is not fully clear if all data points are taken into
consideration).13 The coarse-grained model’s average error factor of PF is about 6 (<|AINPF|
> =1.8); this is followed by an error factor of about twice that size for our model and
another factor 2 larger error factor for the two remaining models. Removal of amides with
experimental InPF > 15 (regression B in Figure 5 and Table 4) results in slight reduction of
the regression and correlation coefficients for COREX and our model and a substantial
further degradation of the Vendruscolo model. Surprisingly, the opposite trend is observed
for <JAINPF|> values. All models show now comparable predictive performance based on
the <JAInPF|> measure. This suggests strong bias in this measure towards accurate
prediction of high protection factors, which are those expected to show a comparatively
larger error.

Potential correlation of prediction accuracy with alternate exchange pathways can be
assessed from the coding of data points in Figure 5. Coding represents categorization of

J Chem Inf Model. Author manuscript; available in PMC 2016 September 28.



1duosnuen Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Park et al.

Page 13

amide exchange behavior into denaturant dependence (red), the lack of denaturant
dependence or local (green), if an EX2/EX1 transition is observable (triangle) at high pH,
and uncategorized (blue circle).* As seen in the plots high protection factors (experimental
InPF values >15) are all categorized as denaturant dependent and/or showing an EX2/EX1
transition or both. If values with experimental InPF > 15 are removed from consideration
regression lines B in Figure 5 are obtained and overall slight derating of the regression
parameters for all models is observed (Table 4). This is somewhat surprising as one would
intuitively expect those values to be the most difficult ones to predict and therefore expect
correlation to improve, which is not the case.

The supplemental Figure S7 shows correlation plots of the data plotted in Figure 5 with
amide PFs color coded by general structural environment. The structural environment is
classified as class 1 for random coil / surface exposed loop (SASA of NH > 0 & no-
secondary structure; red), class 2 exposed and structured (SASA of NH > 0 & secondary
structure (alpha or beta); green), class 3 buried and structured (SASA of NH=0 &
secondary structure & more than 3A from protein surface; black), and class 4 all remaining
(blue). The general underestimation of PFs by COREX already observed in Figure 5 (most
data points above and to the left of the centerline) is now further differentiated. COREX
does not predict random coil (class 1) and exposed amide PFs (class 2) with any accuracy, in
addition buried and structured amide PFs (class 3) are underestimated too. The model by
Vendruscolo strongly overestimates protection of exposed and structured amides (class 2)
and underestimates somewhat class 3 amide PFs, which explains the overall poor predictive
ability of this model. Our model overestimates buried and structured amide PFs (class 3)
somewhat but shows little structural bias overall.

DISCUSSION

Phenomenological HX model expressions

The main objective of the current work is to provide a comparatively simple means to
predict deuterium incorporation levels of proteins that can be readily compared with values
typically measured in fragmentation HX-MS experiments and thus provide guidance for
enhanced structural and dynamic interpretation of results. We opted to pursue an approach
based on MD simulation due to the ready availability of the tools and general applicability
of MD to even large multi-protein systems and alternative environments (denaturing
solutions, solid-state formulations, etc.). The literature suggests largely phenomenological
modeling approaches for quantitative PF prediction from MD. 1216 However, it is far from
clear what factors or metric should be taken into consideration when optimizing a model for
predictive accuracy.

Kieseritzky et al. 16, following the phenomenological model of Vendruscolo et al. 12,
explored a wide range of PF elements/metrics, which are the Nsin equation InPF = .0 N¢
+ f3,Pond N (see introduction for discussion) by optimizing the value of /s in the bacterial
cytochrome C system. From their efforts, as well as Vendruscolo’s, we concluded that i)
accurate PF modeling is quite challenging by MD or other methods, ii) comparable results
are achievable using a number of different metrics if optimization is performed, and iii)
optimization is likely required for individual proteins. The prediction accuracy of the MD
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based method for PFs seem to be worse if the comparison of the reported AG values 39 and
casual inspection of the plot comparing computed and experimental NMR PFs for lysozyme
is an indication (supplemental Figure S1 and S2 of referencell). Despite the inaccuracies in
the predicted PFs, a meaningful discrimination of structural models on the basis of
calculated peptide in-exchange values/curves seems to be possible by the DXCOREX
algorithm, which suggests even coarse PF predictions when used to predict in-exchange
values at the peptide level might suffice to support structural interpretations. 11

Hydrogen bonding is considered the characteristic feature of the folded state of proteins, and
based on thermodynamic considerations makes a significant contribution to the overall
stability of proteins.26 We surmised that PF prediction for backbone amides should be
possible on the basis of intramolecular and intermolecular hydrogen bonding patterns
observed during MD alone. Trying to avoid complex and protein specific optimization
procedures attempts were made to derive a metric based on the number of snapshots an
amide hydrogen is found forming a hydrogen bond with the protein backbone (or with
additional protein H-bond acceptors in some modified models) and the number of snapshots
were hydrogen bonding to water is observed. By analogy to the local unfolding model,
amide hydrogen bonding to the protein backbone represents the “closed” or exchange
incompetent state, whereas hydrogen bonding to solvent represents the “open” or exchange
competent state in our model. After evaluation of various scale laws, it was found that the
normalized difference of snapshots (Equation 3) could be mapped into a protection factor by
a simple exponential function using a large base, where the large base value is equivalent to
a maximum protection factor. For the purpose of convenience, we opted to use a logistic
function (Equation 4) instead of a simple exponential. Our model is similar to the
phenomenological expression used by Vendruscolo 12 as seen by comparing formulas in
Table 5. The simplicity of our model derives from the fact that ; and By, are predefined and
do not need optimization as in the case of that previous work.

It is surprising that a simple model based on NH bonding state analysis has not been
explored earlier, considering the analogy to the local unfolding model. Part of this might be
due to the general attempt to derive models that parametrize the energetics/thermodynamics
of the folding process through MD derivable quantities that positively correlate with
exchange propensity and the early success of the lattice model formulation in explaining the
general characteristics observed in the exchange behavior of globular proteins. 40 The lack
of reliable estimates of the relative bond strength of intramolecular hydrogen bonds in
proteins versus intermolecular hydrogen bonds to water, the absence of a clear energetic
advantage of bonding to the backbone over bonding to solvent, and the inability to correlate
amide hydrogen bond strength with exchange propensity might be other reasons why
hydrogen bonding analysis has not been pursued extensively. 4 8. 26, 41

A protein-independent or transferable HX model

For calculation of the PF Equation 4 is used. The functional form of Equation 4 is very close
to that of the exponential function in Table 5 but allows the mapping of the full range of the
exponent. Here “NHstat” ranges from -1 to 1 as defined through Equation 3. Mapping into
the PF scale of 1 (no protection) to base/2 (PF maximum) without further scaling or
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adjustment of the hydrogen bond statistics is facilitated by Equation 4, which has only one
parameter (the base of the exponential). The optimal value of base for the purpose of
calculating peptide DI values and the universality or transferability of the value of base
between proteins and/or experimental conditions needs to be explored. Supplemental Figure
S8 shows calculated DI percentage curves for hen-egg lysozyme using different values of
the base for the three models evaluated here (Table 2). Comparing the curves with the data
plotted in Figure 1 of reference 42 suggests base values in the range of 1E+5 to 1E+6 for
models HB1 and HB2, and a larger value of around 1E+7 for HB3 as suitable. Correlation
plots for the FAS-TE in-exchange data to be discussed below for base values of 1E+4, 1E+5
and 1E+6 (supplemental Figure S9) produce the highest correlation coefficients for a base
value of 1E+4. The plots also indicate that the predictive power of the model is not very
sensitivity to the value of base. This suggests that within the limitations inherent in our
modeling approach a single base value is likely sufficient for peptide in-exchange prediction
for different proteins and experimental conditions.

Comparative assessment of model prediction performance

The comparisons of predictions from COREX, Vendruscolo’s, Craig’s and our model for
SNase demonstrated that no single model provides a superior approach. A conformational
sampling, structure partitioning/combination method was used in COREX; NMR restraint-
guided Monte Carlo simulation was used in Vendruscolo’s model; coarse-grain MD with
umbrella sampling was used in Craig’s model; and all-atom MD simulation with explicit
water solvation was used in our model. Extensive sampling is important for accurate free
energy calculation; however considering the results it is not clear if it is necessary to sample
large-scale unfolding as the high energy barrier (i.e. low probability) makes its contribution
to PF calculation mostly insignificant. It appears to be more important to sample various
local unfolded states mediated by explicit water molecules accurately, as the majority of
amides measured in SNase by NMR belongs to the buried/structured class and even the
exposed amides keep local interaction with a structural motif resulting in moderate PF.8
Therefore, extensive sampling covering more of the local unfolding space with more
advanced explicit water model might be able to discriminate accurately among the relatively
high PF values. Such an approach would also be in line with the assessment made from the
experimentalist’s side that structural detail at the individual amide level should be taken into
account in the interpretation of hydrogen exchange.* 8

Our HX model was able to capture various locally unfolded states presumably because
explicit water dynamics was included in our conformational sampling in comparison with
wider sampling space methods such as COREX and the coarse-grained model. Building on
this finding and the demonstrated distribution of experimental protection factors classified
by Skinner et al.8 by type of H-bond acceptor (exposed random coil, exposed on the
structure, internal water, side-chain and backbone) one should be able to build more optimal
open/closed state definitions. Delicate consideration of the structural environment can be
incorporated into our model and it needs to be seen if enhanced discrimination and improved
prediction accuracy can be achieved that way. Another avenue of exploration is provided by
the increased understanding of protein solvation and that water around proteins can be
divided into bulk water and protein-bound water (individually bound water in the cavity and
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hydration water on the surface).*3 Currently, if water is an H-bond donor, our model
consider it as in the “open” state. Exploration of advanced water models and classification
into protein bound and bulk water provide further opportunities for exploration as this
provides a direct means of manipulating the hydrogen bond statistic calculation on which PF
prediction of our model is based.

General pitfalls of the model and computational approach

Analysis of the snapshot statistics from MD for FAS-TE reveals non-hydrogen bonded
conformations are a common occurrence though they do not dominate with except for an 8
residue sequence (Figure S10) found buried inside the core. For the purpose of exchange
prediction the non-hydrogen bonding snapshots for these residues were counted as closed or
protected. In all other cases non-hydrogen bonded snapshots were not taken into
consideration in calculating NHstat. From a modeling standpoint the question arises if
improved prediction results could be obtained by accounting for these non-bonded snapshots
by either counting them to the respective bonded or non-bonded pools or taking them into
account through an expanded metric. We have seen little change in correlations between
experiment and predictions when counting non-bonding snapshots to bonded or non-bonded
pools in the various models (data not shown). This is not surprising, considering the general
insensitivity of peptide exchange predictions toward the magnitude of any individual
protection factor, so we would not predict an improvement in predictions from an expanded
model, though this was not explored further.

As in all other MD based studies issues relating to the limited time scale of such simulations
persist. The longest time scale of typical MD simulations as used here, were 50-100 ns. This
limits representative sampling of the conformational space to conformers close to the
starting model. This is in stark contrast to the typical experimental HX-MS time scales,
which range from seconds to days. However, it should be noted that even during the long
time scales explored in typical HX-MS experiments, EX2 kinetics is found to be descriptive
of most of the observed exchange behavior. This can be taken as an indication that global
unfolding or conformers that require large scale unfolding are largely negligible contributors
to exchange. We would not expect our model to perform well for sequences showing
significant EX1 kinetic behavior. Our assumption is that explicit water solvated MD
simulation on the tens of nanosecond time scale will be appropriate to provide a description
of the average of the relevant “local unfolding ensemble” (EX2) in contrast to global
unfolding (EX1), which is outside the scope of the model. Further, the hope is that this
average description will be accurate despite significant limitations arising from sparse
sampling of a conformational restricted space around the fully folded conformer. 6
Extension of the MD simulation timescale alone is not expected to improve the prediction as
the conformational space explored will likely not expand. 44 Specialized methods to
overcome energetic barriers might remedy this. 13- 4. 46 For the purpose of PF prediction the
weighing of contributions from MD simulations of various known stable conformations
might be sufficient and should be explored in the future.

In this study the popular ff99SB Amber force field combined with a TIP3P water model was
used to quantify solvent-solute interactions. Other force field/water model combinations
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providing altered solute-solvent potentials might result in different NHstat values (Equation
3) and consequently different PFs (Equation 4). This might affect the correlation with
experimental data via Equation 5. It is again the opinion of the authors that the finer details
of the force field/solvation model will not significantly affect the prediction results for
reasons of the accuracy of the model and the general insensitivity of peptide exchange
prediction to individual amide PFs as already mentioned. Further, others have explored the
subject of force field solvation model combinations in other contexts and the combination
used here was found to perform close to optimal. 4749

We have tried to minimize the impact of experimental measurement errors by stringent “data
cleaning” applied to our FAS-TE HX-MS dataset, which had to be done in automated
fashion due to the size of the data set. It is clear that even with stringent data cleaning,
systematic errors persist like those resulting from back-exchange correction, which is only
approximate. Nevertheless, it is unlikely that experimental uncertainty limits the degree of
correlation observed between experiment and prediction considering that PF prediction
accuracy errors are approximately two logs. The plots of rate decompositions of
experimental data and prediction in Figure 3 (see also supplemental Figure S5 for additional
data) show good agreement for a large fraction of peptides and exchange conditions. This is
taken as validation of the approach and indication that accuracy is sufficient to provide a
means of improving the sequence resolution of HX-MS.

Potential alternate use of the defined energy function

AAG(wt—mut)=AG (wt)—AG(mut)=RT Zj InPF;(wt)—RT Zj InPF;(mut)=RT ij

Equation 2 provides a means of relating our empirical energy function through the
protection factor back to the change of the Gibbs free energy. As such, the described
hydrogen-bonding analysis approach can be used to calculate AAG values (Equation 8),
which can be used for example for computational mutagenesis to estimate relative stability
of mutants.

PF;(wt)

We tested this approach in simulations of 10 mutants of hen white-egg lysozyme (PDB
code: 4LYZ) for which extensive mutagenesis experimental data are available in the
literature. 4° The resulting AAG correlation coefficient was 0.87 (data not shown). This
provides secondary confirmation that our empirical energy function captures the underlying
physics well and shows the potential for expansion into other applications, which are
currently under exploration.

CONCLUSION

Analysis of hydrogen bonding patterns from MD snapshots was demonstrated to be a
suitable metric for the estimation of protection factors. The approach appears to be generic
and translatable to other systems, as protein specific optimization procedures are not
required. The presented data suggest that the empirical energy function based on exponential
mapping of the hydrogen bond statistics into a protection factor captures the underlying
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physics accurately. This approach is easily implemented by others due to its simplicity and it
is expected to be highly valuable in the interpretation of HX data on the basis of available
structural data and models. Besides being simple the model lends itself to modification so
that more accurate descriptions of the modulating structural environment and of the solvent
can be taken into account. Lastly, as the protection factor has a direct thermodynamic
interpretation, the approach is likely of value in other applications and can be extended to
address other problems or complement other computation tools.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Illustration of hydrogen-deuterium exchange between amide hydrogen (NH) in blue and
deuterium (D) from the solvent D0 in red
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DI Correlation for FAS-TE
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Figure 2.

DI correlation for FAS-TE for all peptides (each color) at different time points (dots),

temperature (each row), and pD conditions (each column), estimated by MD-based HX
model (HB3). The correlation (correlation coefficient (R) see individual panels) from model

predictions is improved for all conditions compared to the reference values based on

intrinsic rate alone, which are 0.84, 0.77, 0.79, 0.82, 0.85 and 0.88 at 25°C; 0.76, 0.68, 0.70,
0.73, 0.77 and 0.82 at 0°C. Colors shown in the FAS-TE monomer ribbon structure with van
der Waals radii (Blue N-terminal to Red C-terminal) are consistent with the residue index

legend.
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Three rate class decomposition of experimental (up) and predicted (down) deuterium
incorporations for peptides of the N-terminal region (each column represents a fragmented
peptide; each row represents different pD condition) of FAS-TE at 25°C. Results for the full

sequence are available in Figure S5.
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HX-MS DI % for FAS-TE After Back-Exchange Correction at 25C
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Figure 4.

Comprehensive FAS-TE HX-MS experimental data at 25 °C (also see supplemental Figure
S4 for 0 °C data). Each panel shows DI % as a function of time (10s, 30s, 270s, 810s,
40.5min, 121.5min, 864.5min and 1093.5min) for six pD conditions (5.0, 6.0, 6.5, 7.0, 7.5,

and 8.0).
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Figure 5.
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Page 26

Correlation plots of experimental over predicted protection factors for SNase at pH 5.5 and
37°C for 3 algorithms. Experimental and predicted values for COREX and Vendruscolo are
replotted from reference 4 to compare with the model developed in this work (HB2, base =

1E+8, see Table 2 for model definition). Color coding of data points follows categorization
of exchange by reference®. Regression A: full data set from NMR. Regression B: excluding
denaturant dependent and/or EX1 classified values corresponding to experimental InPF >

15.
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HX-MS data set used in DXCOREX model 11

PDB Protein Systems Seq. | Ref.
INFI Bound IxBa (chains: A, B,and F) | 615 | 31
Free 1xBa (chain: F) 213
pH =7.5; Temp =298 K; Time =2 min
2EYI Apo a-actin CH2 domain | 116 | 32
pH =2.5; Temp = 277 K;
Time = avg(0.25, 0.5, 1, 2, 5, and 15 min)
2NT1 | Apo GCase 497 | 3
2NSX | Holo GCase with isofagomine 498
pH =7.8; Temp = 296 K;
Time =0.8, 1.6, 5, 16.6, and 50 min
1PUO | Dimer Superoxide dismutase WT | 206 | 34
Dimer SOD G85R mutant 206
pH =7.2; Temp = 277 K;
Time = avg(0.25, 0.8, 2.5, and 8.3 min)
1P38 MAPK p38 | 357 | by
pH = 7.5; Temp =298 K; Time = 300 min
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Table 2

Amide Hydrogen Bond Models

Page 28

NH-bond option

#(NH:protein)
HX incompetent “closed” state counting solute-solute
interaction snapshots

#(NH:water)
HX competent “open” state counting solute-
solvent interaction snapshots

HB1 #(NH:CO) #(NH:wat)
HB2 #(NH:CO+ NH:side-chain) #(NH:wat)
HB3 #(NH:CO+ NH:side-chain + C=0:side —chain) #(NH:wat + C=0:wat)
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Comparison of phenomenological model expressions used in ref. 12 with current work.

Table 5

Ref. 12

PFj=exp(B.Nj+3,N})

This work

_ 1 . NNH:wat . NH:protein
1 Nj +1 Nj

PF;=base Ntotal

J Chem Inf Model. Author manuscript; available in PMC 2016 September 28.

Page 31



