Simulation-derived Protein
Conformations for Energy Penalties in
Molecular Docking

Anna Sophia Kamenik

Supervisor UCSF: Prof. Brian Shoichet, Ph. D.
Supervisor UIBK: Prof. DDr. Klaus R. Liedl|

' 'C! _\Lf‘i.'
University of California Marshallplan-Jubildumsstiftung
San Francisco Austrian Marshall Plan Foundation






Contents

2.1

3.1
3.2
3.3

4.1
4.2
4.3

7.1
7.2

8.1

8.2
8.2.1

Localizing Millisecond Dynamics

Accelerated Molecular Dynamics

Alanine Dipeptide
BPTI
Betv 1a

Alanine Dipeptide
BPTI
Betv la

Protein Dynamics and Molecular Docking

Computation and Drug Design

Molecular Docking and Dynamics

Docking Step-by-Step
Working with DOCK 3.7
Flexible Receptor Docking with DOCK 3.7 . ... .. ... ... .. .. ... ... ... .. .....

1
1
12

13
13
15

25
25

28
29



9.1
9.2
9.3
9.4

10.1
10.2

10.3

10.31
10.3.2

13.1
13.2
13.3
13.4

Molecular Dynamics Simulations
Conformational Energy Penalties from MD Simulation
Conformational Energy Penalties from Binding Free Energy

Retrospective virtual screening

Conventional Rigid Docking
Penalties from MD Simulation

Penalties from Binding Affinity

Flexible Receptor Docking . . ... .. ... . . ... .. ..
Multiple Receptor Docking . . . . . .. ... ..

Calculation of aMD Parameters
Alanine Dipeptide

BPTI

Betvla

30
30
32
32

34
34

35

35
35

51
52
55
58



3.1
3.2
3.3

4.1
4.2
4.3

Introduction . .......................... 7

Theoretical Background ................ 9
Accelerated Molecular Dynamics

Methods .............. ... ... ........ 10
Alanine Dipeptide

BPTI

Betvla

Results ............ ... ... .. .. 13
Alanine Dipeptide

BPTI

Betvla

Discussion ............... ..., 18

Conclusion ............ ... ... ... 21






Introduction

Macromolecules in solution steadily undergo conformational changes at room temperature.! Var-
ious structural studies on diverse model systems have shown that the conformational plasticity of
proteins plays a key role in molecular mechanisms such as catalytic activity,> bio-molecular recog-
nition,>= and allosteric regulation.® Thus, characterizing dynamics of biological macromolecules
is crucial to understand their biological activity and function.”-® Molecular dynamics (MD) sim-
ulations have proven to be an efficient tool to capture the flexibility of macromolecules.’ Yet,
state-of-the-art MD simulations routinely capture dynamics on the nanosecond to microsecond
time scale, while many biologically significant motions appear on the millisecond time scale or
slower.! Inherent limitations in conformational sampling can either be overcome by usage of
dedicated simulation hardware!! or by application of enhanced sampling algorithms.!>!3 Accel-
erated MD (aMD) is a promising enhanced sampling technique, which improves the efficiency of
conventional MD (cMD) simulation without a priori knowledge of the potential energy surface.'*
Introduction of a continuous, non-negative bias potential increases escape rates from local energy
basins. Thus, the conformational space is sampled more extensively at negligible computational
overhead costs.'> !¢ Subsequently the original energy landscape can be reconstructed by Boltz-
mann reweighting.!”-1°

The versatile applicability of aMD simulations has repeatedly been proven on manifold macro-
molecular systems.”’2> Current aMD studies predominantly focus on analyzing the global dy-
namics of the obtained conformational ensembles.??% Yet, for a comprehensive understanding
of biomolecular properties it is crucial to be able to localize flexibility in specific protein do-
mains.?*—33

Current approaches estimating local dynamics in aMD simulations are limited to expensive large-
scale calculations of amide order parameters from multiple aMD trajectories on various acceler-
ation levels.>»3> Rather than approximations of NMR observables a straight forward approach
based on the thermodynamics of a system would be desirable. So far no metric is available to
directly quantify local flexibility from aMD trajectories based on the captured thermodynamics
of the system. We propose residue-wise dihedral entropy as first methodology to efficiently char-
acterize local dynamics of macromolecules from aMD simulations.*®37 To confirm the validity
and efficiency of our approach we apply the metric to the model systems alanine dipeptide (Di-
Ala) and bovine pancreatic trypsin inhibitor (BPTI). The conformational dynamics of BPTI have

3841

been investigated thoroughly in NMR experiments as well as in large-scale computer simu-

lations.!! It has already been demonstrated in previous studies that metrics for local flexibility in
a 1 ms cMD simulation of BPTI track the characteristic motions of BPTI, known from NMR and

global flexibility studies.?® 3842
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Here we show that residue-wise dihedral entropies deriving from a 500 ns aMD and a 1 ms cMD
simulation of BPTI correlate remarkably. Application of our metric on aMD trajectories provides
a possibility to track low-frequency local dynamics on the millisecond time scale.

Additionally we apply our metric to cMD and aMD simulations of the major birch pollen allergen
Bet v 1.0101 (Bet v 1a). Bet v 1a is a highly immunogenic storage protein and most prominent
for causing seasonal pollen allergy in the northern hemisphere.*>** Despite a sequence similar-

45.46 and minor differences in their 3D structures the more than 13 reported

ity of more than 95%
isoforms of Bet v la vary strongly in their immunogenicity.*’ Investigations on differences in
proteolytic stability and ligand binding of different isoforms and mutants of Bet v 1a suggest a
linkage between immunogenic potential and conformational flexibility.*’—

The accuracy of our results is underlined by comparison to NMR data,*’ displaying analogous
trends in experimentally and computationally estimated flexibility. Our results show that dihedral
entropies from aMD simulations are an efficient tool to describe local protein dynamics on the

millisecond time scale.



Theoretical Background

Accelerated Molecular Dynamics

In aMD a boosting potential AV (¥) is added to the original potential energy V (¥) to increase the
sampling efficiency. Decreased barriers between local minima enhance the escape rate for the
biased potential V*(7).!4

— The biased potential.
V*(F) =V (F) + AV (7) (2.1)
A threshold energy E is defined, which determines the biased potential.

V(7). V() >
VH(7) = V(F)+AV(F), V(7)<E.

V() = (2.2)

High-energy conformations, with energies greater than the threshold E, are sampled in the con-

ventional way. If an energy is lower than E a boosting potential AV (7) is added.

— The boosting potential.

Ay E-VEY

“arE-V( -

« is the so called acceleration factor or tuning parameter. The more ¢ approaches zero, the more
it enforces a rigorous acceleration of the simulation. Considering equation 2.3 the modified forces

acting on every atom i, for example, are given by

062

e o

F'=——=[V*(F) =V (F)+AV(F)] = F x [
The computational effort is comparable to conventional MD simulations. Yet the parameters E and
o have to be evaluated individually for each investigated system. The original potential energy

surface can be reconstructed by reweighting the trajectory with the Boltzmann-factor.'
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Methods

MD simulations were performed with the AMBER 14 simulation package.’® All shown structures

were prepared in MOE (Molecular Operating Environment, Chemical Computing Group, version
2014.0901)°! using the protonate3D tool.>> With tleap of the AmberTools15°° package all three
systems were soaked into a truncated octahedral solvent box of TIP3P water molecules.”® For
Di-Ala the minimum wall distance was set to 12 A, for BPTI and Bet v 1a to 10 A. Parameters for
all three systems derive from the AMBER force field 99SB-ILDN.>* All systems were carefully
equilibrated using a multi step equilibration protocol.® Precedent cMD simulations as well as all
aMD simulations were performed in NpT ensemble using pmemd.cuda.’® Bonds involving hy-
drogen atoms were restrained by applying the SHAKE algorithm,’’ allowing a time step of 2.0 fs.
Atmospheric pressure of the system was preserved by weak coupling to an external bath using the
Berendsen algorithm.’® The Langevin thermostat®® was used to maintain the temperature during
simulations at 300 K for Di-Ala and BPTI and 310 K for Bet v 1a (human body temperature).

All shown aMD simulations were performed using the dual-boost protocol®

implemented in
pmemd.cuda.’® Thereby the total potential is accelerated and an extra boosting is applied to the
dihedral potential. It has been shown that dual-boost aMD simulations sample the diffusive sol-
vent motions more extensively. Ensemble averages as well as entropy estimates converge faster
than in dihedral-boost aMD simulations.?®% All simulations were analyzed using cpptraj®! in
AmberTools15,°Y the reweighting protocol provided by Miao et al.'® and in-house scripts. The
free energy profile was reconstructed from the aMD simulations via Boltzmann reweighting using
a Maclaurin series expansion (up to the 10th order) as approximation for the exponential term, as
suggested in previous studies. '3

The local backbone flexibility profiles were estimated from the resulting reweighted one-dimensional
free energy profiles, state populations respectively, of the backbone dihedrals & and W. The en-
tropy is calculated by integration of the reweighted state populations of a given dihedral. A high
entropy of a residue backbone dihedral indicates high local backbone flexibility.?% 36

In the presented work we prioritized dihedral entropies Sy over S¢ in the representation protein
dynamics as it captures the backbone dynamics more comprehensively.®>%3 Yet, Sy alone does
not reflect the entire backbone dynamics and dihedral entropies S¢ were calculated as well (see

appendix).
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Alanine Dipeptide

For the reference cMD simulation of alanine dipeptide (Di-Ala) a 10 us trajectory comprising
100 000 frames, previously performed in our group was reanalyzed.”” Residue-wise dihedral
entropies of the reference cMD simulations were calculated from probability density functions

reconstructed by non-parametric kernel density estimation.3%37 1.64

As proposed by Botev et a
we optimize the bandwidth of the kernel function by cross validation, resulting in a continuous
probability density function for each dihedral. We periodically duplicate our data to minimize the
overestimated flexibility at the boundaries. The entropy for each dihedral S, was calculated by
integration of kp-p(x)-log(p(x)) on its probability density function p(x) as described in Huber et
al.3%:37 The standard deviations were calculated by splitting the trajectory into 100 segments.

For the aMD calculations the solvated and equilibrated Di-Ala system was simulated for 1 us
and stored as 500 000 equal-spaced snapshots (2 fs spacing). The aMD boosting parameters
were calculated as suggested in previous studies'® (see appendix for further information). To
minimize the statistical noise (and capture dynamics corresponding to 10 us of cMD) the resulting
trajectory was divided into 200 segments of 5 ns each (2 500 frames) using the segments for
averaging (appendix Figure 13.4). From the reweighted dihedral populations a Ramachadran plot
was created to assure sufficient and accurate sampling of conformational space (appendix Figure
13.1).

To compare aMD and cMD free energies we calculated the free energy of the cMD trajectory
using the reweighting protocol by Miao et al.'® We investigated several different bin sizes and the
jaggedness of the cMD profile disappears only using a bin size above 20°(appendix Figure 13.2).
However, as also suggested by Miao et al.'® we also observe a bin size of 6°to be a reasonable

compromise between accuracy and statistical noise.

BPTI

D. E. Shaw Research kindly provided us with a long time scale 1.03 ms trajectory comprising 4
140 000 snapshots as a cMD reference.!! We used the same joint neutron/X-ray refined structure
of BPTI (PDB: 5PTI)*® as D. E. Shaw et al. as starting structure for our large scale cMD and
aMD simulations. A 500 ns aMD simulation was performed and the trajectory stored in 250 000
snapshots. The aMD boosting parameters were calculated as suggested by Pierce et al.'> and
can be found in the appendix. To localize the observed dynamic hot-spots we calculated dihedral

entropies as described earlier for 1 ms and 1 us of cMD and 500 ns of aMD sampling time.
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Betv 1a
Based on the crystal structure of Bet v 1a with PDB ID 4A88%> we sampled 3 us of cMD simula-

tions on Bet v 1a. Suitable aMD boosting parameters for Bet v 1a were determined by a systematic
search (see appendix). We performed a 1 ts aMD simulation stored as 100 000 equally spaced
snapshots. The trajectory was split in 50 segments of 20 ns each (2 000 snapshots) and reweighted
as described above. Subsequently dihedral entropies were calculated and averaged over all 50
segments. NMR order parameters were kindly provided by Grutsch et al., the experimental setup

has been described elsewhere.*’



13

Results

Alanine Dipeptide

To establish our approach we calculated backbone dihedral entropies for ® and ¥ of alanine dipep-
tide from 5 ns aMD sampling and used a 10 us cMD simulation as a reference (Figure 4.1). We
find a significant reproduction of local minima and overall shape of the potential energy surface
for the backbone dihedral ® of Di-Ala. As reported before!® we also observe a shift in the ex-
trema of backbone dihedral ¥ to smaller W-values in aMD simulations. Exemplary, in the cMD
simulation an energy minimum is found at -24°, while the corresponding minimum in the aMD
results is recovered at -42°. Still the overall energy landscape of the reweighted aMD trajectory is
in reliable agreement with the cMD results.

Considering these errors, the resulting dihedral entropies, S ap=41.03 (£2.95) J/(mol-K) and
Sw amp=45.42 (£3.25) J/(mol-K), agree very well with those of the cMD ensemble Sg 3/p=40.20
(£0.60) J/(mol-K) and Sy yp=42.08 (£0.39) J/(mol-K).

BPTI

To benchmark our local flexibility metric we analyzed a 500 ns aMD simulation of BPTI and com-
pared it to a 1 ms cMD simulation provided by D. E. Shaw Research!! (Figure 4.2). It has been
demonstrated previously that 500 ns of BPTI aMD simulation cover a conformational space equiv-
alent to a 1 ms cMD.!” In addition to the findings of Pierce et al. we observe equal assessment of
local backbone flexibility for the 500 ns aMD and 1 ms cMD simulation. In the 1 ms reference
c¢MD maxima of Sy are found in regions from residues 10-20, 32—44 and the C-terminal residues
from 54-58. Each flexibility hot spot is reproduced in Sy from 500 ns of aMD sampling. The
high similarity of local flexibility in both simulation protocols is reflected in a Spearman rank cor-
relation over the protein length of r=0.93 for Sy between cMD and aMD. Comparable agreement
between the aMD and reference cMD simulations is also found for S¢ (see SI Figure 13.3). In
contrast, when looking at dihedral entropies from a 1 us cMD simulation notable differences are
found for Sy in the regions of residues 10-14 and 32—44. In 1 us of cMD sampling no elevation in
conformational plasticity is captured in these domains, though this is clearly observed on the mil-
lisecond time scale as well as in the aMD-derived ensemble. The deviation of the local dynamics
pattern results in a Spearman rank correlation of r=0.65 for Sy in 500 ns of aMD and 1 pus cMD
sampling.

For the dihedral entropies Sy and S captured in 500 ns of aMD we find a correlation of r=0.77.
The high correlation of S¢ and S¢ supports the assumption that a similar extent of flexibility is

captured in both backbone dihedral angles. In Figure 4.3 the flexibility hot spots displayed as
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Figure 4.1: From a reweighted aMD trajectory to dihedral entropies of alanine dipeptide:
State populations p are calculated from free energy profiles of the backbone dihedral W of a
10 ps cMD (black) and a reweighted 5 ns aMD (red) trajectory. Integration of the resulting
state populations leads to the dihedral entropy Sy pyp=42.08 J/(mol-K) and Sy 4/p=45.42
J/(mol-K).

graph in Figure 4.2 are color coded and projected on the BPTI fold. The differences in flexibility
captured in 500 ns of aMD (B) and 1 us cMD (C) are highlighted in (D). Sy of the 1 us cMD
simulation were subtracted from Sy resulting from 500 ns aMD. Positive values (blue) indicate

domains, which are more flexible in the aMD than in the cMD simulation of the same sampling
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length. When looking at the structure the most prominent deviation between 500 ns of aMD and 1
us cMD simulation lies in the local flexibility of the loop regions. Clearly, the dynamic nature of
the loop involving residues 32—44 found in the millisecond simulation is not adequately sampled

in 1 us cMD, but accurately represented in aMD sampling of the same length.
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Residue

Figure 4.2: Comparing local flexibility of BPTI captured in cMD and aMD simulations.
Residue-wise dihedral entropies Sy from a 1 ms cMD simulation (black) and 500 ns aMD
simulation of BPTI (red) show remarkable rank correlation (r=0.93). Local flexibility ob-
served in a 1 us cMD simulation (turquoise) clearly differs from the aMD results (r=0.65).

4.3 Betvla

With 159 residues the major birch pollen allergen Bet v 1a is the largest system in our study. A
1 us aMD simulation was split into 50 segments, 20 ns each. A 3 us cMD simulation and order
parameters S? from backbone amide NMR relaxation experiments*’ act as references for our met-
ric to quantify local motions in aMD simulations (Figure 4.4). Order parameters range from zero
to one, indicating no or full constriction of internal mobility of backbone amide groups on the ps-
to ns-timescale.%® Thus, an anti-correlation is expected since high entropy indicates lower order.
As observed for the BPTI system, the aMD-derived ensemble shows higher backbone flexibility
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A) 1 ms cMD

B) 500 ns aMD

D) ASy: B-C

Figure 4.3: Flexibility hot spots of BPTIL: Residue-wise dihedral entropies for ¥ (Sy) from
the 1 ms cMD (A), 500 ns aMD simulation (B) and 1 us cMD (C) are projected on the
structure of BPTI (PDB-ID: 5PTI). In Part A, B and C the color coding ranges from red
(Sy <30 J/(mol-K)) via yellow, to green (Sy >45 J/(mol-K)). Thus, the most rigid residues
are pictured in red, whereas the most flexible ones are colored green. Part D shows the
differences in Sy between 500 ns aMD and 1 us cMD (ASy=B-C). The color coding in D
ranges from red (ASy <15) to white, to blue (ASy >15 J/(mol-K)), i.e., blue indicates regions
where the aMD simulation captures a higher local flexibility. Thus, the cMD simulation
clearly underestimates the conformational dynamics of BPTI in the region of residues 10-14
and 32-44.

for all residues compared to the cMD-derived one. The general flexibility patterns are conserved
for most parts of the protein in both simulations. However, especially in the region from a1 to
B2 (residues 15-45) enhanced dynamics are visible in aMD, which are not reflected in the cMD
simulation. Order parameters S> show the expected anti-correlation with dihedral entropies of
the core domains, i.e., a3-helix and f3-sheets 4-7 (residues 70-159). Yet in contrast to experi-
mental findings we obtain lowered local dynamics for the a1-helix and the 2-sheet, while for
the loop region in between elevated flexibility is observed. These opposing qualitative observa-
tions are reflected in a Spearman rank correlation between the W dihedral entropies from aMD
simulations and amide order parameters S? of r=—0.35 for the whole fold. When restricting the
correlation analysis to the core helix a3 and fB-sheets 5-7 (residues 70—159) the rank correlation

is strengthened to r=—0.61.
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Figure 4.4: Local flexibility on different time scales in Bet v 1a: Dihedral entropies Sy from

20 ns aMD (red) and 3 s of cMD (black) are compared to experimental ps/ns dynamics®®
captured by NMR derived backbone amide order parameters S? (blue).*’
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Discussion

Local flexibility is decisive for biomolecular recognition mechanisms like protein-protein interac-
tions and ligand binding, as well as for protein folding.>* It has been shown that the flexibility
patterns of Bet v 1 are linked to its fold-stability*® and allergenicity.*’ Furthermore, studies on
the dynamics of proteases found a remarkable correlation between substrate specificity and local
flexibility of protease active sites.”> The associated dynamics include motions from the nanosec-
ond to the millisecond time scale.!” Metrics to quantify the amount of global and local motions
are indispensable for a holistic understanding of macromolecular interactions.?” Several expe-
dient metrics have been developed to account for global and local flexibility in cMD simula-
tions, such as root-mean-square fluctuation, locally and globally aligned b-factors, or torsional
entropies.?>3%%7 Dynamics from aMD simulations are currently predominantly described on a
global level only.?6-2%:68 In our study on three model systems of increasing size, we establish an
alignment-free internal coordinate-based metric estimating local flexibility in aMD simulations.
As expected, enhanced local dynamics are captured using enhanced sampling. As demonstrated
for global movements, we are able to describe local protein flexibility on the millisecond time
scale after several hundred of nanoseconds of aMD sampling. The residue-wise quantification of
motion in a protein backbone is constructed from torsional free energy profiles of reweighted aMD
trajectories via calculation of dihedral entropies.3¢

Investigations on the smallest system in our study, Di-Ala, illustrate the applied work flow. As al-
ready outlined in a previous study'® we also find a shift of minima in the free energy landscape of
W in the reweighted aMD trajectory compared to the cMD results. This deviation is most probably
generated by the reweighting step when using Maclaurin series of the 10th order as approximation
for the exponential. As shown by Miao et al. for alanine dipeptide, reweighting using cumulant
expansion to the second order reconstructs the free energy surface of aMD simulations accurately.
Yet, this approach requires the distribution of the boost potential to be exactly Gaussian.®® This
may be approximately the case for a small system like Di-Ala, but we observed that it is less suc-
cessful for larger biomolecular systems such as BPTI (appendix Figure 13.7). Previous studies
on BPTI and other proteins showed accurate results for Maclaurin series expansion of the 10th
order.'>2” Thus we prefer to use Maclaurin series expansion for all systems in our study for con-
sistency.

Overall, a quantitative reproduction of the positions of the local extrema is not essential for our
methodology, since their exact location has no influence on the resulting entropies. The state
probability distribution is generally broader in the aMD ensemble, but results in statistically equal
dihedral entropies. Thus, the same dynamic tendencies are estimated from the aMD and reference

cMD simulation.
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BPTI is widely used as a test system for NMR and protein dynamics in general and has been
investigated thoroughly over the last decades.*! The group of D.E. Shaw performed large scale
computer simulations and extensive studies on the dynamics of this model system.!! We have
demonstrated in previous studies that metrics of local flexibility in a 1 ms cMD simulation of
BPTI capture characteristic motions, known from NMR and global flexibility studies.”” These
prominent movement motifs comprise the isomerization of a disulfide bridge involving Cys-14
and Cys-38. With our metric we quantified local flexibility for a 500 ns aMD and a 1 ms cMD
simulation of BPTI with a striking Spearman rank correlation of r=0.93 for Sy. Thus, we are able
to quantify and localize millisecond dynamics with aMD simulations of several hundred nanosec-
ond length. When compared to a 1 us cMD simulation it is evident that these results cannot be
obtained with state-of-the-art simulation protocols of the same length (r=0.65). The differences in
captured molecular motions in 500 ns aMD and 1 s cMD sampling can be traced back to the loop
regions (residue 10—14 and 32-44), which comprise the switching disulfide bridge mentioned ear-
lier (see also appendix Figure 13.8). The isomerization of this bond, which is described by NMR
studies and the calculations of the Shaw group, implies an enhancement of local flexibility in the
surrounding region. The characteristic dynamics of the domain are evidently quantified by our
metric in 500 ns aMD sampling. These results show that the approach allows access to dynam-
ics of low-frequency motions. Additionally, our metric provides a tool to localize the origin of
elevated flexibility thereby identifying domains with prominent dynamics and allowing a residue-
wise interpretation.

Bet v 1a is the largest and thereby most challenging system in our study. The boosting parameters
for the Di-Ala and BPTI simulations were applied as suggested in previous studies.'> '8 For Bet v
la we set up 6 simulations on different levels of acceleration to test the limit of applied accelera-
tion without unfolding the protein (see appendix). It has been shown that the choice of parameter
has crucial impact on the resulting trajectory and has to be evaluated carefully.'®

To estimate the reliability of our findings we compared a 20 ns aMD trajectory to a conventional 3
us MD simulation and NMR-derived NH order parameters S2. Flexibility patterns recovered from
aMD and cMD simulation are overall in good agreement. Characteristic deviations are observed
in the region from helix a1 to the sheet B2 (residues 15-45). These observations are reflected by
a Spearman rank correlation of r=0.51 between the aMD and cMD simulation. We hypothesize
that this rather low correlation can primarily be explained by the different time scales captured.
Extrapolating from previous studies on BPTI, where 500ns of aMD sampling cover the dynamics
of 1 ms cMD sampling, 20 ns of aMD should correspond to dynamics of around 40 us. It can be
assumed that these flexibilities clearly deviate from motions captured in only 3 us sampling time.
Comparison of the dihedral entropy profile to order parameters S of the backbone amide®® leads

to similar findings. NMR order parameters S? are sensitive to ps- to ns-dynamics, capturing much
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faster than motions the shown aMD data. We expect a coupling between slow backbone dynam-
ics, profiled by aMD simulation, and fast motions, captured in NMR data.?® Thus, NMR order
parameters S? represent a method to experimentally probe protein backbone dynamics on residue
resolution and an insightful reference to estimate the reliability of our approach. As expected we
observe and anti-correlation between the calculated diheral entropies and the experimental order
parameters. Again reasonable agreement is visible for the region reaching from residue 70 to the
C-terminus, while for the domain from helix a1 to the sheet 2 (residues 15-45) almost opposing
trends are found. These qualitative observations become apparent in a Spearman rank correlation
of r=—0.39 between the aMD dihedral entropies and S?> when considering the whole protein. This
is only a slight improvement over cMD simulations, where correlations of r=—0.23 for torsional
entropies and order parameters are obtained. This might result from dynamics captured by aMD
being beyond the scope of the NMR timescale. It has been shown in previous studies that the
region from a1 to B2 undergoes a noticeable rigidification upon ligand binding.*’ Order param-
eters and relaxation dispersion profiles of the apo protein confirm the flexible nature of Bet v 1a
on a pico- to nanosecond as well as on a micro- to millisecond timescale. Residues from a1 to
B2 show elevated dynamics in both experiments. For the remaining parts of the protein (residue
70-159) a correlation of r=—0.61 is found between the aMD dihedral entropies and S?. Here the
correlation of cMD simulations and order parameters is still notably lower with r=—0.35.
Additionally dihedral entropies were calculated from aMD simulations of varying length ranging
from 10 ns to 1 us (see appendix Figure 13.10). Again, the resulting entropies show similar flex-
ibility profiles as experimental NMR studies, with exception of the discussed domain reaching
from a1 to $2. This emphasizes presence of complex conformational dynamics on multiple time
scales in this area.

With the presented metric we provide a tool to map low-frequency conformational dynamics of
biomolecules at residue level. With increasing system size reproduction of the original flexibil-
ity profile becomes more challenging. The decorrelation time of aMD and cMD data has been
investigated extensively in previous studies.!® It has been shown that the aMD generally reduces
the statistical inefficiency of a simulation. An extensive probing of the acceleration parameter is
crucial for the reliability of any aMD trajectory. Aggressive boosting enables extensive speedup
in conformational exploration, but can lead to a substantial loss of accuracy.'® Particularly the
reweighting step is a known, but yet not completely solved challenge.!” Some approaches, like
boosting of rotatable torsions only (RaMD),”® Gaussian aMD’! or selectively applied aMD,’?
alleviate the impact of the reweighting error.
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Conclusion

With the present study we introduce and validate a metric to characterize local protein dynamics
on the millisecond time scale. Accelerated MD simulations provide access to time scales three
orders of magnitude beyond state-of-the-art sampling time. Subsequent calculation of dihedral
entropies from aMD trajectories quantifies backbone flexibility of each residue.

The general functionality of our approach is shown on the model system Di-Ala. We calculated
dihedral entropies from a 1 ms cMD simulation of BPTL!! serving as reference to validate and
benchmark method and metric. We were able to show that dihedral entropies from only 500 ns of
aMD simulation identify the same flexibility hot spots, as observed in the 1 ms cMD trajectory.
The results are supported by previous NMR studies,*! which observe local conformational changes
in the same regions characterized as most flexible in our study. We applied the procedure on the
major birch pollen allergen Bet v 1a. Our study shows good agreement with local dynamics found
in a 3 us cMD simulation as well as with NMR derived amide order parameters.*’

We encourage the application of dihedral entropies as local flexibility metric on different aMD
protocols. We anticipate our novel metric to facilitate characterizing and thus understanding the

influence of molecular dynamics on biomolecular recognition and protein folding.
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Introduction

Computation and Drug Design

The drug discovery and development process has changed remarkably over the last decades. Back
in the 1950s researchers still relied solely on the results of in vivo testing.”> Since the 1980s large
scale protocols such as high-throughput in vitro screening (HTS) of extensive molecule libraries
became popular techniques for drug discovery.”* But the meager yields of hits combined with the
high costs has decreased the HTS enthusiasm of the 1990s.”> These days a typical drug discovery
campaign starts with the identification of a bimolecular target. The toolbox to identify and validate
biomolecular targets contains a plethora of gadgets ranging from classic gene knockout analysis
in mice over phenotypic screening’® to bioinformatic data mining protocols.”” Once the target is
classified a multidisciplinary team of scientists is delegated to design compounds that selectively
bind to the target.”® Again a vast variety of techniques intertwine to identify "hits", e.g. HTS,
virtual screening, biological assays and many more.”” A molecule usually is considered a hit at a
concentration of 50% inhibition (ICsg) around 10uM. In the following hit-to-lead phase the ICsg
is typically lowered 1 to 10 nm.”® If possible the 3D structure of a protein-ligand complex and/or
the apo target is determined, opening the door for "structure based drug design". The key idea in
structure based drug design is that a target receptor and a potent binder complement each other in
structure and chemical properties.®3! X-ray crystallography, NMR and computational method-
ologies work hand in hand, yielding in very efficient drug discovery and optimization routines.”?

The roles computational methods in moder drug design are manifold. Already the structure refine-
ment relies on simulated annealing®? and the development of the underlying molecular mechanics
(MM) force fields. Virtual screens are used to scan colossal compound libraries and score each
molecule based on its interaction potential with a target. In the more recent past, molecular dy-
namics (MD) simulations were recognized as valuable tool for modern drug design.?? Altogether,
todays computer aided campaigns, perform comparably well as HTS.?® This, a versatile appli-
cation of computational tools facilitates a more rapid and financially less intensive discovery and

optimization of novel drug canditates.

Molecular Docking and Dynamics

Molecular docking is a very efficient and valuable computational component in state-of-the-art
structure-based drug design. In virtual screens binding poses are predicted by a conformational
search. Subsequently these poses are ranked based on a scoring function.?* Usually the screened
libraries comprise several millions of compounds.’ Given the relentless growth of synthetically

available chemical matter, scoring functions are bound to provide a rapid and distinct prioritization
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of potential binding poses.®> Consequently, they often lack accuracy due to partially neglected
chemical terms.3® There are various docking approaches and software packages using different
scoring functions,’® such as DOCK,¥” FlexX%® and GOLD.%’

Traditionally a flexible ligand is docked into a rigid target cavity.”® Recent approaches introduce

91-93  The sampling

receptor flexibility by consideration of several binding site conformations.
as well as the weighting of these receptor conformations remain challenging yet.”* Neverthe-
less, the selection of a diverse set of target conformations enhances the search for new ligands.?
Molecular dynamics (MD) simulations have proven to be an efficient tool to capture dynamics of
macromolecules.” %097 Yet, as mentioned above, state-of-the-art MD simulations routinely cover
the microsecond time scale, while many biologically relevant motions appear on the millisecond
time scale or slower.!! Inherent limitations in conformational sampling can either be overcome
by usage of dedicated simulation hardware or by application of enhanced sampling algorithms.
Accelerated MD (aMD) is such algorithm and has been shown to extend the sampled conforma-
tional space drastically compared to conventional MD (cMD) simulation.?! Representative states
can be identified via clustering of the trajectory. Access to extended time scales of local dynamics
is known to be beneficial in encompassing target flexibility in docking screens.

Another challenge in flexible receptor docking is combining the score of each pose in each recep-
tor conformation. The result in general is not a single scoring value but rather a scoring profile.
The final rank of a pose can either be obtained by considering only the best score or by averaging
over multiple scores.”® The latter strategy assumes a normal energy distribution, or alternatively a
Boltzmann distribution of scores which can lead to a reduction in accuracy.”®'%

When applying the best score strategy the possibility of assigning high ranks to high-energy con-
formations arises. Despite the elevated internal energies of an unfavorable state it is still possible
that it strongly binds the ligand.'! Thus, it is appealing to include an energy penalty term for each

102 One strategy is to weight the receptor conforma-

103,104

receptor conformation in the scoring function.
tions based on their occurrence during a simulation.
The Shoichet group recently proposed the incorporation of experimentally deduced conforma-
tional energy penalties in docking scoring functions. Here, the Boltzmann-weighted energy penal-
ties directly derive from crystallographic state occupancies.®* This method decreases the predom-
inance of higher-energy conformations and allows a prediction of conformational changes in the
receptor upon ligand binding.

Many targets have been shown to undergo conformational changes upon ligand binding.!% Still,
for most of them no high-resolution crystal structures of the apo state exist in which several states
are modeled. As extension to ensembles from X-ray structures we propose MD simulations to
estimate the population of alternate receptor states. We probe our approach for the L99A mutant

of T4 lysozyme. (see Figure 7.1) The system is very well characterized by multiple structural and
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Figure 7.1: Structure of T4 Lysozyme (L99A) with three loop states modeled for the F-helix.
(PDB 4W57)

binding studies!?® 197 A recent study pointed out conformational differences of the T4 lysozyme
cavity depending on the ligand bound.!%> Yet, there is no crystal structure of the apo protein that

displays all three observed states. Altogether T4 lysozyme is an ideal candidate for our study.
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Theoretical Background

Docking Step-by-Step
Retrospective Screening

The initial challenge in every virtual screening campaign is setting up the system. Three dimen-
sional structures of proteins and DNA deriving from X-ray crystallography, NMR or electron
microscopy can be found in the protein databank (PDB). The target structure needs to be prepared
properly for docking, especially appropriate protonation of the binding site is crucial. In case a
number ligands is already known, it is advantageous to carry out retrospective sanity checks.’ For
these screens each known ligand is complemented with 30-50 property matched decoys. DUDE!?®
is a convenient web-tool to generate a decoy library. For every molecule poses and interaction en-
ergies are calculated and scored. The aim is to find an enrichment of known ligands in the top
scoring compounds. Enrichment is mostly visualized in receiver operator curves (ROC).!% Using
a logarithmic scaling of the x-axis increases the weight on early enrichment. The adjusted area
under the half-logarithmic curve (LogAUC) is a convenient method to quantify the enrichment.
Here the LogAUC of a random enrichment (14.5%) is subtracted from the total LogAUC, so that

positive values indicate enrichment better than random.'°

Prospective Screening

With the system all set, one is ready to screen extensive compound libraries, such as ZINC!!!-112
for novel binders. ZINC is a free database containing over 100 million molecules. All compounds
in this library are commercially available and in a ready-to-dock, 3D format. Again potential
binding poses are generated and ranked for each molecule. Subsequently the top scoring molecules
need to inspected and evaluated carefully . Docking algorithms are usually designed to emphasize
on speed rather than accuracy.” Considering the simplicity of scoring functions and the extent of
screened molecules it is not surprising that many compounds are misrepresented and artificially

high-ranking. Thus, a careful manual curating of the list is an indispensable step.

Experimental Testing

Evaluation of the docking results with experimental testing of potential binders is essential. Ac-
tivity alone can be tested in binding and functional assays. Those have to be evaluated carefully as
they can be biased by experimental artifacts.!!>-11® Experimental determination of ligand binding

poses can be realized using X-ray crystallography and NMR.
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Working with DOCK 3.7

In this study the DOCK 3.7 suite was used to conduct all presented docking screens. The workflow
in DOCK is basically divided into two major parts:

* Orienting the ligand
 Evaluating the orientation

DOCK 3.7 is able to perform docking screens with or without a known crystal ligand. It can be
advantageous to start from a structure of the target in complex with a ligand, but it will also bias
the results towards the known ligand. The receptor pocket is represented with spheres, that are
modeled based on the shape of the site and the pose of the crystal ligand (if given).8” Poses gener-
ated by comparing the atom-atom distances to the distance between the sphere centers, following
the longest distance heuristic. Using this method reduces the number possible poses.'!’

The scoring of each pose is based on several interaction grids. On each grid point the contribu-
tion of the receptor to the score is calculated and stored. So each grid is generated only once,
which decreases the computational time. The calculation of Van der Waals interactions is based
on an AMBER force field using a Lennard Jones Potential.!'® Electrostatics are approximated
with QNIFFT using a Poisson Boltzmann model.''* 120 Another grid scores effects deriving from

ligand desolvation.!!?

Flexible Receptor Docking with DOCK 3.7

In the flexible receptor (FlexRec) routine in DOCK 3.7 individual residues or loops are specified
as flexible while the rest of the binding site is treated as rigid.”* An invariant van der Waals and
ligand desolvation grid is calculated for the rigid parts receptor excluding flexible residues entirely.
Grids for the flexible domains of the receptor are calculated separately for each residue in each
state. Ligand desolvation and van der Waals interactions are additive, thus, the individual grids
can simply be added to the invariant grids.

Combining electrostatic terms is slightly more complex. To build the invariant electrostatic grid,
flexible residues or loops are included and modeled in their most occupied state. The individual
grids of each flexible residue in each state are calculated separately, while the rest of the flexible
residues is represented in their most occupied state. Subsequent subtraction of the invariant grid
leads to grids that reflect the impact of the movement on the electrostatics of each state.

The rank of each pose is ultimately the best score resulting from all possible combinations of

conformational states.
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Methods

Molecular Dynamics Simulations

Simulations from three different crystal structures of T4 Lysozyme (L99A) representing the closed,
intermediate and open state of the F-Helix (PDB 4W52, 4W57 and 4W59) were performed. As
described in part 1, MD simulations were performed with the AMBER14 simulation package.>
MOE (Molecular Operating Environment, Chemical Computing Group, version 2014.0901)°! and
the protonate3D tool’? were used to prepare the structures. With tleap of the AmberTools15°
package all systems were soaked into a truncated octahedral solvent box of TIP3P water molecules>>
with a minimum wall distance was set to 10 A. The parameters derive from the AMBER force field
99SB-ILDN.>* Each system was carefully equilibrated using a multi step equilibration protocol.
Precedent cMD simulations as well as all aMD simulations were performed in NpT ensemble
using pmemd.cuda.’® Bonds involving hydrogen atoms were restrained by applying the SHAKE
algorithm,>” allowing a time step of 2.0 fs. Atmospheric pressure of the system was preserved by
weak coupling to an external bath using the Berendsen algorithm.’® The Langevin thermostat>
was used to maintain the temperature during simulations at 300 K.

All aMD simulations were performed using the dihedral as well as the dual-boost protocol® imple-
mented in pmemd.cuda.’® The latter accelerates the total potential is and applies an extra boosting
to the dihedral potential. It has been shown that dual-boost aMD simulations sample the diffusive
solvent motions more extensively. Ensemble averages as well as entropy estimates converge faster
than in dihedral-boost only aMD simulations.?®%" All simulations were analyzed using cpptraj®!
in AmberTools15.>° The 1 us cMD and aMD trajectories were stored as 100,000 equal-spaced
snapshots (2.0 fs spacing).

Conformational Energy Penalties from MD Simulation

A distance criterion was applied to distinguish between the individual loop state. Alanine 99 (A99)
is located in the rigid core of the binding pocket, while Alanine 112 (A112) is a central part of
the flexible loop. In the crystal structure of T4 lysozyme L99A in complex with n-butylbenzene
(PDB 4W57) all three loop states are modeled. The distance between the Cor of A99 and A112
in this structure is 11.94 A for the closed, 13.12 A for the intermediate and 14.92 for the open
state. We observe clear trends towards distinct loop states in the cMD simulations, whereas all
aMD simulations showed a very broad and noisy distance distribution. We used a hierarchical
agglomerative (bottom-up) approach to cluster the trajectories based on the A99-A112 distance.
No discrete loop state, similar to any of the crystal structure conformations, could be reconstructed

from the aMD trajectories. However, the 1 s cMD simulation starting from the open state showed
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transitions between all three loop states and was therefore used for further evaluation.

Analyzing the cluster centroids, we find conformations of the F-helix similar to the three distinct
states of the known crystal structures (root mean square deviation (RMSD) less or equal to 0.62
A, Figure 9.1). The closed loop conformation is represented by cluster 0, the intermediate by
cluster 1 and the open state by cluster 2 and 3. Figure 9.2 shows the sequence of visited clusters.
The simulation that starts from the open state (cluster 3) immediately collapsed into the closed
state (cluster 0). There are several transitions between the closed and intermediate state (cluster 1)
throughout the whole simulation. After 500 ns the open state (cluster 2) is revisited. The cluster
size is the normalized cluster occupancy, which derives from the number of frames sampled in
each cluster divided by the total number of frames (100 000). Through Boltzmann weighting of

the cluster size the receptor energy penalty for the docking runs was calculated. (Table 9.1)

1: Cluster 0

2: Cluster 1

3: Cluster 2
4: Cluster 3

5: Interm. 1.53|1.75
6: Open

7: Closed

Figure 9.1: Left: Binding site with all three loop states and distances A99-A112 (PDB
4W57) Right: RMSD between cluster and crystal structures of F-helix.

distance A99-A112 /A
cluster number

L

L | L 1 L 1 L 1 L
0 2000 4000 6000 8000 10000 00 500 1000 1500 2000
frames frames

Figure 9.2: 1 us cMD simulation. Left: Distance A99-A112 evolution in 1 s cMD (sieved
to 10 000 frames). Right: Cluster occupancy over time s cMD (sieved to 2 000 frames),
several transitions between all three states.
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Table 9.1: Normalized cluster occupancies and energy penalties from MD simulation

State Cluster number | Clustersize | Penalty /(kcal/mol)

closed 0 0.971 0.0177
intermediate 1 0.025 2.21

open 2,3 0.005 3.18

Conformational Energy Penalties from Binding Free Energy

Previous studies on the L99A mutant of T4 Lysozyme showed significant differences in the in-
crease of binding affinity and water-octanole transfer energy for ligands growing from benzene,
to toluol, ethyl-, n-propyl and n-butylbenzene. Elongation of the alkyl chain raises the affinity
of the ligands to the hydrophobic pocket, yet only half as much as expected from water-octanol
transfer energies.!% 19 It has been proposed that the difference in free energy is consumed by the
conformational change needed to fit the larger ligand in the pocket.!?

We calculated the free energy difference and related it to the crystallographic ligand occupancy of
each loop state.'% (Table 9.2) We introduced an "invisible state" i, which represents the uncer-
tainty in crystallographic occupancies. Solving the system of equations results in the contribution
of each conformation to the binding free energy. We thereby obtain a penalty energy of 0.81

kcal/mol for the closed state, 1.24 kcal/mol for the intermediate state and 3.37 kcal/mol for the

open state.
Table 9.2: Crystallographic ligand occupancies and differences in free energy.
Ligand Closed | Intermediate | Open | Invisible state | AAG /(kcal/mol)
Benzene 0.7 0.3 2.284
Toluol 0.8 0.2 1.794
Ethylbenzene 0.55 0.35 0.1 1.514
n-Butylbenzene 0.6 0.3 0.1 0.874

Retrospective virtual screening

DOCK 3.7 was used for all presented docking screens. The energy penalties, calculated as de-
scribed above, were incorporated in the implemented flexible receptor docking protocol. We used
the crystal structure of T4 lysozyme in complex with n-butylbenzene (PDB 4W57), in which all
three loop states are modeled. For ligand enrichment calculations 127 known ligands and 6700
decoys generated with DUDE were docked.'%®

Further we performed standard rigid docking screens for each loop state. We used the most occu-
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pied loop state with benzene, n-butylbenzene and n-hexylbenzene bound as crystal ligands (PDB
4W52, 4W57, 4W59). The poses in each screen were scored and evaluated individually. Subse-
quently we applied the penalties described described above. The scores including the penalty were

combined and reevaluated. The last approach is further referred to as multiple receptor docking.
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Results

Conventional Rigid Docking

To benchmark the flexible receptor docking screens we carried out a conventional rigid docking
screen with each loop conformation. Poses for ligands and decoys were generated and scored
based on three different crystal structures. T4-Lysozyme in complex with benzene, n-butylbenzene
and n-hexylbenzene were chosen to represent the closed, intermediate and open state (PDB 4W52,
4W57 and 4W59). Docking screens using the closed and open state of the F-Helix yield similar
results (Figure 10.1). With a LogAUC of 25.85 for the closed and 26.22 for the open state, both
show weak enrichment compared to docking to the intermediate state which results in a LogAUC
of 39.74. Especially when looking at the early enrichment in the top 1% of docked compounds we

find very few of the known binders.
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Figure 10.1: LogROC plot and adjusted LogAUC values. Left: Conventional rigid docking;
docking to the intermediate state (blue) leads to highest enrichment (LogAUC 39.74). Right:
Flexible Receptor Docking with penalties from MD simulations; incorporation of penalties
increases enrichment.

10.2 Penalties from MD Simulation

The distance between Alanine 99 (A99) and Alanine 112 (A112) was chosen as criteria to define
and distinguish the three loop states. Clustering of a 1 s cMD simulation based on this dis-
tance led to the occupancy and subsequently the energy penalty of each state (see Methods). This
penalty was then applied to the flexible receptor algorithm implemented in DOCK 3.7 (FlexRec)
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by Fischer et. al.®* The LogROC and the according LogAUC show high and early enrichment
of known ligands. Compared to the best results from the conventional docking with a LogAUC
of 39.74 for the intermediate loop, the LogAUC increases 42.97 by using FlexRec docking. In
addition, more known ligands rank in the top 0.1% when using FlexRec compared to conventional
rigid docking.

To investigate the impact of the introduced penalty energies we also performed a FlexRec docking
without any penalty applied. We further "inverted" the original penalties by switching the highest
with the lowest penalty. In both cases we obtain less enrichment of known ligands, especially in
the top 0.1% of docked molecules. (Figure 10.1)

Besides enrichment of known ligands we also investigated the accuracy of pose and loop state
prediction abilities of the methodology. We compared docked poses of eight homologous ligands
to their crystal structures.!®> The dominant receptor conformation in these complexes/structures
was found to shift from the closed to the open state with increasing ligand size. Loop states for
five out of eight of the best scoring poses agree with the most occupied states found in the crystal
structures. For n-propylbenzene two crystal ligand poses are observed and an occupancy of 60%
for the closed state. The best scoring pose in the FlexRec docking was found for the intermediate
state. More definite are the differences for n-pentyl- and n-hexylbenzene. Both bind exclusively

to the open conformation in the crystal structure, but score best in the intermediate state.

Penalties from Binding Affinity

Flexible Receptor Docking

The FlexRec docking screens using energy penalties based on binding affinity differences result
in a LogAUC of 37.99 (Figure 10.2). The LogROC shows less enrichment of ligands in the
top 0.1% compared to the results from MD simulation based penalties. Furthermore, we do not
observe significant differences in the enrichment results on applying no penalty at all or inverting
the weighting. Also introduction of a multiplier, as suggested by Fischer et al.,°* hardly changes
the results. Regarding the reproduction of crystal poses and preferred loop states the approach

performs similar to the MD-FlexRec protocol.

Multiple Receptor Docking

To customize the docking spheres used to sample poses in each loop state we extended the FlexRec
methodology to a multiple receptor docking scheme (see Methods). This approach leads to a
LogAUC of 35.40 for the binding affinity based penalties (Figure 10.3). Applying a multiplier of
m=2 as proposed by Fischer et al. 2014 increases the LogAUC to 41.34. Combining the scores
without penalties leads to a clear decrease of the LogAUC to 27.89. The significant impact of
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Figure 10.2: LogROC plot and adjusted LogAUC values of flexible receptor docking screens
using penalties estimated from binding affinity. Left: Incorporation of penalties slightly im-
proves enrichment. Right: Improvement of enrichment by applying a multiplier

the penalty is also apparent in the ligands found in the top 1% of docked molecules, as can be
seen in the LogROC. Docking based on three different loop structures is further the only approach
discussed that finds the correct loop state for n-pentyl and n-hexylbenzene. On the other hand it

falsely favors the intermediate over the closed state for n-propylbenzene and toluol.
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Figure 10.3: LogROC plot and adjusted LogAUC values of multiple receptor docking
screens using penalties estimated from binding affinity.
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Discussion

Protein flexibility, i.e. the conformations of the binding site, plays a key role in ligand bind-
ing.%83:98.121.122 1y this work we compare various docking setups for the flexible binding site
of T4 lysozyme. We estimate the success of retrospective docking campaigns based on LogROC
plots, LogAUC, and the accuracy in reproduction of crystal ligand poses.

The standard rigid docking protocol performs fairly well for the intermediate loop state. This re-
sult is hardly surprising considering that the vast majority of known ligands was reported bound
to this state. Clustering of all T4 lysozyme structures in the PDB identified the intermediate state
as the most common one.'% Thus, the test set is presumably biased towards this conformation.
The target of this work is to provide an efficient methodology to increase the novelty in high rank-
ing ligands and decrease the bias to known structures. The original work from Fischer et al.”*
on which this work is based upon, achieves this aim by using a high resolution room temperature
apo crystal structure of cytochrome C peroxidase. Here we aim to establish a robust protocol that
estimates receptor flexibility for proteins without the support of multi-state structural data.

MD simulations have been proposed to assist flexible receptor docking screens in several previ-
ous expedient studies.”!» 123124 We envisaged to extend the covered conformational changes using
aMD. Unfortunately, we did not succeed in defining discrete receptor states from aMD trajecto-
ries. We observed the most significant increase of dynamics compared to the cMD simulations
in the N-domain of the protein far away from the binding site. For the F-helix itself we found a
broad range of conformations, but were not able to reconstruct the experimentally observed states.
These results indicate a too vigorous biasing of the simulations.

With a 1 us of cMD simulation starting from the open state we were able to sample transitions
between all three loop states. This additionally indicates that the distinct states are accessible
without biasing the underlying potential.

The ratio of sampled states leads to energy penalties that result in very reasonable enrichment.
The very early enrichment of known ligands in the top 0.1% to 1% of docked molecules is clearly
improved by applying the penalty. We find comparable enrichment for docking to the rigid inter-
mediate state only. Similar findings were reported in the work of Fisher et al.”* In their study they
did not observe an increased enrichment of ligands, but an increase in the covered chemical space.
We anticipate that a prospective screen followed by experimental testing would lead to a similar
outcome for our protocol.

In a further approach we incorporated more experimental information in the estimation of the re-
ceptor penalties. Determining the bias of each conformation based on a binding affinity study
led to acceptable results with a LogAUC of 37.88. Yet, this docking screen is hardly any more
successful than applying no penalty at all, which results in a LogAUC of 36.50. Also when we
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introduce a multiplier of m=2 the impact of the weighted penalty is subtle. Yet, we observe a slight
improvement in enrichment when comparing the suggested penalty (LogAUC: 39.07) to the in-
verted ones (LogAUC: 37.11). In docking screens using inverted penalties the highest and lowest
energy are switched, penalizing the closed state the most. These results indicate that the ratio of
the penalties deriving from the binding affinity study might not be robust enough to prioritize the
individual states.

In both of the described protocols one sphere set was used to sample conformations of each loop
state. These spheres were based on the intermediate state of the F-helix. Ligands binding to
the open state hardly fit into this sphere set. We assume this is at least partially the reason why
the loop preferences were predicted incorrectly for the more bulky ligands like n-pentyl- and n-
hexylbenzene. To overcome this restraint we combined results from docking ligands to each loop
state individually. We added the binding affinity based energy penalty to each score and reevalu-
ated the enrichment. Using this protocol we found a major improvement on applying the penalty
(LogAUC: 35.40) compared to not prioritizing any state (LogAUC: 27.86). Increasing the weight
with a multiplier further increases the enrichment to a LogAUC of 41.14 for m=2 and 43.18 for
m=3. Thus, the results of the multiple receptor docking approach are comparable to the best rigid
docking and MD-FlexRec enrichment. Further we correctly predict the binding mode of n-pentyl-
and n-hexylbenzene. Yet, small ligands binding to the closed state are falsely predicted to bind to
the intermediate state. Further, we observe large ligands scoring significantly better, indicating a
bias towards high molecular weight. Altogether, we observe an acceptable enrichment and diver-
sity in high ranking ligands docking to multiple receptor conformations, but we also significantly

increase the calculation time.

Conclusion and Outlook

Incorporation of protein flexibility into DOCK 3.7 has shown to increase the chemical space of
newly discovered binders.”* In this work we perform and compare several flexible receptor dock-
ing protocols. We use MD simulations and binding studies to weight known conformational states
of T4 lysozyme L99A. The results are comparable to what was found for conformational penal-
ties from X-ray occupancies. Thus, in absence of appropriate experimental data MD simulations
represent a feasible method to prioritize receptor conformations for molecular docking.

We will continue the project to conduct prospective screens and experimental testing of com-
pounds. Numerous pharmaceutically highly relevant proteins, such as neuraminidases, have been
found to change their conformation upon ligand binding.'%-1% We envisage to extend our set of

model systems to test and substantiate our approach.
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Appendix

Calculation of aMD Parameters

All parameters were calculated according to the formulas below.

Ethreshp = Eptiep + a1 - Nrgs (13.1)
M

oap=ay 5> (13.2)

Ethreshp = Etor + b1 - Natoms (13.3)

op = b - NaToMS (13.4)

EpmEp is the average dihedral and Etor the total potential energy resulting from previous cMD
simulations. Ngrgs and Naroms are the number of residues and atoms respectively, in each system.
The variables ay,a;,b; and b, were altered systematically for each system to optimize the boosting

level. The applied values for the aMD simulations are shown in table 13.1. For Bet v 1a we

Table 13.1: Parameters for aMD simulation of each system.

System | ai a» Egweship  Op by by Ethreshp op
Di-Ala | 3.5 3.5 18.7 14 | 0.175 0.175 -343 532.2
BPTI 4 4 837.8 464 | 0.16 0.16 -40754 2198.6

Betvla| 3 3 2189.2 954 | 0.30 0.16 -73135 4333.6

systematically tested 5 sets of boosting parameters. Further we set up an aMD simulation in
which we only boosted the dihedral potential. We started with a set of boosting parameter that we
considered to only cause a slight boosting effect and slowly increased the intensity of the boosting
until the protein would unfold (Set 5). We chose to continue with the most aggressive boosting
parameters, that would not unfold the protein after 1 us of aMD simulation. Despite the awareness
of the resulting increase in inaccuracy we tried to maximize the effect of the aMD method. We
considered this approach to give us the most information on potential slow conformational changes

in Bet v 1a, as well as on the robustness of our metric.
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Table 13.2: Parameters tested for aMD simulation of Bet v 1a.

Set | ay ay Egessp  Op by by Etnreshp op
1 4 4 23482 127.2 1 0.30 020 -73135 8125.5
2 4 4 23482 127.2 ] 020 020 -75843 5417
3 3 2 21892 954 | 020 0.20 -75843 5417
4 3 3 21892 954 | 030 0.16 -73135 4333.6
dh | 3 3 2189.2 954 - - - -

13.2 Alanine Dipeptide

6.0

45

Free Energ\:/: /(kcal/mol)

0.0

Figure 13.1: Conformational space sampled in 1 ps of aMD. Blue regions indicate the most
favorable states with the lowest energy. Unfavorable torsional states with a free energy higher
than 6 kcal/mol (red) are depicted in white.
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Figure 13.2: Free energy of W calculated using a bin size of 6°(black) and 20°(turquoise).
The increase of bin sizes smoothens the free energy surface but causes a shift of minima. The
jaggedness of the profile using a bin width of 6°is most likely due to the limited number of

recorded frames (100 000).
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Figure 13.3: Free energy and state populations of ® in Di-Ala. Left: Free energy distribution
of @ from a 10 us cMD (black) and 5 ns aMD (red) simulation of Di-Ala. Rarely or not
visited dihedral states showing highly unfavorable free energies were cut off at 6 kcal/mol.
Right: State populations calculated from the free energies of ® as shown in Figure 1
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Figure 13.4: Reweighted free energies of Di-Ala. A 1 us trajectory was split into 200 seg-
ments of 5 ns each (2 500 frames) using the segments for averaging. (red) The free energy
landscape of W was reconstructed using reconstructed using Maclaurin series in the reweight-
ing protocol. As a reference the free energy surface of ¥ from a 10 us cMD simulation
(black) is shown. The standard deviation of the aMD trajectory shows the stability of the
results in well sampled areas and highlights strong fluctuations for less sampled ones.
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Figure 13.5: Comparing local flexibility of BPTI captured in cMD and aMD simulations.
Residue-wise dihedral entropies S¢ from a 1 ms cMD simulation (black) and 500 ns aMD
simulation of BPTI (red) show remarkable rank correlation. Local flexibility observed in a 1
us cMD simulation (turquoise) clearly differs from the aMD results.

Comparing dihedral entropies from ® and W we find a Spearman rank correlation r=0.77
between Sy and S¢ of BPTI. For Bet v 1a we observe correlation of r=0.86. These results support
the assumption of a similar extent of motions captured in both backbone dihedrals phi and psi.
When considering the information displayed in Ramachandran plots of single amino acids, the
W-axis generally shows a broader distribution than the ®-axis.®> So most amino acids secondary
structure elements, such as alpha-helices and beta-sheets, can be distinguished solely by looking
at the psi-distribution.®3 Hence, not the whole backbone dynamics are reflected by the ¥ angle.
& dihedral distribution were calculated as well. Yet, for the representation of protein dynamics
based on dihedral entropies we prioritized ¥ over & as it captures the backbone dynamics more

comprehensively.
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Figure 13.6: Benchmarking sampling time of BPTI. Dihedral entropies of BPTI were evalu-
ated after 10, 50, 100, 200 and 500 ns aMD simulation time. TOP: 200 ns and 500 ns result
in similar flexibility patterns, while shorter sampling runs capture only small increase of flex-
ibility from residues 10-20 and 32-44. BOTTOM: Comparison of dihedral entropies from
200 ns (blue) and 500 ns (red) aMD to 1 ms cMD (black) sampling. In both aMD simulations
the same regions are captured as flexible, yet after 500 ns the shape of the 1 ms simulation is
reproduced more accurately.
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Figure 13.7: Probing different reweighting protocols. Dihedral entropies Sy were calculated
from the same 500 ns trajectory of BPTI using Maclaurin series (red) and cumulant expansion
(blue) to approximate the exponential in the reweighting protocol. Using cumulant expansion
we find a Spearman rank correlation of r=0.85 between the 1 ms control (black) and 500 ns
aMD simulation. Reweighting with Maclaurin series increases the correlation between aMD
and cMD results to r=0.90.
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Figure 13.8: Isomerization of disulfide bridge CYS14-CYS38. During 500 ns aMD sim-

ulation the dihedral of the disulfidebridge between CYS14 and CYS38 switches multiple

times between values around 100 degrees to -100 degrees. The two populated dihedral states

represent the cis- and trans-conformation of the disulfide bridge.
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Figure 13.9: Probing different levels of acceleration in Bet v 1a aMD simulations. Dihedral
entropies Sy for two sets of aMD parameter are shown (r=0.80) one with less boosting (blue,
set 1) and a more aggressively boosted one (red, set 4). The error shown in the bottom derives
from trajectory splitting. The 1 us trajectories are split into 50 segments, resulting in the
shown average and standard deviation representing 20 ns of aMD sampling. It is clear to see
that the error of an aMD simulation is strongly dependent on the chosen boosting parameters,
i.e. level of acceleration.
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aMD simulations are found from residue 15-45.
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