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Molecular dynamics simulations
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When are models useful ?

Simulation can replace or complement the experiment:

1. Experiment is impossible Inside of stars
Weather forecast

2. Experiment is too dangerous Flight simulation
Explosion simulation

3. Experiment is expensive High pressure simulation
Windchannel simulation
Trial and error drug design

4. Experiment is unethical Global spread of a virus

5. Experiment is blind Some properties cannot be
observed on very short time-
scales and very small space-
scales
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Simulation and experiment are complementing methods
to study different aspects of nature

experiment simulation

Resolution*

size : 1023 molecules 1      molecule

time : 1      second 10-15 seconds
*: Single molecules / 10-15 seconds possible 

(but not both in the liquid phase)

(restricted) (unrestricted)

Molecular simulation and experiment
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MOLECULAR
MODEL

Degrees of freedom: 
how much detail do 

we take into 
account?Forces or 

interactions 
between atoms Boundary conditions

Methods to generate 
coordinates

environment
temperature

pressure
numerical 

representation

A model for molecular computations
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A molecule has a certain energy

• Point charges with an electron cloud around it
– Quantum mechanics, ab initio or semi-empirical

• Collection of balls and springs:
– Molecular mechanics, force field representation

( ) ( )Ĥ Eψ ψ=r r
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Molecular mechanical interactions

Rotation around
bond

Planar
atomgroups

van der Waals
interactions

Electrostatic
interactions

-
+

-
-

Bond stretching

non-bonded 
interactions

bonded 
interactions

Angle bending
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Interacting Particles
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Physical Terms

( )  N-body polarization energypol NV r =

( )  external fields energyext NV r =

Special Interaction Terms examples

• restraints on the system:

• from experimental data

• to bias the sampling
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Energy minimisation

• Find the lowest-energy conformation of a molecule

• Compare to a marble rolling down a slope
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Different conformations
• Rotate around bonds

• One compound

• Many different conformations
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Different conformations

• Every conformation is associated with an energy, as a function of 
the positions of all particles, q = (x1,y1,z1,x2,y2,z2,…)

E = f(q) = f(x1,y1,z1,x2,y2,z2,…)

• Compare q to a point on a
multi-dimensional energy surface
(3N-6)-dimensional

• Minima are favourable conformations
• Saddel points are transition states
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Conformations on the surface

• Every conformation is represented by a specific point on the  3N-6 
dimensional surface
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Classical laws of motion

Situation at time t+Δt

Situation at time t

Force is determined by relative positions

acceleration = force / mass    
Δ velocity = acceleration× Δ t

Δ position = velocity× Δ t
force

velocity

position

Determinism …

Sir Isaac Newton
1642 -1727
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new positions

time t

time (t+Δt)

positions
velocities

forces

new velocities

... Comparable to shooting a movie of 
molecular motion...

Leap frog algorithm

Molecular dynamics
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History

Year molecular system: type, size length of the simulation 
in seconds

1957 first molecular dynamics simulation (hard discs, two dimensions)

1964 atomic liquid (argon) 10-11

1971 molecular liquid (water) 5 .10-12

1976 protein (no solvent) 2 .10-11

1983 protein in water 2 .10-11

1989 protein-DNA complex in water 10-10

1997 polypeptide folding in solvent 10-7

2001 micelle formation   10-7

2010 folding of a small protein 10-6

2021 complete SARS-CoV-2 virion in aerosol 10-6
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Folding simulation
• Proteins are too large 

systems to simulate the 
slow folding process.

• Smaller model compounds 
can  be correctly folded on 
the computer.

! Information about folding 
mechanisms and the 
unfolded state
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RMSD: Root mean square deviation
• A measure to 

compare two 
structures

• Here we compare 
the structures seen 
in the simulation to 
the experimentally 
determined ‘folded’ 
structure
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folding equilibrium depends on temperature 

folded

unfolded

Temperature dependency
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folding equilibrium depends on pressure 

Pressure dependency



WS 2022/2023Modern Bioinformatics

Formation of the complex
(camera focuses on the diamine)

Diol + Diamine + 252 CCl4 Molecules 
2.1 – 2.2.10-9 seconds

Complex formed
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Diol + Diamine + 252 CCl4 Molecules 
3.2 – 4.0.10-9 seconds

… and a nanosecond later …the molecules are free again…

Hydrogen bonds

O " N

N " O
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Hydrogen bonds

NH2

NH2

HO

HO
H

H

O
H

N

H

H

H

O

N?
Cyclohexane-

diamine
Cyclopentane-

diol

δ+
δ-

δ-
δ+

Complex :

Experimental MD simulation
Benzene CCl4

ΔGb [kJ/mol] -9.3 -11.5 -10.4

Average binding strength (free enthalpy) :

Many different bindingmodes

Binding equilibrium of two small molecules
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21%
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Occurrence of different binding modes :

Life time :
• Average life time of the complex: 2.10-10 sec (max. 3.10-9 sec)

• Average life time of a hydrogen bond: 5 .10-12 sec

Experimentally hardly (or not) possible !

Results of the simulation
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Ligand binding

• We can try to calculate the 
(un)binding of a ligand

• Calculate the potential of mean 
force along the reaction 
coordinate

• Binding free energy is difference 
between bound and unbound 
values

• Information about the binding 
processes

ξ

ΔG(ξ)
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Binding processes
• Aspirin binding to cytosolic Phospholipase 2

• Umbrella sampling with distance restraints from the active site
GROMOS11, GROMOS 54A7 force field
31 x 10 ns, 300 K, 1 atm, SPC water

• Weighted histogram analysis (WHAM)
• Barriers along the way

ΔG0
bind (US)= -29.8 kJ/mol

ΔG0
bind (exp)= -29.6 kJ/mol
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Barriers: real or artifact?

• Centre of mass of aspirin

• Seems to get stuck behind a 
part of the protein

• Resolve
– Single path
– Reversible binding
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Potential of mean force
• Pulling along a ‘wrong’ path will give the correct free energy difference

– In the limit of infinite sampling
– In practice, the value is very path dependent

• Multiple paths and orientations play a role
• We want to simulate the ensemble of possible paths

• Possible solutions:
– Pull the molecule out many times
– Enhanced sampling (REMD, Local Elevation, …) to bind reversibly

real pathway

force
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Replica exchange MD
• Run simulations at different conditions
• Mix them using the Metropolis criterion (MC)
• For each of the simulations you get a correct ensemble

• Replicas differ  in, λ-dependent, Hamiltonian

• At large distances, the ligand
diffuses

• Returns via a different pathway
• Broad ensemble at every λ
• Round trips: reversible binding

Sugita, Y.; Kitao, A.; Okamoto, Y. J. Chem. Phys. 113, 6042–6051 (2000)
Figure: A. Patriksson, D. van der Spoel,  Phys. Chem. Chem. Phys., 10, 2073 (2008)
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H (p,r,λ) = K(p)+V phys (r)+V rest (r,λ)
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Distancefield coordinate

• Calculate the shortest route not through the protein

• Use a grid
Dijkstra’s algorithm to find the shortest way
• Find nearest grid point to a reference 

position
• For all neighboring points assign distance
• Penalty when moving into the protein
• Move to the next point with the smallest 

distance
• Periodicity is automatically taken care of
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Distance restraints Distancefield

Back to the example of aspirin
• Distance restraints push into the protein and distort structure
• Distancefield restraints curve around the protein
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Application of distancefield

Distancefield coordinate allows for reversible binding / unbinding

Various applications implemented in GROMOS

24 replicas
restraints at different distances
alternating switching time 2 ps
10 ns per replica

Hamiltonian replica exchange

De Ruiter and Oostenbrink, J. Chem. Theory Comp. (2013) 9:883

Local elevation / Metadynamics
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Resulting PMF and routes

ΔGbind (US)= -29.8 kJ/mol

ΔGbind (US)= -32.2 kJ/mol
ΔGbind (TI) = -30.8 kJ/mol

De Ruiter and Oostenbrink, J. Chem. Theory Comp. (2013) 9:883
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• Model system: Ubiquitin-UBM2
– Experimental (NMR) structure available

• To achieve reversible binding:
• 3 sets of λ-dependent distance restraints

– 12 between Cα at the binding site (“specific”)
– 1 between Cα-COMs of binding partners
– 2 elastic networks on each binding partner

• corresponding to a snapshot from the bound complex
• Cα-Cα distance restraints between 0.4 and 0.9 nm

• 54A8 ff, modified Gromacs 5.1.2, 1.4 nm cut-off, reaction-field, NPT, 300 
K, 1 bar, SPC water, 150 mM NaCl

Protein-protein interactions
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Thermodynamic cycle

Elastic

Network

Distance 

restraint

ΔGbind
0

V 0

Vsim
unb

ΔGen,dr
b

ΔGbind
res

ΔGen,1
u ΔGen,2

u

ΔGbind
0 = ΔGbind

res + ΔGen,dr
b + ΔGen,1

u + ΔGen,2
u + ΔGcorr

0
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Binding/unbinding
• Binding process (          )  simulated in z-coordinate only or radially
• increase in distance of restraints from 0 to 2.5 nm (λ = 0 to λ = 1)

– specific C-C distance restraints 
are turned off (n = 0, m = 2)

– COM-COM distance restraint 
is turned on (linearly)

• HREMD with time between switching attempts of 20ps
• optimized λ-spacing

– replica diffusion should give “round-trips”
– 54 unequally spaced replicas

ΔGbind
res
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Binding/unbinding

• Binding/unbinding in radial or z-coordinate (           )
– Similar results

• 50 ns of H-REMD in 54 replicas
– Free energy: 

• thermodynamic integration over λ
• Bennets acceptance ratio

ΔGbind
res
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Turning on/off elastic network
• Turn on elastic network C-C restraints from λ = 0 to λ = 1

– specific C-C distance restraints are also turned on in the complex,
– all restraints are soft at λ < 1

• HREMD with time between switching attempts of 100 ps
– 31 equally spaced replicas

ΔGen,dr
b

Complex UBM2
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Summary ΔG0
bind (kJ/mol)

System/Experiment (incl. cor.)

Simulation WT RS -36.2 ± 1.1 +10.1 ± 2.1 -26.1 ± 2.4

Simulation WT ZS -32.6 ± 2.8 +10.1 ± 2.1 -22.5 ± 3.5

Simulation WT ZL -35.5 ± 2.1 +10.1 ± 2.1 -25.4 ± 3.0

Experiment: WT ITC (Cui et al. 2010) -25.1

Simulation P692A RS -33.2 ± 0.6 +11.4 ± 2.3 -21.8 ± 2.3

Simulation P692A ZS -31.6 ± 1.8 +11.4 ± 2.3 -20.2 ± 2.9

Simulation P692A ZL -33.9 ± 1.9 +11.4 ± 2.3 -22.5 ± 3.0

Experiment: P692A ITC (Cui et al. 2010) -20.4

ΔGbind
res ΔGen

b/u∑ ΔGbind
0

Perthold and Oostenbrink, J. Chem. Theory Comp. 13 (2017) 5697 - 5708
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Thermodynamic cycle for binding

• Free energy is independent
of the path (state function)

• Thermodynamic cycle
• Relative free energies
• Computational alchemy

1 1
ΔGbind(1)

2 2
ΔGbind(2)

ΔG21(bound)ΔG21(free)

ΔΔG
bind

= ΔG
bind

(2) - ΔG
bind

(1)
= ΔG

21
(bound) - ΔG

21
(free)
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Who fits better at BOKU?
• Are there others that are more suitable?

ΔG
bind

(1)

ΔG
bind

(2)

ΔG21(bound)ΔG21(free)

• Compare two employees when they are free and at BOKU
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Gradually change one in the other

As long as the end-
states are defined, 
the intermediates 
do not have to be 

physically possible

Change ligand 1 
into ligand 2, in 

solution and when 
bound to the protein
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Example: DAAO inhibitors
• Three inhibitors of the enzyme D-amino acid oxidase were 

studied X

N
H

CO2HN
H

N

CH3

CO2H O
N

Cl

OH

N
H

Cl

O

OHR

1 2 3 X = O
4 X = S 

5 R = H
6 R = F  

X

N
H

CO2HN
H

N

CH3

CO2H O
N

Cl

OH

N
H

Cl

O

OHR

1 2 3 X = O
4 X = S 

5 R = H
6 R = F  

 3 ->1  3 ->4  4 ->1  

Calculated values: 

Gfree 106.3 ±1.5 86.1 ±0.8 20.4 ±1.1 

Gcomplex 113.8 ± 2.2 87.3 ±3.5 36.7 ±2.0 

Gbind 7.5 ± 3.7 1.2 ± 4.3 16.3 ± 3.1 

Experimental Gbind based on: 

IC50
a 8 . 2  -0 .9  9 . 1  

IC50
b 4 . 6  0 . 1  4 . 6  

I T C  9 . 4  0 . 8  8 . 6  

SPRc  14.1  1 . 6  12.4  

 

Overall, the relative 
binding free energies are 

very well reproduced

J.H.M. Lange, J. Venhorst, M.J.P. van Dongen, J. Frankena, F. Bassissi, N.M.W.J. de Bruin, C. den Besten, S.B.A. de Beer, 

C. Oostenbrink, N. Markova and C.G. Kruse, Eur. J. Med. Chem. (2011) 46, 4808 - 4819
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Computational alchemy
• Modify one compound into another one in small steps

• In a formula:

λ= 0 " E = EA λ= 1 " E = EB

Along the way? The protein ‘sees’ a mixture of A and B

OH

OH

OH

OH

OH

OH

OH

( , , ) (1 ) ( , ) ( , )A BEE Eλ λ λ= − +q p q p q p

1
( ) /

0
ln BE d k T

AB BG k T e λ λ λ

λ

−Δ → +

=

Δ = −∑
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Example: ER
• Relative free energy of three compounds
• In three different media (vacuum, solution, protein)
• In 11 discrete steps, forward and backward TI
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Aspirin corrections
• Binding affinity of Aspirine to phospholipase A2

• Thermodynamic integration to remove the interactions 
with the surroundings

• Three independent sets of simulations

• Correcting for electrostatic artifacts

ΔGraw 1.1 kJ/mol
ΔGdir -70.8 kJ/mol
ΔGdsm -52.0 kJ/mol
ΔGpol 94.2 kJ/mol  +
ΔGbind(calc) -27.5 kJ/mol (+/- 2.6 kJ/mol)
ΔGbind(exp) -29.6 kJ/mol

• Excellent agreement with experiment!

ΔGraw

0
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Summary of aspirin binding

All methods agree within the statistical error estimates and with experiment
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C
R2R1

R3

H

CH
R2R1

R3

CH
R2R1

R3

C
R2R1

R3

H

= =

ΔΔGbind = ΔGbind(R) - ΔGbind(S)
= -7.7 kJ/mol (experimental)

= ΔGinv(F483A) - ΔGinv(WT)
= -7.5 kJ/mol (simulation)

Stereospecific propranolol binding
• R- and S-Propranolol have similar affinity for CYP450 2D6
• 20 fold decrease of affinity of R-Propranolol to F483A mutant

• Free energy calculation to convert R-propranolol into S-propranolol
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Molecular picture
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WHAT IT’S REALLY LIKE TO RUN A SIMULATION
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Papers I
• Casalino et al. (2020) ACS Central Science, 6, 1722–1734

Beyond Shielding: The Roles of Glycans in the SARS-CoV-2 Spike Protein

Beyond Shielding: The Roles of Glycans in the SARS-CoV‑2 Spike
Protein
Lorenzo Casalino,# Zied Gaieb,# Jory A. Goldsmith, Christy K. Hjorth, Abigail C. Dommer,
Aoife M. Harbison, Carl A. Fogarty, Emilia P. Barros, Bryn C. Taylor, Jason S. McLellan, Elisa Fadda,
and Rommie E. Amaro*

Cite This: https://dx.doi.org/10.1021/acscentsci.0c01056 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: The ongoing COVID-19 pandemic caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has
resulted in more than 28,000,000 infections and 900,000 deaths worldwide to date. Antibody development efforts mainly revolve
around the extensively glycosylated SARS-CoV-2 spike (S) protein, which mediates host cell entry by binding to the angiotensin-
converting enzyme 2 (ACE2). Similar to many other viral fusion proteins, the SARS-CoV-2 spike utilizes a glycan shield to thwart
the host immune response. Here, we built a full-length model of the glycosylated SARS-CoV-2 S protein, both in the open and
closed states, augmenting the available structural and biological data. Multiple microsecond-long, all-atom molecular dynamics
simulations were used to provide an atomistic perspective on the roles of glycans and on the protein structure and dynamics. We
reveal an essential structural role of N-glycans at sites N165 and N234 in modulating the conformational dynamics of the spike’s
receptor binding domain (RBD), which is responsible for ACE2 recognition. This finding is corroborated by biolayer interferometry
experiments, which show that deletion of these glycans through N165A and N234A mutations significantly reduces binding to ACE2
as a result of the RBD conformational shift toward the “down” state. Additionally, end-to-end accessibility analyses outline a
complete overview of the vulnerabilities of the glycan shield of the SARS-CoV-2 S protein, which may be exploited in the therapeutic
efforts targeting this molecular machine. Overall, this work presents hitherto unseen functional and structural insights into the SARS-
CoV-2 S protein and its glycan coat, providing a strategy to control the conformational plasticity of the RBD that could be harnessed
for vaccine development.

■ INTRODUCTION
COVID-19 is an infectious respiratory disease that started in
Wuhan, China, near the end of 2019 and has now spread
worldwide as a global pandemic.1 This is not the first time that
a coronavirus has posed a threat to human health. Severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) is the
pathogen that causes COVID-19 and belongs to the same
family of viruses, Coronaviridae, as SARS and Middle East
respiratory syndrome (MERS) related coronaviruses, which
have resulted in previous epidemics.2−4 Owing to the lack of
immunity, COVID-19 has already caused a catastrophic loss of
human life worldwide5 as well as significant economic
damage.6

Coronaviruses, including SARS-CoV-2, are lipid-enveloped
positive-sense RNA viruses. Together with the host-derived
membrane, a set of structural proteins provides an organiza-
tional scaffold that wraps and contains the viral RNA. Among
them, the most critical is the spike, or S, protein, which is
conserved to varying degrees across the Coronaviridae family

Received: August 5, 2020

Research Articlehttp://pubs.acs.org/journal/acscii

© XXXX American Chemical Society
A

https://dx.doi.org/10.1021/acscentsci.0c01056
ACS Cent. Sci. XXXX, XXX, XXX−XXX

This is an open access article published under an ACS AuthorChoice License, which permits
copying and redistribution of the article or any adaptations for non-commercial purposes.
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Papers II
• Öhlknecht et al. (2021) J. Chem. Inf. Model. 61, 1193 – 1203

Efficient in silico saturation mutagenesis of a member of the caspase 
protease family

Efficient In Silico Saturation Mutagenesis of a Member of the
Caspase Protease Family
Christoph Öhlknecht, Sonja Katz, Christina Kröß, Bernhard Sprenger, Petra Engele, Rainer Schneider,
and Chris Oostenbrink*

Cite This: J. Chem. Inf. Model. 2021, 61, 1193−1203 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: Rational-design methods have proven to be a
valuable toolkit in the field of protein design. Numerical
approaches such as free-energy calculations or QM/MM methods
are fit to widen the understanding of a protein-sequence space but
require large amounts of computational time and power. Here, we
apply an efficient method for free-energy calculations that
combines the one-step perturbation (OSP) with the third-power-
fitting (TPF) approach. It is fit to calculate full free energies of
binding from three different end states only. The nonpolar
contribution to the free energies are calculated for a set of chosen
amino acids from a single simulation of a judiciously chosen reference state. The electrostatic contributions, on the other hand, are
predicted from simulations of the neutral and charged end states of the individual amino acids. We used this method to perform in
silico saturation mutagenesis of two sites in human Caspase-2. We calculated relative binding free energies toward two different
substrates that differ in their P1′ site and in their affinity toward the unmutated protease. Although being approximate, our approach
showed very good agreement upon validation against experimental data. 76% of the predicted relative free energies of amino acid
mutations was found to be true positives or true negatives. We observed that this method is fit to discriminate amino acid mutations
because the rate of false negatives is very low (<1.5%). The approach works better for a substrate with medium/low affinity with a
Matthews correlation coefficient (MCC) of 0.63, whereas for a substrate with very low affinity, the MCC was 0.38. In all cases, the
combined TPF + OSP approach outperformed the linear interaction energy method.

■ INTRODUCTION
Traditional directed-evolution methods utilize a two-step
protocol with an initial generation of a rich library by random
mutagenesis1 and then identifying those library members that
show improvements in the desired functions.2 Such a randomly
generated library must be huge in order to be relevant, and
both generating and screening such a library is expensive.
Novel methods have advanced in recent years to substitute the
random mutagenesis by knowledge-based design.3 These
modern design methods are fit to allow smaller libraries but
preserve or even enhance their relevance. They do so by
replacing the random components by information about the
structure and function of protein sequences, usually supported
by computational algorithms such as QM or MD calculations
or machine-learning methods.4−6 Rational methods can
improve the productivity toward the engineered protein in
two, usually in sequential steps: (1) locating potential target
sites for mutation and (2) narrowing the list of possible amino
acids for substitution.
We recently provided a successful example of such a rational

design procedure.7 In this work, statistical and computational
methods were jointly applied to engineer human Caspase-2
(Casp-2). The task was to create a biochemical scissor that is

fit to cleave fusion tags from a wide variety of proteins. In close
proximity to the active site, two point mutations were located
to yield a more promiscuous S1′ subsite. After locating
potential target sites through a combination of statistical
methods with structural information, changes in binding free
energies upon mutation were assessed using MD simulations.
In short, free energies were calculated with the thermodynamic
integration (TI) approach8 along progressive perturbations
using a λ-dependent Hamiltonian of the system. The
information-based hypotheses were confirmed experimentally
through measurements of cleavage times and Michaelis
Menten parameters. These alchemical methods−if done
correctly−have been proven to be very accurate and
reliable.9−13 The drawback of these calculations is their high
cost in terms of computational power.
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Conclusions
• Molecular dynamics simulations form a powerful tool to study biomolecules

– Insight into structure, dynamics and function at an atomic level
– Complementary to experiment

• Free energy calculations for e.g. drug design / lead optimisation
– Binding affinities via path-sampling methods
– Binding affinities via alchemical methods

• Protein flexibility and conformational freedom is important

WS 2022/2023Modern Bioinformatics

Chris Oostenbrink
Institute of Molecular Modeling and Simulation

Department of Material Science and Process Engineering

University of Natural Resources and Life Sciences, Vienna (BOKU)

chris.oostenbrink@boku.ac.at @mms_boku

Molecular dynamics 
simulations

20.09.19


