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1. Introduction

Genetic information from DNA is expressed as proteins in a universal two-
step mechanism sketched in Fig. [1]. During protein expression infor-
mation on DNA is transcribed to an RNA working copy, then translated to
proteins from this RNA working copy.

Replication, transcription, and translation are the general transfers of ge-
netic information. In contrast to the general transfers, special and so-called
undetected transfers were omitted from Fig. Examples of these unde-
tected and special transfers are small interfering RNAs that inhibit translation
of sequence information on RNA [2] and proteins that silence genes on DNA
through methylation [3]] further proteins that chemically modify other pro-
teins after translation [4] and proteins that post-transcriptionally modify RNA
(5]

Each general transfer has its catalyst. DNA polymerases replicate DNA.
RNA polymerases transcribe genetic information to the mediating informa-
tion carrier messenger RNA (mMRNA). Ribosomes, the subject of this work,
catalyze translation of mMRNA to proteins in an elongation cycle. During this
cycle amino-acids are sequentially added to a nascent peptide chain.

The ribosome is a huge macromolecular protein-RNA complex of a small
and large subunit, comprising more than two-hundred thousand atoms in
prokaryotes. Figure shows representations of ribosomes, as resolved by
cryo electron-microscopy (cryo-EM) and X-ray crystallography.

Translation in ribosomes is performed through a hierarchy of chemical
steps, sketched in Fig.[1.3. Peptide elongation is primed by initiation and
brought to a controlled halt by elongation termination. Ribosome recycling
then provides the two subunits for new rounds of elongation.

Elongation itsself comprises the key kinetic steps decoding, peptide trans-
fer, and tRNA translocation. The small subunit catalyzes translation of genetic

Figure 1.1: The central dogma of molecular biology implies a canonical ow

of information (general transfers, indicated by arrows) from DNA to pro-

tein. The processes associated with the respective general transfers are shown
above the arrows, their catalysts below. Special and undetected information
transfers [1] are not shown.



Figure 1.2: The ribosome, as seen by cryo electron microscopy and X-ray
crystallography. Shown are the large (light blue) and small subunit (yellow)
and two tRNAs (purple, green). (a) Surface representation of a cryo-EM den-
sity of the ribosome at 12 A resolution from [6]. (b) Surface, cartoon and
sphere representation of the heavy atoms of the ribosome as resolved by X-
ray crystallography at 2.8 A resolution [7], represented with pymol [8]. Note
that the methods to de ne the resolution of cryo-EM densities and X-ray crys-
tallography densities differ.

Figure 1.3: The hierarchy of processes during translation.  Translation con-
tains the elongation cycleThis work describes tRNA translocation a sub-process
of the elongation cycle



Figure 1.4: The three tRNA binding sites span the small (30S) and large
(50S) ribosomal sub-unit. This schematic box-plot representation of the ribo-
some indicates the three ribosomal binding sites, the amino-acyl site (A site),
peptidyl site (P site), and exit site(E site). The tRNA is represented as a verti-
cal line, the amino-acid as disc, the mRNA codons as horizontal bars, and the
MRNA as horizontal line. Two discs indicate the nascent peptide chain.

code on the mRNA blueprint to cognate amino-acids by adaptor molecules
called transfer RNA (tRNA). Following this decoding step, the large subunit
catalyzes elongation of the nascent peptide chain by peptide bond formation
[9, 10]. After the ribosome catalyzed codon recognition and peptide transfer,
the tRNAs move through the ribosome to prime the ribosome for a new round
of elongation.

For ef cient catalysis, three speci ¢ binding sites position the tRNAs dur-
ing elongation. Figure 1.4 shows these tRNA binding sites, amino-acyl site (A
site), peptidyl site (P site), and exit site (E site). Mechanisms and transition
rates for the movement of the tRNAs between their binding sites during elon-
gation were revealed by spectroscopic measurements [11]. The determined re-
action mechanism is sketched in Fig. 1.5, and will be laid out in greater detail,
with the additional involved factors, further below. During tRNA transloca-
tion, the two tRNAs move from the A to the P and from the P to the E site.
Fifty intermediate states of spontaneous tRNA movement in the absence of
additional factors and GTP hydrolysis have recently been observed using cryo
electron microscopy experiments [6].

Spontaneous tRNA translocation is an equilibrium process that consumes
no energy. Yet, the tRNAs diffuse more than seven nanometers through the
ribosome, despite the many involved interactions and the large size of the
ribosome. The energy from thermal uctuations sufces to induce large-
scale, though undirected ribosome motions [6]. The very little energy gained
through hydrolysis of guanosine-triphosphate (GTP) by elongation factor G
suf ces to drive tRNA translocation forward through a “Brownian ratchet”
mechanism by using these thermal uctuations [12, 13].

By observing this Brownian machine through cryo-EM [6], the gap be-
tween static structures of the energy minima on the energy landscape and
dynamic information has been narrowed in two ways. First, the ensemble
of translocation intermediate structures was vastly extended and the free en-
ergy of each intermediate determined. A sketch of the resulting free energy
landscape is shown in Fig. 1.6. Second, the velocity of the major rate-limiting
step that separates so called pre-translocation and post-translocation states
was determined, and a rapid equilibrium between the pre-translocation and
post-translocation states was found.



Figure 1.5: The elongation cycle in box-plot representation and tRNA
translocation as seen from cryo-EM. Panel (a) sketches the elongation cy-
cle (cf. Fig. 1.4). Panel (b) shows eight representative cyro-EM densities from
fty intermediates of spontaneous tRNA translocation through the ribosome
[6]. The gray lines indicates the thick black box shown in (a) for reference.
Shown are the large (light blue) and small subunit (yellow) and two tRNAs
(purple, green). Resolutions of the respective cryo-EM densities are given
below them.



Figure 1.6: the experimental data of tRNA translocation through the ribo-
some (a) resembles the Frauenfelder picture of a hierarchical energy land-
scape (b) Panel (a) shows the free energies of translocation intermediates of
ribosomal tRNA translocation in equilibrium (to scale). The free energies
of the pre- and post-translocation states uctuate within a few k gT. They
are separated via a large barrier between, and smaller barriers within pre-
and post-translocation states, resembling the Frauenfelder picture. Confor-
mational substates are represented as ribosome (blue and yellow) and tRNA
(purple and green) surfaces. Data courtesy of Niels Fischer (unpublished and
[6]). Panel (b) depicts conformational substates that are separated by a hier-
archy of energy barriers that emerges when going from a coarse description
(top) to detailed reaction coordinates (bottom), modi ed from Frauenfelder et
al. [14].
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The many translocation intermediates differ only by a few k gT in energy
and are seperated by a hierarchy of barriers between the states as shown in
Fig. 1.6. Similarily, the study of Frauenfelder proposed a hierarchical energy
landscape for proteins using myoglobine as an example [14]. Fig. 1.6 shows
the close resemblance of the energy landscape determined by Fischer et al.
and the Frauenfelder picture [14, 15].

Yet unresolved are the barriers between the individual pre- and post-
translocation states and the dynamics within the resolved energy minima.
Further, the cryo-EM data lacks the atomic detail that would allow to name
the speci ¢ interactions responsible for the barriers.

Figure 1.2 shows an example of one of the high-resolution X-ray structures
that provide an atom-by-atom description of residue and nucleotide inter-
actions. The Nobel Prize winning crystal-structures of the ribosome were a
break-through in describing translation structurally [16]. They provide the
stereochemistry of the binding sites, the interacting ribosome residues and
nucleotides for stable, crystallizable states in the energy minima of the ribo-
some energy landscape.

In this work, we describe the ribosome energy landscape during translo-
cation by re ning the cryo electron microscopy data by Fischer et al.[6] to
the structural information from X-ray crystallography [17], performing atom-
istic molecular dynamics (MD) simulations and testing their results against
biochemical information from spectroscopic measurements and evolutionary
analysis. Though the notion that the ribosome diffuses in a Frauenfelder-type
energy landscape has been expressed earlier by Whitford and Sanbonmatsu in
the ribosome eld [18], we now provide quantitative evidence for that notion.
Overall, the statistical mechanics view on ribosomal translation in this work
aims to discuss tRNA translocation as proposed by Frauenfelder et al.,

“The taxonomic attitude is the conventional one of mechanistic
chemistry, but the statistical viewpoint requires new concepts. One
no longer talks about speci ¢ energy levels but about the statistics
of the energy landscape.” [14]

To estimate the heigth of the free energy barriers that hinder transition of
the ribosome from one state to another, we assess the diffusion of the ribo-
some on its high-dimensional energy landscape. We identify further kinetic
steps than the pre- to post-translocation transition and determine the interac-
tions between nucleotides and residues that make transitions between differ-
ent states so ef cient for the ribosome.

Ribosomes evolved to be fast and accurate at little energy cost. They main-
tain a minute balance between speed of translation, error rate and energy con-
sumption [19]. We employ the working hypothesis that the ribosome is ef -
cient, because its energy landscape has been smoothened evolutionarily; speed
and accuracy of translocation are achieved by ne-tuning interactions between
ribosome parts, their residues and nucleotides to a near-constant level.

A prerequisite to analyze the ne-tuning of interaction energies on a near-
atomic level is a description of all atom contacts on the interface of ribosome
parts. Though nding contacting atoms of ribosome parts is conceptually
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simple, nding and implementing a fast algorithm for this task is not. For ex-
ample, between the large and the small subunit of the ribosome there are more
then ten billion possible atom-atom contacts. We devised and implemented
an ef cient algorithm to nd contacting atoms on the interface between ribo-
some parts, which proved to be useful for a variety of biomolecular ensemble
data [20].

Before laying out the underlying assumptions in statistical physics that are
necessary to bridge energetics and kinetics of translation, we will now detalil
the biochemistry of protein synthesis in prokaryotes and summarize previous
computational approaches on translation.

Our research is published in “g_contacts: Fast contact search in bio-molecular
ensemble data” [21] and “Energy barriers and driving forces in tRNA translo-
cation through the ribosome” [22]. An essential part of the assumed research
is laid out in the supplementary note complementing the article “Energy barri-
ers and driving forces in tRNA translocation through the ribosome”. The data
analysis methods that extract interpretable information from the simulation
data are presented in this supplement in the context of ribosome simulations,
but are valuable in their own right.

1.1 Translation in Procaryotes

Translation

Translation of genetic information from mRNA to proteins occurs in all do-
mains of life in four distinct steps: initiation, elongation, termination, and
recycling.

In this work, we investigate translation of the prokaryote Escherichia coliE.
coli, K-12 strain). This section will place prokaryotic elongation in the context
of translation by describing it along with initiation, termination and recycling.

In the next section we will give a more detailed description of the elongation
cycle, linking experimental and computational studies of elongation.

Initiation prepares ribosomes for the elongation cycle. The Shine-Dalgarno
sequence on prokaryotic messenger RNA recruites a small (30S) ribosomal
subunit, facilitated by initiation factor 3 (IF3) [23, 24, 25]. The aminoacyl-site
(A site) of the small subunit is kept empty by initiation factor 1 (IF1) while
initiation factor 2 (IF2) carries an initiator tRNA to the ribosomal peptidyl-site
(P site) carrying the amino acid formyl-methionine (fMet, cognate to the AUG
start codon) at its CCA-tail. When a large (50S) ribosomal subunit binds, all
initiation factors dissociate and the elongation cycle begins with a ribosome,
mMRNA, and fMet-tRNA ™et complex as shown in Fig. 1.71.

During the elongation cycle, sketched in Fig. 1.7, proteins are synthesized
by the ribosome one amino acid at a time according to the corresponding
MRNA template [26]. After initiation primes the ribosome with an initiator
tRNA in the P site (Fig. 1.71), all decoding of genetic information on the mRNA
is performed in the A site through binding of a complex of aminoacyl tRNA
(aa-tRNA) and elongation factor thermo unstable (EF-Tu) sketched in Fig. 1.7l
and in Fig. 1.8. A site accommodation positions the substrates for the peptide
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Figure 1.7: The prokaryotic elongation cycle. The ribosome with its small
(30S) and large subunit (50S) and its three binding sites, the amino-acyl
site (A site), peptidyl site (P site) and exit-site (E site) is sketched in box-
representation. | fMet-tRNA ™et (green vertical line (tRNA) and ball (amino-
acid)) occupies the P site with the cognate start codon (green horizontal line).
Il The A site is occupied with a cognhate aminoacylated tRNA (purple line
(tRNA) and ball (amino-acid)) after elongation factor thermo unstable (EF-
Tu) dissociation.lll Peptide transfer reaction occurs (indicated by the gray ar-
row). IV Upon EF-G GTP promoted translocation, tRNA ™et |eaves the exit
site (E site), preparing the ribosome for the next elongation cycle.



13 1.1. TRANSLATION IN PROCARYOTES

transfer reaction in the peptide transfer center (PTC). After peptide transfer

is catalyzed in the PTC (Fig. 1.7Ill), the nascent peptide chain is bound to
the A site tRNA [10, 27]. Subsequent tRNA translocation of the A site tRNA

to the P site, and the P site tRNA to the E site, prepares the ribosome for
another of elongation cycle (Fig. 1.71V). Binding of elongation factor GTPase
(EF-G) with GTP (EF-G GTP) drives translocation through GTP hydrolysis

[28]. Translocation without EF-G still occurs, but is at least a thousand times
slower [29, 30].

An A site stop codon (UAA, UAG or UGA) initializes elongation termina-
tion through binding of class-I release factors, release factor 1 (RF1, cognate
to UAA and UAG codons) or release factor 2 (RF2, cognate to UAA and UGA
codons) [31]. The esther bond that binds the nascent peptide chain to the
P site tRNA is cleaved off by hydrolysis caused by the bound class-I release
factor. Subsequently class-II release factor 3 (RF3) binds in complex with GTP.
GTP hydrolysis at RF3 aids the release of tRNA, mMRNA and class-| release
factors from the ribosome.

During ribosomal recycling, the small and the large ribosomal subunit
disscociate after binding of the ribosomal recycling factor (RRF) and subse-
quent EF-G GTP binding, followed by GTP hydrolysis. Both subunits are then
re-used in other elongation cycles [32].

Elongation

While giving an overview of the elongation cycle, we will highlight computa-
tional studies of different aspects of the process [33]. Computer simulations of
ribosomes have been carried out for almost all sub-processes of the elongation
cycle [34].

The questions addressed by computer simulations of the ribosome re ect
the complexity of the ne-tuned elongation sub-processes and the complexity
of the ribosome itself, an asymmetric RNA-protein compound of more than
two hundred thousand atoms.

The rst layer of complexity of nascent peptide chain elongation, and thus
the complexity of the simulation approaches, is re ected in the time-scales
its sub-processes span. They reach from pico-seconds for the proton shut-
tle mechanism of the peptide transfer reaction [35] to minutes required for
spontaneous tRNA translocation [29].

A second layer of complexity is encoded in the energetics of transloca-
tion. Subtle differences in free energies drastically alter the reaction pathway.
For example, a binding af nity difference between cognate and near-cognate
tRNA of a single hydrogen-bond regulates rejection or acceptance of an ac-
commodating tRNA at an error rate of one in ten thousand. Other examples
are provided by the fact that interaction of antibiotics with single ribosome nu-
cleotides inhibit bacterial growth or that single amino-acid mutations change
the translation speed by orders of magnitude.
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Figure 1.8: A site decoding, catalyzed by EF-Tu.(cf.Fig 1.7l1l) The sub-
processes of initial selection and proofreading. Initial binding and subsequent
codon reading (i) is followed by codon recognition ( ii). Upon GTPase activa-
tion (iii ), GTP hydrolysis (iv), leads to Pi release and EF-Tu rearrangements \)
that allow for A site accommodation or, alternatively, tRNA release ( vi). Once
the aa-tRNA is fully accommodated in the A site ( vii), the nascent peptide
chain is transferred to the A site. Modi ed from Rodnina [36].

A site decoding

The rst step of the elongation cycle is A site decoding (Fig. 1.71). Simu-
lations of A site decoding and the factors involved were one of the rst
and, to date, computationally most sampled aspects of translation, expe-
dited by the relatively small length-scales involved in A site decoding and
its paramount importance to translation. The key question to A site decoding
is, how minute free energy differences lead to discrimination between cognate
and non-cognate tRNAs, named “Pauling's birthday party paradox” [37, 38].

The omnipresent kinetic and energetic ne-tuning, which we will inves-
tigate for the process of tRNA translocation, unravels itself here in the way
speed and accuracy of decoding are evolutionarily optimized [19]. Along
with tRNA aminoacylation, decoding is the key step in controlling translation
delity to an error rate of 10 2[39]. A site decoding alone is more accurate
than 10 2 [40]. This readily implies a binding free energy difference between
cognate and near-cognate tRNA larger than 2log10kgT 4.6kgT in equi-
librium. This required energy difference is relatively large compared to the
expected free energy difference of the change of a single nucleotide base, e.g.
from cytosil to uracil. Two effects, both experimentally con rmed, explain this
behavior. First, codon reading is thermodynamically coupled to the whole
tRNA, not only its anti-codon [41]. Second, a non-reversible chemical step
allows to exploit the chemical difference between cognate and near-cognate
tRNA multiple times [19]. Indeed, GTP-hydrolysis separates two phases of
decoding, initial selection and proofreading (Fig. 1.8) [42, 43]. During each of
these, aa-tRNA can dissociate from the ribosome.
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Initial tRNA selection starts when, independent of the codon, the L7/L12-
stalk! recruites complexes of aa-tRNA, EF-Tu, and GTP (aa-tRNA EF-Tu GTP)
to the empty A site (Fig. 1.8i).

The connection between residues to their evolutionary conservation was
used to classify contacts between tRNA and EF-Tu in the tRNA EF-Tu complex
delivered to the ribosome [44]. We will observe the same connection between
tRNA-ribosome contacts and their conservation.

Though the rst simulations of ribosomal proteins were carried out on
the C-terminal domain of L7/L12 [45, 46], initial tRNA recruitment by the
L7/L12-stalk outlines the bounds of simulation studies. Here, the lack of high-
resolution models of the complete stalk on the ribosome prevented further
investigation by computer experiments [47].

Codon recognition (Fig. 1.8ii) in the ribosomal A site is targeted in antibi-
otics development and has been studied along with antibiotic resistance in a
combination of structural and dynamic measurements [48, 49].

We will nd that stochastic processes govern translation, in contrast to the
prevailing picture of a sequential progression from one static conformation to
another, as was found by in silico models of proposed stochastic gating at the
Asite [50, 51, 52]. They reaf rm that codon recognition does not solely depend
on the local hydrogen bonding pattern between the three coding nucleotides,
but involves entropic contributions of the surrounding region. Further, single-
molecule Forster resonance energy transfer (sm-FRET) experiments suggested
that thermal uctuations are crucial for cognate tRNA selection [53].

These studies used the region surrounding the A site for simulation. In
order to include the expected long-range coupling and the entropic contri-
butions from the ribosome surrounding in our simulations we use the whole
ribosome to model tRNA translocation. The signi cant role of these couplings
was con rmed by kinetic [54] and cryo-EM [55] measurements on the decod-
ing center.

A proposed long-range coupling mechanism in the ribosome is the al-
losteric threE site model of decoding, which proposed that an occupied E site
increases the delity during decoding. In consequence, we would expect that
the ribosome is transiently occupied by three tRNAs at the A, P and E site,
resepctively, as seen in crystal structures. This would render the exit of the
E site tRNA prior to decoding unlinkely, in contrast to the model of translo-
cation that we assume for our simulations (see Fig. 1.7). However, kinetic
measurements largely refuted the allosteric E site model [56, 57]. Further con-
troversies along the lines of structure-dynamics relationship were seen for a
new proposed mechanism on ribosomal decoding [58, 59].

Minute conformational changes in the decoding center upon successful
codon recognition on the small subunit of the ribosome lead to GTPase acti-
vation on the large subunit through a cascade of structural changes (Fig. 1.8iii).
The mechanism of GTPase activation in EF-Tu is disputed, explicit quantum
mechanical treatment of the chemically active region draws a diverse picture
[60, 61, 62]. Simulations show that this GTPase-associated center might pro-

1Ribosomal proteins of the large and small subunit are numbered sequentially and named L#
and S#, respectively.
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vide the necessary exibility for the suggested large-scale L7/L12 movements
[63]. Similarily to our work, an all-atom model of the ribosome was re ned
to cryo-EM data by Trabuco et al. [64]. From this model, a mechanism was
proposed on how ribosome induced conformational changes of the GTPase-
switch-region control GTP hydrolysis (Fig. 1.8iv) [65]. GTP hydrolysis is then
followed by phosphate (Pi) release and EF-Tu unbinding (Fig. 1.8v).

The second discriminatory kinetic step after the irreversible GTP hydrol-
ysis is proofreading (Fig. 1.8v). It ensures that binding of cognate tRNAs
is highly favoured over non- and near-cognate binding to the A site [66, 42]
(Fig 1.8vi). Only after aminoacyl-tRNA is fully accommodated in the A site,
the elongation cycle continues with the peptide transfer reaction (Fig. 1.8vii).

MD studies on A site accommodation upon proofreading showed that en-
tropic contributions together with conformational gating helps ribosomes sep-
arate cognate from near-cognate tRNAs during accommodation [67, 68]. The
recurring motif we will use also in our work is the relation computational
studies establish between conformation, dynamics and the statistics on the
underlying energy landscape and the connection of experimental rates with
simulation results [69].

After successfull A site decoding and accommodation, the CCA-ends of
both tRNAs are precisely positioned in the peptidyl transferase center, PTC.
Immediatly afterwards, the peptide transfer reaction transfers the nascent
peptide chain from the P site tRNA to the A site tRNA. By this reaction,
the nascent peptide chain is elongated by the one amino-acid carried by the
A site tRNA.

Peptide transfer

The peptide transfer center is the catalytic site of the large ribosomal subunit.
The interpretation of the role of the peptide transfer center experienced two
major paradigm shifts. The rst paradigm-shifting discovery was that the
ribosome is a ribozyme [9]. The fact that its catalytic activity is performed by
RNA nucleotides, not protein, provides further evidence for the RNA-world
hypothesis [70]. The second shift occured upon the discovery of its general
catalytic activity, where it is now believed that the PTC is a versatile catalyst of
chemical reactions due to its ability to position substrates through electrostatic
and hydrogen-bonding interactions [35]. The ribosomes substrate catalysis
by entropy reduction [71] re-emphazises the importance of a combination of
structural and dynamical information to understand ribosome function.

Due to the bond-breaking and proton shuttle mechanism of the peptide
transfer reaction requires an explicit treatment of the involved quantum me-
chanics. Hybrid Quantum Mechanics / Molecular Mechanics simulations sug-
gested a variety of proton shuttle mechanisms [72, 73].

tRNA translocation

After the nascent peptide chain has been transferred to the A site tRNA, both
tRNAs translocate to their new binding sites as shown in Fig. 1.9. The mRNA
moves along with the tRNAs, thus exposing the next codon in the vacated
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Figure 1.9: Kinetic model of (a) EF-G catalyzed translocation (b) and hy-
brid state formation during tRNA translocation. (a) Upon peptide bond
formation (lll, cf. Fig. 1.7), EF-G GTP binding (i) promotes tRNA transloca-
tion through GTP hydrolysis (ii). After tRNA translocation and Phosphate
release (iii) the former A site tRNA now occupies the P site and the former
P site tRNA the E site (iv). EF-G GDP (iv) and the E site tRNA (v) dissociate
from the ribosome, priming it for a next round of elongation (IV cf. Fig. 1.7).
(b) shows the proposed kinetic model of hybrid state formation.
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A site. This movement divides translocation in two steps, pre-translocation
and post-translocation. The concerted motion of mMRNA and tRNA is acceler-
ated by EF-G binding and GTP-hydrolysis [28], but its details remain unclear
so far [74]. Itis known however, that EF-G stabilizes the so-called hybrid states
[75, 76].

In contrast to the classic state, where both tRNAs are fully accomodatad in
the ribosomal A and P site on the small and large ribosomal subunit, hybrid
states as depicted in Fig. 1.9, are pre-translocation complexes, where the tR-
NAs moved towards their new respective binding sites on the large subunit,
but stay put on the small subunit [77, 75, 78]. Hybrid states are named A/P
for the tRNA bound to the A site on the small subunit and to the P site on the
large subunit and P/E, respectively. These hybrid states are rapidly occupied
after peptide bond formation. Peptidylation further increases the af nity of
tRNA for the A/P site and promotes EF-G binding [75]. Mutation studies
showed that A/P and P/E site movement are seperated events [79], which
suggests a kinetic model of hybrid state formation as depicted in Fig. 1.9,
where tRNAs uctuate between classical and hybrid states [80, 78].

Earlier cryo-EM work visualized tRNAs in the A/P and P/E hybrid states
without bound factors [81, 82], and further found the P/E tRNA in exible
conformation within the hybrid states [83]. The cryo-EM data we use in our
work, shows that pre-translocation classic and hybrid states comprise a con-
tinuum of ribosome conformations [6]. A sorting of these con gurations ac-
cording to tRNA conformations lead to the categorization of pre-translocation
complexes into states prel through pre5, where the pre4 state corresponds to
the before-described hybrid state II.

The tRNA movement is coupled to the rotational movement of two small
subunit parts, the body and the head with respect to the large subunit [84,
85, 32]. Small subunit body rotation and head swiveling correlate with hybrid
state formation. This rotational movement occurs sponateously [86]. In our
study we will address whether tRNA movement or the small subunit head
and body movement dominate tRNA translocation.

Another movement that was found to correlate with P/E hybrid state for-
mation is the L1-stalk movement into a closed conformation into the ribosome,
where it contacts the P/E site tRNA [87, 88]. We will investigate the coupling
of the L1-stalk movement to tRNA motion and if, and in what way, the L1-
stalk drives the tRNA.

In contrast to the extensive computational studies on the A site, computa-
tional studies of translocation are scarce, due to the large scale of movement
and the unresolved role of EF-G in the process. The computational cost that
goes along with the large scale of the simulation system was partially circum-
vented using coarse-grained methods, based on shorter, thus less expensive,
all-atom simulations [89]. Another approach to reduce the computational cost
was to interpret cryo-EM maps using simulations of the movements of tRNA
in solution [83].

A ruggedness estimate of the free energy landscape for tRNA has been
given by a s simulation of an intermediate state of translocation, based on the
difference between free and effective diffusion [90, 91]. The short time-scale
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diffusion in the energy landscape sees barriers of  1.7kgT. This indicates
that the necessary condition for using Kramers' theory is ful lled that the
free energy barriers exceed thermal ucutations for tRNA translocation in the
ribosome.

Elongation termination

Elongation is terminated by the recognition of a stop codon. This stop codon
recognition does not follow the established static base-pairing picture [92].
The binding free energy estimates from molecular dynamics simulations sug-
gest how the high speci city is achieved for binding of one protein to two dif-
ferent, cognate sequences [93]. This provides another example of a dynamic
picture complementing the static-picture, in this case the “tRNA-mimicry”
that emerged from previous studies based on X-ray data [94, 95, 96].
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2. Concepts and Methods

2.1 Energy Landscapes and Reaction Rates

To describe the rich dynamics of the ribosome and its parts, the tRNA and
L1-stalk movements as well as head and body rotations, we use statistical
mechanics and thereby describe tRNA translocation in terms of its macrostates
and the transitions between them.

During translation, the ribosome visits a series of metastable states, as
described by cryo electron microscopy and uorescence measurements. We
connect computer simulation of biomolecules to biochemical measurements,
and make predictions of the dynamics between these states, not accessible to
experiments. Therefore, we derive relations between underlying statistical me-
chanics and the measurement of experimental observables. Numerous model
assumptions are neccessary to make this connection, which will be presented
along with the derivation.

We will conclude with an expression for the transition rates between meta-
stable states in the high friction limit under the assumption of memory-less
processes as an extension of Kramers' transition rate theory to multiple di-
mensions. To arrive at an expression for the transition rates, we describe
diffusion on an energy landscape over a set of reaction coordinates. The free
energy landscape in turn is derived from the equilibrium properties of a ther-
modynamical system.

Generalized classical ensembles

An effective potential G, the free energy, for an equilibrium ensemble of ri-
bosomes in con guration x and momenta p is determined by its potential
energy E(x), its temperature T and given ensemble properties hA;i. The en-
semble q{pperties are de ned by the microstate occupation probability density
hAiji ;=  Aj(r)r(r) dr. An explicit expression for the microstate occupation
probability density r follows from the assumption of maximum entropy

r(x) = exp( bE(X) é_ 1iA(X)! Z[97)]. (2.1)

Here b = (kgT) ! is used with the Boltzmann constant kg. Z normalizes
r, i.e.Z is the partition function for the given ensemble and the parameters
| ; are chosen such that TIn Z/ I ; = kghA;i. The effective potential over a
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Figure 2.1: Transition between two states described by reaction coordinates.
(a) Schematic contour plot of a free energy landscape. An appropriate choice
of a reaction coordinate well sepereates states A and B. The transition seam is
indicated by a gray line. ( b) Free energy landscape after projection onto one
reaction coordinate.

con guration space subset Wis then de ned as

VA
G(W):= kgTIn r= kgTinry. (2.2)
w

Reaction coordinates

Figure 2.1 shows how the effective potential G provides a means to reduce the
system description to reaction coordinates X := f(x) by integrating over fast
degrees of freedom that are regarded noise,

z

G(X)= kgTlIn r(x)dx. (2.3)
f(x)=X

To reduce the vast conformational space of ribosome conformations, we de-
scribes the transitions between two states in the relevant subspace X for this
transition.

For systems coupled to a heat-bath this time-scale seperation is valid when
the dynamics on the relevant subspace X is governed by barriers in the ef-
fecitve potential that are larger than thermal uctuations, min  (Gx2x)+ kgT
max(Gx2x) [98, 99].

To describe transitions by reaction coordinates X, we require that they
seperate the statesi, j, i.e. each value of X can be assigned to either state. For
a correct treatment of the dynamics, we further require that the states are
not seperated in any subspace orthogonal to the reaction coordinates, Wy =
fxjf(x) = Xg.
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Probability density dynamics in an effective potential

Now that an effective equilibrium potential G(X) over reaction coordinates
is de ned, a description for the dynamics of an arbitrary probability density
distribution p(X) in this potential is obtained, the Smoluchowski equation.

By discretization of the reaction coordainte space into states i, j the treat-
ment changes from probability densities r(X) to absolute probabilites P', Pl
The time-dependent occupation probability of these states i, j is described by
the generalized Master-equation,

Zy
PP=3 . wii(t tOPI(t)  w;(t  tYP(t) dt° (2.4)
j
where w;; (t) is the time-dependent transition probability for a transition from
j to i [100]. For future calculations we make the approximation of a memory-
less process in reaction coordinate space, which reduces the Master-equation
to P' = éjWiij WjiPi.

The dynamics of the probability density distribution from the Master-
equation is obtained from the continuum limit. For our purpose we use
the high friction limit, where the momenta are described by a Maxwell ve-
locity distribution, i.e. p(X,X,t) = p(X,t)exp( MX/2 kgT) [101, 102]. We
further require that in the long-time limit, the obtained equation describes the
equilibrium probability distriubtion  r(X) for all possible initial probability
distributions p(X). With these assumptions, the continuum limit yields the
Smoluchowski equation,

p(X)= x Ir (r +r bG(X)) p(X), (2.5)

which describes the time dependent behaviour of the probability density with
a viscous drag x [103, 104].

Transition rates

Now dynamics of our biomolecular system will be described in terms of tran-
sition rates kag between two meta-stable states A and B. For this we assume
that a single barrier X* seperates the two states which de nes a rst-order
saddle-point on the free-energy landscape G(X). Additionally we assume that
initially, all states in A are occupied according to the equilibrium occupation
probability and are unoccupied elsewhere.

With these assumptions, the rate of transition from A to B over the barrier
X * is given by the ratio between the populations in A and barrier X*. The fur-
ther assumption of a harmonic well in A with a single minimum at X@ and a
quasi-harmonic barrier top eventually yields the transition rate approximation
used through the rest of this work [105, 106],

ié'd— wA
kpw; — =11 exp( DG* kgT), (2.6)
~ d T
i=2 Wi
where DG* = G(X*)  G(X§') and w; denote the eigenvalues of the Hessian
of G, i.e.the curvature of the free energy surface at X{\ and X*, respectively.

WI is the curvature in along the transition direction over the barrier top.
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Table 2.1: Scope of molecular dynamics simulation. Adapted from van Gun-
steren [108].

Crystalline Solid State Liquid State Gas Phase
Macromolecules
Reduction to few degrees Essential Reduction to few
of freedom by symmetry  many-particle system particles by dilution
Quantum possible hard possible
Mechanics
Classical easy Molecular dynamics trivial
Mechanics

Brownian dynamics

We change the treatment of our system from a probability density description
to the behaviour of a single system trajectory. From the requirement that
the ensemble limit of single system trajectories reproduces the Smoluchowsky
equation (2.5), the Brownian dynamics equation is obtained,

q
X= x 1 GX)+ 2b xR, (2.7)

where R describes Gaussian white noise with zero mean and unit variance. 1!

2.2 Computer simulation of biomolecules

Our goal is to understand the structure, dynamics and energtics i.e. the phys-
ical properties of the ribosome. When relativistic effects are neglected, the
most general treatment is to propagate its wave-function jyi via the time-
dependent Schroedinger equation,

od. .
Hjyl = ihiyi, (2.8)

using its Hamiltonian H. By this equation all physical properties of the ri-

bosome are inherently described. Molecular dynamics simulations [109] is a
means to approximate the time-dependent Schroedinger equation to an extent
that allows for computationally feasable treatment of biomolecules.

Physical approximations

Three approximations of the Schroedinger equation make a numerical solu-
tion tactable for the simulation of biomolecules.

First, the Born -Oppenheimer approximation [110] seperates fast and slow
modes and thus reduces the dimensionality of the tensor-product space to

1Alternatively Brownian dynamics equations are derived as a simpli cation of the Langevin
equation [107]. We made the respective simplifying assumptions in deriving the Somuluchowsky
equation above.
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Table 2.2: Empirical terms that approximate the electron potential. The k;
denote the force constants, rj; the distance between atomsi and j, P, the
periodicity for the dihedral potential, g its phase angle and A;;, B;; the van
der Waals interaction parameters.

Interaction Force Field Term Analogy
Bonded
bond stretching 8 honds 3Ko Tij  To 2

bond angle vibrations & anges 3Kq (d o%)°

extraplanar motions & imp %kx (x xo)2
. . .k

dihedral torsions a gin %(1+ cos(Pf Q))
Non-bonded

o A B
van-der-Waals aij w7t 2

ij ij
Coulomb 8 zoad
1] 4pe,eorij

that of the direct product of nuclei and electrons, jyi = jynijyei . Splitting the
Hamiltonian in a kinetic part of the nuclei and an electronic part, H = T,+ Hg,
the approximated Schroedinger equation for the wave function of the nuclei
jyni reads

(Ta+ V() jyni = iﬁ%jyni , (2.9)

where V(r) describes the dependence of the electronic part of the wave-
function on the positions of the nuclei r.

Second, force elds approximate the potential V (r) as a sum of interac-
tion functions as listed in Table 2.2. Additionally to non-bonded interactions
that describe interactions between all atoms, interactions between chemically
bound atoms are described with extra terms.

Third, instead of the time-development of the wave-function, only the
time-development of the expectation value of the nuclei positions is calcu-
lated. This approximation is performed through the E hrenfest theorem. By
this approximation, the motion of the nuclei is described by N ewtons equa-
tions of motion,

dr
dt
dv

dt

%r V(r) = %F(r) . (2.10)
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Figure 2.2: Periodic boundary conditions: A particle (red) in the unit cell
(black) and its periodic images (light red). When moving into one of the grey
cells it is shifted back to the black cell.

Numerical integration of the equations of motion

The leap-frog algorithm numerically integrates eq. (2.10) in a numerically sta-
ble, energy-conserving fashion. It uses the following T aylor expansion based
schemé:

r(t+ Dt) r(t)+ Dtv(t+ Dt/2).

V(t+Dt/2) = v(t Dt2)+ %F(r(t))

To ensure numerical stability the integration time step t is chosen an order of
magnitude faster than the time-scale of the fastest motions in our simulations.
Since bond-stretching motions of hydrogen atoms are constrained with the
Lincs algorithm, and fast bond-angle vibrations with virtual sites, the next
fastest motions occur on a timescale of 40 fs. Thus we chose a 4 fs integration
time step.

Periodic boundary conditions

Surface effects due to the simulation of small systems are reduced by periodic
boundary conditions. As indicated in Fig. 2.2, all simulation particles remain
in a unit cell spanned by three linearly independent box vectors b, by, bs.
Periodic boundary conditions are implemented such that any time a particle
would leave the unit cell it will be shifted back by a linear combination of the
box vectors. Since all particles interact with their periodic images, a suf cient
distance between periodic images of the simulated biomolecule needs to be
maintained to avoid nite size effects. The number of simulated particles in-
creases with the simulation box size. Thus we chose a rhombic dodecahedron
as simulation box that minimizes the number of required solvent molecules
due to its near-spherical shape.

Electrostatics and Van-der Waals cut-offs

The number of non-bonded interaction terms scales quadratically with the
number of simulated particles, making this the computationally most expen-

2See [111] for how to cite this method.
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sive part of the MD simulation of large systems. Since the van -der -Waals -
interaction drops very fast with the distance, this interaction is cut-off at a
de ned distance with no signi cant impact on the simulation results.

In contrast, cut-off approximations of long range electrostatic interactions
were found to signi cantly distort simulations of nucleic acids and proteins
[112, 113].

This limitation is overcome by Ewald summation that approximates elec-
trostatic interaction above a cut-off in reciprocal space, accounting for long-
range interactions while maintaining O (number of particles) run-time [114].

Pressure and Temperature coupling

To maintain pressure and temperature in our simulations, we use the P arinello -
Rahman [115] barostat and Nosé-Hoover thermostat [116], respectively, which
implement a weak coupling scheme. A friction term in pressure, respectively
temperature space ensures generation of the grand-canonical ensemble. In
contrast to the weak coupling schemes, the more robust Berendsen coupling
schemes [117] are used to drive systems to equilibium.

Set of starting coordinates

Our simulations rest on experimental data from X-ray diffraction experiments
(stored in the pdb-database [118]) and subsequent re nement against three-
dimensional cyro electron microscopy data as described below.

Limitations of Molecular Dynamics

Apart from the technical limitation of molecular dynamics to sampling lim-
ited phase space, molecular dynamics faces conceptual limitations from the
approximations made above.

The effective potentials in Molecular Dynamics simulations of biomolecules
are paretrized to reproduce their properties at standard conditions for tem-
perature and pressure. Simulations with parameters far from these conditions
will not match observations from other experiments.

By the way the force- eld is implemented, chemical bonds cannot break
and form. Since quantum effects are subsumed in an effective potential, phe-
nomena as quantum tunneling, excited states, photon absorption, ionization,
resonance energy transfer, adiabatic transitions, de-localized electrons cannot
be inherently described. Yet, these effect are modelled by MD simulations
using multiple effective potentials.

Further, polarization is not explicitly described by Molecular Dynamics.

Numerical description of the diffusion in an effective potential

To numerically estimate transition rates in an energy landscape we solve the
Smoluchowsky equation by changing to the single system picture and nu-
merically integrating the Browninan dynamics equation (2.7). The Brownian
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Figure 2.3: Electron microscopy micrograph of a ribosome. The ribosome is
visible as the central dark grey region. Note the small signal-to-noise ratio.
Data courtesy of Niels Fischer.

dynamics equation is a stochastic differential equation, which we discretize
following the Euler-Maruyama scheme [119],

Xn= Xp 1 Dtx r G(X, 1)+ P 2bxDIR. (2.11)

2.3 Cryo-EM tting

Structure reconstruction form cryo electron microscopy

Cryo electron microsopy (cryo-EM) is an experimental technique that deter-
mines the structure of biomolecules through electron scattering on thin layers
of cryogenic samples [120]. During the imaging process high energy electrons
(100-300 keV) are scattered on the electric eld of the nuclei of the sample.

The reconstruction of the three dimensional electron density poses an in-
verse problem. A direct solution to this inverse problem would yield a prob-
ability density distribution for each of the model parameters that are used
to describe the observed scattering effects, e.g., voxel-values on a three di-
mensional grid. The low signal-to-noice ratio of the cryo-EM micrographs
as shown in Fig. 2.3 and the large number of these (typically 10000) ren-
ders this computationally prohibitive. Instead, an interative procedure is used
that re nes a small set of model structures to best match the two-dimensional
micrographs.

From each model, two-dimensional reference images are calculated. The
micrographs are then classi ed according to their cross-correlation with the
reference images [121, 6]. Following the classi cation, the procedure is re-
iterated with new scattering-density models that are reconstructed from the
micrographs in the subclasses.

Cryo-EM works under the assumption that the rapid freezing (10 “4K/s) is
fast enough to maintain the structural ensemble at the initial temperature.
Though radiation damage is reduced through vitri cation, it needs to be as-
sumed that the radiation impact on the sample does not alter its conformation.
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Figure 2.4: Canonical cryo-EM re nement routine. From the model atom
positions a density is derived by the convolution of the atom positions with a
three dimensional Gaussian function with an amplitude proportional to their
atomic number. This density is projected on a voxel grid by integrating of
the grid cells. The density values at the voxel is then compared to the values
obtained by cryo-EM through cross-correlation.

Re nement of cryo-EM densities

To describe the dynamics of a biomolecule in a state described by cryo-EM we
obtained the best matching set of atom coordinates to the cryo-EM data via a
method called cryo-EM re nement. Similiarly as above a direct solution com-
prises probability distributions for the position of each atom obtained from
the raw cryo-EM data, i.e. the complete set of two-dimensional micrographs.

The technical limitiations to this approach are overcome by four approxi-
mations. First, the reconstructed three-dimensional cryo-EM density, instead
of the two-dimensional micrographs, is used for re nement, greatly reducing
the amount of data compare to the raw micrographs. Second, instead of an
ensemble of structures with occupation probabilities assigned each, the sin-
gle structure with the highest assigned probability is used. Figure 2.4 shows
how in a third approximation, the probability for a structural model to t to
the cryo-EM density is assumed to be proportional to the real space corre-
lation between the structural model convoluted with a Gaussian kernel and
the cryo-EM density map. Fourth, a force- eld is used to re ne the ribosome
models. This additional information is needed, because the cryo-EM maps
alone do not carry enough information to uniquely determine atom positions
in a physically meaningful way.

As force- eld in our re nement procedure we used a dynamic elastic net-
work model [122] with additional constraints on the secondary structure of
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Figure 2.5: PCA in two dimensions. The coordinate system is orthogonally
transformed (f), such that the covariance between the projections onto the
new vectors eigenvector, and eigenvector, is minimized. After Pearson [123].

the ribosomal RNA. This empirical model greatly reduces the computational
cost compared to a standard force- eld where all long-range interactions are
taken into account.

2.4 Ensemble analysis

Principal component analysis

We perform the seperation of time-scales of ribosome motions, i.e., the seper-
ation of fast, noisy modes of ribosome motion from slow, relevant modes of
motion, in two steps. First, we perform an orthogonal coordinate transfor-
mation that minimizes the covariance between the transformed coordinates as
depicted for the 2-dimensional case in Fig. 2.5. Second, we sort these coordi-
nates according to their variance and chose the ones with maximum variance.
Technically, the coordinate transformation is obtained from diagonalizing the
covariance matrix of the data. The obtained eigenvalues correspond to the
variance of the data [123].

Axis and center of rotation for the rotation of a exible body

The movement of the ribosome small subunit has been approximated as rigid
body rotation since the discovery of its ratchet-like movement during translo-
cation [84]. Subsequent studies divided this movement into small subunit
body rotation as well as small subunit head rotation, swivel, and tilt. Despite
the fact that ribosmal protein and RNA are exible, an approximate descrip-
tion of these movements as rigid body rotations yields a reaction coordinate
that captures most of the exibility of the small ribosome sub-unit [6].

Determination of pivoting point and axis of rotation has usually been done
manually or through an arbitrary de nition of “core” residues that have the
least exibility and a subsequent rigid body t [32, 90].

Figure 2.6 shows our method to determine center and axis of rotation,
extended after [124], for a movement of atoms from positions x to x% We
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Figure 2.6: Best tting center and axis of rotation for the the rotation of

a exible body. From the exible movement of a set of atoms (movement
indicated by arrows from black atom positions to grey atom positions), we
extract the center and axis of rotation through a non-linear least-squares t.
Panel (a) depicts the constraint used for tting the center of rotation, where we
require that the standard deviation for all atoms from orthogonality of  dx =
x% xand p= dx/2 candis minimal. Panel (b) shows the tting constraint
to determine the axis of rotation w that requires the standard deviation for all
atoms from orthogonality between dx and w is minimal. Panel (c) depicts the
obtained parameters from the tting procedurs, center of rotation and three
axis of rotation: the axis of largest rotation, the axis of least rotation and an
axis perpendicular to the previous as well as the respective rotation angles.

de ne the exible body rotation center with the respective shift vector dx =
x0 xas
argmin & (dx;(dx; 2c))2. (2.12)
c [

Now the same diagonalization approach as in the principal components anal-
ysis described above yields the center of rotation. Similarly, the axis of rotation
is determined from the solution to the following eigenvalue problem,
|
argmin § (dxw)? = argminw  § dxjdx/ w’. (2.13)
w i w i

Here, the other two eigenvectors describe the axis of minimum rotation as
well as an axis perpendicular to the axis of maximum and minimum rotation,
which are also used to characterize the rotational movement. Overall we ob-
tain a center of rotation as well as three axis of rotation and the respective
rotation angles from the movement of atoms from one position to another. To
average the determined rotations from the many movements between single
shapshots in ensemble data, we use a quaternion-based average [125]. A plain
average is used for the center of rotation.

Transition Rate estimates

We will now describe how we estimated the free energy barriers between ri-
bosome translocation intermediates and a global attempt rate A as well as a
global barrier calibration factor c. This estimate is also laid out in the Supple-
mentary Information in [22], due to the space limitations in the supplement, in
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Figure 2.7: From a sparse sampling of an energy landscape in states A (red),
B (black), and C (blue) we estimate the transition rates  k;; jbetween all pairs
of states.

Figure 2.8: Harmonic approximation (black) to the underlying energy land-
scape (grey) and effect of the global parameters ¢ and DGf)t to the energy
barrier estimate DGgst . The unknown energy landscape underlying trajecto-
ries starting in states A, B is approximated by two harmonic functions with
mean my g and standard deviation Sp g.
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a very condensed way that, for example, only implicitely states how the mini-
mum free energy intersection point of two n-dimensional quadratic forms was
calculated. Thus, we now expand on the points that were only mentioned in
passing in [22].

Fig. 2.7 shows the sparse sampling of an energy landscape statesA, B,
and C with trajectories x(t)*,x(t)B, and x(t)¢ and the respective tansition
rates ka1 g,Kai c,Kg! ¢, ... indicated by arrows. We aim at estimating these
transition rates, even though no overlap in sampling these states has been
observed (cf. Fig. 2.7, StatesA and C).

We estimate transition rates from ensembles of trajectories f x(t)'g in three

steps. First, we estimate the transition state energy DGf;St for transitions be-
tween all individual pairs of trajectories from a harmonic approximation to
the energy landscape using the respective trajectory, as shown in Fig. 2.8.

Second, we combine all local transition energy barrier estimates to esti-
mate two global tting parameters, a gauge parameter c and global attempt
frequency A using estimated transition probabilities from transitions observed
in the trajectory ensemble.

Third, we estimate the transition rate between all pairs of states, using the
gauged transition state energy DG¥ = cDGiSt and global attempt frequency i
using Kramers' theory.

Harmonic Approximation to the Energy Landscape

The set of coordinates from sampling two states allows us to estimate the
energy barrier between them through a harmonic approximation to the en-
ergy landscape. First we link the covariance and mean of a trajectory to the
Taylor expansion of the local energy landscape, second we use the harmonic
approximations to nd the isocommiter surface and the saddle point on it.

The Taylor expansion of an energy landscape at a local energy minimum
Xo is

G(X) = Glx)*+ 5 (¢ x)S(x x)*+O((x x)9).  (214)

The projection of a trajectory to lower dimensions is approximated by a mul-
tivariate Gaussian with mean mand covariance matrix S

PO = poexp  S(x M'S Hx ) . (2.15)
From G(x) = KkyTlog p(x) it follows that
G(x) = G(m+ %kBT(x mTs 1(x n. (2.16)

Comparing eqgn. (2.14) with egn. (2.16) shows that the local harmonic approx-
imation to the energy landscape is given by mean and variance of the under-
lying probability distribution.

Figure 2.9 shows the harmonic apprixmation to two trajectories starting
in states A,B with means m, and g and covariances Sy and Sg. Under the
assumption that our system shows the same diffusion behaviour on the en-
ergy landscape everywhere, Ga(x) = Gg(x) de nes the iso-commiter surface,
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Figure 2.9: Energy barrier estimate from a harmonic approximation to the
energy landscape. A randomly generated energy landscape depicted in ( a)
was sampled using a Metropolis-Monte-Carlo algorithmm, starting from two
low energy con gurations. Each of the sampled point clouds was approx-
imated by their mean and covariance as described in (2.4). The result of
this quasi-harmonic approximation to the underlying energy landscape is de-
picted in (b). The grey line depicts the iso-commiter surface, the grey dot the
saddle point.

starting from which it is equally likely to end in A and B. The lowest energy
value on the iso-commiter surface

min Ga (X). 2.17
a0 SA ) @17)

dominates the transition timescales and is used to estimate the transition rate
in Kramers' rate theory introduced above. For free energy potentials of form
(2.16) for statesA and B, a Lagrange multiplier approach,

Fxi (Ga(¥)+ 1(Ga(X) Ga(x) =0,

yields the neccessary and suf cient conditions to ful Il 2.17.

1l
o

SBl SAl X:t SB:Ln.B
T SBl SAl vl ZXJthBlm3+
mpSgims+ 2(Ge(mg) Ga(my)) = O, (2.18)

where, without loss of generality, my = 0. Though we found no closed form
analytical expression for 2.18, a numerical search onl is straightforward.

The transition state energy estimate DGést for a transition from state A to
Bis given by DG, = Ga(x¥)  Ga(mn).
Global Parameters in Trajectory Ensembles

We calibrate the estimated free energy barrier by a linear model

DG* = DGl + DG} (2.19)

est

with calibration factor c as depicted in Fig. 2.8 and an off-set DGS.
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Figure 2.10: A transition occured, when the normalized distance between
two states is smaller than unity.

With DG* as the lowest saddle point energy on the energy landscape and
an attempt rate n to cross the barrier at a temperature T, Kramers' rate theory
gives the transition rate as

DG*

k= nexp T
B

(2.20)

The use of the linear model for the free energy barrier callibration yields
our model for the transition rate
| | |

N , ! ;!
G DG DG

k = 0 est — =~ est 221

nexp kaT exp c KaT fiexp c KaT ( )

where the free energy barrier offset is absorbed into the global attemt rate
fi. To avoid over tting of sparse data, we assume that the diffusiveness and

the ruggedness of the energy landscape is similar in all sampled regions and
therefore use one global value for the gauge factor c and the attempt rate f.
We now extract the model parameters ¢ and fi by comparing the probability

to observe a transition between two states in simulation time t, using our
rate estimates and the two model parameters c and fi to the actually observed
transition frequencies.

Determination of gauge factor c and global attempt rate

To obtain the transition frequencies between states in our simulations, we rst
de ne transitions between two states, given our ensemble data. To this aim we
introduce a normalized distance between two trajectories shown in Fig. 2.10.
It is given as the minimum distance between any a(t) 2 A and b(t) 2 B,
normalized by the average distance between subsequent points,

mini<¢ ja(t)  b(t)j

das(t) = hir(t) r(t+ Db)jiifapg

(2.22)

We consider a transition if dag(t) < 1. Given our model parameters c, i
and the estimated free energy barrier, we can now express the probability to
observe such a transition within simulation time p(t) from reaction kinetics as

p(t)= 1 exp( kt). (2.23)
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We determined k above in eq. 2.21, so that we can write the transition proba-
bility as " | #
DG,

ty _ ~
p(t,DG;) = 1 exp fiexp kT

t . (2.24)
Now, a t of this model to transition frequencies that were observed in the
ensemble data to observed in the simulations, allows to obtain the model
parameters i and c.
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3. Publications

3.1 g_contacts: Fast contact search in bio-molecular
ensemble data

Of particular interest to the function of the ribosome are areas where its func-
tional parts, e.g. tRNAs, the small and the large subunit, contact each other.
Due to the detailed all-atom description of the ribosome, nding contacts be-
tween ribosome parts is computationally very expensive when following a
naive approach — checking all pairwise distances of atoms in the small and
the large subunit requires more than 1.3 10'°(87 352 times 154 576) distance
calculations for one snapshot of the trajectory. In the following paper we im-
plemented an approach that drastically reduces the run-time that is needed to
nd contacts in large systems.

This article, published in “Computer Physics Communications”, was con-
ceived and written by myself under supervision of Helmut Grubmdller.















3.2. ENERGY BARRIERS AND DRIVING FORCES IN TRNA
41 TRANSLOCATION THROUGH THE RIBOSOME

3.2 Energy barriers and driving forces in tRNA translo-
cation through the ribosome

In the following publication we describe how tRNA translocate through the
ribosome through a combination of MD simulations, cryo-EM, X-ray data,
spectroscopic measurements and bioinformatics analysis. In this publication |
share rst authorship with Lars V Bock. For this publication | predominantly
contributed

Transition rate estimates
Determination of a kinetic sequence of states
Check of stereochemical parameters of the models

Quanti cation of 30S head and body rotation
| made essential contributions to

Writing of the manuscript

Figure preparation

Re nement of the atomic models against cryo-EM maps
Comparision to recent crystal structures

De nition of reaction coordiantes for collective motions
Check of conservation of contact residues

Interaction enthalpy estimates

“The proposed manuscript comes across as a summary of a Magnum opus thesis
in which gaps are left in the foundations, even with a supplement that is over-
whelming in size. [...] As it stands, it is impossible to know whether the plausible
conclusions are the result of robust ribosome physics shining through unsubstanti-
ated methodology, or a happy accident that might prove irreproducible.”

Anonymus
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