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2. Abstract

2. Abstract

Delivery of tRNA to the ribosome and accurate incorporation of amino acids in the 
nascent peptide chain are a cornerstone of translation in all organisms. In bacteria, all  
species of tRNA are bound by the GTPase elongation factor thermo unstable (EF-Tu) 
and  delivered  to  the  ribosome  where  EF-Tu  hydrolyses  GTP  and  dissociates  upon 
recognition  of  cognate  codon/anticodon  pairs.  The  binding  of  EF-Tu  and  tRNA 
therefore plays an important part in translational fidelity. EF-Tu encounters a mixture 
of tRNA attachment isomers made by different classes of aminoacyl synthetases and 
acts as an isomerase unifying tRNA populations towards the 3’-aa-tRNA  isomer. This 
work investigates the impact of the tRNA aminoacylation isomerism on conformation 
and dynamics of tRNAPhe and the respective ternary complex with EF-Tu and GTP with 
atomistic microsecond molecular dynamics (MD) simulation. Interactions between the 
3’-  and  5’-end  within  the  tRNA  acceptor  stem  are  found  to  be  markedly  different 
between attachment  isomers  resulting  in  varying  levels  of  strand separation in  the 
acceptor  stem  and  solvent  accessibility  of  the  aminoacyl  carbonyl  group.  Mutual 
information (MI) between degrees of freedom calculated from all atom MD simulations 
is used to quantify conformational coupling between amino acids in EF-Tu and bases in 
tRNAPhe. MI between different residues in tRNA and EF-Tu from MD is compared to 
sequence-based  co-variation  from  multiple  sequence  alignments.  Clustering  of  MI 
between amino acids is able to recover functional domains in EF-Tu and suggests a 
clear distinction in how EF-Tu integrates information about differently aminoacylated 
bound tRNAs into its intramolecular communication. 
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3. Zusammenfassung

3. Zusammenfassung

Der Transport von tRNA zum Ribosom und der korrekte Einbau von Aminosäuren in 
die entstehende Peptidkette ist ein fundamentaler Bestandteil der Translation in allen 
Organismen. In Bakterien werden alle aminosäurespezifischen tRNA Moleküle von der 
GTPase  elongation  factor  thermo unstable  (EF-Tu)  gebunden und an  das  Ribosom 
transportiert.  Dort  wird,  nach  erfolgreicher  Erkennung  von  passendem  Codon  und 
Anticodon, GTP abgespalten und EF-Tu dissoziiert. Das Binden von tRNA und EF-Tu 
spielt  deshalb  eine  wichtige  Rolle  bei  bei  der  Gewährleistung  der  Genauigkeit  der 
Translation.  Ursprünglich  begegnet  EF-Tu  einer  Mischung  von  tRNA 
Aminoacylierungsisomeren und agiert als Isomerase um dieses Verhältnis zugunsten 
des 3’-aa-tRNAaa Isomers zu vereinheitlichen.  Die vorliegende Arbeit  untersucht die 
Auswirkungen  des  natürlich  vorkommenden  tRNA  Beladungsisomerismus  auf  die 
Konformation und Dynamik von tRNAPhe und den entsprechenden Komplexen mit EF-
Tu  mithilfe  von  Simulationen  der  molekularen  Dynamik  in  Mikrosekundenlänge. 
Interaktionen  zwischen  den  3’-  und  5’-Enden  des  tRNA  Akzeptorstammes  zeigen 
deutliche Unterschiede und resultieren in unterschiedlicher Trennung der Strangenden 
und  der  Zugänglichkeit  des  Lösungsmittels  für  die  Aminoacyl-Carbonyl-Gruppe. 
Transinformation  zwischen  atomaren  Freiheitsgraden,  berechnet  aus 
Molekulardynamik Simulationen wurden verwendet um die Kopplung von Basen in 
tRNAPhe und  Aminosäuren  in  EF-Tu  zu  quantifizieren.  Transinformation  zwischen 
Positionen  in  Sequenzalignments  wurden  mit  den  Kopplungen,  die  in  den 
Molekulardynamik  Simulationen  beobachtet  wurden,  verglichen.  Die  Clusteranalyse 
der Transinformation zwischen den EF-Tu Aminosäuren ist in der Lage funktionelle 
Domänen des Proteins wiederzugeben und impliziert einen erkennbaren Unterschied 
in der Art wie EF-Tu Informationen über gebundene tRNA Aminoacylisomere in seine 
intermolekulare Kommunikation integriert. 
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4. Introduction

4. Introduction

4.1 Translation/Elongation cycle

To accomplish a  wide range of  catalytic,  regulatory,  signaling,  and structural  tasks, 
genetic material is constantly transcribed into mRNA and subsequently translated into 
polypeptides.  Accuracy  and speed  of  this  process  are  crucial  for  all  organisms and 
dysregulation or  disruption can easily  lead to non recoverable  reduction in cellular 
functionality and fitness. This, in fact is the mechanism of many antibiotic agents and a  
hallmark of cancer and some neurological conditions1. A complex cellular machinery 
achieves  this  feat  leveraging  a  host  of  components.  Central  to  translation  is  the 
ribosome, a two subunit complex comprising ribosomal RNA and ribosomal proteins. 
The small subunit binds the messenger RNA (mRNA) transcript and mainly facilitates 
the translation of triplet codons into a polypeptide chain. The large subunit performs 
the catalytic functions while also binding aminoacylated transfer RNAs (tRNAs). tRNAs 
connect the triplet code of the mRNA to their corresponding amino acid and deliver it  
to the ribosomal A-site and subsequently to the nascent peptide chain in the ribosomal 
P-site2.  During  protein  synthesis,  aminoacyl  tRNAs  cross  the  entire  ribosome  by 
binding to the three primary interaction sites (A, P and E), together facilitating the 
elongation of  a  peptide  chain3.  As  the  link between codon and amino acid,  tRNA’s 
conformational  flexibility  and  dynamic  behavior  have  been  shown  in  recent 
experimental  and  computational  work  to  play  a  vital  role  in  all  main  steps  of 
translation4–11. During the initiation phase of 70s complexes, the initiator tRNA is held 
in its characteristic place by interactions between the P-site of the small subunit and 
the anticodon stem, and another between the acceptor stem and the initiation factor 2 
(IF2)4,12,13.  Comparison  of  tRNA  structures  from  different  eukaryotic  initiation 
complexes has revealed a high degree of flexibility of the acceptor arm in particular and 
may point to a regulatory aspect of tRNA flexibility on assembly of ribosomal sub-units 
and  incorporation  into  the  P  site4,14.  For  the  next  major  step  of  translation, 
incorporation of the correct elongator aa-tRNAaa is crucial. This step is regulated via a 
kinetic  discrimination  mechanism15,  where  upon  codon  anticodon  binding, 
conformational  changes  in  the  30S  subunit  accelerate  the  forward  rates  of  GTP 
hydrolysis  in  EF-Tu,  leading to accommodation only  of  cognate elongator  species 16. 
Analysis  of  aa-tRNA  cryo-EM  structures  in  complex  with  GTPase  activated  EF-Tu 
proxies (antibiotic kirromycin leads to EF-Tu mimicking the activated configuration5) 
have detected anticodon and D-stem loop region distortions in the tRNA6–8. Together 
with the mandatory presence of an intact aa-tRNA to trigger the GTPase activation9, 
these results point to an active role for aa-tRNA in tuning the GTPase activation by EF-
Tu ribosome interaction.  FRET studies  involving pre-translocation complex analogs 
and  either  wildtype  or  mutagenized  tRNA,  discovered  specific  tRNA-ribosome 
interactions  regulating  the  translocation  intermediate  complex  formation.  This 
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4. Introduction

suggests a crucial role of tRNA conformational flexibility in pre-translocation complex 
dynamics10. 

4.2 Aminoacylation

An important part of the translation elongation cycle is the charging and subsequent 
delivery  of  the  aminoacylated  elongator  tRNA  to  the  ribosome.  Aminoacylation  is 
facilitated by aminacyl-tRNA-synthetases (AaRS). They are structurally divided into two 
classes I and II and while functionally these classes overlap heavily via their primary site 
of attachment, there is one exception in PheRS. In general, class I aaRSs transfer the 
amino acid to the 2’- OH of the ribose of A7617,18 while class II aminoacylate the 3’-OH19. 
PheRS,  a  class  II  aaRS  however  attaches  at  the  2’-hydroxyl  group  of  the  terminal 
adenosine20. Charged aa-tRNAaa’s subsequently form a ternary complex with eefFAA (in 
eukaryotes) or EF-Tu (bacteria) and GTP and are delivered to the ribosomal A-site21. 
EF-Tu/eefFAA stabilizes the 3’-isomer and shuttles it to the ribosome exclusively in this 
form22,23. The 3’- and 2’-hydroxyl groups are involved in many different functions across 
the whole translation cycle including peptide bond formation, proofreading and tRNA 
charging and the translation process at many steps has been demonstrated to stabilize 
and specifically  exploit  either isomer24.  The replacement of  even the non-connective 
hydroxyl  with either a  hydrogen or a  fluorine has been demonstrated to completely 
abolish the deacylation of  mischarged tRNAILE  25.  Importantly,  the 2’-  and 3’-stereo-
isomers have been shown to interconvert via an orthoester (OE) intermediate (Figure
1A) in water with the 3’-isomer being ~3 times more common26. The majority of recent 
structural data supports a stabilization of the 3’-isomer by EF-Tu with some evidence 
from NMR-studies reporting the presence of the OE-conformation in the EF-Tu bound 
state for valyl-tRNA27. While both 2’- and 3’-isomers are capable of binding EF-Tu28,29, 
they do so with radically different affinities and hydrogen bonding between the 2’-OH 
and EF-Tu might be required to stimulate GTPase activity30. Analysis of aminoacyl bond 
half-lives showed a marked difference in the stability of the ester bond between attached 
amino acids. This difference was overridden by EF-Tu protecting the linkage against 
hydrolysis31.  Previous  molecular  dynamics  (MD)  studies  on  aa-ester  bond  exposure 
from  charged  acceptor  triplets  implicate  the  nature  of  the  attachment  site  to  be 
potentially  important  for  the  hydrolytic  stability  of  the  aa-ester  bond.  This  study 
observed the invariant adoption of clear extended and collapsed states for trinucleotides 
in  both  isomers  as  well  as  a  systematically  higher  solvent  exposure  of  the 
aminoacylester bond in the 3'-attached systems32. This effect is studied in the context of 
full length tRNAPhe in the present work with the inclusion of the intermediate OE.
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4. Introduction

4.3 EF-Tu/EF-1A

Translation is dependent on rapid and accurate delivery of aminoacylated tRNA to the 
ribosome. After recognition and aminoacylation of a diverse set of tRNA species by 
their  cognate  tRNA  synthetases,  delivery  of  aminoacylated  elongator  tRNA  to  the 
ribosomal A-site is facilitated through the translation factor EF-Tu in bacteria33 and its 
eukaryotic homologue EF-1A via a ternary complex comprising the aminoacyl tRNA 
(aa-tRNA) and the GTP-bound form of EF-Tu/EF-1A.  EF-Tu is charged via EF-Ts with 
GTP34 after  which  it  binds  aa-tRNA in  a  ternary  complex.  This  complex  binds  the 
ribosomal  A-site  during  decoding  and  upon  codon/anticodon  recognition  a 
conformational change in both the ribosome and the ternary complex results in GTPase 
activation and subsequent GTP hydrolysis.16,35–44 This leads to the full accommodation 
of  aa-tRNA  and  the  dissociation  of  EF-Tu  from  the  ribosome45.  EF-Tu  can  also 
dissociate reversibly without GTP hydrolysis46 and contributes to translational fidelity 
via  a  steric  component,  by  reducing  free  energy  barriers  associated  with  early 
accommodation  steps47.  EF-Tu·GDP  then  enters  the  cycle  at  the  beginning  and 
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Figure 1: tRNA charging isomerism and structure of the Phe-tRNAPhe·EF-Tu·GTP complex.  A Charging 
isomerism at the ribose of the terminal adenosine in tRNA with the intermediate OE. Carbonyl/carboxyl 
group colored red.  B EF-Tu domains. EF-Tu comprises three domains with domain I binding GTP and 
incorporating classical nucleotide binding motifs such as the walker-A/P-loop motif. Domains II and III are 
responsible for tRNA binding, ribosomal interactions and binding of nucleotide exchange factors after 
GTP hydrolysis. Upon codon/anticodon recognition at the ribosome a conformational change is initiated 
resulting in  GTP hydrolysis.  Both  switch regions are  instrumental  for  this  conformational  change.  C 
Binding interface of  S.  cerevisiae  Phe-tRNAPhe,  T.  aquaticus elongation factor  EF-Tu·GDPNP ternary 
complex (PDB code: 1TTT). Proposed interacting EF-Tu residues are colored in red and corresponding 
tRNA residues in green. Important residues at the acceptor stem interface are labeled.
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undergoes EF-T dependent nucleotide exchange. A critical step in the EF-Tu dependent 
decoding  path  is  the  recognition  and  uniform  binding  of  elongator  aa-tRNA’s. 
Regardless of the esterified amino acid, all aa-tRNA’s need to be bound tightly enough 
for secure translocation to the ribosome and weakly enough so as not to interfere with 
its  release  from  the  ternary  complex  during  decoding48,49.  All  these  considerations 
require a complex network of communication between tRNA, ribosome and EF-Tu to 
facilitate fast accurate and uniform delivery of the ternary complex to the ribosome and 
trigger  GTP  hydrolysis  in  the  presence  of  cognate  codon/anticodon  moieties  at  the 
ribosomal  A-site.  The  exact  mechanism  of  triggering  the  necessary  conformational 
changes  after  decoding  is  only  partially  understood.  EF-Tu  from  T.  thermophilus 
consists of three domains (Figure 1B): domain I (1-210), a nucleotide binding domain 
similarly found in all  GTPases including a Walker A (P-switch) motif as well as two 
switch regions responsible for conformational changes upon GTPase activation35,50–52. 
Domains II (211-310)  and II (311-405) make extensive contacts with tRNA, while the C-
terminal domain III is responsible for binding EF-T’s during nucleotide exchange53. EF-
Tu’s affinity for GDP is about two orders of magnitude higher than for GTP, a difference 
that  disappears  when  removing  domains  II  and  III  implicating  them  in  allosteric 
regulation of EF-Tu function51 as they do not directly contact the nucleotide binding site. 
EF-Tu interactions with tRNAPhe can be divided into three groups: (1) interactions with 
the tRNA 3'-acceptor triplet and esterified amino acid, (2) interactions with the 5’-end 
acceptor stem, (3) interactions with the tRNA T-stem  (Figure 1C). A pocket between 
domains I and II fits all 20 amino acids with hydrophobic sidechains lining the pocket 
and D226 and E227 resulting in a net negative charge of the pocket. All three domains 
are in contact with the tRNA acceptor arm while except for one contact between the K90 
residue of domain I and G65, only domain III interacts with the T-stem.  Almost all 
interactions consist of EF-Tu residues forming hydrogen bonds and ion pairs with 2’-
hydroxyl’s and phosphates of the tRNA T-stem and acceptor stem regions. Notably, H67 
stacks on top of the Phe sidechain ring while E271 stacks to the free 2'-OH of the A76 
sugar. K52 from the switch I region contacts the two phosphates at positions 74 and 75 
forming the only contact of switch I with the CCA triplet. K90 interacts with phosphates 
of both acceptor stem base 2 and T-stem base 65.  All other contacts between domain I 
and tRNA are located at the 5’-end of the acceptor stem between tRNA residues 1 and 
435.

4.4 Binding affinity compensation

Although all species of elongator aa-tRNA bind EF-Tu with similar affinities54–57, some 
small  specificity  remains.  This  might  be  required  to  account  for  intracellular 
concentrations of tRNA and indeed the inverse abundance correlates well with these 
differences in E. coli58. Misacylation abolishes the uniform affinity leading to a range of 
60  times  weaker  to  120  times  tighter  binding59.  The  discrete  contribution  of  the 
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esterified amino acid is compensated by the tRNA body and systematic misacylation 
studies  show  good  matching  of  tight  binding  amino  acids  with  weakly  binding 
bodies60,61.  Binding  assays  of  EF-Tu  with  alanine-mutated  residues  at  20  positions 
interfacing with tRNA revealed 5 positions whose effects on tRNA binding affinity were 
specific  to the tRNA species.  3 of  these positions interacted with T-stem regions of 
variable sequence, while the rest interacted with conserved positions61,62. This suggests 
both  a  contribution  of  sequence  specific  contacts,  as  well  as  of  the  overall  tRNA 
structure and/or dynamics to modulating binding affinity. Measurements of binding 
affinities for 42 single base-pair mutations in the acceptor and T-stem of S. cerevisiae 

tRNAPhe to T. thermophilus EF-Tu yielded a set of three base pairs  (49–65, 50–64 and 
51–63) responsible for a large part of the specificity of binding. Inserting these base 

pairs  from  several  E.  coli tRNA’s  into  yeast  tRNAPhe resulted  in  EF-Tu  binding 
affinities comparable to those of the respective donor tRNA. Additional experiments 
with  double  and  triple  base-pair  mutants  suggested  additive  and  independent 
thermodynamic  contributions  of  each  position  to  the  binding,  enabling  reasonably 
accurate  prediction of  binding  affinities  for  all  E.  coli tRNA’s63.  Mismatches  in  the 
acceptor stem 1-72 base pair have been shown to contribute to poor binding of initiator 
tRNA64–66.

4.5 Molecular dynamics simulations

Common  experimental  methods  for  investigating  the  structural  basis  of  molecular 
processes are significantly limited when it comes to spatial and temporal resolution. 
Additionally, dynamic systems are often insufficiently captured by single configurations 
and better understood at the level of ensembles. Molecular dynamics (MD) simulations 
are able to provide atomistic detail as well as femtosecond-level temporal resolution in 
addition to sampling the configurational space. In basic terms, MD simulations predict 
the movement of atoms based on a model of inter atomic interaction forces67. Positions 
and velocities for each atom at a given time during the MD simulation are recalculated 
in  accordance  to  the  forces  acting  on  each  atom.  These  forces  are  the  result  of  a 
predefined potential energy function and are used to compute acceleration of an atom 
and  its  resulting  velocity  (assumed  to  stay  constant  during  an  integration  step). 
Different  sets  of  parameters together  with  the  functional  form  describing  the 
interaction Hamiltonian, termed force fields, have been developed over the years, fit to 
different quantum mechanical calculations and experimental data68.  MD simulations 
allow  for  careful  control  and  exact  knowledge  of  parameters  such  as  pressure, 
temperature,  initial  conformation,  presence  of  ions,  ligands  and  post  translational 
modifications or mutations. Increased availability of computational resources both in 
terms of CPU and GPU69 computation have made microsecond MD trajectories widely 
available for systems of moderate size such as tRNA bound to EF-Tu (~30000 solvent 
atoms  and  8882 atoms  in  the  Phe-tRNAPhe·EF-Tu·GTP  ternary  complex  simulation 
box). The ability of MD simulations to probe equilibrium behavior of such systems in 
response to subtle modifications such as amino acid attachment to a tRNA, makes them 
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uniquely suited for investigation of conformational and dynamic properties of this part 
of the translation machinery. Covalent modifications to bases in tRNA occur with high 
prevalence70 and  are  implicated  in  tuning  conformation,  folding  dynamics  and 
translation accuracy71–74. Modified bases are nonstandard residues and as such need to 
be manually parameterized for MD simulations of systems containing tRNA. The partial 
charges for nonstandard tRNAPhe residues were derived previously be Zhang et al.71 via 
the RESP approach and the missing parameters were manually assigned in analogy to 
the  GAFF  force  field75 as  well  as  from  the  online  AMBER  parameter  database76 

Comparison of modified and unmodified tRNAs from MD simulations the influence of 
modified bases on tRNA flexibility, increasing in some areas and decreasing in others71. 
The  ternary  complex  of  tRNA·EF-Tu·GTP  has  been  previously  investigated  via  MD 
simulations.  Explicit  solvent  MD simulations  of  the  ternary  complex  found a  rapid 
conversion  of  the  EF-Tu  switch  I  region  during  aa-tRNA  accommodation.  Switch  I 
converts  from  an  α-helix  to  a  β-hairpin  in  the  GDP  conformation  of  EF-Tu77. 
Additionally, MD simulations revealed the loss of interactions between the nucleotide 
and the switch I upon GTP hydrolysis to be responsible for the increase in switch I 
flexibility necessary for this transition. This loss of contact was theorized to enable a 
rotation of EF-Tu domain I relative to domains II and II, allowing for release of the 
tRNA CCA tail bound between domains I and II48. Tying into previous MD studies of 
acceptor  triplet  conformation  and  aminoacyl  ester  bond  solvent  exposure  in 
trinucleotides aminoacylated with several different amino acids at either the 2’- or 3’-
OH, this work aims to investigate conformational trends in full length tRNA as well as 
tRNA in complex with EF-Tu. To further characterize the molecular determinants of 
amino  acid  attachment  isomerism  in  tRNA  and  the  tRNAPhe·EF-Tu·GTP  ternary 
complex,  the  intermediary  OE  along  with  both  Phe-tRNAPhe charging  isomers  is 
additionally investigated in this work. Here, the dynamic properties of these systems are 
investigated  via  microsecond  MD  simulations  and  further  explored  using  original 
information theory approaches for configurational entropy estimations and allosteric 
network analysis (see below).

4.6 Information theoretic approaches to allostery

Information theoretic approaches for analyzing and predicting allosteric networks have 
been implemented in the last couple of years both from multiple sequence alignments 
78,79 as  well  as  MD  simulation80–84.  Covariation  of  residues  in  multiple  sequence 
alignments (MSA) has been widely used in the field of  structure prediction to great 
success, most recently in machine learning approaches such as AlphaFold85. Covariance 
of  positions  in  MSA  comprises  several  influences  such  as  phylogenetic,  structural, 
functional  and  random  components79.  In  the  case  of  known  structures,  mutual 
information (MI) between residues can be analyzed with a focus on functional/allosteric 
coupling between residues. Using this approach indirect correlations between far apart 
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residues can be discovered from multidimensional mutual information (mdMI) from 
sequence data86. These couplings can be thought of as arising not from direct contacts 
or indirect geometric/steric constraints but could instead be indicative of functional or 
allosteric networks. 

As  all  atomic  motions  are  present  in  MD  trajectories,  MI  between  all  degrees  of 
freedom can be calculated and this is in fact a necessary step for the calculation of 
configurational  entropy  via  the  mutual  information  expansion  or  maximum 
information spanning tree approach (see Section 4.7).  From this, residue pairs with 
correlated degrees of freedom can be identified in an equilibrium ensemble. Smaller 
perturbations to a biomolecule involve the activation of the same fluctuation pathways 
as  ones  activated  by  random  collisions  present  at  equilibrium87 and  correlations 
observed in this way, may propagate structural or dynamic perturbations from external 
forces  such  as  ligand  or  interaction  partner  binding88,89.  The  mechanisms  through 
which  a  perturbation  at  one  site  can  couple  to  another  include  direct  steric  or 
electrostatic  interactions  as  well  as  indirect  action  such  as  solvent  reordering  or 
networks  of  correlated  conformations80.  MI  values  between  degrees  of  freedom 
calculated  from  MD  simulations  suffer  from  spurious  covariation  and 
uneven/incomplete  sampling.  Additionally  the  merging  of  degrees  of  freedom  into 
biologically more meaningful units (such as amino acids or nucleotides) leads to a small 
loss of data at the edges of these specified units as well as a relative distortion of the  
self- coupling due to different unit size. As MI asymptotically approaches its real value 
when increasing sampling, it is possible to predict some of the systemic noise layered 
over  the  true  pattern  of  mutual  information  at  incomplete  sampling  as  it  is 
implemented in  the  recently  developed software  ARTEMIS90 for  the  analysis  of  MI 
maps (2D pairwise matrices) obtained from MD ensembles. MI maps intuitively can be 
thought of as a measure of similarity between residues and as such can be used for 
graph-based clustering/community detection methods when thinking of the molecule 
as an undirected weighted graph with residues (vertexes) connected by edges of varying 
weight  (MI).  This  allows  for  the  partitioning  of  such  a  graph  into  communities  of 
residues sharing high internal MI while making (depending on the method used for 
partitioning) very few assumptions about the size and identity of these communities. 
One  approach  is  the  optimization  of  modularity  in  partitioning  such  graphs  as 
implemented by the Leiden algorithm. This requires only treatment of inconsistent self 
edges in the graph, arising from collapsing individual degrees of freedom into residues 
of different atom numbers.  Another approach is spectral clustering although in this 
approach  the  number  of  clusters  needs  to  be  specified  beforehand.  Both  of  these 
approaches have been applied in this work (see Section 6.4 for details).
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4.7 Configurational entropy 

Gibbs free energy change in the NPT ensemble comprises both enthalpic and entropic 
contributions  and  combines  them  into  the  key  thermodynamic  measure  of  the 
likelihood of a reaction. The entropy change in a biomolecular process has been shown 
to play an important part in some systems91–94 and consists of spatial and momentum 
components, the latter of which is usually neglected at constant temperature95. Equally, 
the rotational and translational degrees of freedom are intentionally not considered as 
their contribution to the spatial component of entropy is also constant95–97. Calculation 
of configurational entropy from MD simulations poses a problem as the estimation of 
the  configurational  probability  density  function  requires  a  full  coverage  of  the 
configurational  space,  a  task  computationally  intractable  with  current  resources  for 
typical  biomolecules.  One  approach  to  approximate  configurational  entropy  is  the 
maximum  information  spanning  tree  (MIST)97,98.  In  this  approach  the  amount  of 
coupling  between  different  degrees  of  freedom (correlation)  is  expressed  as  mutual 
information terms used to correct the uncorrelated entropy value. The formula for the 
joint entropy of two degrees of freedom X1 and X2:99 

SN(X1 , ... , Xn)=∑
i=1

N

S i(X i∣X1 , ..., X i−1) 

(1)

can be rewritten including MI terms

IN (X1 ;... ; X N)=∑
i=1

N

[S i(X i)−Si(X1 , ... , X i−1)]

(2)

as100: 

SN(X1 , ... , Xn)=∑
i=1

N

[ Si(X i)−I i(X1 ; X1 , ..., X i−1)]

(3)

Computational restrictions on sampling of the probability density function put a limit 
on the order of included correlations. For this reason only correlations up to second 
order are considered. Truncated at second order the expression takes the form:

SN(X1 , ... , XN)≈∑
i=1

N

[S(X i)−I 2(X i; X j∈ {1 ,... , i−1})]

(4)

Of note is that this expression offers a choice of MI term. As the second order mutual 
information term can never be higher than the original term including all the degrees of 
freedom, this truncation constitutes an upper bound to the exact value100. 
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Finding and choosing the lowest value for this upper bound results in the following 
expression:

 SN
MIST2(X 1 , ... , XN)=∑

i

N

[S (X i)−max j∈(1 ,... ,i−1) I 2(X i; X j)]

(5)

with the superscript denoting the second order of the MIST approximation. Notably, 
this maximization of the second order MI terms eliminates the problem of near-zero 
terms  accumulating  and  therefore  significantly  improves  the  convergence  of  this 
approximation100.  This expression is equivalent to finding the minimum information 
spanning tree and can be implemented using the Prim’s algorithm101, with the slight 
change from a distance to a closeness measure and therefore arriving at the maximum 
spanning tree. MI between degrees of freedom or residues in biomolecules has been put 
to  use  for  many  different  use  cases,  such  as  contact  prediction  analysis  of  protein 
dynamics and allostery prediction as described in the previous section.
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5. Aims and motivation

The present work aims to further study the conformational and dynamic implications 
of the 3’-/2’-aminoacyl attachment isomerism in Phe-tRNAPhe  from MD simulations. 
This question is motivated by earlier work by Polyansky et al., showing differences in 
the solvent exposure of the aminoacylester bond between isomers and conformational 
preferences for both 2’- and 3’-isomers. As this study investigated these differences in 
aminoacylated trinuclotides using MD simulations, the natural next step, performed in 
this work, involves the addition of full length tRNAPhe, the intermediate 2’/3’ orthoester 
and  the  protein  binding  partner  of  tRNA  in  early  bacterial  translation,  EF-Tu. 
Additionally, this work aims to elucidate the dynamical properties of both tRNAPhe and 
EF-Tu and how the aminoacylation isomerism impacts them. To this end residue level 
fluctuations as well as configurational entropies are calculated and compared. The third 
objective is to characterize differences in residue-residue pairwise mutual information 
(MI) between the simulated systems to qualify and quantify if  and how EF-Tu and 
tRNAPhe dynamics  and  intermolecular  communication  are  tuned  by  attachment 
isomerism. To accomplish this, all atom microsecond MD simulations for all isomers 
and  non-acylated  tRNAPhe  in  the  free  and  EF-Tu  bound  state  were  performed. 
Specifically, conformational clustering was used to identify the molecular determinants 
of conformational differences and MI between degrees of freedom was calculated to 
characterize intramolecular couplings in the context of differential communication in 
tRNA and EF-Tu depending on isomerism and binding states.
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6.1 Molecular dynamics simulations

Molecular  dynamics  (MD)  simulations  and  analysis  were  performed  using  the 
GROMACS102 5.1.4 and 2023.2103 packages. Initial structures for yeast tRNAPhe, EF-Tu 
from T. aquaticus and 3'Phe-tRNAPhe·EF-Tu were taken from the PDB with the codes 
1EHZ104,  1EFT105 and  1TTT35,  respectively.  After  energy  minimization,  the  prepared 
systems were subjected to equilibration and productive MD runs of 1 μs, with one frame 
output every 5 ps. The AMBER99SB-ILDN106 force field was used for EF-Tu, while an 
adapted  force  field  from literature71 was  used  to  model  the  tRNAPhe,  both  times  in 
conjunction  with  the  TIP3P107 water  model.  Ester  bound tRNA bases  and the  GTP 
nucleotide were parameterized using the Antechamber module of the AmberTools20 
package108. For 3'-, 2'- and orthoester-bound Phe, geometry optimization and RESP109 

charge calculations were performed with the Gaussian 16 program110 at the B3LYP/6–
31+G(d,p) level to be consistent with the employed tRNA force field. Individual charged 
tRNAPhe molecules were placed inside a cubic simulation box of 10 nm size solvated 
with  ~50000  TIP3P  water  molecules  with  150  mM sodium-chloride  concentration. 
tRNAPhe molecules  in  complex  with  EF-Tu  were  similarly  placed  in  a  12  nm cubic 
simulation box, filled with ~30000 solvent molecules and identical salt concentration. 
The timestep for integration was 2 fs. Particle mesh Ewald111 was used for electrostatics 
(real  space  cutoff  12  and 1.2  Å grid  with fourth-order  spline  interpolation)  while  a 
pressure  of  1-1.013  atm  (Parrinello-Rahman  barostat112)  and  310  K  (nose-hoover 
thermostat113) was maintained with a compressibility of 4.5 × 10−5 bar−1 for the barostat. 
Temperature and pressure coupling was implemented using 0.5/10 ps time constants 
respectively.  The  LINCS  algorithm114 was  employed  to  constrain  bond  lengths.  3D 
periodic  boundary  conditions  were  employed,  as  well  as  a  twin-range  (10/12  Å) 
spherical  cut-off  to  truncate  van  der  Waals  interactions.  For  EF-Tu  as  well  as  the 
canonically  attached  3’Phe-tRNAPhe systems,  few  independent  MD  runs  (replicate 
number denoted in parentheses) were simulated for a total of 3 and 4 μs of simulated 
time,  respectively.  Additionally,  two  MD  trajectories  with  a  timestep  of  1  ps  were 
prepared for EF-Tu and 3'-aminoacylated tRNAPhe. An overview of all MD trajectories 
can be found in Table 1. 
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Table 1: The simulated systems.

trajectory EF-Tu present tRNA present amino acid output 
step

Simulated time

tRNAPhe no yes / 5 ps 1 μs
3’Phe-tRNAPhe (1) no yes 3'-attached 5 ps 1 μs
3’Phe-tRNAPhe (2) no yes 3'-attached 5 ps 1 μs
3’Phe-tRNAPhe (3) no yes 3'-attached 1 ps 1 μs

2’Phe-tRNAPhe no yes 2’-attached 5 ps 1 μs
OE-Phe-tRNAPhe no yes OE-attached 5 ps 1 μs
tRNAPhe·EF-Tu yes yes / 5 ps 1 μs

3’Phe-tRNAPhe·EF-Tu yes yes 3'-attached 5 ps 1 μs
2’Phe tRNAPhe·EF-Tu yes yes 2’-attached 5 ps 1 μs

OE-Phe-tRNAPhe·EF-Tu yes yes OE-attached 5 ps 1 μs
EF-Tu (1) yes no / 5 ps 1 μs
EF-Tu (2) yes no / 5 ps 1 μs
EF-Tu (3) yes no / 5 ps 1 μs
EF-Tu (4) yes no / 1 ps 1 μs

6.2 Trajectory analysis

For calculations of the solvent accessible surface area (SASA) the  sasa module from 
GROMACS version 23.2 was used in conjunction with a probe radius of 1.4 Å and 196 
dots per sphere. This utility uses an algorithm published by Eisenhaber et al. 115 The 
solvent accessible surface area for the carbonyl group of the amino acid attached to the 
adenosine 76 of the tRNAPhe was calculated for all Phe-tRNAPhe and Phe-tRNAPhe·EF-Tu 
acylation-isomer MD simulations (Table 1).  The surface calculations were performed 
every 100 ps of simulation time. The values were divided by the maximum observed 
value of 42 Å2 (3’Phe-tRNAPhe) and plotted in a normalized histogram using xmgrace116 

and 100 bins per histogram.  To check the MD trajectories for major opening or closing 
events  and to  gauge the  stability  of  EF-Tu bound tRNAPhe complexes,  the  radius  of 
gyration (RGYR) was computed. RGYR over the simulation time was calculated using 
the GROMACS gyrate utility for every frame. For calculations of the RGYR, all atoms 
were considered. The root- mean-square-deviation (RMSD) between pairs of backbone 
atoms of the average structure and structures over the simulated time was calculated 
using  the  GROMACS  rms tool  for  both  tRNA and EF-Tu components  of  a  system. 
Fitting was performed accordingly over backbone atoms of the respective molecule. The 
calculations  were  performed  every  5  ps  of  simulated  time.  The  root-mean-square 
fluctuation  (RMSF)  around  the  starting  structure  along  the  MD  trajectories  was 
calculated  for  each  residue  as  an  average  of  its  backbone  atoms.  Calculations  were 
performed  with  the  GROMACS  rmsf module.  MD  conformational  ensembles  were 
clustered  using  single  linkage  clustering  approach  implemented  in  the  GROMACS 
cluster utility adding structures to a cluster when its RMSD is within a cutoff to any 
element  in  a  cluster.  Conformational  clustering  was  performed  for  tRNA  backbone 
atoms (cutoff 1.85 Å) and residues G1, A76 and amino acid backbone atoms (cutoff 0.5 
Å).  A  time  step  of  500  ps  was  employed  resulting  in  2000  frames  considered  per 
trajectory. tRNA backbone RMSD from the cryo-EM reference states (Loveland et al. 
201744)  was  calculated  for  every  frame  of  full  MD  trajectories  and  for  every  frame 
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contained in the three dominant clusters obtained by clustering. H-bonds presence was 
computed between the amino group of the amino acid and the phosphate group of 
residue G1 and non-connective hydroxyl groups of A76 (both hydroxyl groups in case of 
non-acylated tRNAPhe) and phosphate G1. For this purpose the hbond utility was used 
with  a  hydrogen-donor-acceptor  angle  cutoff  of  30° (0° representing  an  extended 
arrangement)  and  a  distance  cutoff  donor-acceptor  of  3.5  Å.  The  percentage  of 
hydrogen bonding was calculated for all MD trajectories and three dominant clusters. 
Stacking interactions between the base rings of A67 and G1 were quantified using a 
distance cutoff  between ring planes and an angle range between ring plane normal 
vectors. Distances were calculated using the GROMACS pairdist tool with a cutoff of 4 
Å. Normal vector angles were calculated using the gangle utility and applying a cutoff 
range of 165°-180° and 0°-15°. Frames satisfying both criteria were counted as stacking 
and percentage of stacking interactions during a trajectory was computed for all MD 
trajectories  and  three  dominant  clusters.  Minimum  distances  between  the  G1 
phosphate group and the amino group and the A76 hydroxyl groups respectively were 
calculated using the GROMACS pairdist module. Morphs between central structures of 
the three dominant conformational clusters from clustering by G1, A76 and amino acid 
backbone  to  their  respective  EF-Tu  bound  counterpart  were  produced  using  the 
RigiMol  plugin  of  PyMol117 with  100  states  and  3  refinement  cycles.  All  structure 
visualizations were rendered using PyMol.

6.3 Configurational entropy calculations 

Configurational entropy calculations were performed using the maximum information 
spanning tree (MIST) based approach implemented in the PARENT100 software package 
for all MD trajectories and the tRNA and EF-Tu subsets of atoms for MD trajectories 
where  both were  present.  For  calculations of  differences  in  configurational  entropy 
between uncharged and charged tRNA isomers, entropies were normalized by degrees 
of freedom (dof) and rescaled to the target system after subtraction:

Δ S=(
SMIST
X

dof X−
SMIST
tRNA

dof tRNA
)×dof X

(6)

with the superscript X denoting the respective charged tRNAPhe isomer. 

6.4 Mutual information analysis

Calculations of mutual information (MI) for all residue pairs truncated at second order 
were performed using the PARENT software suite and analyzed using the ARTEMIS 
framework90 (manuscript  in  preparation).  The  automatic  systemic  noise  reduction 
feature implemented in ARTEMIS was used on the raw data generated by PARENT 
with a target time step of 0ps. The implemented systemic noise reduction is achieved by 
calculating  the  ΔMI  between  each  residue  pair  for  a  trajectory  and  its  artificially 

23

https://www.google.com/search?sxsrf=APwXEdfuGo3ZNS2v2EBgaaEKJmTByzD6fA:1682079936521&q=degree+1%C2%B0+in...&sa=X&ved=2ahUKEwjelOaI_Lr-AhXUg_0HHWFwCd0Q6BMoAHoECGQQAg
https://www.google.com/search?sxsrf=APwXEdfuGo3ZNS2v2EBgaaEKJmTByzD6fA:1682079936521&q=degree+1%C2%B0+in...&sa=X&ved=2ahUKEwjelOaI_Lr-AhXUg_0HHWFwCd0Q6BMoAHoECGQQAg
https://www.google.com/search?sxsrf=APwXEdfuGo3ZNS2v2EBgaaEKJmTByzD6fA:1682079936521&q=degree+1%C2%B0+in...&sa=X&ved=2ahUKEwjelOaI_Lr-AhXUg_0HHWFwCd0Q6BMoAHoECGQQAg
https://www.google.com/search?sxsrf=APwXEdfuGo3ZNS2v2EBgaaEKJmTByzD6fA:1682079936521&q=degree+1%C2%B0+in...&sa=X&ved=2ahUKEwjelOaI_Lr-AhXUg_0HHWFwCd0Q6BMoAHoECGQQAg
https://www.google.com/search?sxsrf=APwXEdfuGo3ZNS2v2EBgaaEKJmTByzD6fA:1682079936521&q=degree+1%C2%B0+in...&sa=X&ved=2ahUKEwjelOaI_Lr-AhXUg_0HHWFwCd0Q6BMoAHoECGQQAg
https://www.google.com/search?sxsrf=APwXEdfuGo3ZNS2v2EBgaaEKJmTByzD6fA:1682079936521&q=degree+1%C2%B0+in...&sa=X&ved=2ahUKEwjelOaI_Lr-AhXUg_0HHWFwCd0Q6BMoAHoECGQQAg


6. Methods

sampling  deficient  counterpart  and  subtract  this  noise  pattern  from  the  original 
trajectory after rescaling it. Considering a trajectory of 2×105 frames, recalculating the 
total MI for this trajectory with decreasing numbers of frames reveals a dependency of 
MI  on the  number  of  frames (sampling),  where  fewer  frames lead to  higher  MI as 
spurious  covariation  increases.  Using  this  dependency,  the  difference  between  two 
patterns of MI (one from maximum available sampling and one artificially decreased in 
sampling)  can  be  rescaled  and  subtracted  from  the  original  data  to  arrive  at  an 
approximation  of  the  MI  calculated  from  a  perfectly  sampled  ensemble.  MI as  a 
similarity measure was used to construct an undirected, weighted graph and clustered 
via  spectral  clustering118 as  implemented  in  the  scikit-learn  python  library119.  The 
number of clusters was determined according to the elbow of the k-means inertia graph. 
3 and 4 clusters were chosen for tRNA and EF-Tu MD trajectories respectively while 5 
clusters were calculated for full EF-Tu·tRNAPhe systems. The k-means clustering on the 
graph Laplacian of the first k eigenvectors was performed with 1000 initializations to 
counteract  differences stemming from random seed initialization and the consensus 
clustering of these seeds was chosen for visualization. Additionally, MI for each residue 
was normalized to obtain a similarity measure sMI according to (7).

 sMI i , j=
MI i , j

max (MI i ,i , MI j , j)
(7)

This transformation bounds the MI values and treats inconsistencies in the MI of a 
residue with it self, as the grouping of degrees of freedom into residues creates differing 
values for self loops in a graph constructed from them. The resulting similarity matrix 
was used to construct an undirected graph that was subsequently clustered using the 
Leiden  clustering  algorithm120 implementing  strict  modularity  and  1000  iterations 
(Supplement 1,  Supplement 2). Pairwise  MI maps from multiple sequence alignments 
(MSA) were calculated using the MSavolve matlab toolbox79. The MSA for tRNA was 
created using the  Sprinzl  et  al.  tRNAdb121 using all  organisms and tRNA species.  A 
custom  numerical  representation  of  modified  bases  was  prepared  for  use  with  the 
MSavolve toolbox. The T. aquaticus sequence for EF-Tu was used as a query sequence 
for the deepMSA2 server122 as well  as mmseqs2123 search and alignment. The EF-Tu 
alignments  were  post  processed  to  only  include  segments  aligned  to  the  reference 
sequence with no overhang at both ends to ensure identical length of the MSA. 3dMI 
was calculated from both MSAs without gap correction.
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7.1 Trajectory overview

Root-mean-square deviation (RMSD) analysis over complete trajectory timelines reveal 
no  major  structural  fluctuations  in  RMSD  for  all  tRNAPhe molecules.  Molecular 
dynamics (MD) trajectories are stable after 300 ns of simulation time and RMSD to 
starting  structures  does  not  reach  more  than  7  Å  (Figure  2A,  Table  2).  All  MD 
trajectories display a stable behavior of radius of gyration (RGYR) throughout with no 
major opening or closing events. Notably, MD trajectories of tRNAPhe·EF-Tu complexes 
fluctuate less in their RGYR than single tRNAPhe systems (Figure 2B, Table 2). 

The  profiles  of  average  root-mean-square  fluctuation  (RMSF)  per  tRNA  backbone 
residue  all  display  a  similar  pattern  with  a  highly  fluctuating  anticodon as  well  as 
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Figure 2: Overview of tRNAPhe isomer MD trajectories for all systems. A tRNAPhe backbone RMSD to 
average structure over MD trajectories. B RGYR for  system over MD trajectories. C RMSF per 
residue (average of backbone atoms) for tRNAPhe calculated for the complete MD trajectories.
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acceptor  stem  and  residue  H2U17  (5,6-dihydrouridine).  In  complex  with  EF-Tu  all 
systems  fluctuate  less  at  the  acceptor  stem  although  the  orthoester  (OE)  and  3'-
aminoacylated tRNA show the greatest  decrease in acceptor stem dynamics.  The 3'-
attached tRNA already displayed a lower level of fluctuation at acceptor stem in the free  
tRNA system compared to the 2’-isomer. The systems with the OE-attached amino acid 
additionally exhibit the highest RMSF at the anticodon, peaking at around 7 nm average 
backbone RMSF, both for single tRNA and in complex with EF-Tu (Figure 2C). The 
uncharged systems show lesser dynamic range in complex with EF-Tu resulting in a less 
pronounced profile.

Table 2: Mean RMSD and RGYR with standard deviation over the whole MD trajectories.

mean 3’Phe-tRNA 2’Phe-tRNA OE-Phe-tRNA 3’Phe-tRNA
EF-Tu

2’Phe-tRNA
EF-Tu

OE-Phe-tRNA
EF-Tu

tRNA
EF-Tu

tRNA

RMSD 
(Å)

±st.dev.

3.65 
± 0.70

3.69 
± 0.645

3.95
± 0.81

3.31 
± 0.738

3.39
± 0.58

4.78
± 1.09

3.78
± 0.69

4.40
± 0.61

RGYR 
(nm)

±st.dev.

2.59 
± 0.052

2.37 
± 0.046

2.39 
± 0.052

3.02 
± 0.030

3.06 
± 0.033

3.08 
± 0.034

2.99 
± 0.04

2.40 
± 0.05

7.2 Clustering

All MD conformational ensembles were clustered using the single linkage method with a 
predefined  RMSD cutoff  for  several  different  components  of  the  tRNA,  namely  the 
tRNA backbone atoms and the backbone of the acceptor stem residues G1, A76 and if  
present in the system, the attached Phe. The resulting clustering was used to manually 
inspect dominant conformational aspects of the acceptor stem across aminoacylation 
isomers. The central structure from clustering by acceptor stem residues were used to 
identify possible interactions between tRNA strand ends while clustering by complete 
tRNA  backbone  atoms  was  inspected  for  major  shifts  in  global  conformation.  No 
obvious  impact  of  aminoacylation  site  on  global  structure  could  be  identified  from 
clustering  when  visually  inspecting  the  central  structures  of  the  highest  occupied 
clusters  of  tRNAPhe  backbone  conformations,  but  clustering  of  the  acceptor  stem 
backbone  revealed  the  hydrogen  bonding  and  base  stacking  interactions  between 
residues 1 and 76 (see Section 7.4) to be different across central structures of dominant 
clusters between aminoacylation isomers.  Conformational variety of the acceptor stem 
ends generally decreases in systems where tRNA is bound to EF-Tu (Table 3). These 
systems possess one or two clusters containing the vast majority of the conformations 
considered for clustering. The OE- and 3'-attachment isomers without EF-Tu display 
the biggest variety in G1, A76 and Phe backbone conformations, with only 12% and 24% 
of  clustered  structures  in  the  three  most  populated  clusters.  This  points  to  greater 
diversity in acceptor stem conformations compared to MD simulations of non-acylated 
and 2’-aminoacylated tRNAPhe, where the combined occupancy of the top three clusters 
rises to 55.5% and 73.1% respectively.
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Table 3: Occupancies of top three clusters when clustering by A76, G1 and Phe backbone using single 
linkage clustering (RMSD cutoff 0.5 Å).

system occupancy cluster 1 occupancy cluster 2 occupancy cluster 3
tRNA 53.42% 1.10% 1.00%

tRNA·EF-Tu 87.21% 6.80% 0.40%
3’Phe-tRNA 18.04% 4.10% 2.00%

3’Phe-tRNA·EF-Tu 50.32% 48.68% 0.10%
2’Phe-tRNA 36.63% 35.68% 0.80%

2’Phe-tRNA·EF-Tu 76.76% 10.64% 1.30%
OE-Phe-tRNA 6.95% 4.00% 1.80%

OE-Phe-tRNA·EF-Tu 74.36% 3.25% 3.25%

7.3 Solvent accessible surface area of the amino acid carbonyl

As a proxy for hydrolytic stability of the aminoacyl ester bond, the solvent accessible 
surface area (SASA) for the carbonyl group of the aminoacyl ester bond was computed 
for  all  aminoacylated  tRNAPhe systems.  This  was  done  in  analogy  to  previous 
computational work by Polyansky et al. (see Section 4.2) where systematically higher 
exposure  to  the  solvent  was  found  for  3'-aminoacylated  trinucleotides.  The  mean 
exposure  of  the  carbonyl  group  is  highest  in  the  single  OE-aminoacylated  tRNAPhe 

system followed by the 3'-aminoacylated tRNAPhe in complex with EF-Tu (Table 4). The 
highest  value  of  exposure  was  calculated  from the  single  3'-aminoacylated  tRNAPhe 

trajectory at 42 Å2. The distributions normalized by this value show a generally buried 
carbonyl group with the only exceptions being the aforementioned MD trajectories. If 
taken as a proxy for hydrolytic stability, generally only the 3'-aminoacylated tRNAPhe 

exposes the ester bond in complex with EF-Tu while all free tRNA’s shield the bond 
from solvent exposure except for the OE-aminoacylated tRNAPhe (Figure 3).

Table 4: Aminoacyl ester carbonyl exposure SASA in Å2 with standard deviation over complete MD 
trajectories.

3’Phe-tRNA 2’Phe-tRNA OE-Phe-tRNA 3’Phe-tRNA
EF-Tu

2’Phe-tRNA
EF-Tu

OE-Phe-tRNA
EF-Tu

SASA mean
(Å2) ± st.dev

9.32 
± 10.4

7.79 
± 6.1

14.86 
± 5.9

14.63 
± 5.6

5.33 
± 5.7

4.42 
± 4.6

relative exposure
22.19% 18.54% 35.38% 35.38% 12.69% 10.5%
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7.4 Interactions between tRNA 5’- and 3’-ends

While visual inspection of the central structures of dominant tRNA backbone clusters 
did  not  give  any  indication  of  obvious  and consistent  differences  in  global  tRNAPhe 

backbone conformation between amino acid attachment isomers,  clustering of tRNA 
backbone  atom  conformations  of  the  acceptor  stem  pointed  to  a  difference  in 
interactions occurring between the G1 and A76 ends of tRNA joined at the acceptor 
stem.  The  importance  of  the  A76  non-connective  hydroxyl  group  established  from 
literature  (see  Section  4.2)  further  bolstered  the  need  for  quantifying  the  observed 
interactions to better understand the implications of amino acid attachment for tRNAPhe 

conformation at the acceptor stem. The main interactions identified to differentially 
occur  between  aminoacylation  isomers  can  be  divided  into  two  classes:  hydrogen 
bonding between 3’- and 5’-strand ends and stacking between sidechain base rings.

7.4.1 Hydrogen bonding

Hydrogen bonding between the phosphate group of the G1 residue to either the amino 
group of the attached amino acid or the non connective hydroxyl group of the terminal 
adenosine  of  the  CCA  acceptor  triplet  (Table  5)  was  drastically  influenced  by  the 
attachment site  of  the amino acid.  Naturally  the OE-attached amino acid prevented 
hydrogen  bonding  to  either  of  the  A76  hydroxyl  groups  while  the  absence  of  the 
aminoacyl ester bond in uncharged tRNAPhe allowed for frequent interactions with both 
hydroxyl groups (Figure 4B). Hydrogen bonding was observed about five times as often 
to the 3'-compared to the 2’-hydroxyl group . Interestingly the difference in attachment 
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Figure 3: Exposure of the amino acid carbonyl group (SASA rescaled by the observed maximum value). A 
Distribution of relative carbonyl exposure for three charging isomer MD trajectories without EF-Tu. 
B  Distribution of relative carbonyl exposure for three charging isomer MD trajectories of tRNAPhe bound to 
EF-Tu. All SASA values normalized by the highest exposure value across all MD trajectories (42 Å2, 3’Phe-
tRNAPhe).
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site  of  Phe  at  the  2’-  or  3’-hydroxyl  position  lead  to  an  even  starker  imbalance  in 
observed hydrogen bonding. The 3'-aminoacylated tRNAPhe satisfied the constraints for 
detected hydrogen bonding only in ~4% of MD simulation frames, while about 37% of 
frames in the 2’-attached tRNAPhe system displayed a hydrogen bond between one of 
the  G1  phosphate  oxygen  atoms  and  the  3'-hydroxyl  hydrogen.  Hydrogen  bonding 
between the amino group of the attached Phe (Figure 4A) was overall less commonly 
observed  and  occurred  about  twice  as  often  in  the  2’Phe-tRNAPhe  than  in  its  3'-
aminoacylated counterpart. 

Table 5: Percentage of frames with identified hydrogen bond between G1 phosphate and A76 non 
connective hydroxyl or aminogroup of the attached Phe amino acid.

h-bond partners 3’Phe-tRNA 2’Phe-tRNA OE-Phe-tRNA tRNA
G1 - A76 2'-/3'-OH 4.15% 36.71% / 60.34%

G1 - Phe aminogroup 13.99% 27.92% 2.60% NA

Barely any interactions between the 5’-end of the tRNA molecule and the amino group 
of the attached amino acid could be observed in the OE-Phe-tRNAPhe system with less 
than  3%  of  frames  satisfying  the  distance  and  angle  constraints  set.  No  hydrogen 
bonding  between  tRNA  strand  ends  was  observed  in  EF-Tu  bound  systems  and 
minimum distances between the 3’- and 5’-ends of tRNA were to high to facilitate such 
interactions over the course of all MD trajectories containing tRNA EF-Tu complexes 
(Figure 6).
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Figure 4: Examples of interactions between G1 and the tRNA acceptor triplet identified with conformational 
clustering by G1, A76 and amino acid backbone. A Hydrogen bonds between the G1 phosphate group and 
the A76 3'-OH group as well as the Phe aminogroup. Central structure of cluster 1 (see Table 3), 2’Phe-
tRNAPhe system. B  Hydrogen bonds identified in non-acylated tRNAPhe between A76 hydroxyl groups and G1 
phosphate. Central structure of cluster 1 (see Table 3). Distances are given in Å, tRNA shown as cartoon, 
A76, G1 and Phe rendered with stick representation.
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7.4.2 G1-A76 base stacking

Another interaction between tRNA ends was the stacking of the sidechain base rings of 
residues A76 and G1 (Figure 5). According to the stacking criteria (given in Methods), 
~70%  of  frames  of  the uncharged  tRNAPhe  exhibited  stacking.  About  61%  of  2’-
aminoacylated tRNAPhe MD simulation frames also satisfied the criteria while the base 
stacking  interaction  was  much  less  commonly  observed  in  the  3’-  and  OE-
aminoacylated  MD  trajectories  at  around  18%  and  6%  respectively  (Table  6).  The 
distribution of angles between ring-plane normal vectors for all MD trajectories clearly 
displays  a  preference  for  the  uncharged  and  2’-aminoacylated  tRNAPhe systems  for 
planar base ring stacking compared to a peak at ~125 degrees for the 3’Phe-tRNAPhe 

system. Additionally, a small percentage of possible T-stacking between bases in non-
acylated tRNAPhe can be observed (Supplement 3).

Table 6: Percentage of frames with identified base stacking between A76 and G1.

3’Phe-tRNA 2’Phe-tRNA OE-Phe-tRNA tRNA
% of frames 18.46% 16.13% 6.00% 69.91%
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Figure  5: Stacking interactions between G1 and A76 for the central structure of second most occupied 
cluster  for  2'Phe-tRNAPhe  MD ensemble clustered  by  G1,  A67  and  Phe backbone.  A Top  view with 
distance between base planes in Å, marked by yellow dashed lines. B Front view. G1 and A67 shown with 
sticks, tRNA body shown in cartoon representation.
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7.4.3 Acceptor stem strand separation

The distance  between the  5’-  and 3’-ends  of  the  tRNA molecule  comprising  the  5’-
terminal acceptor stem guanosine base (G1) and the 3’-terminal adenosine (A76) of the 
acceptor  triplet  CCA,  are  measured  throughout  MD  trajectories  by  the  minimum 
distance between the A76 3'-OH and the G1 phosphate group. The distributions show a 
clear difference in strand separation between the unbound (Figure 6A) and bound tRNA 
(Figure 6B) as well as a clear preference for close association of both strands in the 
uncharged and 2’-aminoacylated tRNA in free tRNA systems. The OE-aminoacylated 
tRNA displays the largest separation between strands in free tRNA (Table 7).

Table 7: Mean distance between G1 phosphate group and 3'-oxygen of A76 over complete MD 
trajectories.

3’Phe-tRNA 2’Phe-tRNA OE-Phe-tRNA 3’Phe-tRNA
EF-Tu

2’Phe-tRNA
EF-Tu

OE-Phe-tRNA
EF-Tu

tRNA
EF-Tu

tRNA

distance 
3'-OH-G1P 

(nm) 
± st.dev

0.82 
±0.32

0.84 
±0.62

1.79 
±0.59

1.32 
±0.29

2.27 
±0.15

1.78 
±0.33

1.62 
±0.28

0.57 
±0.57

7.5 Conformational dynamics

After  investigation  of  the  aforementioned  geometric  aspects  of  the  tRNA  charging 
isomerism  and  implications  for  tRNA  conformation  and  internal  interactions,  the 
dynamical  behavior  of  the  different  simulated  systems  was  characterized.  For  this 
purpose,  RMSF  of  backbone  atoms  averaged  over  residues  and  bases  as  well  as 
configurational entropy calculations were performed on both tRNA and EF-Tu.
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Figure 6: Distribution of distance between A76 3'-OH and G1 phosphate groups. 
A Free tRNAPhe isomers. B EF-Tu bound tRNAPhe isomers.
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7.5.1 tRNA

From the guaranteed upper bound in configurational entropy provided by the MIST 
approach implemented in PARENT (see Section 4.7), the charging of tRNA appears to 
be entropically unfavorable for all isomers. Both 2’- and OE-attachment of Phe incur a 
penalty to the entropic contribution to free energy (TΔS) of ~40 kJ/mol compared to 
the uncharged tRNA. 

The 3'-attachment is slightly less unfavorable with a reduction in TΔS of ~20 kJ/mol 
(Figure  7C).  Overall,  uncharged  tRNA  has  the  highest  calculated  configurational 
entropy while the tRNA molecules with 2’- or 3'-attached Phe bound to EF-Tu have the 
lowest (Supplement 4).  
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Figure 7:  Change in configurational entropy (TΔS) for ternary complexes and tRNAPhe charging. A  TΔS 
of tRNAPhe between bound and unbound tRNA isomers. B  TΔS of EF-Tu between EF-Tu in complex with 
different tRNAPhe isomers and free EF-Tu. C  TΔS of tRNAPhe between charged tRNA isomers and 
uncharged tRNAPhe. (Differences rescaled by degrees of freedom, see Methods).
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Configurational entropy for the OE-isomers is higher than for the differntly charged 
tRNAPhe isomers in complex and even slightly higher than the 2’- and 3’-aminoacylated 
unbound tRNAPhe systems. The impact of configurational entropy on the free energy of 
EF-Tu binding the different tRNA molecules is shown to be unfavorable for uncharged 
and 2’- or 3’-aminoacylated tRNAPhe and slightly favorable (~25 kJ/mol) for the OE-
isomer. Uncharged tRNAPhe displays the largest reduction in TΔS in the EF-Tu bound 
state (Figure 7A).

7.5.2 EF-Tu

The dynamics of EF-Tu was analyzed by average RMSF of backbone atoms per residue 
(RMSFres). RMSFres was evaluated for each of the three EF-Tu domains across simulated 
systems  (EF-Tu  single,  bound  to  all  aminoacylation  isomers).  In  domain  I,  the 
nucleotide binding domain containing one half of the interface to the tRNA acceptor 
stem in  between domain  I  and domain  II,  a  spike  in  fluctuation  for  the  stretch  of 
residues  52-62,  in  the  single  EF-Tu  and  2’Phe-tRNAPhe·EF-Tu MD trajectories.  This 
patch lies entirely in the switch I region (41-63) of EF-Tu. Moreover, residues K52 and 
E55 directly contact the 3'-strand of the acceptor stem at nucleotides A73 and C74 (the 
first  residue  of  the  universal  CCA acceptor  triplet).  The  other  notable  difference  in 
RMSFres profiles  between systems is  an increased fluctuation at  residue G165 in the 
trajectory containing uncharged tRNAPhe bound to EF-Tu (Figure 8A).  Domain II  in 
which the  majority  of  tRNA acceptor  stem binding interacting residues  are  located, 
displays two principal differences in RMSFres between systems. The first is an increase 
average fluctuation of residue T232 in 2’Phe-tRNAPhe·EF-Tu as well  as a decrease in 
dynamics between residues 264 and 278 in 2’Phe-tRNAPhe·EF-Tu compared to other 
systems. T232 forms hydrogen bonds to the C75 phosphate in tRNAThr and possibly 
tRNAPhe  49.  Both E272 and R274 interact  with the  3'-terminal  adenosine A76 in  the 
crystal  structure  of  tRNAPhe ternary  complex105.  R274  interacts  with  the  phosphate 
backbone while E271 stacks on top of the adenosine. H273 interacts with the amino acid 
directly via ionic interactions with the carboxyl oxygen (Figure 8B). Domain III of EF-
Tu contains almost exclusively the residues of the tRNA·EF-Tu interface involved in 
binding the T-stem region of tRNA. From the RMSFres profile, F344 to T346 fluctuates 
more strongly in free EF-Tu MD simulations than in systems where tRNA is present. 
The proximal  W343 possibly  interacts  with the phosphate backbone of  C65 in both 
tRNAThr and tRNAPhe as do K90 and R369, indicating a crucial hub of the EF-Tu:T-stem 
interface at this junction. The second discrepancy in RMSFres for domain III is located at 
the  residue  E390  which  is  found  to  be  less  fluctuating  in  EF-Tu  bound  to  3'-
aminoacylated tRNAPhe (Figure 8C). E390 is thought to be interacting with the N2 atom 
of G51 in the T. thermophilus EF-Tu yeast Phe-tRNAPhe complex49. 
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TΔS for the EF-Tu protein bound to differently aminoacylated tRNAPhe’s is close to zero 
when  binding  non-acylated  or  2’-aminoacylated  tRNAPhe,  while  binding  3'-or  OE-
aminoacylated tRNAPhe raises the entropic contribution to free energy to around 25 
kJ/mol (Figure 7B). When subtracting the configurational entropies of free EF-Tu and 
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Figure 8: Average backbone atom RMSF per residue in EF-Tu for all systems. 
A Domain I. B Domain II. C Domain III.
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7. Results

the respective charging isomers from that of the respective complexes and multiplying 
by  the  temperature,  TΔS  for  the  OE-Phe-tRNAPhe EF-Tu  and  2’Phe-tRNAPhe EF-Tu 
ternary complexes are highest at 36.5 kJ/mol and 67.8 kJ/mol. The complexes with 
non-acylated and the 3’Phe-tRNAPhe are  both similarly  unaffected in  their  TΔS.  The 
change in configurational entropy upon binding is close to 0 with a TΔS of -5 kJ/mol 
and 5 kJ/mol (Figure 9) as compared to their individual components not in complex.  

7.6 Mutual information

A necessary step in calculating the configurational entropy from MD trajectories with 
the approach outlined in the introduction is the calculation of mutual information (MI) 
between degrees of freedom. These MI values can be combined into a one value for a 
pair of amino acids or nucleotides by adding up the MI between all degrees of freedom 
associated with such units. These values can be interpreted as a measure of how much 
two  residues  are  coupled  in  their  conformational  dynamics  during  equilibrium MD 
simulations. The inclusion of higher order correlations between degrees of freedom in 
MI  measures  can  be  used  to  identify  pathways  of  correlated  conformation  from 
equilibrium MD simulations  and infer  pathways  activated  by  perturbations  such  as 
ligand or  protein  protein/RNA interactions.  Instead of  correlated  conformations,  co 
variation in residues across evolving homologous protein sequences can be computed in 
terms of MI as well (see Section 4.6). This approach is used here to compare coupling 
between residues arising completely from conformational dynamics in MD simulations 
to those containing additional phylogenetic, structural and random influences present 
in the alignments of sequence data. By contrasting MI from these different datasets with 
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Figure 9: Configurational entropy change upon binding (TΔS ) for ternary complexes 
compared to free EF-Tu and respective free tRNAPhe charging isomers.
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differing sources of systemic and random noise, true functional coupling can be more 
clearly delineated.

7.6.1 Mutual information from MD 

As the calculation of meaningful MI values is very dependent on complete sampling of 
the conformational space, two MD trajectories with one million frames were prepared 
for the closer inspection of MI between residues/nucleotides of single EF-Tu and 3'-
aminoacylated tRNAPhe. All pairwise MI maps were preprocessed using ARTEMIS (see 
Section 6.4,  Supplement 5). To qualitatively analyze regions of high internal coupling 
via  MI,  community  detection  was  employed  to  cluster  protein  residues/tRNA 
nucleotides  using  graph-based  approaches  (see  Section  6.4).  All  free  tRNAPhe MD 
trajectories display high MI between the anticodon loop residues in their pairwise MI 
maps.  Consistently,  the  anticodon  and  acceptor  stem  regions  share  higher  than 
background MI across all aminoacylation states. Both T-stems are additionally coupled 
to the anticodon as well  as the D-arm region at residue numbers 15-20. This basic 
pattern  in  shared  MI  varies  in  strength  between aminoacylation  types  (Figure  10). 
2’Phe-tRNAPhe has relatively lower internal coupling between anticodon loop residues 
while  the  3’Phe-tRNAPhe trajectory  displays  the  strongest  coupling  between  the 
anticodon and acceptor stem. The non-acylated tRNAPhe system shows an additional 
coupling pattern of acceptor stem residues A66, A67, U68 with the anticodon and the 
D-arm. These patterns generally persist in complex with EF-Tu with the exception of 3'-
attached Phe-tRNAPhe. There, both the MI between anticodon and acceptor stem as well 
as the internal coupling of the anticodon are greatly reduced (Supplement 6).
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Figure 10: Pairwise MI maps for free tRNAPhe aminoacylation isomer MD simulations. A MI map of 
uncharged tRNAPhe trajectory. B MI map of 2’Phe-tRNAPhe trajectory. C MI map of 3’Phe-tRNAPhe 
trajectory. D MI map of OE-Phe-tRNAPhe trajectory. All values rescaled by maximum MI value for a 
given map.
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Using the elbow of the k-means inertia graph, the number of clusters was assigned for 
each type of system (tRNA, EF-Tu and ternary complex). For this purpose the EF-Tu 
concatenated master trajectory was used and MI from all EF-Tu MD simulations was 
clustered  into  4  subsets.  Elbow  analysis  for  the  1×106 frames  trajectory  of  3’Phe-
tRNAPhe lead to clustering all  free tRNA MD trajectories with 3 clusters. Finally the 
optimal number of clusters for ternary complexes was determined at 5 clusters from the 
3’Phe-tRNAPhe·EF-Tu trajectory.  Clustering of the data using spectral clustering with 
three clusters, groups the anticodon and the acceptor stem as well as the T-arm/D-arm 
in one cluster for all free tRNA systems except the OE-Phe-tRNAPhe trajectory, where 
the internal coupling of the anticodon loop overpowers the connection to the acceptor 
stem which is  instead grouped with the  T-stem 2 and D-arm.  Figure  11 shows the 
clustering of the 1 million frames trajectory of 3’Phe-tRNAPhe. Clustering of MI for the 
concatenated EF-Tu master trajectory comprising 4 replicate 1 μs MD simulations with 
four clusters recovers the biological domains to a large extent. Additionally a fourth 
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Figure 11: Spectral clustering by MI of 3'Phe-tRNAPhe system (1×106 frames 
trajectory). Nucleotides colored by cluster assignment.
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cluster is present spanning the interface between all domains (Figure 12). This clear cut 
distinction between functional domains repeated by MI analysis is less pronounced but 
still  visible in the clustering of EF-Tu coupling in the 3’Phe-tRNAPhe EF-Tu complex 
(Figure  12B).  Other  MD  trajectories  exhibit  differing  clustering  results  indicating  a 
change  in  intramolecular  communication  communities  after  binding  non  canonical 
tRNA charging isomers or uncharged tRNA (Supplement 7). Mapping the clusters to 
their  majority  representative  domains  of  EF-Tu  and  calculating  the  change  in  MI 
between clusters for EF-Tu systems binding differently aminoacylated tRNA, reveals 
differences in inter domain communication between the attachment isomers. For each 
of the three replicates of free EF-Tu MD simulations, the mean MI between the residue 
subgroups was calculated along with the standard deviation. The standard deviation in 
percent was calculated for each channel (sum of pairwise MI between subgroups) to 
establish a threshold for random noise in each communication channel between the 
identified  residue  groups.  This  was  used  to  distinguish  the  impact  of  differently 
aminoacylated tRNA bound to EF-Tu, from noise. Different subgroups display varying 
degrees of noise in their shared MI (Table 8). Binding of uncharged tRNAPhe  does not 
seem to  globally  perturb the  intramolecular  communication of  the  identified  EF-Tu 
subgroups. Only a slight increase in MI between the domain I and interface group clears 
the noise threshold established by the replicate EF-Tu MD trajectories (Table 8).  In 
2’Phe-tRNAPhe bound to EF-Tu, clusters representing domain II and III share more MI 
than in single EF-Tu. This is also the case for domain II and the interface cluster as well  
as  the  coupling  of  domain  III  and  the  interface  subgroup.  Both  OE-  and  3'-
aminoacylated tRNAPhe bound to EF-Tu reduces the MI between all  subgroups.  The 
biggest reduction is seen between the domain I cluster and the domain III cluster for 
EF-Tu in complex with OE-Phe-tRNAPhe with a reduction of MI for this channel of 34% 
of the MI in the unbound EF-Tu MD trajectory (Figure 13).

Table 8: Mean and standard deviation of MI between communication channels from three independent 
MD-runs for free EF-Tu.

subgroup mean MI SD SD/mean
interface-I 4882.68 216.59 4.44%
interface-II 3452.11 422.09 12.23%
interface-III 2708.24 140.31 5.18%

I-II 2081.82 41.08 1.97%
I-III 1696.51 72.87 4.30%
II-III 1155.20 84.38 7.30%
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Figure 12: Spectral clustering of MI between EF-Tu amino acids into 4 
clusters. Clusters mapped to the functional domains in EF-Tu.
A Free EF-Tu. B EF-Tu from MD trajectory in complex with 3’Phe-tRNAPhe. 
Protein shown in cartoon representation, GTP as sticks. Domain I in 
magenta, domain II in green, domain III in red, interface in blue.
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Figure 13: Relative change in MI between residue subsets identified by spectral clustering across tRNA 
charging isomer EF-Tu complexes (see also Figure 12). Clusters mapped to their majority domains with 
the cluster containing the switch regions denoted as interface. A tRNAPhe·EF-Tu. B  2’Phe-tRNAPhe·EF-
Tu.  C OE-Phe-tRNAPhe·EF-Tu. C 3’Phe-tRNAPhe·EF-Tu. Values above the noise level (see Table 8) for 
each channel are highlighted. 
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7.6.2 Mutual information from MSA

MI calculated from MD simulations was compared to the MI calculated from covarying 
positions in multiples sequence alignments (MSA) of tRNA and EF-Tu. For tRNA an 
MSA was generated with sequences from the manually curated Sprinzl et al. tRNAdb, 
guaranteeing an overlap of canonical positions of tRNA as well as accurate annotation 
of  modified bases.  All  elongator  tRNA species  from all  organisms were included to 
identify the most general trends in positional covariation possible. Some features of the 
MI maps correspond between the MD MI and those from sequence alignment (Figure
14). 

The  highest  MI  between  positions  calculated  from  the  tRNA  MSA  generally 
corresponds to contacts (Supplement 8). The coupling between the anticodon and the 
acceptor stem observed from MD simulations is visible as well as the coupling between 
both  T-stems  and  certain  D-stem  residues.  Two  different  MSA’s  for  EF-Tu  were 
generated  using  the  deepMSA2  server  and  mmseqs2  with  the  T.  aquaticus EF-Tu 
sequence (Figure 15). Visualization of the pairwise MI map and clustering analogously 
to the EF-Tu MD trajectories, reveals an almost one to one mapping of MI clusters to 
the three EF-Tu domains as well as a fourth cluster containing the two switch regions 
(Figure 15B) when clustering the MI map calculated from the mmseqs2 generated MSA. 

43

Figure 14: Comparison of pairwise MI maps generated from MD simulations and tRNA sequence 

alignment. A MI map from 3’Phe-tRNAPhe MD trajectory. B Pairwise three dimensional MI between 
nucleotide positions calculated from all annotated tRNA sequences in the Sprinzl et al. tRNAdb.
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Only one alpha helix between domains I and II is clustered together with domain II. 
Results  based  on  the  deepMSA2  alignment  have  a  less  strict  distinction  between 
domains in the clustering with some overlap between domains I and II as well as II and 
III (Figure 15A). 
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Figure 15: Pairwise MI maps calculated from MSA mapped onto the T. aquaticus EF-Tu sequence. 
A Pairwise MI map for residue positions annotated from T. aquaticus sequence and result of spectral 
clustering of pairwise MI. MSA generated by deepMSA2. B Pairwise MI map for residue positions 
annotated from T. aquaticus sequence and result of spectral clustering of pairwise MI. MSA generated 
by mmseqs2.
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8. Discussion

The  impact  of  aminoacylation  isomerism  on  several  conformational  and  dynamic 
aspects of tRNAPhe and  tRNAPhe·EF-Tu complexes has been investigated in this work. 
Several aspects have been found to vary between isomers and some general qualities of 
tRNA dynamics and conformation (to the authors knowledge) not explicitly described 
before have been observed. 

8.1 Impact of attachment isomerism on tRNA and EF-Tu

The  impact  of  this  2’-/3’-isomerism  on  the  dynamics  and  structure  of  tRNA  have 
previously been investigated via aminoacylated RNA trinucelotides as a tRNA model by 
Polyansky  et  al.  With  the  present  results,  some further  steps  in  characterizing  the 
impact of  charging isomerism not only on full  scale tRNA but its  essential  binding 
partner in early translation, EF-Tu have been taken. The aminoacylation site as well as  
the binding of EF-Tu are shown here to a strong impact on solvent exposure of the 
aminoacyl  ester  carbonyl  group as  a  proxy for  hydrolytic  stability  of  the aminoacyl 
bond.  The  orthoester  (OE)  isomer  displays  the  highest  carbonyl  solvent  exposure, 
followed  by  the  2’-isomer  and  the  3'-aminoacylated  tRNAPhe trailing  behind.  The 
binding of EF-Tu buries the carbonyl group in all  but 3’-isomer aminoacyl-tRNAPhe, 
where the opposite is the case (Figure 3, Table 4). The establishment of a distribution of 
a relatively high carbonyl exposure for 3'Phe-tRNAPhe after binding EF-Tu may indicate 
that the 3'Phe-tRNAPhe·EF-Tu forms a well-defined complex with a distribution around 
“intended” exposure of the aminoacyl bond for facilitating further steps in translation. 
Notably the highest absolute value for carbonyl exposure was observed for the free 3’-
isomer tRNAPhe trajectory. As Phe tRNA species are charged at the 2’-hydroxyl of A76, 
the  3’-isomer  might  be  present  only  after  binding  EF-Tu  or  an  isomer  specifically 
recognized for binding by EF-Tu,  but too hydrolytically  unstable in free tRNA. The 
stability of the acyl linkage has been tested for many 3'-attached amino acids (including 
Phe) and has been shown to depend on the species of the attached amino acid 31. The 
only variable that was able to protect the weaker linkages from hydrolysis was EF-Tu. 
The Phe linkage stability was found to be similar to that of lysine and tyrosine and as 
such slightly lower than the median, in agreement with relative stabilities reported by 
Hentzen et al.124.  These findings suggest that an isomer with higher exposure of the 
aminoacyl linkage to solvent than the 3’-isomer such as the OE-attachment would be 
likely even more prone to hydrolysis in the absence of EF-Tu. This could mean that the 
interconversion state is either very short lived in free tRNA,  or may help to facilitate 
EF-Tu binding. The underlying geometric causes leading to this disparity in ester bond 
exposure are likely the distance between the 5’- and 3’- ends of the tRNA in general and 
the propensity of G1 – A76 hydrogen bonding and base ring stacking specifically. The 
3'-OH of A76 looks to be disproportionally prone to forming hydrogen bonds to the G1 
phosphate group with this imbalance being present in uncharged tRNAPhe where both 
hydroxyl groups are available and further magnified in the presence of the amino acid. 

45



8. Discussion

The relative fraction of identified hydrogen bonds 3'-OH/2'-OH grows from about 5 to 
almost 10 when Phe is attached (Table 5). Additionally, the presence of hydrogen bonds 
between the G1 phosphate and the amino group was detected twice as often in the 2’-
attached free tRNAPhe trajectory compared to its 3'-counterpart (Table 5). Together both 
these interactions could be used to explain differences in 3’- and 5’-strand separation 
between  charging  isomers.  Indeed  when  no  A67  hydroxyl  groups  are  available  for 
hydrogen bonding to the G1 phosphate as is the case of the OE-isomer, the distance 
distribution  between  both  strands  is  shifted  towards  higher  distances  even  in  the 
presence of a small amount of frames presenting with amino group-G1 hydrogen bonds 
(Figure 6A, Table 7). The stacking of base rings between G1 and A76 does not seem to be 
significantly impacted by the amino-acid attachment site between 2’- and 3’-OH with a 
difference of only 2%. However, the absence of any steric hindrance by the amino acid 
in uncharged tRNAPhe increases the presence of this interaction to almost 70% of MD 
simulation frames (Table 6).  The distance between the tRNAPhe acceptor stem 3’- and 
5’-strands  is  increased  in  all  EF-Tu  bound  tRNAPhe molecules  (Figure  6B,  Table  5) 
indicating the need for some degree of strand separation before binding EF-Tu. The OE- 
and 3'-attached tRNAPhe might have a distinct advantage when binding EF-Tu as their 
strands are generally more separated due to lacking interactions between the acceptor 
stem ends. This is supported by an approximately 2250 fold lower binding affinity of 
uncharged yeast tRNAPhe to  E. coli EF-Tu·GTP125 as the non-acylated tRNAPhe system 
displayed the  highest  amount  of  strand  interactions  of  all  MD  simulations.  Early 
structural data suggested a possible OE configuration present in EF-Tu bound tRNA27. 
One  may  speculate  that  the  spontaneous  inter-conversion  between  the  attachment 
isomers is at some point exploited to facilitate easier accommodation of the tRNA into 
the EF-Tu binding site. This might not be necessary as the 3’-isomer that has previously 
been shown to be preferred by EF-Tu18,22 also shows a decreased amount of A76-G1 
hydrogen bonding  and higher  acceptor  stem strand separation  compared  to  the  2’-
isomer and the uncharged tRNAPhe (Table 5, Table 7, Figure 6). As the binding of the 3’- 
and  5’-ends  of  the  tRNA  are  key  components  in  its  interaction  with  EF-Tu,  the 
accessibility  of  these  termini  might  be  an  important  factor  in  EF-Tu’s  ability  to 
discriminate between charging isomers. Indeed the tRNA 5’-end while stabilized in all  
MD trajectories where EF-Tu is present, is uniquely stable in 3'-aminoacylated tRNAPhe 

(Figure 2C). 

EF-Tu is considered to bind poorly to tRNAPhe  lacking an attached amino acid125, and 
both the tRNA body and the attached amino acid have been shown top contribute to the 
binding affinity in a compensatory way to achieve uniform binding affinity54,57,126. More 
recent work shows that the largest part of the tRNA body contribution to the EF-Tu 
binding affinity can be attributed to three base-pairs in the tRNA T-stem (49-65, 50-64 
and 51-63)63,127. Additionally, computational work identified significant contributions to 
binding energies from G52, G52, and G53 in Cys-tRNACys·EF-Tu128. In the present work, 
only the attachment site of the amino acid is modified across different MD systems and 
as such it could be assumed that all T-stem contributions to the tRNA-EF-Tu interface 
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are unaffected. This might not be the case as the proposed point of contact between EF-
Tu and the 51-63 base pair, Glu390 is located in a region of EF-Tu with differing RMSF 
across aminoacylation isomers (Figure 8). Specifically,  residue 391 fluctuates less in 
3’Phe-tRNAPhe·EF-Tu as compared to all other MD trajectories. This could indicate the 
existence  of  additional  effects  on  the  EF-Tu-tRNA  binding  interface  that  can  not 
entirely be described by local sequence variation. The contributions of the tRNA T-stem 
interface at EF-Tu Glu391 to the binding affinity might be subject to tuning through 
changes in conformation brought about by the attachment isomerism. Computational 
work identified the universally conserved CCA acceptor triplet as well  as the highly 
conserved G1 base as major contributors to tRNA-EF-Tu binding128. The interactions 
between G1 and A76 described here might explain in part the relevance of these bases 
for the tRNA-EF-Tu affinity. Especially the impact on the separation of strands in tRNA 
could be relevant for EF-Tu binding as both tRNA ends are bound separately by EF-
Tu35. 

MD conformations of tRNAPhe were investigated by comparison to cryo EM structures 
during different steps of decoding from Loveland et al45 (Supplement 9). Distribution of 
backbone RMSD during 1 μs MD for the complete tRNAPhe molecule was closest to the 
structure termed ‘initial binding’ for all MD trajectories. 3’Phe-tRNAPhe ·EF-Tu had the 
highest fraction of frames within 4.5  Å backbone RMSD (39.9%).  The 2’-isomer was 
basically at the same level of similarity to this reference at 39.2%. For the OE-Phe-
tRNAPhe isomer in complex with EF-Tu, this fraction dropped to 6.2% and similarly 
7.7% for the uncharged-tRNAPhe·EF-Tu complex. Fractions for unbound tRNAPhe ranged 
from 9-20%. In the case of OE- and 3’-isomer,  the number of frames satisfying the 
RMSD cutoff was similar at ~14% while 2’Phe-tRNAPhe MD trajectory contained only 
9% of  frames  satisfying  the  cutoff.  Similarity  to  structures  in  subsequent  stages  of 
translation, such as codon/anticodon sampling and tRNA accommodation, was much 
lower in terms of backbone RMSD across all MD trajectories potentially reflecting the 
influence of the ribosome on tRNA conformation. Together these results indicate that 
the EF-Tu tRNA MD simulations adopt conformations close to experimental data to a 
substantial amount. Additionally, the presence and attachment site of the amino acid 
influence  the  global  tRNAPhe backbone  conformation,  as  seen  by  the  differences  in 
RMSD between charging isomer MD simulations and experimental reference structure. 
For  example,  the  OE-aminoacylated  tRNAPhe bound  to  EF-Tu  satisfies  the  RMSD 
similarity cutoff in just 6% of frames compared to the 3'-aminoacylated system (39.9%).

EF-Tu has been shown to bind both 2’- and 3'-attachment isomers but the non native 
attachment site has an about 50 fold decreased affinity18,28,29. EF-Tu therefore effectively 
acts as a tRNA attachment isomerase and transforms the mixture of 2’- and 3’-isomers 
present  after  aminoacylation into  a  uniform set  of  3’-aa-tRNA·EF-Tu species22.  The 
earlier  mentioned  conformational  aspects  of  tRNA  charging  isomers  might  help  to 
explain the preferential binding of 3'-aminoacylated tRNAPhe, while the possibility of 
binding the other isomer makes observations of EF-Tu bound to 2’Phe-tRNAPhe relevant 
to elucidating the EF-Tu isomerase activity. The differences in mutual information (MI) 
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between amino acid  subgroups  from clustering  with  limited  prior  knowledge  might 
therefore point to residues critical in communicating the precise attachment site of the 
amino acid in EF-Tu to facilitate the conversion. The detected clusters can be mapped to 
established domains and functional elements in EF-Tu (Figure 1A,  Figure 12) and a 
clear reduction in correlated conformations between these domains is visible in both 3’-
and OE-aminoacylated tRNAPhe bound to EF-Tu (Figure 13C, Figure 13D). On the other 
hand, the MI between the clusters containing the tRNA binding interface as well as the 
cluster containing the switch II region is increased in 2’Phe-tRNAPhe·EF-Tu complex MD 
simulations (Figure 13B). This indicates that EF-Tu is able to integrate the information 
about the attachment site of the bound tRNA, adapt its internal communication and this 
might be how the isomerase activity is triggered. The increased independence of domain 
movements  visible  from  the  decrease  in  MI  between  the  identified  amino  acid 
subgroups, might be necessary to facilitate the relative domain movements occurring 
before GTP hydrolysis. EF-Tu MD simulations analysis showed a separation of domain I 
from domains II and III, extending the linker and making the inter domain rotation 
necessary for tRNA release possible129. In contrast, EF-Tu shows very little change in MI 
between the clusters  in  complex with uncharged tRNAPhe  compared to  single  EF-Tu 
(Figure  13A).  This  further  strengthens  the  role  of  the  amino  acid  attachment  in 
modulating the intramolecular response to tRNA binding. 

Calculation of configurational entropy suggests an entropic benefit to the 3'-attachment 
of  the  amino  acid  compared  to  both  other  isomers  (Figure  7C).  This  could  be  a 
contributing factor  to  the imbalance between attachment isomers observed in NMR 
experiments  to be in favor of the 3’-isomer26. The complex of OE-Phe-tRNAPhe·EF-Tu 
increases the contribution of configurational entropy to free energy TΔS for both of its 
components by about 23 kJ/mol (Figure 7,  Figure 9) at 310K. The binding energy of 
aminoacylated tRNA to EF-Tu has been calculated at around 40 kJ/mol and is almost 
uniform among all  elongator  tRNA species126.  Misacylated tRNA varies  widely  in its 
binding free energy due to the contribution of the amino acid and it is not clear if this 
difference might permit misacylated tRNA to bind in the OE configuration due to the 
entropic benefit even if such a configuration was stable enough to participate in binding 
EF-Tu before converting to either 2’- or 3’-isomer. The difference in the binding free 
energy between tRNAGln misacylated with alanine was calculated as 9.6 kJ/mol which 
could be theoretically compensated126. This data was obtained through misacylation of 
unmodified  and  mutated  tRNA  (to  allow  for  misacylation)  and  the  configurational 
entropy  calculated  in  this  work  only  gives  a  correct  upper  bound  but  may  well  be 
overestimated due to incomplete sampling.

The  clustering  of  MI  values  taken  as  a  measure  of  similarity  between  residues 
corresponds well to the sequence- and structure-based categorization of EF-Tu domains 
and motifs (Figure 12). This increases the confidence in the mutual information values 
calculated from MD as a measure of biologically relevant coupling between residues. 
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This is further strengthened by the good agreement of clustering between MI from MD 
and MI from MSA in both tRNA and EF-Tu (Figure 14, Figure 15).  

The  presence  of  high  MI  between  both  sequence  position  and  degrees  of  freedom 
between the  anticodon and the  acceptor  triplet  in  all  tRNAPhe MD trajectories  is  a 
noteworthy observation (Figure 10,  Figure 11,  Figure 14). The MI between sequence 
positions is usually hard to decompose into covariation arising from sterics, contacts, 
phylogenetic  history,  interactions  between  charges,  or  long  range 
communication/allosteric  coupling.  However,  the acceptor stem and anticodon loop 
are far apart in tRNA,  so any sort of steric or electrostatic influences can likely be 
dismissed. It seems that this connection might be significant enough to be encoded in 
MI from both sequence data as well as atomic movements from MD simulation. The 
direct coupling between the most distant parts of the molecule points to a high degree 
of intermolecular communication in tRNA. It is further noteworthy that the acceptor 
stem directly attaches to the amino acid. This unifies the link between anticodon and 
amino acid  through the  genetic  code  with  a  link  in  the  dynamical  behavior  of  the 
adapter molecule. This link is also present when clustering the MI from the 3’-Phe-
tRNAPhe·EF-Tu MD trajectory (Supplement 6).  This directly links the codon sensing 
part of the ternary complex to the acceptor stem influencing crucial EF-Tu residues as  
described in this work.

The profile of RMSF in tRNAPhe is consistent across isomers and presence or absence of 
EF-Tu in  the  anticodon displaying  high fluctuation (Figure  2C).  Finally,  the  RMSF 
profile  showing  an  increase  in  fluctuation  around  the  anticodon  loop  and  residue 
H2U17 of the D-loop, is consistent with cryo-EM experimental findings of distortion in 
these regions when bound to GTPase activated EF- Tu6–8. Taken together with the need 
for an intact tRNA present to trigger the EF-Tu GTP hydrolysis9, the present results 
might add further evidence supporting a non-static, active role for tRNA in translation 
possibly necessitating tRNA conformational flexibility, especially in the anticodon loop, 
for  EF-Tu  GTPase  activity  and  proper  accommodation  of  cognate  species  during 
decoding.

8.2 Limitations and outlook

The three strongest findings from the present work are: (1) the attachment position and 
presence of phenylalanine on tRNAPhe,  although being a small modification, strongly 
impacts  conformation  of  the  tRNAPhe acceptor  stem;  (2)  these  differences  robustly 
impact MI between functional domains of EF-Tu in ternary complex validated by the 
establishment of a random noise thresholds through replicate MD trajectories and (3) 
tRNA  dynamics,  as  captured  by  both  RMSF  and  MI  profiles,  points  to  long-range 
correlated conformations of the anticodon and the acceptor stem regardless of amino 
acid  attachment  site.  This  finding  is  corroborated  by  sequence  data.  Limiting  the 
confidence in these findings are the lack of replicates for most systems due to high 
computational requirements and time constraints. Findings regarding the fundamental 
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geometric  aspects  of  the  attachment  isomers  are  large  enough  in  magnitude  to  be 
considered  relevant  even  in  the  absence  of  replicate  MD  trajectories.  However, 
especially the calculation of configurational entropy and MI is critically dependent on 
both sampling (as has been exploited for the systemic noise reduction in this work) and 
more total  simulated time as well  as  smaller  time steps for  trajectory output would 
definitely  increase  the  accuracy  for  these  calculations.  A  number  of  possible 
implications  concerning  both  conformational  aspects  (such  as  carbonyl  solvent 
accessible surface area and 3’-, 5’-strand separation) and the results on the dynamics of 
the elements of  the ternary complex (stabilization of  the 5’-end of  3’Phe-tRNAPhe in 
complex with EF-Tu compared to other isomer ternary complexes) remain speculative 
until experimental validation. Others such as the clustering of MI between residues into 
communities of high internal MI are validated by their agreement with MI maps from 
MSA, combining a  well  studied and fundamental  quantity  from information theory, 
with  data  generated  from  experiment  and  processed  by  mature  bioinformatic 
formalisms.  The  workflow for  analyzing  MI between residues  from MD simulations 
presented  here  might  be  an  interesting  addition  to  investigations  of  dynamic  and 
allosteric properties of proteins and other bio molecules, especially if considerations of 
sampling requirements are taken into account in MD simulation design e.g in terms of 
trajectory  output.  To  further  investigate  the  tRNA·EF-Tu·GTP  ternary  complex,  the 
existing approaches from network theory for investigating vertex centrality or network 
path  analysis  could  be  employed  or  adapted  to  suit  the  investigation  of  functional 
couplings  in  biomolecules  represented  as  weighted  graphs.  Some  modifications  in 
consolidating  degrees  of  freedom  into  biologically  relevant  units  might  be  worth 
considering to eliminate/minimize bias introduced by differing numbers of atoms per 
unit, especially in the presence of outliers such as GTP or strongly modified tRNA bases 
in the investigated systems. This is partially remedied already, because such residues 
contribute  disproportionally  to  systemic  noise  and the  MI bias  from residue  size  is 
dampened  through  the  noise  reduction  via  artificial  reduction  in  sampling  as 
implemented in ARTEMIS.
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Supplement 1: Comparison between Spectral and Leiden clustering of 
MI for EF-Tu high temporal resolution (1 million frames) trajectory. A 
Spectral clustering, 4 k-means clusters. B Leiden clustering, 15 
clusters.
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Supplement 2: Implementation of Leiden clustering (see methods) for MI maps in 
Python 
import sys
import json
import numpy as np
import igraph as ig
import leidenalg as la

# parse input MI map
inpt = sys.argv[1]
with open(inpt) as json_file:
    data = json.load(json_file)
mmap = np.array(data['map'])

# bound MI values and treat self loop inconsistencies (see formula 7)
i = 0
normalized_arr = []
while i in range(len(mmap)):
    row=[]
    j= 0
    while j in range(len(mmap)):
        row.append(mmap[i][j]/max(mmap[i][i], mmap[j][j]))
        j+=1
    normalized_arr.append(row)
    i+=1
normalized_arr = np.array(normalized_arr)

# build undirected weighted graph from similarity matrix
def build_igraph(similarityMatrix):
    edges = (np.unravel_index(np.arange(similarityMatrix.shape[0] * 
similarityMatrix.shape[1]), similarityMatrix.shape))
    edges = list(zip(*edges))
    weights = similarityMatrix.ravel()
    g = ig.Graph(directed=False)
    g.add_vertices(similarityMatrix.shape[0])
    g.add_edges(edges)
    g.es['weight'] = weights
    return g

# partition graph with leiden algorithm and strict modularity
def cluster_by_sim_matrix(graph):
    weights = np.array(graph.es["weight"]).astype(np.float64)
    partition_type = la.ModularityVertexPartition
    partition_kwargs = {}
    partition_kwargs["weights"] = weights
    part = la.find_partition(graph, partition_type, **partition_kwargs)
    optimiser = la.Optimiser()
    diff = optimiser.optimise_partition(part, n_iterations=1000)
    return part

# retrieve partitions
g = build_igraph(normalized_arr)
partition = cluster_by_sim_matrix(g)
labels = np.array(partition.membership)
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Supplement 4: SMIST  of tRNA molecules for all MD trajectories 
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Supplement 3: Distribution of angles between the base ring-plane 
normal vectors of bases G1 and A76 over 1 μs MD simulations.
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Supplement 5: Visualization of systematic noise in MI maps as a result of sampling 
sufficiency. A 3’Phe-tRNAPhe trajectory timestep 10ps (1×105 frames) artificially decreased 
sampling. B 3’Phe-tRNAPhe trajectory timestep 5ps (2×105 frames) native. C 3’Phe-
tRNAPhe trajectory timestep 5ps (1×105 frames) after removal of systematic noise. D 
3’Phe-tRNAPhe trajectory timestep 1ps (1×106 frames) native replica.
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Supplement 6: MI between bases of 3’Phe-tRNAPhe (bound to EF-Tu) rescaled by 
maximum value.
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Supplement 7: Spectral clustering of MI maps for the tRNAPhe·EF-Tu·GTP ternary complex 
MD trajectories into 5 clusters. A tRNAPhe·EF-Tu. B 2’Phe-tRNAPhe·EF-Tu. C OE-Phe-
tRNAPhe·EF-Tu. D  3’Phe-tRNAPhe·EF-Tu.
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Supplement 8: Comparison of pairwise distance map for 
3'Phe-tRNAPhe (PDB code: 1EHZ) to MI between positions 
calculated from MSA
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Supplement 9: Distribution of Backbone atom RMSD of tRNA MD conformers compared to 
the initial binding state structure from ensemble cryo-EM43. 
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