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Abstract

The codon sequence of messenger RNAs affects ribosome dynamics, translational control, and transcript stability. Here, we describe an advanced
computational modelling tool and its application to studying the effect of different tRNA species on the codon decoding process. Using tRNA
abundance data for Saccharomyce cerevisiae, we show that simulated codon decoding times are sensitive to the abundance of near and non-
cognate tRNAs as well as cognate species. Codon decoding times predicted by models that accurately define nearcognate tRNAs and that are
parameterized with high-quality tRNA abundance datasets are highly similar to ribosome dwell times determined using experimental ribosome
footprinting data, thereby confirming both the importance of nearcognate tRNAs for the codon decoding process and the general accuracy of

our modelling tools.

Graphical abstract

a

3%
)
%\ )

Cellular tRNA levels

Introduction

Computational models of codon decoding during protein syn-
thesis are widely used to predict and study gene expression. By
enabling the detailed interrogation of specific molecules and
their reaction rates, such models have helped elucidate basic
features of the protein synthesis machinery in different species
[1-4] as well as features of specific translational control path-
ways [5, 6], have contributed to the study of the evolution of
the translational machinery [7-10], and have informed the de-
sign of efficient recombinant sequences in biotechnology and
medicine [11-14].

During codon decoding transfer RNAs (tRNAs) are ran-
domly sampled from the available cellular tRNA pool. tRNA

Ribosome dynamics

Codon decoding times

sampling may deviate from a perfectly mixed system where
all pool members are sampled with equal probability, for ex-
ample, recently used tRNA species may be selected more fre-
quently than expected by chance [15] although it should be
noted that evolutionary data do not appear to support this
notion [16, 17]. Whether or not tRNA recycling occurs, any
deviations from perfectly mixed systems are likely small, and
sampling of the tRNA pool is clearly necessary for ribosomes
to select cognate tRNAs. The fate of a tRNA that enters the
ribosomal A-site is determined by the base pairing pattern
between its anticodon and the A-site codon. Depending on
the strength of base-pairing, sampled tRNAs may be released
from the A-site, or may be accepted and transfer of the nascent
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peptide onto the amino acid carried by the sampled tRNA
may be initiated. If peptidyl transfer occurs, this is followed
by translocation of the ribosome onto the next codon, where
the sampling process recommences [18, 19].

For each of the 61 sense codons of the canonical genetic
code, the cellular tRNA pool can be divided into different
tRNA classes depending on the strength of codon: anticodon
base pairing. Strongly pairing tRNAs that can initiate pep-
tidyl transfer are designated as “cognates”, in contrast to
“non-cognates” which base-pair less strongly or not at all and
therefore do not initiate peptidyl transfer. Moreover, avail-
able data suggest that tRNAs exist in more complex classes
than the simple cognate/non-cognate division. For example,
some cognates exclusively form standard Watson:Crick base
pairs whereas others form non-standard “wobble” base-pairs.
Wobble pairing tRNAs can initiate peptidyl transfer, but in
at least some cases do so with lower probability than Wat-
son:Crick pairing tRNAs, and wobble-pairing cognate tRNAs
can be rejected from the A-site [20]. Similarly, anticodons of
some non-cognate tRNAs do not base pair with the codon
at all, whereas others base-pair in one or more of the three
nucleotide positions. Where such partial contacts are strong
enough to produce non-zero probabilities of initiating pep-
tidyl transfer, the corresponding tRNAs are designated as
“near-cognates” [21, 22]. While many studies have addressed
the biochemistry and function of cognate tRNAs, both the na-
ture of near-cognates and their role in shaping codon decoding
and the genetic code is less well studied. For accurate protein
synthesis the reliable acceptance of cognates and rejection of
near- and non-cognates are equally important [23], and the
relative lack of understanding of near-cognate tRNAs is thus
an important knowledge gap.

Codon decoding models need to classify all possible anti-
codon: codon pairs in terms of the base-pairing patterns de-
scribed above. Published approaches differ in which classes
are considered as explicitly modelled species, with some
models only considering the abundance of cognate tRNAs,
whereas others consider additional species [24,25]. Moreover,
published modelling approaches also differ in the level of de-
tail with which the codon decoding process is represented. De-
coding of individual codons may be modelled as a step with a
single rate parameter [26, 27], as two separate codon decod-
ing and translocation steps (2, 28), or as more detailed pro-
cesses where tRNA accommodation, GTP hydrolysis, peptidyl
transfer, and other sub-reactions occur with their own, sepa-
rate rate parameters [24, 25]. The level of detail with which
individual studies represent both tRNA classes and biochemi-
cal rate information depends on the study purpose and on the
data sources used for parameterization.

In the current study, we extend the general principles we
have used previously [1, 25], to develop new modelling soft-
ware that represents both tRNA classes and biochemical rate
information with high levels of detail. Moreover, these mod-
els can be parameterized flexibly, allowing users to explore
previously inaccessible parameter spaces such as position-
dependent changes in reaction parameters. We demonstrate
the capabilities of the flexible parameterization approach by
exploring in depth how the representation of near cognates as
a separate, difficult-to-reject class of tRNAs affects predicted
codon decoding times, based on tRNA levels for the model
organism S. cerevisiae. Finally, we demonstrate that models
based on accurate parameters for near-cognate tRNAs result
in predicted codon decoding times that are highly similar to

experimental ribosome dwell times extracted from ribosome
footprinting data.

Materials and methods

Model structure

The new model developed and described herein uses funda-
mental reaction schemes which we and others have employed
previously [1, 12, 24], and considers the four different tRNA
classes outlined in the introduction (Watson:Crick pairing
cognates, wobble pairing cognates, near-cognates, and non-
cognates). The consideration of two separate cognate classes
is an extension of our previous model structure. The complete
reaction scheme underpinning the model is summarized below
(Fig. 1).

Individual tRNAs interact with the ribosome in a se-
quence of 16 consecutive reaction states that describe the out-
comes of the various conformational changes, NTP hydrol-
ysis, aminoacyl-transfer, and translocation reactions that oc-
cur during a decoding cycle. The first six states comprise a
series of reactions we term codon decoding which culminate
in the aminoacyl transfer reaction, whereas the subsequent ten
states are termed translocation and include ejection of the P-
site tRNA, transfer of the A-site tRNA to the P-site and for-
ward movement of the ribosome by one codon.

Cognate and near-cognate tRNAs can undergo all of the ri-
bosomal reactions, albeit with different rate constants which
lead to different reaction rates and in consequence different
propensities to reach the aminoacyl-transfer stage (Fig. 1). To
allow the modelling software to simulate these different rates
efficiently, we define the reactions from initial tRNA binding
to peptidyl transfer three times, once for each of the three
corresponding tRNA classes. Thus, states 2—6 correspond to
the codon decoding phase for Watson—Crick decoding cog-
nates, 7-13 to the codon decoding phase for wobble decoding
cognates, and 14-18 to the codon decoding phase for near-
cognates. Non-cognates never progress beyond the initial en-
counter reaction that leads to state 1. For any tRNA which
reaches the amino acyl transfer stage rates are then indepen-
dent of the class of the decoding tRNA, and we only assign
a single series of state names to the corresponding reactions
(states 21-30).

Since approximations for the rate constants with which the
transitions between states occur are known (Supplementary
Table S1), we can model this reaction scheme using standard
rate constant based approaches including deterministic mod-
elling based on differential equations, or stochastic modelling
based on reaction propensities as proposed by Gillespie [29].

Modelling algorithms
We implemented two separate modelling algorithms, one ded-
icated to modelling the decoding of individual codons, and
a second dedicated to modelling the decoding of messenger
RNA (mRNA) sequences. Both were implemented as C++
software and are accessible via the Python classes CodonSim-
ulator and SequenceSimulator. The CodonSimulator class is
essentially an implementation of the Gillespie algorithm [29]
and allows running stochastic simulations of the decoding of
individual codons efficiently.

The SequenceSimulator class relies on a modified imple-
mentation of the Gillespie algorithm. A technical issue en-
countered in modelling the translation of mRNAs containing
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Figure 1. Reactions of the codon decoding cycle. Ribosomes with an empty A-site (state 0) can interact with four distinct classes of tRNAs, where the
division of the total cellular tRNA pool into the four classes depends on the nature of the codon located in the A-site. Each ribosome undergoes transient
interactions with tRNAs from the pool until aminoacyl-transfer has occurred (state 21), before the eEF2-catalysed translocation process begins which
returns the ribosome to state 0 on the subsequent codon.
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multiple ribosomes is how to represent the many different re-
actions that occur during the decoding of a transcript. The
decoding of every single codon occurs via the reaction scheme
outlined in Fig. 1, so that the total number of distinct reac-
tions related to a sequence of length N is Nx31 (the number of
reactions that can occur on each codon). Moreover, because
standard Gillespie algorithms cannot track positional infor-
mation, this set of reactions needs to be replicated for tran-
scripts decoded by a single ribosome (monosomes), transcripts
decoded by two ribosomes simultaneously (disomes), and all
N-some variants that can potentially occur on a transcript.
Using this approach, it was necessary to implement a system
of 968 reactions and 242 components to model a three-codon
transcript [3]. While we and others have proposed agent-based
approaches that circumvent the need for overly large reac-
tion systems, here we systematically revised the implementa-
tion of the algorithm to improve computational performance
(Supplementary Fig. S1).

The SequenceSimulator class works with three vectors. One
vector contains the codon sequence of the transcript. A sec-
ond vector contains the current state of each codon of the se-
quence, which can be either “Available”, “Unavailable” i.e.
covered by a ribosome although not located in the riboso-
mal A-site, or “Decoding” i.e. located in a ribosomal A-site.
A third vector contains simulator objects: a simulator object
represents an individual ribosome, which is computationally
represented as a data structure that contains the current reac-
tion state of the codon, and the reaction parameter set for the
A-site codon occupied by that ribosome. There is one set for
each codon in “Decoding” state on the sequence, or for each
ribosome (an N-some is therefore represented by a simulator
vector of length N).

The information in these three vectors is processed by a sim-
ulation engine, which cycles through the following series of
steps: (1) All possible reactions in the system are selected, in-
cluding the possible reactions occurring with elongating ribo-
somes, but also initiation reactions which add new simulator
objects (ribosomes), and termination reactions which remove
ribosomes or simulator objects from the vector. Reactions that
involve changes in the state vector (i.e. ribosome movement,
initiation, or termination) are only allowed if they do not con-
flict with the location of another ribosome, i.e. ribosomes can-
not move onto codons already occupied by other ribosomes.
(2) Once the list of possible reactions and their rates has been
established, the next reaction and the time required for that
reaction are established using the “next reaction” approach
[30]. (3) The state and simulator vectors are updated to re-
flect any changes occurring from the execution of the reaction
selected in step 2. This cycle is repeated until a pre-defined
stop condition is met, which can be related to elapsed simu-
lation time, computation time, or to a particular number of
ribosomal termination events in the modelled system.

Our implementation provides distinct computational ad-
vantages, including that the parameters that need to be held
in memory at any one time are limited, as well as operating
advantages, for example that parameters can be very flexibly
configured (this is explored in more detail in the Results sec-
tion).

We further optimized the efficiency of the modelling soft-
ware through additional measures. Due to the nature of the
tRNA-dependent decoding system, the majority of tRNAs
in the cellular pool have a “non-cognate” relationship with

any given codon. Thus, the majority of tRNA:ribosome in-
teractions are non-cognate binding events, and in fact if all
non-cognate interactions are faithfully modelled, the majority
of reactions occurring on a modelled transcript are binding
and unbinding events of non-cognate tRNAs. Because non-
cognates are processed with very rapid rate constants, these
events only marginally contribute to the total simulated de-
coding time (this is explored in detail in the results section
and in Fig. 2). Thus, the software has a facility to remove non-
cognate interactions from the scheme (non-cognate modelling
is disabled by default but can be enabled by the user if desired,
Supplementary Fig. S2).

As a second efficiency measure, we implemented a scheme
that shortens the time required to simulate transcripts before
they reach the steady state, for studies that are predominantly
interested in answering questions about the steady state (as
is the case for most published studies). If simulation runs are
started with empty transcripts, simulations must run until the
steady state is reached, and pre-steady state data are typi-
cally discarded. To start simulations much nearer to the steady
state, we initially calculate the average decoding time for each
individual codon, and pre-seed the modelled transcript with
the ribosome density expected for a deterministic system. For
example, if the initiation rate of the modelled system is 0.1 per
second, we distribute ribosomes so that the codons between
them take on average 10 s to decode. The resulting polyri-
bosome complex is a system state that has the same ribosome
density as the average stochastic state, provided that the effect
of ribosome collisions in the system is small (collisions slow
down ribosomes and increase ribosome density). The effect of
this pre-seeding strategy is length-dependent, for a transcript
of 500 codons modelled for 1000 ribosome transits this re-
duces the required computation time by around 10%-20%
(Supplementary Fig. S3).

Model parameterization

Modelling the reaction scheme outlined in Fig. 1 requires a
number of parameterization steps, including (i) establishing
lists of known tRNAs to be included in the model as well as
determining whether individual tRNA species belong to the
cognate, near-cognate, or non-cognate classes, (ii) establishing
abundance information for each tRNA species and converting
this information into tRNA class abundances (the summed
abundance in each of the two cognate, the near-cognate and
the non-cognate tRNA classes for each codon), and (iii) estab-
lishing rate information for each reaction in the scheme. Note
that in the simulations it is assumed that tRNAs are quantita-
tively charged and in complex with eEF1A:GTP. Conditions
of partial aminoacylation, such as amin acid starvation, can
however be modelled by reducing tRNA concentrations in the
model accordingly.

A summary of the required input parameters is shown in
Supplementary Fig. S4. With a complete set of parameters, de-
coding times for individual codons can be modelled using the
CodonSimulator class of the software. If the model is linked
to a specific RNA sequence, ribosomal movement on the RNA
can additionally be modelled via the SequenceSimulator class.

To provide a flexible tool that allows modelling of as wide
a range of scenarios as possible, we provide a set of param-
eterization tools that allow all model parameters to be freely
configured. These are collected under the set methods of the
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Figure 2. The effect of different model species on codon decoding times. (A) Processing times for individual tRNAs in the ribosomal A-site. For
non-cognates, two processing times are shown assuming dissociation rate constants of 10% s=" (solid) or 10° s~ (outline). (B) Predicted codon decoding
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time of each tRNA class during an average decoding process. Non-cognate dwell times are modelled based on a dissociation rate constant of10° s='.
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simulator objects, including .setPropensities(), .setInitiation-
Rate(), .setTrnaConcentrations(), and others.

Model output

During simulations, the simulator software records all state
changes with the times at which they occur in the mod-
elled system. Recording every single reaction produces large
amounts of data even though in many contexts it is predomi-
nantly the ribosome movement steps that are of interest, and
the software therefore provides functionality to switch be-
tween coarse-grained state recording (change in ribosome po-
sition only) which preserves computing resources, and fine-
grained state recording (all state changes in the system).
Both state change events and the time elapsed between them
are recorded as variable vectors. In addition to the event and
time vectors produced by both the codon and sequence sim-
ulators, the sequence simulator also records all ribosome col-
lisions that occur during the simulation (all events where the
distance between two ribosomes becomes zero). In addition,
the primary simulation data can be used to calculate derived
quantities through get methods, including ribosome transit
times and individual codon decoding times for each codon.

Software application

The software is provided as a collection of Python wrap-
pers that access and extend the function of the sim-
ulators which are written in C++4. Detailed instruc-
tions for use are provided via Jupyter Notebooks that
exemplify specific use cases, give examples for alter-
ing rate constants, near-cognate rules and tRNA abun-
dances and explain how to retrieve results for simulations
of longer sequences (https://github.com/tobiasvonderhaar/
simulator_manuscript/tree/main/Training). These are pro-
vided together with the analysis scripts and data accompa-
nying this manuscript (https:/github.com/tobiasvonderhaar/
simulator_manuscript).

Software availability

For use on Windows and Linux systems the Python pack-
age(s) containing the modelling software can be down-
loaded free of charge and installed through the PyPI (https:
/lpypi.org/project/elongation-simulator/) distribution system.
Source code is also freely available (https://github.com/
fheday/elongation_simulators).

Results

In addition to offering increased computational efficiency, our
new ribosome simulators allow more flexible parameteriza-
tion compared to existing approaches. Here, we demonstrate
the capabilities of this flexible approach with an in-depth anal-
ysis of near-cognate tRNAs, a species that strongly shapes the
dynamics of codon decoding.

We initially explored the overall effects of inclusion or ex-
clusion of different tRNA species, including near-cognates, on
modelled codon decoding times (Fig. 2). In these analyses, rate
parameters were taken from biochemical measurements of in-
teractions between ribosomes and different cognate or near-
cognate tRNAs [24, 31-34]. Rejection rates on non-cognate
tRNAs are estimated between 10° and 10* per second [35,
36], which we use as delimiting values in our initial simu-

lations. A full overview of rate parameters used is shown in
Supplementary Table S1.

Individual tRNAs are typically processed by the ribosome
within tens of milliseconds (Fig. 2A), where “processing”
means either undergoing all reactions up to and including pep-
tidyl transfer (the transitions to state 21 in Fig. 1) or rejection
from the A-site (a return to state 0). Non-cognate tRNAs are
released within milliseconds or faster, depending on whether
dissociation times are assumed to be closer to the upper or
lower limits stated above. The total decoding time for a codon
is the sum of processing times for all tRNAs that need to be
sampled before a tRNA reaches state 21 (the result of a pep-
tidyl transfer reaction). Peptidyl transfer is then followed by
ribosomal translocation, before the next tRNA sampling cycle
begins.

When different tRNA species are included or excluded from
simulations, predicted codon decoding times change for all
codons to which these species are relevant. This is illustrated
in Fig. 2B for three codons that interact differently with the
tRNA pool from Baker’s yeast. In this organism AAA is de-
coded by the Watson:Crick pairing t(Lys)yyy and according
to the near-cognate definition we use, AAA does not have any
near-cognate species (A is the nucleotide least able to undergo
wobble interactions with unmodified nucleotides). AAC is de-
coded by the Watson:Crick pairing t(Asn)guu, with t(Tyr)gua
likely acting as a near-cognate. UUU is read by the wobble-
pairing t(Phe)gaa, with multiple near-cognate species includ-
ing (t(HC)AAU, t(Ile)GAU, t(Leu)gag, and t(Leu)yag. In models
based solely on the abundance of cognate tRNAs without dis-
tinction between Watson:Crick and wobble-pairing cognates,
and where there is no distinction between near- and non-
cognates, the decoding process is predicted to occur on very
similar time scales for the three illustrative codons (Fig. 2B,
crosses). If wobble-decoding tRNAs are modelled with their
own specific rate constants [31], the decoding time for UUU
(the only wobble-decoded codon in this analysis) is specifi-
cally reduced (Fig. 2B, squares). If near-cognates are modelled
with their own rate constants [32], AAC and UUU codons
are both predicted to be decoded more slowly (Fig. 2B, tri-
angles), and distinguishing all four species leads to the great-
est predicted differences in decoding times between the three
codons (Fig. 2B, circles). Explicit inclusion of the different
tRNA classes in models of the decoding process is thus neces-
sary to capture the full dynamics of this process. Investigation
of the dissociation rates of non-cognate tRNAs further reveals
that these can be rate-determining under physiological condi-
tions for those codons where competition from near-cognates
is limited: thus, simulated decoding times for AAA (no near
cognates) are reduced from 0.04 to 0.09 s when non-cognate
dissociation rates are decreased from 10* to 103 per second,
whereas simulated decoding times for UUU are proportionally
much less affected (from 0.37 to 0.4 s).

Interestingly, there is a clear distinction between how many
tRNAs of a class need to be rejected during the sampling
process, and how long this rejection takes (Fig. 2C and D).
For all codons the majority of A-site accesses involves non-
cognate tRNAs, whereas the number of near-cognates access-
ing the A-site is lower (Fig. 2D). However, for codons where
near-cognates exist the much slower rejection time means
near-cognate rejection is the most time consuming process
(Fig. 2C). In consequence, codon decoding times correlate
strongly with near-cognate: cognate tRNA ratios, with the
specific correlation depending on whether or not codons are
decoded by Watson—Crick pairing or cognate tRNAs (Fig. 2E).
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Reaction rate sensitivity in codon decoding

To investigate how different tRNA species affect the dynam-
ics of codon decoding in detail, we conducted a systematic
sensitivity analysis for all model parameters. Starting with a
basic parameter set as previously published [12], we varied
each parameter randomly within a 10% range of the original
value and recorded how much codon decoding times for the
61 sense codons varied in response. From the resulting data
points, we determined the slope of the decoding times at the
original parameter value, which is equivalent to the flux con-
trol coefficients used in metabolic control analyses [37, 38].
Figure 3 illustrates how individual ribosomal reactions con-
trol codon decoding times, with positive correlation shown
in blue, negative correlation in red, and grey indicating low
or no correlation. For Watson—Crick pairing cognate tRNAs
rate control resides predominantly in the initial formation of
the tRNA:ribosome complex, consistent with the view that
for strongly pairing cognate tRNAs the concentration (which
is proportional to the rate of initial encounter complex for-
mation) drives the efficiency of codon decoding. For wobble-
decoding tRNAs rate control is more strongly exerted at later
reactions in the decoding scheme, in particular at reaction
6 and at the post-GTP hydrolysis dissociation step. This is
consistent with biochemical data showing that wobble de-
coding cognate tRNAs can be rejected at this step [31], in
which case the entire sampling process must be repeated un-
til the next cognate tRNA is encountered. Reducing rejec-
tion rates for wobble cognates by either increasing the rate
of peptidyl transfer (reaction 6) or by decreasing the rate of
dissociation thus reduces the need to undergo the selection
process repeatedly, and this controls codon decoding times
more strongly than concentrations of wobble-pairing tRNAs.
For near-cognate tRNAs, reactions that determine whether
these tRNAs progress beyond the initial selection stages most
strongly control codon decoding times (reactions 1 and 2 in
Fig. 3). Near cognate rejection is particularly slow if these
species are rejected post GTP hydrolysis, and more frequent
rejection at the initial stages speeds up the rejection process
disproportionally. Lastly, for codons where near-cognates ex-
ist at low levels or not at all, processing of non-cognates ex-
erts similar levels of rate control as processing of the cog-
nate species. Overall, the strong contributions non- and near-
cognate tRNAs make to rate control of the decoding process
is consistent with the published finding that ribosomes spend
most of their time sorting through ternary complexes [39].

Defining allowed base pairing patterns in
near-cognate tRNAs

Plant et al. proposed a working definition for near-cognate
tRNAs based on the ability of codon:anticodon pairs to form
a Watson:Crick base-pair at the second codon nucleotide, in
addition to either Watson:Crick or wobble base-pairs at the
other two positions [22]. Models defining near cognates in
this way can rank sequences in order of expression levels with
high accuracy [12].

Although models based on the Plant et al. definition are
successful, there is remaining uncertainty regarding the kinds
of wobble base-pairs that contribute to distinguishing near-
cognate tRNAs from non-cognates. We explored the effect
of different wobble base pairs on predicted codon decoding
times, by systematically varying allowed base pairing contacts
in our decoding model. Allowing or disallowing individual

contacts affects which tRNAs are classed as near-cognates for
a codon, thereby altering concentrations of its corresponding
near-cognate tRNAs.

We initially compiled a comprehensive set of wobble base
pairs known to form in solution between all modified bases
occurring in yeast tRNA anticodons, and the four natural
bases occurring in unmodified mRNA codons (Supplementary
Fig. SS). Two of these pairs, G:mcm®U and G:U, occur with
essential wobble-decoding cognate tRNAs, and cannot be ex-
cluded from models without breaking the genetic code. The
ten remaining base-pairs can be excluded while still result-
ing in a functioning genetic code, and we tested comprehen-
sively how the inclusion or exclusion of these base pairs af-
fected model performance. Simulating decoding times with
all nucleotide contacts omitted in all possible combinations
resulted in >700 datasets, each using differing definitions of
near-cognate tRNAs via unique combinations of wobble in-
teractions.

We initially investigated properties of this dataset by reduc-
ing its information content using principal component analy-
sis (PCA) [40]. Each dataset contains information on the de-
coding times for 61 sense codons. This high dimensionality
can be reduced using PCA albeit at the cost of loss of infor-
mation, for example, projecting information for the 61 codons
into two principal components only allows recovering 61%
of the available information (Fig. 4A). Interestingly, the first
seven components collectively capture >99% of the informa-
tion of the full, 61-dimensional dataset, implying that the most
important underlying structure and patterns within the origi-
nal high-dimensional data only depend on a subset of the pa-
rameters that define that full dataset. One mechanism leading
to such a strong reduction in dimensionality could be if only a
subset of codons were affected by the changes in near-cognate
rules that define each dataset.

We further explored relationships between datasets result-
ing from different base pairing rules by comparing predicted
decoding times to experimentally determined “ribosome resi-
dence times” (RRTs). RRTs are estimates of the relative time
decoding ribosomes spend on each codon derived from ri-
bosome footprinting data and have been reported by several
groups for Baker’s yeast [41-46]. Approaches for recovering
RRTs from footprinting data are still debated, and data re-
ported by different groups show variation (Supplementary
Fig. S6), but the degree of correlation between different
datasets indicates that they contain at least some informa-
tion on physiological codon decoding times. To compare these
experimental datasets to our simulated decoding times we
projected distances between the modelled and experimental
datasets into 2-dimensional maps, initially exploring a variety
of different approaches for dimension reduction and dataset
normalization (Supplementary Fig. S7A). This exploratory
analysis showed that multidimensional scaling (MDS) [47],
when applied to mean normalized datasets, produced well sep-
arated clusters, with the number of clusters similar to the num-
ber of base pairs considered in the analysis, and with good
correlation between mapped and original dataset distances
(Supplementary Fig. S7B). We therefore selected this approach
for further analysis (Fig. 4B).

In the map (Fig. 4B), different datasets are represented by
individual dots, and distances between dots approximate the
similarity between corresponding datasets. The modelled de-
coding times for the full set of base pairs and the experimental
datasets are highlighted by red and magenta dots, respectively.
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The experimental RRT datasets show a spread in this mapping
that relates to their quantitative differences. Codon decoding
times predicted from simulations in which all candidate wob-
ble base pairs are allowed to contribute to the definition of
near-cognate tRNAs (red dot) are outside of the territory oc-
cupied by the experimental datasets, indicating that there are
systematic differences between the model results and the ex-
perimental data.

When individual base pairs, or combinations of base pairs,
are removed from the definition of near-cognate tRNAs, con-
centrations of near-cognates and in consequence modelled
codon decoding times change (all points in Fig. 4B other
than the highlighted red and magenta points). None of these
changes appear to reduce the distance between simulated and
experimental data indicating that none of the changes make
the simulated data more similar to the experimental datasets,
and most changes increased the mapped distance between sim-
ulation results and the experimental datasets (Fig. 4B). At least
some of the modelled base pairs are thus important to consider
in the definition of near-cognate tRNAs, since their omission
generates model predictions that become less similar to exper-
imental results.

We validated these findings, and asked which codons
produced the strongest effects on simulation results, by
analysing what effect omission of individual base pairs had

on Euclidean distances between the original, 61-dimensional
datasets (Fig. 4C). In this analysis, the relative change in sim-
ilarity to the experimental datapoints is quantified for omis-
sion of each wobble interaction, either in isolation or when
paired with all possible combinations of other wobble inter-
actions. Similar to the dimensional mapping (Fig. 4B), this
analysis suggests that the predominant effect of removing in-
dividual base pairs from the near cognate definition is that
simulation results become less similar to experimental re-
sults. Only the wobble interaction between guanine and 5-
methoxycarbonylmethyl-2-thiouridine (memSs2U) produces
a small net improvement in the similarity between simula-
tions and experimental data, when omitted from the near-
cognate definition scheme. Omission of the uracil:uracil and
cytosine:uracil wobble pairs affected the similarity between
modelled and experimental data most strongly, indicating that
these base pairs contribute most to the definition of near-
cognate tRNAs.

These results suggest a working definition for near-cognate
tRNAs that includes all base pairs in Supplementary Fig. S5B
except for the G:mem?’s?U base pair (as inclusion of this base
pair makes simulated data less similar to experimental data).
To provide orthogonal validation of this near-cognate defini-
tion, we analysed a published extensive dataset of amino acid
misincorporation data [48] to ask whether there is experimen-
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tal evidence for the amino acid substitutions that would oc-
cur under our near cognate rules. We find that of 81 substi-
tutions suggested by our scheme, 59 are observed experimen-
tally (Supplementary Fig. S8). The 22 substitutions for which
there is no experimental evidence include two mass neutral
substitutions which cannot be detected by mass spectrometry
(I <« L and L < I), and 10 substitutions with low scores in
evolutionary substitution matrices (BLOSUM 62 scores of -2
or -3, Supplementary Fig. S8), which may therefore destabi-
lize proteins meaning they would be less observable in mass
spectrometric datasets. Overall, the overlap in predicted and
observed amino acid substitutions at least partially corrobo-
rates the suggested near-cognate definition.

Model-based evaluation of tRNA datasets

The quantification of cellular tRNA levels is challenging be-
cause the frequent occurrence of modified nucleotides inter-
feres with the reverse transcription step required in most
RNA quantification methods. Different approaches have been
developed to negate the inhibitory effect of modified nu-
cleotides, including alkaline hydrolysis which releases less
modified fragments from full-length tRNAs (Hydro-tRNA-
Seq [49]), various strategies for generating full-length cDNAs
despite the modifications (QuantMSeq [50], mimSeq [51],
and ARM-Seq[52]), and direct RNA sequencing by Nanopore
[53]. In Baker’s yeast, tRNA transcription is thought not to be
strongly transcriptionally controlled, meaning that in this or-
ganism gene copy numbers constitute a useful approximation
of tRNA levels [54], and all modelling data discussed so far
were generated based on gene copy number counts.

A direct comparison of different tRNA datasets indicates
that reported tRNA levels are strongly method-dependent
(Fig. 5A, and Supplementary Fig. 9 and Supplementary
Table S2). As a consequence, codon decoding times mod-
elled based on the different tRNA levels also differ (Fig. 5B
and Supplementary Table S3). We mapped similarities be-
tween the different modelled codon decoding times and the
experimental RRT datasets discussed earlier, using the same
multi-dimensional scaling approach applied above (Fig. 5C).
Gene copy number assessment and mimSeq methodologies
predicted decoding times that were most similar to the ex-
perimental data, with Nanopore, ARMSeq, and HydroSeq
approaches producing modelled data that were less simi-
lar. In addition, two control datasets were produced by ran-
domly drawing numbers from a normal distribution with the
same mean as the experimental abundance data (dark grey
cross) and by shuffling the data based on gene copy num-
ber simulations (light grey cross). These controls mapped at
greater distances from the experimental data sets than the
gene copy number and mimSeq simulation data, but at simi-
lar or smaller distances compared to the other simulation data.
This suggests that simulation data based on gene copy num-
ber or mimSeq approaches generate codon decoding times
that are more similar to experimental data than expected by
chance.

We further investigated the similarity between simulated
and experimental decoding time data by comparing pairwise
distances between simulated and experimental data sets with
pairwise distances only within the experimental datasets. Sta-
tistical analysis of these different distance sets resulted in high
P-values for the gene copy number and mimSeq simulation
results (Fig. 5D), indicating that distances between these sim-

ulated data and the experimental data are not statistically dis-
tinguishable from distances within the experimental data. In
contrast, all other simulation data showed low P-values in
this analysis indicating that their distances to the experimental
data differ significantly from distances within the experimen-
tal data. This analysis demonstrates that simulation results can
generate data of significant similarity to experimental results,
provided they are parameterized with accurate tRNA abun-
dance data.

Discussion

In this study we demonstrate the capabilities of our new, flex-
ibly parameterizable software for simulating ribosome- and
tRNA-dependent codon decoding. The reliance on a princi-
pal model structure proven in other studies, together with the
ability to freely adjust reaction parameters in an amino acid-
and sequence-dependent manner, and with the performance
advantages offered by an integrated modelling engine, enable
easy modelling of scenarios that are not accessible with other,
existing modelling software.

We demonstrate the capabilities of the software by explor-
ing how near-cognates, a class of tRNA that has received less
attention in past studies compared to cognates, fundamen-
tally affect the dynamics of codon decoding. Introducing a
near-cognate tRNA class that is rejected from ribosomal A-
sites more slowly than standard non-cognates greatly reduces
codon decoding times (Fig. 2B), and for codons for which such
tRNAs exist rejecting near-cognates from the ribosomal A-site
typically becomes the most time-consuming process (Fig. 2C).
These findings are consistent with recent results obtained with
independent modelling approaches, which also concluded that
sampling ternary complexes is a strongly rate limiting step
during codon decoding [39, 55]. By how much the decoding
process is slowed depends on the number of near-cognate tR-
NAs that need to be rejected on average before a cognate is
accepted, which is determined by the near-cognate to cognate
ratio.

Kothe and Rodnina showed that E. coli tRNA(Ala)ygc
nearly always progresses to the peptidyl transfer reaction once
it reaches the late proof-reading step (the branch point at
state 20 in Fig. 1) on Watson—Crick pairing GCA codons,
whereas the same tRNA is rejected 40% of the time on cog-
nate but wobble-pairing GCC codons [31]. Rejection of a cog-
nate tRNA doubles the time required for codon decoding un-
der the assumptions of a perfectly mixed system, since the en-
tire sampling process (including slow rejection of any near-
cognate tRNAs) needs to be repeated. Given the need to sam-
ple for extended times compared to Watson:Crick pairing cog-
nates, high near-cognate:cognate ratios are likely particularly
unfavourable for wobble-pairing cognates. In our analyses
this penalty for wobble-decoding cognates becomes apparent
in the distinct correlations between simulated decoding times
and near-cognate ratios for Watson:Crick and wobble-pairing
tRNAs in Fig. 2e. This time penalty for wobble-decoders may
explain why for amino acids where a single tRNA decodes two
possible codons the genetic code shows some of the strongest
biases against the wobble-decoded codon. A relevant exam-
ple are GAA and GAG, both decoded by tRNA(Glu)yuyc.
The wobble-decoded GAG has two abundant near-cognate
species, tRNA(Lys)cyy and tRNA(Lys)yyu, and is one of most
biased-against codons in the yeast genome with an average use
ratio of the two glutamic acid inserting codons of 2.4:1 [56].
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In addition to asking what overall effects near-cognate tR-
NAs have in the decoding process, we explored their definition
in more detail. Published data suggest that near-cognates are
those tRNAs which can undergo partial base pairing between
the codon and anticodon [22, 23, 57, 58], and we adopted
a working definition requiring formation of a Watson:Crick
base pair between the central nucleotides, as well as wobble-
base pairs at either or both of the other two positions [22].
Which kinds of wobble-base pairs sufficiently stabilize con-
tacts to make tRNAs behave like near-cognates is still unclear.
To explore this question we chose a “brute force” approach in
which we allowed or disallowed all possible wobble contacts
that can be omitted without breaking the genetic code, in iso-
lation or in combination with all other possible contacts. By
comparing the resulting decoding time predictions to experi-
mentally determined RRTs from a number of published stud-
ies, we show that disallowing wobble contacts typically made
predictions less similar to the experimental data (Fig. 4), con-
sistent with the notion that these contacts contribute to near-
cognate behaviour in real tRNAs, and that such near-cognate
tRNAs affect codon decoding times. Moreover, very recent
data exploring ribosomal pausing in response to depletion
or overexpression of individual arginine-inserting tRNAs [58]
show good agreement with our modelling results for the rare
tRNA(Arg)ccu. All codons that experimentally show reduced
pausing in response to depletion of this tRNA, or increased
pausing in response to its overexpression, are predicted to be
near-cognates in our definition. For a second tRNA tested in
that study (tRNA(Arg)ucu), agreement with our near-cognate
definition is less good, with one of three codons showing in-
creased pausing upon t(Arg)ycy overexpression being defined
as near-cognate codons for this tRNA in our scheme. This
lack of agreement may indicate that near-cognate definitions
still needs further refinement in order to capture physiolog-
ical translation accurately, but we note that overexpression
of t(Arg)ucu did not appear to affect pausing on its cognate
AGA codon in the experimental study, whereas it did reduce
pausing on an unrelated CCG codon, so that it is not clear in
how far effects of t(Arg)ucuy overexpression are direct results
of altered tRNA competition.

The salient parameter that distinguishes near-cognates from
non-cognates (and equally wobble-decoding cognates from
Watson—Crick decoding ones) is most likely the strength of
base pairing between the tRNA anticodon and mRNA codon,
which needs to be sufficiently strong to displace a series of
“gatekeeper” nucleotides in the small subunit ribosomal RNA
(rRNA), thereby inducing conformational changes that are
propagated throughout the ribosome [22, 59]. The proba-
bility of this displacement correlates with the affinity of the
codon:anticodon pair, which explains both why weaker bind-
ing (wobbling) cognates can sometimes be wrongly rejected,
while stronger binding near-cognates are more slowly and
less reliably rejected than weaker non-cognates. Base-pairing
strength is a continuous parameter, and we would expect
that in reality individual tRNA:codon pairs are located on
a continuum ranging from more near-cognate-like to more
non-cognate-like, rather than behaving uniformly within two
clearly separable classes. We currently lack the biochemical
evidence to model this continuum in detail, but it is likely
that the development of approaches that modulate the rate
constants with which tRNAs interact in the ribosomal A-site
based on the codon:anticodon affinity will further improve the
accuracy with which codon decoding times can be predicted.
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