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Abstract

Transfer RNAs (tRNAs) are among the most highly conserved and frequently transcribed genes. Recent studies have
demonstrated that tRNAs experience exceptionally high rates of transcription-associated mutagenesis (TAM) as
well as strong purifying selection. How the mutational input of TAM, which induces a nonuniform distribution of nu-
cleotide substitutions, affects the fitness of tRNA molecules is unclear. Secondary structure in tRNAs is strongly con-
served over macroevolutionary time, suggesting that mutations that disrupt paired sites may be especially
deleterious, and TAM-induced mutations primarily involve nucleotide transitions, which tend to preserve base-pairing
stability. To examine how TAM affects tRNA molecule fitness and shapes tRNA evolution over short timescales, we ana-
lyzed tRNA allelic variation in contemporary Caenorhabditis elegans strains. We propose a model of tRNA microevo-
lution driven by TAM and demonstrate that the observed secondary structure characteristics align with our predicted
TAM-biased patterns. Furthermore, we developed a continuous Markov substitution model that incorporates TAM-
specific mutational biases. This TAM-biased model fits the C. elegans tRNA data more effectively than standard models,
such as the general time-reversible model. Based on these results, we conclude that tRNAs in natural populations carry
substantial levels of structure-destabilizing mutations, which may be tolerated but nevertheless likely induce mean-
ingful fitness costs. Our findings are consistent with recent experimental studies on tRNA fitness in yeast, but challenge
prior theoretical and computational analyses that emphasize RNA base-pairing as a primary determinant in genotype—
phenotype systems.
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Significance

Transfer RNAs (tRNAs) are ancient molecules, encoded as genes in all living systems. tRNA genes are known to
experience exceptionally high rates of both mutation and purifying selection, but how these opposing evolution-
ary forces shape tRNA evolution is unclear. We developed a sequence substitution model specific to tRNA muta-
genesis and applied it to standing variation in a natural population in order to infer how mutation and selection
affect the structural stability of tRNA molecules.
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Introduction

Transfer RNAs (tRNAs) are ancient and indispensable
genes essential for protein synthesis, renowned for their
evolutionary conservation (Tang et al. 2009; Zhang and
Ferré-D'Amaré 2016). This conservation is widely attrib-
uted to the structural integrity necessary for their func-
tion (Westhof et al. 2022), maintained by strong
selection for base-pair preservation. As a result, the pres-
ervation of secondary structure is frequently used as a
proxy for tRNA functionality, making tRNAs a classic
model for exploring genotype—phenotype relationships.
However, the evolutionary forces shaping tRNA se-
quences remain poorly understood, particularly at the
population level (Ishimura et al. 2014). The preservation
of secondary structure over macroevolutionary time em-
phasizes its importance to molecular function, but tRNA
sequence confers essential functionality beyond the
context of folding. For example, sequence identity ele-
ments specify interactions with aminoacyl-tRNA synthe-
tases and other factors necessary for appropriate amino
acid charging (Giegé and Eriani 2023). Recent yeast ex-
periments show that single mutations in loop regions
can significantly affect fitness, while single mutations
in the acceptor stem are surprisingly well-tolerated (Li
etal. 2016). These findings provide the first empirical es-
timates of tRNA fitness effects and challenge the priori-
tization of paired sites over loop regions implied by the
thermodynamic model (Fontana and Schuster 1998;
Reidys et al. 2001; Aguirre et al. 2011). Alterations to se-
quence identity elements may disrupt coadaptations
that arise over relatively short timescales (Meiklejohn
etal. 2013; Adrion et al. 2015), but the fitness dynamics
of tRNAs over microevolutionary time, including how se-
lection shapes the distribution of standing variants in
populations, remains unknown.
Transcription-associated mutagenesis (TAM)
(Jinks-Robertson and Bhagwat 2014) has been identi-
fied as a major contributor to mutation rates in
highly transcribed regions, and tRNAs are among the
most highly transcribed genes in the genome (Palazzo
and Lee 2015; Boivin et al. 2018). During transcription,
deamination of the coding strand, along with DNA re-
pair mechanisms responding to this deamination, is as-
sociated with an increase in C — T and consequently
G — A substitutions in the coding strand (Green et al.
2003; Jinks-Robertson and Bhagwat 2014). tRNAs with-
in and across species exhibit mutational variation with
signatures of historical TAM, including in flanking re-
gions just upstream and downstream of tRNA gene
bodies (Thornlow et al. 2018). Both the gene and its
flanking regions are vulnerable to TAM during transcrip-
tion and are presumed to experience the same rate of
mutation. However, strong purifying selection on the

gene itself purges some mutations, while flanking re-
gions can accumulate exceedingly high numbers of mu-
tations. Thus, these regions provide a record of the
historical expression level and mutation rate of that
gene (Thornlow et al. 2018, 2020).

The exceedingly high rates of mutation and purifying
selection at tRNAs has led to the hypothesis that eukary-
otic genomes carry substantial mutational load at
tRNA loci (Thornlow et al. 2018). However, how this
translates to a disease burden, including how the fitness
of individual tRNA molecules are compromised, remains
unexplored. A key question is how the nonuniform nu-
cleotide substitutions associated with TAM might allevi-
ate or exacerbate destabilization of tRNA secondary
structure. For example, selection might tolerate transi-
tions over transversions, if they are less likely to disrupt
nucleotide pairs in stems; under this scenario, the C —
T and G — A transitions induced most frequently by
TAM may not be as deleterious as they could be. Also
under this scenario, the coincidence of the highest fre-
quency and least deleterious mutations would mean
that selection would not erode the TAM signature
from standing variation even as most mutations are
purged (Thornlow et al. 2018). Our focus is to better as-
sess the signature of TAM in tRNA allelic variation and
determine how TAM affects overall tRNA fitness.

It is important to note that beyond TAM, additional
mechanisms govern the occurrence of mutations
that comprise standing variation in tRNA genes, includ-
ing transcription-coupled repair (Svejstrup 2002).
However, a strong and growing body of literature indi-
cates that tRNA genes experience unusually high rates
of mutation as a consequence of their exceptional rate
of transcription (Murillo-Recio et al. 2025), and that
TAM dominates the mutational landscape of tRNA
genes (Park et al. 2012; Jinks-Robertson and Bhagwat
2014; Thornlow et al. 2018; Liu and Zhang 2020;
Thornlow et al. 2020).

In this study, we assess how TAM affects tRNA fitness
and microevolution by analyzing standing genetic vari-
ation in tRNA genes in Caenorhabditis elegans. Using a
novel continuous Markov substitution model, we evalu-
ate TAM's mutational signature and the role of selection
on base-pair preservation. Aligned with the experimen-
tal results in Li et al. (2016) and Domingo et al. (2018),
the data, supported by our model, show that paired
sites experience higher substitution frequencies than
unpaired ones under TAM. Additionally, we observed
that most substitutions, whether preserving base-
pairing or not, decrease thermodynamic stability, sug-
gesting that TAM compromises structural integrity ra-
ther than maintaining it. These results highlight how
TAM shapes tRNA evolution in ways beyond structural
constraints under the thermodynamic model.
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Background

Markov models are widely used to study evolutionary
processes, particularly DNA substitutions (Felsenstein
2003; Yang 2006). While these models are traditionally
applied to gene tree inference across species, our ap-
proach departs from this by using them to describe al-
lele formation within a population.

These models use different parameters to capture the
various mutational mechanisms and selection pressures
shaping DNA substitutions. Hence, the Markov ex-
changeability matrix for the substitution from i to j (de-
noted i — j) for i, j € {A, C, G, T} may differ depending
on the combination of nucleotides. In particular, transi-
tions are expected to occur much more frequently than
transversions since they preserve the purine (A < G)
versus pyrimidine (C <> T) distinction.

Moreover, for noncoding RNA genes, it is likely that
transitions are further enhanced as they allow
Watson—Crick base pairs G-C or C-G (denoted GC) and
A-U/U-A (AU)' to interconvert via the wobble G-U/U-
G (GU) pairing:

G G - A
Base pairs | | | . (1)
C U U

—
<«

Note that of the three types of canonical base pairings, GC
is the most thermodynamically favorable, followed by AU,
and then GU. Hence, based on the pairing conservation,
one would expect that, in the coding strand, C — T transi-
tions to be favored in GC pairs (resulting in GU pairs), A —
G ones in AU (resulting in GU pairs), and both G — A and
T — Cin GU (resulting in AU and GC pairs, respectively)
with the last as the most preferred, and the first as the
least, due to thermodynamic stability. TAM is the domin-
ant source of mutations at tRNAs (Thornlow et al. 2018),
which is biased toward more frequent C — T and G —
A transitions on the coding strand, denoted in red above.

Secondary Structure Conservation in RNA
Macroevolution

A noncoding RNA molecule like tRNA is composed of
a single-stranded sequence which folds hierarchically
(Tinoco and Bustamante 1999) into a functional structure.
The intrasequence base pairings of the secondary struc-
ture are the critical scaffold which is then organized by ter-
tiary interactions into the final 3D conformation. In some
cases, it is the pattern of base pairing, and not necessarily
the nucleotide content, that is evolutionarily conserved.
This selection pressure can be so strong that the occur-
rence of compensatory mutations in base pairs, identified
under multiple sequence alignment, is the gold-standard

for RNA structural inference (Eddy and Durbin 1994;
Cannone et al. 2002; Griffiths-Jones et al. 2005).

More precisely, a secondary structure for an RNA se-
quence R of length n is a set of paired indices S(R) =
{(, )1 1 <i<j<n}such that the nucleotides in posi-
tions i and j form a canonical base pair, ie either
Watson-Crick (GC, AU) or wobble (GU). Suppose that
R’ is a one-point mutant of R, meaning that it differs
from R by a single substitution. Suppose further that
S(R) is also a valid secondary structure for R" (meaning
that the nucleotide mutation in R" does not disrupt
any pairing of S(R)). Then, either the substitution chan-
ged an unpaired nucleotide or it changed a paired
one as described in Equation (1). In these cases, we say
that the substitution preserves pairing potential.
Otherwise, it necessarily disrupts the pairing involving
the mutated nucleotide.

It is critical to emphasize that a substitution being
pairing potential preserving says nothing about the sec-
ondary structure of R". The mutational constraint only
requires that R" can assume the same set of pairings as
S(R), not that it does. It is, however, a necessary condi-
tion for R’ to be a neutral neighbor of R.

Using RNA secondary structure formation as a model
genotype-phenotype system (Schuster et al. 1994;
Cowperthwaite and Meyers 2007), the theory of neutral
networks was developed as a framework for under-
standing structural fitness landscapes. In this context,
evolution is modeled as a series of one-point mutations,
and a substitution is considered “neutral” if it does not
alter the secondary structure. The conservation of pair-
ing (and notjust its potential preservation) is most often
determined by free energy minimization (Zuker and
Stiegler 1981) under the nearest neighbor thermo-
dynamic model (NNTM). Hence R’ is a neutral neighbor
of R if it differs by a single substitution and retains the
same minimum free energy (MFE) structure, ie the one-
point mutation must be MFE-preserving.

Under this NNTM optimization interpretation of fit-
ness neutrality, disruption of canonical base pairs is
highly deleterious. Hence, the macroevolution expect-
ation of secondary structure conservation implies that
substitutions should follow these patterns:

(U) A bias against mutations at paired sites.

(P1) A bias toward C — T in GC pairs and A — G in AU
ones if a Watson—Crick pairing is mutated.

(P2) A bias toward transitions if a wobble pairing is mu-
tated, with T — C clearly favored over G — A.

Experimental Insights into tRNA Microevolution

Transfer RNA has one of the most direct genotype-
phenotype relationships possible due to the tight

Genome Biol. Evol. 18(3) https://doi.org/10.1093/gbe/evag050 Advance Access publication 5 March 2026 3

920z ey €0 uo Jasn ABojouyoa] Jo eynsu| eibioss) Aq 901 2058/0506BAS/g/g | /e1onie/8q6/Wwoo dno olwapeoe//:sdiy Wwol) papEojuMO(]



Barfos et al. v
A3 GC
L i GA UQ(}C&GU— ccem CA

5 G DB ' 3
AL |Acceptor Stem 5 G-C (|3 U G G G‘OG GG]CCUG‘G' 5
M1 [Multiloop Acceptor/D-arm uU-A VA
DL |D-arm & AL @6 AR LG
DO |D-loop e -G G U
DR |[D-arm 3’ G-g R | G U__-- -
M2 |Multiloop D-arm/Anticodon arm G- A C
ANL | Anticodon arm 5' PO o & DL AUM1 'G'O*C C ” -
ANO| Anticodon loop u C‘U'U G G C‘G'G'G c TO
ANRY| Anticodon arm 3’ G 1 ¢ 1. Yu
M3 |Variable loop G G‘A'A U G M2 u
TL |T-arm &' UyA DR C_GA G
TO |T-loop © -G G
TR |T-arm 3’ U-A
AR |Acceptor Stem 3’ _@-0 ANR
DB |Discriminator Base c-G
Tail |CCA Tail C g

A
0.0
ANO

Fig. 1. Representative tRNA secondary structure and tertiary interactions. From left to right: table lists the structural components, including the CCA
Tail, which are then labeled on the secondary structure. The four-armed cloverleaf is closed by the acceptor (A) stem, and contains three hairpin stem-
loop structures: the D, AN, and T arms. Paired nucleotides as well as the AN are highlighted. Most pairings are Watson-Crick (GC/AU, dash) but two
wobble ones (GU, dot) are present. Various tertiary interactions (dashed lines) stabilize the 3D structure. The overall L-shape is critical to ribosome
binding, and hence protein biosynthesis (Center and Right Figures are modified with permission from Liu (2013) and Klemm et al. (2016)).

coupling of sequence/structure/function. In order to
read the mRNA codon and deliver the amino acid, a
tRNA sequence must fold into a canonical 3D “L” shape.
This essential structure is remarkably conserved across all
three domains of life (Pak et al. 2017). Although varia-
tions exist, including mitochondrial tRNAs that adopt ex-
treme, yet functional shapes (Juhling et al. 2018; Ozerova
et al. 2024), the cloverleaf secondary structure remains
the core scaffold of this critical arrangement. As illu-
strated” in Fig. 1, the intrasequence base pairing forms
four runs of stacked base pairs, with three hairpin loops
and the central multibranch loop. Three nucleotides in
the anticodon (AN) loop target the complementary co-
don in the mRNA molecule while the corresponding ami-
no acid, attached at the Tail, is loaded on the opposing
acceptor stem. As pictured, the variable portion (M3) of
the multiloop is unpaired, but it can sometimes be
much longer (Berg and Brandl 2021) in which case it typ-
ically includes pairings.

As a model genotype—phenotype system, tRNA fold-
ing has attracted considerable theoretical attention
(Fontana and Schuster 1998; Reidys et al. 2007;
Aguirre et al. 2011) in macroevolution studies. These
studies use secondary structure thermodynamic predic-
tions, such as the RNAfold function of the ViennaRNA
2.0 package (Lorenz et al. 201 1) which outputs a single
MFE structure, as a proxy for evolutionary fitness. In this
neutral-neighbor context, any change in the base pair-
ing pattern, ie the positions which are paired, is deemed
deleterious.

More recently, however, tRNA has been the focus of
population growth experiments (Yona et al. 2013; Li
et al. 2016; Domingo et al. 2018) that use sequencing

technology to explore fitness at the microevolution scale.
All three studies investigated a particular Saccharomyces
cerevisiae Arginine gene: tRNAZY, which is distinctive as
the only tRNA gene with the CCU AN.? This gene is not
essential for survival, but its deletion compromises fitness
as measured by population growth.

By deleting the gene entirely, Yona et al. (2013) de-
monstrated that within 200 generations the wild-type
growth rate could be recovered. Investigating further
they confirmed that this was achieved by mutating
one of the 11 tRNALY, copies available, and not always
the same one. Hence, a single C — T substitution in the
wobble position of the AN was sufficient to recover the
wild-type fitness. Moreover, they then confirmed that
such AN switching can be found across all three do-
mains of life, leading to the conclusion that this is a
wide-spread adaptation mechanism. Hence, while the
AN is generally expected to be under very strong selec-
tion pressure, it can and will evolve rapidly to meet new
translation demands.

In contrast, Li et al. (2016) comprehensively charac-
terized all one-point mutants of tRNA' . They classified
1% as beneficial, 42% as deleterious, and the remaining
majority (57%) as “(nearly) neutral.” Generally, the least
mutable positions were in loops, and the most in stems.
As expected, mutations in the AN itself significantly re-
duced fitness. Nonetheless, mutations at three positions
in the T-loop (positions 53, 54, and 55), two in the
T-stem (positions 52 and 60, which form a the base
pair “closing” the T-loop), and one in the D-stem also
had a substantial negative impact (position 18).
Conversely, the acceptor stem seemed to tolerate all sin-
gle substitutions, as did the variable loop.
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This robustness to one-point mutants in key structural
components was echoed by Domingo et al. (2018) who
investigated all existing variants of tRNA(Y, found
across yeast species. They identified 14 mutations across
10 sites in six other genomes: 11 in the acceptor stem
(five in AL, six in AR) and two in the variable loop (M3)
with one from the anticodon stem (ANL). All but one
of the AL/AR mutations came together in compensatory
pairs, of which one was a GU, three AU, and one GC. The
remaining AR mutation formed a GU pair as did the ANL
one. They then generated all possible combinations of
these substitutions and tested their fitness in growth
competition. All 14 one-point mutants exhibited fitness
comparable to the wild-type S. cerevisiae gene and the
extant variants.

Both studies found that fitness decreased rapidly with
subsequent mutations, with significant epistatic interac-
tions also identified. The epistasis had a strong negative
bias except—unsurprisingly—for compensatory muta-
tions in paired positions. All of this suggests that, while
conservation of secondary structure is critical at the
macroevolutionary level, the situation may be much
more nuanced and flexible across a population.

Markov Models for DNA Macroevolution

DNA sequences evolving in time under nucleotide sub-
stitutions are typically modeled using a continuous-time
Markov process. These models are parameterized by a
nucleotide distribution vector 7 = (ma, 7c, 7g, 7r) and
4 x 4 instantaneous rate matrix Q. The Markov matrix
M of the model is defined as M = exp (Qt), where the en-
try mj € M denotes the probability that nucleotide i
mutates to nucleotide j after time t. Then, the joint dis-
tribution of nucleotides in the ancestral and descendant
sequences over time t is given by P =diag(n) exp (Qt)
where the entry p; represents the probability of observ-
ing a substitution i — j at a site.

In general, the models are distinguished by the con-
straints on 7 and Q. All forms require that Y z; = 1 with
7 >0, that g;> 0 for i #j, and that Qi == iz Gij- In
other words, 7 must be a probability distribution, all off-
diagonal entries of Q are positive, and the diagonal ones
make the row sums equal zero. In a context where the
edge length is unknown, one off diagonal entry is set
to 1, to avoid scaling redundancy. Additionally, the rate
matrix used is typically normalized by multiplying all ori-
ginal entries of Q by

4 -1
w= <— Z%m) .
i=1

This results in the expected number of substitutions
being one per unit of time.

The earliest, and most mathematically tractable mod-
els, assume that 7 is uniform, t is unknown, and the 11
free entries of Q come from a set of either 0, 1, or 2 para-
meters (Jukes and Cantor 1969; Kimura 1980). When
there are two, one is for transitions (which preserve
the purine/pyrimidine division) and the other for trans-
versions. The addition of a third parameter is used to dis-
tinguish transversions which are amino/keto preserving
from the weak/strong symmetry.

More biologically realistic models allow nonuniform 7
and provide a larger number of exchangeability para-
meters. The most general form, associated with the con-
tinuous general Markov model (GM) over a single edge,
has no additional constraints, and hence 12 free para-
meters (11 from the rate matrix, and 1 from the edge
length). However, this great flexibility often results in
over-fitting and is seldom needed to capture the substi-
tution process accurately.

The most common substitution model used for phylo-
genetic inference is the general time-reversible (GTR) one
(Tavaré 1986). Such model has five free parameters (six
when considering a single edge length) satisfying
diag(7)Q = Q" diag(r). This equality holds when the sub-
stitution process has the same parameters going forward
in time as backward. In a GTR model, the rate matrix Q
can be parameterized via a 4 x 4 non-negative matrix
known as an exchangeability matrix. As useful as the as-
sumption of time-reversibility is for macroevolution ana-
lyses, it is not clear that it will be appropriate for the
C. elegans tRNA population data. Although we consid-
ered GTR as a possibility, our TAM-biased Markov substi-
tution model is built from the strand-symmetric rate
matrix. We note that a model can be both strand-
symmetric and time-reversible only if 74 =7r and
Tc=T7G.

The strand-symmetric (sym) model (Casanellas and
Sullivant 2005) also has six free parameters. However,
the equality now enforced is on the exchangeability of
i — j and its Watson—Crick complement, ie C — T and
G — A must have the same parameter. The premise is
that, for many mutational mechanisms, it is not possible
to determine whether a substitution initially occurred in
the coding strand or the template one. We consider such
mutations as background noise, and take this matrix as
the foundational one for our new TAM-biased model.

Microevolution Signature of Mutational Bias

Transfer RNAs are not only highly conserved but also
highly transcribed, exposing them to high levels of
transcription-associated mutagenesis (TAM) (Thornlow
et al. 2018). Critically, TAM's characteristic signature
breaks the strand-symmetry assumption, as well as the
time-reversibility one.
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During RNA transcription, a hybrid DNA-RNA com-
plex forms, leaving the nontemplate DNA strand exposed
and vulnerable to mutagens (Jinks-Robertson and
Bhagwat 2014). The formation of noncanonical struc-
tures by the unwound DNA further promotes mutagen-
esis by inhibiting repair pathways and interfering with
replication processes (Gaillard and Aguilera 2016). Thus,
the more frequently a gene is transcribed, the more vul-
nerable it is to mutation. TAM induces a nonuniform dis-
tribution of substitutions, biased toward a higher
frequency of C — T and, secondarily, G — A mutations,
on the coding (nontemplate) strand (Goémez-Gonzalez
and Aguilera 2007; Jinks-Robertson and Bhagwat 2014;
Williams et al. 2023). This phenomenon arises from en-
zymatic and biochemical processes that have been
most thoroughly characterized in yeast but appear uni-
versal across eukaryotes (Jinks-Robertson and Bhagwat
2014; Thornlow et al. 2018).

The discovery that tRNAs are subject to exceptionally
high levels of TAM also demonstrated that tRNAs ex-
perience very strong purifying selection (Thornlow
etal. 2018). This is evident by the reduced level of muta-
tional variation within tRNA gene bodies relative to their
flanking regions. Both tRNAs and their flanking regions
presumably acquire a similar spectrum of mutations, but
those deleterious changes to tRNA that are purged are
not observed in population data. In this way, the muta-
tional variation at tRNA flanking regions offers a rela-
tively direct record of the historical TAM process on
the gene itself. Here, we use this unique phenomenon
to estimate the mutational input to tRNAs from flanking
sequence data, and test hypotheses about how TAM af-
fects tRNA fitness and how tRNAs respond to selection.

Results and Discussion
Model Validation

We developed a continuous Markov model that de-
scribes the distribution of substitutions arising from
TAM within a population. The model begins with the
concept of S, which is a concatenation of all tRNA genes
into a single sequence; S represents the consensus se-
quence across the population, which is an approxima-
tion for S, the corresponding sequence for the most
recent common ancestor of the population. S’ repre-
sents the mutational variation sequence, which incorpo-
rates all observed substitutions in the population.
Following several constraints (see Materials and
Methods section), the model addresses the nucleotide
substitution process from S to §'. To incorporate the
nonuniform nucleotide substitutions produced by
TAM, we estimated 7, the TAM bias vector, from popula-
tion data. Together with the nucleotide base-frequency

vector 7, this allowed us to derive 7%, the distribution of
nucleotides undergoing substitution. Our dataset in-
cludes sequences for 581 tRNA genes from 331 C. ele-
gans strains collected from the wild;, please see
Materials and Methods section for complete details of
our model, its implementation, and the experimental
data.

We find good agreement between model hypoth-
eses and population data. Specifically, the new muta-
tional variation sequence S’ reasonably describes the
observed tRNA distribution, and the consensus se-
quence S is a suitable approximation to the most recent
common ancestor of those C. elegans alleles. Moreover,
the flanking regions yield a robust estimate for the TAM
bias vector t, and the tRNA distribution of substituted
nucleotides in the tRNA (ie the proportion of nucleo-
tides that mutated to another nucleotide) align with
7', the proposed TAM biased distribution. Finally, of
the Markov substitution models considered, the new
Tam matrix best describes the data.

We observed 661 variants in our dataset of 581 tRNA
genes. Of those alleles, 70 have an indel and cannot be
described by a substitution model. Among the 591 re-
maining, no two differ at the same position, but 60
have two or more substitutions. Hence, there are 531
distinct-site, one-point mutant alleles, and the com-
pound sequence S’ encodes 80.3% of the total tRNA
mutational variation in the C. elegans population.

We find that S is a good approximation to the hypo-
thetical most recent common ancestor sequence S be-
cause the distribution of alleles is very sparse. In
particular, nearly all consensus tRNA (484/531 =91.1%)
occur in nearly all strains (at least 298/331 so > 90.0%).
The remaining 47 consensus sequences have more fre-
quently occurring variants. However, of the 45 present
in > 45% of strains, only two have a variant which occurs
nearly as often (<15% difference). Hence, in all but four
tRNA genes, the consensus clearly dominates , allowing
us to consider the evolution of S” from S.

The TAM bias vector T was estimated from the tRNA
flanking regions, which contained 2070 mutations.
Flanking sequence are subject to TAM but not to direct se-
lection, so they provide a putatively unfiltered empirical es-
timate of the distribution of input mutations. This yielded
7 —7" =(0.0454,-0.1111, -0.0456,0.1110) = (z, — Ty,
—7g, Ty). The close match in positive and negative esti-
mates supports our TAM bias hypothesis; averaging yields
#=(0.0455,0.1110).

The nucleotides A/C/G/T in S are distributed as
7=(0.181,0.258, 0.323, 0.237).* Under our TAM bias
model, the expected distribution of substituted nucleo-
tides is #* =(0.135, 0.370, 0.369, 0.125) while #*=
(0.117, 0.369, 0.375, 0.139) is observed. Under statistic-
al testing, described in Materials and Methods section,
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tran
TAM | tran | sym | GM | GTR
free parameters 5 8 6 12 6
p-value 0.63 | 0.82 | 0.39 1 0
AIC difference 0 2 19 3 117
BIC difference 0 28 28 63 125

Fig. 2. Comparison of rate matrix parameterizations for Markov substitution model: GM, sym, tran, and Tam along with GTR. The AIC and BIC) are

reported as the difference from Tam'’s score as this was the lowest, ie best.

we fail to reject the null hypothesis with a P-value of
0.510 whereas repeating the analysis with 7=(0, 0)
yields P < <0.001. Hence, we conclude that the tRNA
substitutions in the data are well described by our pro-
posed TAM bias distribution.

This distribution of substituted nucleotides is then
used to parameterize a new rate matrix, denoted Tam,
for the continuous Markov substitution process model.
Asillustrated in Fig. 2, Tam is a special case of tran, which
was introduced as a generalization of the standard sym.
We also consider the full GM as well as the frequently
used GTR.

The calculated P-values, along with other model
selection criteria, are also given in Fig. 2. With P < <0.001,
it is clear that GTR does not fit the data. Having rejected
the null hypothesis, and in view of the significantly lower
AIC and BIC scores, we conclude that time-reversibility—a
common macroevolution assumption—is not an appropri-
ate expectation for this microevolution model.

Among the remaining four matrices with P> 0.05,
the model selection criteria support Tam as the best fit
for the substitution process which model the formation
of & from S. Tam has the lowest AIC, although the differ-
ence with tran is on the borderline of meaningful.
(Recall that differences of <2 units in AIC and 6 in BIC
are generally considered negligible.) However, BIC is de-
finitive; Tam had the lowest (best) score by a wide mar-
gin. Moreover, there is no reason to prefer tran over Tam
as the latter provides more specific biological insights
about the distribution of substituted nucleotides that
the former does not.

Finally, we note that the GM P-value likely indicates
overfitting, and yet the information criteria support
Tam as a better fit to the C. elegans tRNA data.

Assessing Preservation of Pairing Potential

As part of the model validation, we confirmed that the
observed substitutions in the population follow a distri-
bution consistent with the TAM bias expected by the

Table 1. Comparison of three expected pairing distributions under
TAM bias model given initial ones from S and estimated # with
observed alleles encoded in §'.

Nucleotides by pairedness Pairedness Base

pairs

/101" Mpu /Tl /Ty p/6° /"

Int <0.071 0.189 0.213 0.096) (0.570,0.430)  (0.662,
0.110 0.070 0.110 0.141 0.251,

0.087)

oo (0058 070 025 001 emos 7es
0.148,

0.067)

o (355 3 022 0%%0) toessonen toam
0.126,

0.066)

P-value 0.472 0.081 0.510

model. In particular, C's are overrepresented in #* by
43.0% while G's increased by 16.0% over the initial nu-
cleotide distribution 7. This demonstrates that the mu-
tational variation in extant tRNAs exhibits a signature
consistent with TAM, even though these sequences
have also experienced strong selection that has re-
moved many mutations over time.

We now assess whether three related distributions—
nucleotides by pairedness (IT), which separates 7z into
paired and unpaired sites; pairedness (I, ), the paired-
ness distribution achieved by column marginalization of
IT, and base pairs (p), which indicates the proportion of
GC, AU, and GU pairings in the secondary structure—
also follow TAM-biased distributions. Details are given
in Table 1. In all three cases, we fail to reject the null hy-
pothesis for the expected and observed distributions of
substituted nucleotides (ie paired sites also show signa-
ture of TAM).

In fact, as seen in the first and third columns, the pro-
portion of C and G nucleotides in base pairs which are
mutated is consistently higher than expected. That is,
even though the TAM bias leads us to expect more C

Genome Biol. Evol. 18(3)
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Fig. 3. Number of observed substitutions, categorized by pairedness with pairings further subdivided by type. Substitutions are ordered first by the
nucleotide that was substituted and then the resulting substitution. Bar segments are colored to show the base pair in the secondary structure when
the substituted nucleotide was paired, and gray when the mutated nucleotide was unpaired.

and G substitutions, we observed even more than the
model predicted. While this is not statistically signifi-
cant, the trend, if representative, is surprising as it is in-
consistent with expectations for the preservation of
base pair formation.

One expectation for pairing preservation is that un-
paired nucleotides should better tolerate mutations
and therefore exhibit more substitutions in the dataset.
This is clearly violated as paired positions are mutated al-
most twice as often (0.655 versus 0.345). Specifically,
this represents an increase of 14.9% over the initial
I, one. As seen when I is compared to IT, this is en-
tirely due to more substitutions in paired C's and G's
which increased by 48.8% and 26.2%, respectively
over the initial distribution. This is consistent with a
TAM-biased substitution process. That is, paired nucleo-
tides contain more C and G nucleotides, which makes
these sites more likely to be targeted by TAM.

From the selective pressure to preserve secondary
structure, one might then expect that mutated GC pairs
are predominantly converted to GU pairings under the
C — T transition as these would preserve structure in a
wobble pair (Thornlow et al. 2018). As seen in Fig. 3,
this is indeed the most common substitution.
However, it happens only 33.5% of the time compared
to the destabilizing G — A transition and the four

relevant transversions. Likewise, an AU pairing is poten-
tially preserved as a GU one in only 31.8% of substitu-
tions. However, these proportions are actually lower
than when the corresponding unpaired substituted nu-
cleotides combinations are considered: 47.1% for C,G
and 45.3% for A,U. Hence, in this microevolution set-
ting, we do not see strong support for selection favoring
the formation of GU pairs from either GC or AU ones.
Therefore, we see that C — T mutations are not prefer-
entially biased to maintain structural conservation.

Similarly, we do not see enhanced conversion of GU
pairings into GC/AU ones, as might also be expected.
There are 974 wobble pairings in S (8.7% of 11,208),
but GU is only 6.6% of the 348 pairings mutated to
form §'. This is surprising as both transitions preserve
pairing potential, and moreover would yield a base
pair which is more thermodynamically stable.

Hence, we see a bias toward mutations in paired po-
sitions, particularly GC pairings, rather than away. Of the
Watson—Crick pairings that are mutated, only 1/3 could
form a wobble pairing. And there is no enhanced con-
version of wobble pairings under mutation.

Thus, the observed substitutions follow the mutation-
al pattern of TAM and remarkably, these are not select-
ively removed to preserve structural integrity. This in in
line with the empirical estimates of fitness effects by
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Lietal. (2016), which showed that for the single-copy of
arginine-CCU tRNA in yeast, overall fitness decreased
more at unpaired nucleotides than at paired ones.

Comparison with Neutral Neighbors

When considering the distribution of alleles encoded in
§, we found that mutations arising from TAM are likely
to substantially compromise tRNA fitness by destabiliz-
ing molecule structure. In particular, 42.7% of observed
one-point mutations disrupt pairings. Yet, it is well-
established that secondary structure conservation is a
critical factor in tRNA macroevolution—so much so
that MFE-preservation is considered a reliable proxy
for fitness (Fontana and Schuster 1998; Reidys et al.
2001; Aguirre et al. 2011). Here, we show that even
when our dataset is restricted to the neutral neighbors,
clear deviations from macroevolution expectations are
seen.

Neutrality under thermodynamic optimization is a
strong constraint. Although 57.3% of substitutions
from S to §' preserve pairing potential, only 37.3% are
MFE-preserving. Interestingly, nearly all the difference
is from the unpaired positions. The net result is that mu-
tations still occur in paired nucleotides slightly more of-
ten than unpaired: 57.1% versus 42.9%. This is less than
the substituted nucleotides for the full dataset (65.5%
paired) but considerably more than those for the related
neutral neighbors (32.6% paired). Thus, under this
setting, all these observations agree with those in
Assessing preservation of pairing potential section.

Moreover, under this scenario, we still find that GC
pairings are mutated more than expected from the
(initial) nucleotide distribution of MFE-preserving genes.
This is again consistent with our TAM-bias model,
but not with thermodynamic stability. In contrast, the ini-
tial distribution, which closely resembles the full one, fa-
vors GC over AU and GU pairings roughly 8:3:1. Hence,
we see a bias toward the thermodynamic stability
(with GC being by far the most stable pair, followed by
AU) expected by macroevolution (Forster et al. 2006;
Waldispthl et al. 2008) in the initial distribution, which
is then being diminished by TAM-biased microevolution.

To quantify this bias further, recall that M denotes the
MFE-preserving alleles from S" and a(m) the correspond-
ing gene in S for each m € M. The set of all related neu-
tral neighbors for mis A, and N = |,y Nm- For each
m € M, we now consider the relative thermodynamic
stability 1, for m and a(m) in comparison to N,. As de-
scribed in Materials and Methods section, the f,, value
ranges from 0 to 1 with higher being less favorable.

Asseenin Fig. 1in Appendix, the values for the genes
a(m) are fairly narrowly clustered with a mean of 0.415
and standard deviation of 0.084. In contrast, those for

the alleles m are distributed over the full range with a
(mean, SD)=(0.563, 0.258).

Hence, although GC pairs are clearly favored in the
consensus genes, they are not the most thermodynam-
ically stable in their neutral neighborhood. Interestingly,
this may be indicative of mutational robustness (Gabzi
et al. 2022) and/or evolvability (Wagner 2023). In con-
trast, the observed neutral neighbor alleles tend to be
among the less energetically favorable possibilities,
once again demonstrating a departure from the macro-
evolutionary expectation for favoring stability. Thus,
even under this context, observed mutations are not
preferentially biased toward maintaining structural sta-
bility; instead, structural stability is negatively affected.

Finally, and to further reiterate such claim, we con-
sider the positional distributions for M and A across
the different tRNA substructures. As illustrated in
Fig. 4, the latter closely resembles findings for neutral
neighbors from macroevolution studies (Fontana and
Schuster 1998; Reidys et al. 2001). However, there are
key differences for the former microevolution distribu-
tion of substituted nucleotides.

Observed MFE-preserving mutations occur more fre-
quently in paired nucleotides, most notably in the ac-
ceptor stem (AR/AL) but also the 3’ side of the T-arm
(TR). The variable arm portion of the multibranch loop
(M3) is also enhanced, but conclusions are confounded
since it can contain paired as well as unpaired sites de-
pending on the particular tRNA. In contrast, substitu-
tions in all three hairpin loops (DO, ANO, and TO) are
depressed, most notably for the AN.

As a common identity element shared among most
tRNAs, the three AN nucleotides are an essential compo-
nent of a functional tRNA molecule, so it is hardly
surprising if they are less mutable than might otherwise
be expected under thermodynamic predictions.
However, ANs are also known to evolve rapidly to meet
new demands (Yona et al. 2013), and hence were in-
cluded in our TAM-biased model. Although the AN itself
represents <1/2 of its hairpin loop, it was not a priori
clear that there would be a discernible difference at
this level of structural resolution.

Agreement with Experimental Fitness Assays

We have demonstrated that the distribution of alleles in
C. elegans tRNA is described by our new TAM-biased
Markov substitution model but deviates from the ex-
pectation that disruptions to structure are the least tol-
erated mutations, even when restricted to neutral
neighbors. We now show that this distribution, and by
extension our conclusions, accords with fitness tRNA
studies (Yona et al. 2013; Li et al. 2016; Domingo et al.
2018).
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Fig. 4. Distribution of observed MFE-preserving substitutions from M (blue, right bar per tRNA structural region) compared to all related neutral
neighbors in A" (red, left bar per tRNA structural region). Components of the tRNA secondary structure are labeled as in Fig. 1 with paired regions
marked by *. Note the enhancement of paired nucleotides that were substituted in M, particularly the acceptor stem, while mutations in hairpin
loops, especially the AN one, are depressed. Conclusions about the variable arm (M3) are confounded since it can contain both kinds of sites depend-

ing on the specific tRNA.
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Fig. 5. Comparison of substitution frequency over 531 C elegans tRNA alleles (represented with gray bins) with mean site-fitness (Li et al. 2016)
across all one-point mutants for the S. cerevisiae arginine-CCU tRNA (represented with the red line segments). Substructure components are labeled
as in Fig. 1 along with their average length, which was used for the site normalization.

Recall that their experiments use the single-copy
arginine-CCU gene from S. cerevisiae, so are insulated
from the confounding effects when multiple copies of
the same isoacceptor are present. Nonetheless, as seen
in Fig. 5 and detailed below, we find good agreement
between the site-fitness distribution for all one-point
mutants obtained by Li et al. (2016) and the location
of substitutions in C. elegans alleles.

To begin, we see that all C. elegans sites are mutated,
but that lower frequency ones are often at (or near) a
S. cerevisiae fitness minimum. Specifically, we observed

a point-wise correlation of around ~0.4 when compar-
ing the two datasets (with a P-value ~ 0.001, under
the null hypothesis of no correlation). We note that,
for many reasons, a perfect correlation is not expected
as, for example, this analysis includes different tRNA
genes which have distinct identity elements, and thus
different constraints.

In particular, the lowest frequency/fitness sites are
seen in hairpin loops, specifically the AN and the 5
end of the T-loop. The former agrees with both selection
to preserve the AN as well as experimental evidence that
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it can evolve rapidly when needed (Yona et al. 2013),
while the latter is conserved as part of the internal pro-
moter B-box region (Li et al. 2016). There are also prox-
imal frequency/fitness lows in the D-stem which are not
(yet) explained by functional conservation. However,
this conservation may be driven by the D-stem’s involve-
ment in the A-box internal promoter essential for tRNA
transcription (Mitra et al. 2015).

Conversely, regions with higher average frequency, ie
both sides of the acceptor stem as well as the variable
portion of the multiloop, also have high average fitness.
This also echoes results from Domingo et al. (2018),
whose dataset is built from 14 existing mutations of
which 13 are from these regions.

Broadly, then, these two very different datasets
agree; the acceptor stem and certain other paired sites
are more mutable than expected under the (thermo-
dynamic) neutral neighbor hypothesis, while the hairpin
loops are much less so. These findings—aligned with our
TAM-biased model—underscore the surprising robust-
ness of many paired positions to mutations while also
highlighting the influence of biochemical and other
constraints beyond the secondary structure on the
loop composition.

Conclusions

It is well-established that tRNAs are subject to strong
purifying selection that maintains their structural integ-
rity over macroevolutionary time scales. This is most ap-
parent in the conservation of secondary structure, as
evidenced by covarying base pairs. Purifying selection
is also evident at the microevolution time scale, as
tRNA gene bodies exhibit substantially reduced rates
of substitution compared to their flanking regions.

However, our results reveal that while the distribution
of alleles in extant C. elegans strains is consistent with
our model of TAM bias, it is not consistent with the ex-
pectations of thermodynamic neutrality for secondary
structures. This shows that tRNAs in natural populations
carry substantial levels of structure-destabilizing muta-
tions, which may be tolerated but nevertheless likely in-
duce meaningful fitness costs. This finding supports the
conclusions in Thornlow et al. (2020), which claims that
eukaryotic genomes carry substantial mutation load at
tRNA genes.

This highlights a disconnect between scales. At the
microevolutionary level, tolerable mutations often disrupt
secondary structure, as demonstrated by empirical obser-
vations of fitness effects in yeast experiments. Yet, at the
macroevolutionary level, selection pressure preserves ca-
nonical pairings. The resolution of this micro/macro dichot-
omy is likely to involve a variety of factors including the role
of compensatory mutations (Kern and Kondrashov 2004;

Meer et al. 2010) and the interaction of isoacceptors
(Yona et al. 2013) as well as the multicopy nature of
most tRNA genes (Bloom-Ackermann et al. 2014).

Beyond this, our new population model may be ap-
plicable in other contexts. The key assumptions are
high gene conservation and short evolutionary time to
the most recent common ancestor. These enable the
use of a consensus sequence as the ancestral approxi-
mation and the encoding of the allelic distribution in a
single compound mutational variation “descendant.”

It may also be possible to integrate other mutational
biases into a Markov model through careful rate matrix
parameterization. This naturally leads to questions of
model identifiability, whose resolution may reveal new
biological insights.

Materials and Methods

In this work, we explore how TAM's mutational patterns
affect the secondary structure of tRNA molecules by
analyzing tRNAs from a C. elegans population. To do
this, we introduce a continuous Markov model that de-
scribes the distribution of alleles under mutational bias
across a population. We then apply this new model to
analyze the distribution of tRNA genes across extant
C. elegans strains.

Typically (Felsenstein 2003; Yang 2006), Markov
models are used for phylogenetic inference across spe-
cies. This is effective since the populations have diverged
enough that it is possible to reconstruct their evolution-
ary relationships in a gene tree. In contrast, we seek not
to characterize the relationship among the C. elegans al-
leles but only to describe the distribution of mutations.
In doing so, we show that they are consistent with our
microevolution TAM-bias substitution model but not
with macroevolution expectations of thermodynamic
neutrality for secondary structure conservation.

Model Development

Our model formulation is possible under a strong purify-
ing selection and high mutation rate over a short
evolutionary timescale—exactly the situation for tRNA
microevolution. As we show below, these conditions al-
low us to capture nearly all of the observed allelic vari-
ation via a continuous Markov substitution process.

Modeling Allele Formation within a Population

Let N be a population of n individuals and, for each
individuali € {1, 2, ..., n}, letS; be the concatenated col-
lection of k genes under similar selection pressure, eg all
tRNAs in extant C. elegans strains. Let S be the corre-
sponding sequence for the most recent common ancestor
of N, and denote the consensus sequence for the S; as S.
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Fig. 6. Schematic of mutational variation sequence construction. From top to bottom: Each line S; represents the k concatenated genes G; for an
individual i in the population N ={1, ..., 5}. Every gene is not necessarily present in each individual;, dashed gray lines denote a missing gene.
Colored dots indicate nucleotide substitutions with respect to the consensus sequence S (shown below Ss). Highlighted in red, we see that G; in
Ss violates condition (i) and G violates (i) in S4 and Ss. By treating alleles violating these two conditions as missing genes, the remaining allelic vari-
ation can be encoded in the new compound sequence S’ by substituting into S each distinct-site one-point mutation.

We assume that the k genes are highly conserved and
the evolutionary time from S'is relatively short. Thus, the
sequences S; are all close to each other, and alsoto S. In
this scenario, although not necessarily others (Trudeau
et al. 2016; Czech et al. 2018), it is reasonable to ap-
proximate S by S.

To formulate our microevolution population model,
we impose the following two requirements. Moreover,
we show in Results section that, for the tRNA microevo-
lution situation being considered, these conditions are
actually fairly mild.

i. An allele differs
substitution.

ii. Two alleles in distinct individuals cannot differ in the
same site.

from S by one nucleotide

Alleles meeting (i) are, by definition, one-point mutants,
and are often the individual steps in macroevolution
models (Saks et al. 1998). We refer to those satisfying
(i) as distinct-site mutants. Under these two conditions,
we can encode all mutational variation from the compli-
ant alleles in a single compound sequence.

Specifically, we introduce the mutational variation
sequence S’ which is constructed by incorporating all ob-
served substitutions in alleles meeting conditions (i) and
(ii) into the consensus sequence S. As illustrated in Fig. 6,
this guarantees a one-to-one correspondence between
sites where S’ differs from S and all distinct-site, one-
point mutations observed in the population.

By integrating all those mutations into a single se-
quence, we can model allele formation without requir-
ing a phylogenetic tree. This is particularly useful as
inferring the true evolutionary relationship between in-
dividuals within a population can be very challenging
(De Maio et al. 2015). Instead, we describe it simply
through a nucleotide substitution process from Sto 5.

Moreover, since multiple mutations within the same
gene occur in different alleles, we strengthen the site inde-
pendence for the Markov model. Hence, we parameterize
our model with a 4 x 4 rate matrix for nucleotide substitu-
tions, rather than the more complicated dinucleotide ones
(Allen and Whelan 2014) which model RNA pairing co-
variation for macroevolution analyses.

Modeling the Distribution of Substituted Nucleotides
under TAM

As described in the Background section, TAM's charac-
teristic signature results in an asymmetric increase in
C — T and G — A mutations on the coding strand. We
hypothesize that the exchangeability asymmetry caused
by TAM results in a bias of the distribution of substituted
nucleotides, which we call the TAM bias.

To formulate this mathematically, let 7= (74, 7c,
7, 7rr) be the nucleotide distribution of the consensus se-
quence S (an approximation of S, the ancestral sequence).
With no mutational bias, one would expect that the distri-
bution of substituted nucleotides follow 7.

To adjust for TAM, we introduce the TAM bias vector
7= (1, y) € [0, 1]°. We hypothesize that the nucleo-
tides in S that mutated to form S follow the TAM bias
distribution given by:

n° = (m}, e, TG, 7Y), (2)
where

Ty =Ta— TR, TWe=T7c+Ty, 7nAgz=7ng+7T8, and

T =77 — Ty.
In other words, the TAM bias vector 7 adjusts the distri-

bution of substituted nucleotides to account for differ-
ences in transition rates within purines (R) and within
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pyrimidines (Y). Hence, 77, is the proportion of A'siin S A o a T
that mutated to another nucleotide to form S’ relative
to all observed distinct-site, one-point substitutions. @
A * «a v

Modeling a TAM-biased Substitution Process Qtran = C Y * € A
Our proposed TAM-biased distribution describes how Ie 9 ¢ * 5
the distribution of substituted nucleotides is altered
from the root nucleotide distribution in S. However, to T

) L ) ¥ « *
model allele formation within a population under

TAM, we need to account for the mutation process it-
self. For this, we present a continuous Markov substitu-
tion model that incorporates the TAM bias to describe
the production of §’ from S.

Recall that for a Markov process over an edge of
length ¢, the joint distribution of nucleotides in the
ancestral and descendant sequences is given by
P =diag(m) exp (Qt). In our context, the entry p; of P
represents the probability of a site in § differing from
S by a substitution from /i to j. To parameterize this
new model P, we must propose a TAM-biased instantan-
eous rate matrix Q. Recall also that, typically, one entry
of the matrix is set to 1 to avoid scaling redundancy
with the edge length. We note that the rate matrices
presented here are not-normalized form for simplicity,
but all computations are done under normalization as
described in the Background section.

We begin with a strand-symmetric model (sym)
which assumes that a substitution is indistinguishable
from its Watson—Crick complement. This accounts for
the background noise, and its matrix has five free para-
meters with:

A C G T
T e ()
Qsym= C| 0o € | A
G||AX| € % 4
o

where a, B, 7,¢,A >0, and § = 1. Note that by account-
ing for the edge length, the model has 6 free
parameters.

However, a characteristic of TAM is the asymmetry in
transitions observed in the coding strand. Hence, we
break the strand symmetry between substitutions A —
G with T — C (circled in Qgym), and G > AwithC— T
(squared in Qsym), yielding a transition-asymmetric rate
matrix

with seven free parameters. Hence, Qym is a special case
of Qran With =1 and u=p, and this model has eight
free parameters when accounting for the edge length.

Next, we incorporate the TAM bias model for the dis-
tribution of substituted nucleotides by adding restric-
tions to the Qan rate matrix entries. More specifically,
we require that

s(1) s(2) s(3)
7TA—TR=7, 7TC+Ty=7, 7TG+TR=7,
(5)
and 7@r—1 —ﬂ
Ty =

where s(i) = Z#, pj is the sum of the off-diagonal entries
ineach row of PwithZ = 3", pj; as the normalizing factor.
Thus, the left-hand sides come from Equation (2), whereas
the right ones follow from the continuous Markov model.

We remark that these equations do not increase the
number of model parameters. The entries of 7z are
needed to compute P for every rate matrix, and hence
do not count against any particular model. Additionally,
the TAM bias vector 7= (tg, Ty) is estimated from the
flanking regions, which are subject to TAM but not strong
selection pressure. Hence, since 7z and 7y are independ-
ent from the tRNA alleles, they are not counted as model
parameters either.

As a consequence, we improve the model parameter-
ization under the constraints in Equation (5) by identify-
ing linear dependencies among the Qyan rate matrix
entries using a computer algebra package. More pre-
cisely, given the high conservation of tRNAs, we expect
a very slow substitution process, implying that the en-
tries of Qt are quite small. Thus, we approximate
exp (Qt) ~ I+ Qt, where | is the 4 x 4 identity matrix.
Under this approximation, we represent Equation (5)
as a homogeneous linear system which can be solved
using Macaulay?2 (Grayson and Stillman 2009).

As a result, we obtain the linear dependencies given be-
low for the transversions § and y as well as the transition 6.
We then define Qtam to be the rate matrix obtained from
Quan Using these relationships. This yields a total of four
free parameters for the new TAM-biased rate matrix: the
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three transitions 8, 4, and u along with the two transver-
sions a and e—yielding five free parameters for the model.

We note that the choice of dependent variables
among the matrix parameters was determined by
Macaulay2 (version 1.25.06); any alternate formulation
of the relationships would yield an equivalent model
parameterization although a different form for the
Qwam rate matrix. The linear dependencies used here
(which were manually derived from Macaulay2's initial
output shown in the Appendix) are:

S=——<€—-1+u-pQ
=21+ (u-p)0O
y=—oa+ul + [,

where
§=A4—A1 and Q=ﬂ, ®=A2_A3,
§ §
A =1 1—-A4
I'= , W=
§ §
for
A= with f(/)z{” if s odd -
7 Ty ifiis even

Observe that the coefficients Q, ®, I', and ¥ are real
numbers defined solely by the TAM bias vector 7 and
the root nucleotide distribution 7. As a function of =«
and 7, they are unbounded and defined almost every-
where (except for a set of measure zero, ie a negligible
subset of the parameter space).

We remark that Q # 0. Hence, the inequality u #
must hold; otherwise § <0, which violates the defin-
ition. Likewise ® # 0 for almost all 7 and 7. But since
we have already concluded that u # 8 when Q is de-
fined, then generically 8 # 4 as well. This shows that sat-
isfying Equation (5) requires breaking the transition
strand symmetries.

We show in Results ections that among the five
rate  matrices considered—strand-symmetric  (sym),
transition-asymmetric (tran), and TAM biased (Tam)
along with general Markov (GM) and GTR—the new
TAM-biased Markov substitution model best fits the al-
lelic distribution in our C. elegans tRNA dataset.

Data Analysis

Our dataset was generated from two publicly available
databases: the Genomic tRNA Database (GtRNAdb,
v2.0) (Chan and Lowe 2008, 2015) and the C. elegans
Natural Diversity Resource (CeNDR, release 20180527)
(Cook et al. 2016; Crombie et al. 2023). The starting point

was the reference genome (release WBcel235/cel1)
(Harris et al. 2019) for the universal laboratory strain N2.

GtRNAdb identifies 581 functional tRNAs in the N2
nuclear genome, and CeNDR provided variant data for
330 C elegans wild isolates collected from around the
globe. We then retrieved 677 single nucleotide variants
(SNVs) for the tRNA genes from the hard-filter variant
call format (vcf) file using custom Python scripts.

Secondary structures for all tRNA sequences were ob-
tained from tRNAscan-SE (version 2.0.11 Chan and
Lowe 2019) using the default parameters. As illustrated
in Fig. 1, nucleotides were classified as “paired” or
"unpaired” according to these structures. We note that, al-
though pictured, the Tail was not included in the analysis.

There were 16 SNVs which were found by
tRNAscan-SE to occur in an intron; these were ex-
cluded from further analysis. Hence, our C. elegans
microevolution dataset consists of 661 variants for 581
tRNA genes across a population of 331 strains.

We also collected data for the 40 nucleotides up-
stream and 40 downstream of each SNV and N2 gene.
Since these tRNA flanking regions are unwound during
transcription, they are subject to TAM (Thornlow et al.
2018). However, they are not under strong selection
pressure, making them ideal for estimating the TAM
bias vector T = (tg, Ty). Under our TAM bias hypothesis,
subtracting the of observed distribution substituted nu-
cleotides from the initial nucleotide distribution should
yield 7 — 7% = (g, —7y, —7g, Ty). As reported in Results
section, the positive and negative values are in good
agreement, yielding a robust estimate for z.

Testing TAM-biased Distributions

Our model for TAM bias from Equation (2) proposes that
the substituted nucleotides are distributed as 7%, where
Yy =Ta — Tg, Mg =7c + Ty, etc. To validate this hypoth-
esis for the TAM-biased rate matrix, we compute a
P-value using the xmonte function from the XNomial
R package (Engels 2015). This function assesses whether
the observed substitutions conform to the estimated
multinomial distribution. Specifically, it examines 3,000
random outcomes to estimate the probability that a
sample deviates from the expected distribution by at
least as much as the observed data.

We later apply the same approach to test for the pres-
ervation of pairing potential. To do this, we classify the
nucleotides of each tRNA gene as either paired (p) or
unpaired (u) according to the tRNAscan-SE secondary
structure. This separates 7, the nucleotide distribution
for S, by pairedness into

_(A & G Tp
H_<Au C, G, T,) (6)
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where X, and X, denote the proportion of paired and
unpaired nucleotides respectively for X € {A, C, G, T}.
Marginalizing the rows of IT reconstitutes 7, while col-
umn marginalization yields the pairedness distribution,
denoted I, = (II,, II,).

We also consider the distribution of base pairs, de-
noted p = (ogc, PaT: Pat), Where pgr is the proportion of
GU pairings in the tRNA secondary structures. It follows
that

__ % __ M
P =G+ A, PTG+ A,
Go—Cp_ To—A
PTGt Ay Gt Ay

and

Under our TAM bias hypothesis, the distribution of sub-
stituted nucleotides by pairedness would be

_(m(3) m(2) ms(z) m(E) .o
w(&) w(e) w(@) ()

where, for instance, A is the proportion of one-point
mutants in ' that differ from S by a substitution which
changed a paired A. Row and column marginalization
of IT* yield #* and I, = (H;, IT}), respectively.

Analogously, p, -, represents the proportion of sub-
stitutions that changed either the G or the T in what
would have been a wobble GU pairing. Consequently,
the components of p® are

Pac T PaT
o =cr+ef(p7), o= A +r<p )
e P P\pcc + Par AT AT T PGT

and
T T Pat Pat
P =G (p )m(p )
o1 TP \pc + por P\par + par

Assessing Markov Substitution Rate Matrices

(8)

To compare the five possible exchangeability matrices
considered, we computed for each the three most
common information criteria for model selection
(Kalyaanamoorthy et al. 2017): the Akaike (AIC)
(Akaike 1974), the corrected Akaike (AlCc) (Burnham
and Anderson 2002), and the Bayesian (BIC)
(Schwarz 1978). We found that the differences be-
tween the first two were always negligible due to
the length of the consensus sequence relative to the
number of mutations. Hence, we focus on the AIC
and BIC.

Loosely speaking, the lower the estimate, the "better”
the model. Each criterion depends on the log-likelihood
(LH) of the model being “penalized” by the number of
parameters. The LH function is given by

)= logPx; |, Q, 1),
i=1

where 7 is the nucleotide distribution of S, n is the se-
quence length of S, x; is the site pattern of S and S’ at
site i, Q is the rate matrix, t are the expected number
of substitutions between S and ', and P(x;|, 7, Q, t) is
the conditional probability of x; given 7, Q, and t.

To compute the LH function and estimate the max-
imum likelihood estimator (MLE) for all parameters,
we again use the approximation exp(Qt)~/+ Qt.
We then used MATLAB's (version 25.2, R2025b
MathWorks 2024) fmincon function to estimate Q
and t MLEs using 1000 different random starting points.

We also computed P = diag(m) exp Q1) using the MLE
estimates for each parameterization and compared the
results to the data. The corresponding P-values for such
comparisons were then obtained using the xmonte
function.

Analyzing Thermodynamic Neutrality

We also compared observed distributions against a
background of neutral neighbors. Recall that these
are alleles which are both one-point mutants and
MFE-preserving. For consistency, we consider only
observed alleles which are also neutral neighbors. The
necessary thermodynamic predictions, ie the MFE score
and its associated secondary structure, are computed
with RNAfold (version 2.6.2 Lorenz et al. 2011) under
default parameters.

More precisely, let P be the set of all distinct-site, one-
point mutant alleles used to generate §', and R the set of
tRNA genesin S. For p € P, let a(p) be its corresponding
r € R. Then p € P is MFE-preserving, and hence is a neu-
tral neighbor, when it has the same RNAfo1d predicted
secondary structure as a(p).

Let M C P be MFE-preserving, ie all observed neutral
neighbors. For m € M, let N, be the set of all neutral
neighbors of a(m), and N =J,,cps Nm- Since m € Np,,
M is a subset of A/. We determine M and N computa-
tionally, and consider how they differ.

First, we consider whether the substituted nucleo-
tides were paired or not, according to the classification
from the tRNAscan-SE secondary structure for a(m).
Next we consider the thermodynamic stability of m
and a(m) relative to N, over all of M.

This is done by ranking the set Np u{a(m)}
by increasing MFE score with the lowest ranked as

Genome Biol. Evol. 18(3) https://doi.org/10.1093/gbe/evag050 Advance Access publication 5 March 2026 15

920z ey €0 uo Jasn ABojouyoa] Jo eynsu| eibioss) Aq 901 2058/0506BAS/g/g | /e1onie/8q6/Wwoo dno olwapeoe//:sdiy Wwol) papEojuMO(]



Bafos et al.

1. The ranking is dense (Garcia-Lapresta and Martinez-
Panero 2024); ties share the same rank, and the next
rank is assigned the next integer. For instance, if three
sequences tie for the 5th lowest MFE score, all are as-
signed rank 5 with the next one(s) ranked 6. Rankings
are then normalized by dividing by the total number
of ranks for a(m). This defines a function f,,: N, U
{a(m)} — (0, 1] for each m € M, where values near 0
are the most thermodynamically stable while those
near 1 are the least so. We will compare f,(m) and
fm(ae(m)) over all of M.

Finally, we consider the positional distribution of sub-
stitutions in M and A. The tRNA structural regions are
defined in Fig. 1 and determined for a(m) based on
the tRNAscan-SE secondary structure.

Comparing with Experimental Fitness

We consider the mutability of each site across the 531
alleles in our C. elegans dataset. Since not all tRNAs
have the same length, the sites in each allele were nor-
malized to the average length of the corresponding sub-
structure component from the 15 (excluding the Tail)
listed in the table in Fig. 1. The number of mutations
for each normalized site can then be presented in a fre-
quency histogram.

We compared this distribution to the mean site-
fitness scores obtained by Li et al. (2016) for the S. cere-
visiae single-copy arginine-CCU tRNA. The sites in the
tRNAGT were also normalized as above before report-
ing the average of their 3 one-point mutant fitness
scores. For display purposes, this mean value was linear-
ly rescaled from (0.685,1.017) to (1,10). Note that nor-
malization of the data was performed only for the
comparison against the experimental fitness data; for
all other results, the data were not normalized. A correl-
ation between the C. elegans dataset and the data ana-
lyzed in this work, along with their corresponding
P-value, were computed using R's cor.test () func-
tion under Pearson’s product-moment correlation.

Notes

1 Uracil (U) will be used when discussing RNA structures
and thymine (T) for their DNA genes.

2 Sequence pictured is Bacillus subtilis tRNAAP with
structures adapted with permission from Liu (2013).

3 Although there are 20 standard amino acids and 64
distinct codons, most eukaryotic nuclear genomes en-
code hundreds of tRNAs.

4 All data were analyzed at 10-digit precision. Due to
rounding, reported values may not add up exactly.
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Appendix

The output obtained from Macaulay2 by solving the lin-
ear system described in Modeling a TAM-biased
Substitution Process section.

1
 ArRGRGTTTY
— 36+ 2¢ - 2a)76 + tr((y + 2a)mr — 2a))me + (36 — € + o + 2B8)m2 + (60 + 2y — 3¢ + 3 + 3B)mr
+(20—e+a+ 2B)tg — 66+ 26 — 2a — 2/3)71% +(36+3y—€¢+ 2a)7r%+ (264 2y —e + 2a + 2B)tx

% - %))ng +(O+B)7 + (36 +7 — e+ 3p)mr + (0 + f)tr — 36 - 2P)72

+(30+3y—c+ 202 + (20 +y — €+ 2B)tr — 66 — 2y + ary + (ty — 3)B+ &)y
+ (=26 = 2Btk + 30 + P)me + (B + 2p)73 + (0 + 27 + P)tg — 36 + (ty — 3)y + azy)7?

((6—e+a)mg + OCTR)TL’é +((36 -2+ 2a+ ﬁ’)n’é +((360+y—2e+3a)rr + (6 — e+ 2a+ PR

+ 2tp(mr — Ny + = )7y

+ (=20 = 2 = 2B)t5 — oty + 36+ y)7 + (6.4 B)te — 6)76 + wryTalar — 1)7)mc
+ gty (nr + w6 — 1)(yar + Brg)

-1
— (27t§y+ (By—a+PB)rg+ (Brc+1r — Ty — 3)y+oc7rc)7r%+ ((y—oc+[3)7ré +(2rc+1R — Ty = 2)Y
GAT/p

+ Brc —Bry + (1 —1R)aa = B)7ig + (mc — 1) (e + R — 1y = Ny + anc(nc —ty — )y —ty(mc + g — 1)
(amc + frc))

i~ —(0+PBm + (20 —e+a+P)mc + (20 +y + P)rr + (6 + P)tr — 26 — P + ((6 — € + ).
TTGTTTTT,

+((20+y—c+a)mr+O@—c+a+pfr—20+c—a)mc+ O+ y)n2+ (O +y+P)tr — 20 - y)7r
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Fig. A1. Relative thermodynamic stability 7, for the 198 observed neutral neighbors (left) and corresponding tRNA gene (right). Approximately half
of the observed substitutions in the C. elegans population are disproportionately less stable than other related neutral neighbors, but no such skew is
seen for the consensus tRNA genes approximating the ancestral sequence.

The dependencies of the Qram Matrix entries shown in Literature cited
Modeling a TAM-biased Substitution Process section Adrion JR, White PS, Montooth KL. The roles of compensatory evo-
where derived manually from these. lution and constraint in aminoacyl tRNA synthetase evolution.
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