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The standard genetic code (SGC) and its modifications, i.e. alternative genetic codes (AGCs), are coding
systems responsible for decoding genetic information from DNA into proteins. The SGC is thought to be
universal for almost all organisms, whereas alternative genetic codes operate mainly in organelles and some
specific microorganisms containing usually reduced genomes. Previous analyzes showed that the AGCs mini-
mize the consequences of amino acid replacements due to point mutations better than the SGC. However, these
studies did not take into account the potential differences in codon usage between the genomes on which given
codes operate. The previous analyzes assumed a uniform distribution of codons, even though we can observe
significant codon bias in genomes. Therefore, we developed a new measure involving codon usage as an addi-
tional parameter, which allowed us to assess the quality of a given genetic code. We tested our approach on the
SGC and its 13 alternatives. For each AGC we applied an appropriate codon usage characteristic of a genome
on which this code operates. This approach is more reliable for testing the impact of codon reassignments
observed in the AGCs on their robustness to point mutations. The results indicate that the AGCs are generally
more robust to point mutation than the SGC, especially when we consider the codon usages characteristic
of their corresponding genomes. Moreover, we did not find a genetic code optimal for all considered codon
usages, which indicates that the alternative variants of the SGC evolved in specific conditions.

1 INTRODUCTION

There are many alternative genetic codes (AGCs)
which have emerged from the standard genetic
code (SGC). They are used mainly in mitochondrial
genomes (Abascal et al., 2012; Boore and Brown,
1994; Sengupta et al., 2007) but also in plastid (Cor-
tona et al., 2017; Janouskovec et al., 2013), some
nuclear genomes (Hoffman et al., 1995; Sanchez-
Silva et al., 2003; Santos et al., 1993) and bacterial
genomes (Bove, 1993; Campbell et al., 2013; Mc-
Cutcheon et al., 2009). Recent findings of AGCs in
various protists suggest that the number of these codes
can be strongly underestimated (Heaphy et al., 2016;
Panek et al., 2017; Zédhonova et al., 2016). Except for
the quite large genomes of ciliates, the AGCs operate
typically in small genomes encoding a limited number
of proteins. The small genome size facilitates the evo-
lution of genetic code variants because the potential
codon reassignments may not cause such a harmful
effect in synthesized proteins as in the case of large
nuclear genomes, in which even a single change in
the codon meaning may affect thousands of proteins
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(Massey and Garey, 2007). Therefore, such reassign-
ments cannot be easily accepted.

The NCBI database includes currently 33 AGCs:
www.ncbi.nlm.nih.gov/Taxonomy/Utils/wprintgc.cgi.
The main differences between them and the SGC can
be classified into three categories: (i) reassignment of
a codon encoding one of the 20 typical amino acids
or stop translation signal, (ii) loss of codon meaning
induced by the disappearance of this codon from the
genome, and (iii) assignment of new amino acids
such as selenocysteine and pyrrolysine (Sengupta
et al.,, 2007). The most common are the reassign-
ments of stop codons to sense codons, e.g. codon
UGA to tryptophane (Btazej et al., 2019). Changes
in sense codons occur less frequently and mainly in
mitochondrial genomes.

Furthermore, it was shown that the same reassign-
ments have often evolved independently in different
phylogenetic lineages (Sengupta et al., 2007). The
main mechanisms involved in the evolution of the
AGC:s are: (i) deletion of tRNA genes, (ii) duplication
of tRNA genes and their mutations, (iii) editing and
post-transcriptional base modifications of tRNAs, (iv)
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mutations in genes encoding translational release fac-
tors, or (v) loss of codons subjected to a strong muta-
tional pressure (Sengupta and Higgs, 2005; Sengupta
et al., 2007). Horizontal gene transfer could also have
played a certain role in the AGCs evolution (Devoto
et al., 2019).

It is commonly believed that the AGCs emerged
through neutral evolution in small populations sub-
jected to genetic drift and strong mutational pres-
sure leading to tiny AT-rich genomes (Freeland et al.,
2000; Sengupta et al., 2007; Swire et al., 2005). How-
ever, other hypotheses concerning the evolution of
the alternative genetic codes have also been proposed.
They assume that: (i) codon changes associated with
the deletion of tRNA genes are driven by selection
to minimize the genome size and the time of repli-
cation (Andersson and Kurland, 1995), (ii) the reas-
signment of codon AUA from isoleucine to methion-
ine results in accumulation of methionine at the inner
membrane of animal mitochondria, which plays anti-
oxidant and cytoprotective role (Bender et al., 2008),
(iii) codon ambiguity can facilitate phenotypic diver-
sity and adaptability, which may help, e.g. yeasts, to
cope with stressful environments (Santos et al., 1999;
Gomes et al., 2007), (iv) mitochondrial genetic codes
may have evolved to reduce protein synthesis costs by
reassigning amino acids that are less expensive in syn-
thesis (Swire et al., 2005), (v) some changes in the ge-
netic code were accepted because they minimized ef-
fects of point mutations at the amino acid level (Kur-
naz et al., 2010; Morgens and Cavalcanti, 2013). All
these hypotheses suggest that the changes in the SGC
leading to the AGCs evolved as an adaptive trait.

The latter explanation seems interesting because
the same hypothesis, postulating that the code evolved
to minimize the effects of amino acid replacements
and errors during translation, was put forward for the
SGC (Epstein, 1966; Haig and Hurst, 1991; Freeland
et al., 2003; Goodarzi et al., 2005). Thus, common
principles could have governed the evolution of ge-
netic codes in general.

To verify this hypothesis, the SGC was compared
with: (i) possible theoretical genetic codes differing
from the universal code in one, two, or three codon
assignments, as well as (ii) its alternatives, regarding
the minimization of the harmful effects of amino acid
replacements in synthesized proteins (Btazej et al.,
2018; Btazej et al., 2019). The results indicated that
the codon reassignments observed in the AGCs gen-
erally improve their robustness to amino acid replace-
ments in comparison with the SGC and such natural
reassignments are often almost as good as the best
theoretical ones.

However, the cost function used to assess the

properties of the genetic codes took into account only
the sum of changes in the polarity of encoded amino
acids induced by single-point mutations in all the
codons. This function did not include the effects of
any mutational pressure or codon usage but assumed
a simple model, in which each codon occurs with

the same frequency é and the probability of any nu-

cleotide mutation is % and does not depend on the

codon position. Such approach was useful only in
finding the general tendencies of genetic codes re-
garding the error minimization hypothesis.

Because the codon bias is an important factor
influencing the final mutational effect, it should be
taken into account. Therefore, in this work, we imple-
mented the codon frequencies observed in genomes
into the cost function formula. Then, we calculated
the cost values for the AGCs and for the SGC, in-
cluding the codon usage from the genomes of the or-
ganisms which use the alternative codes. The results
show that in almost all cases the AGCs tested on the
codon frequencies characteristic of the organisms that
use these codes outperform the SGC in terms of ro-
bustness to amino acid replacements.

2 METHODS

The examined alternative genetic codes were
downloaded from the NCBI taxonomy web page:
www.ncbi.nlm.nih.gov/Taxonomy/Utils/wprintgc.cgi.
From the whole set of described genetic codes we
chose 13 codes, which differ from the SGC by at
least one codon assignment and for which we were
able to easily obtain the codon frequencies of the
respective genomes that use these codes. The data
were extracted from the Codon Usage Database,
www.kazusa.or.jp/codon, (Nakamura et al., 2000)
and appropriate references (Perseke et al., 2011;
Swart et al., 2016) (Table 1). As we mentioned in
the Introduction section, we investigated the quality
of the SGC and its selected alternatives including the
respective codon usages in the applied cost function.
We tested all possible combinations of the SGC and
13 chosen genetic codes with 13 codons usages,
which gave us 14 x 13 = 182 cost values in total.

In order to test the properties of the genetic
codes, including specific codons usage observed in
the genomes on which a given code operate, we in-
troduced a new formula for the cost function F. This
parameter combines the differences between the prop-
erties of amino acids encoded by pairs of codons
<i,j > varying in one nucleotide substitution and
the probability of choosing codons < i, j > computed
from the given codon usage. According to these re-
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Table 1: The genetic code variants studied in this work and
the list of selected genomes from which we extracted re-
spective codon usages. All the codes are numbered (No.)
according to the notation in the NCBI taxonomy web page:
www.ncbi.nlm.nih.gov/Taxonomy/Utils/wprintgc.cgi.

No. Genetic code Genome

4 The Mold, Protozoan Mitoch. Aspergillus nidulans

5 Invertebrate Mitoch. Ascaris suum

6 Hexamita Nuclear Oxytricha falla

9 Flatworm Mitoch. Astropecten polyacanthus
10 Euploid Nuclear Euplotes octocarinatus
12 The Alternative Yeast Nuclear | Candida albicans

13 Ascidian Mitoch.

16 Chlorophycean Mitoch.
22 Scenedesmus Mitoch.

23 Thraustochytrium Mitoch.
24 Pterobranchia Mitoch.

27 Karyorelict Nuclear

Halocynthia roretzi

Spizellomyces punctatus

Scenedesmus obliquus

Thraustochytrium aureum

Rhabdopleura compacta

Parduczia

28 Condylostoma Nuclear Condylostoma magnum

strictions, we defined F' for a given genetic code and
codon usage, in the following way:

F= Y P<ij>)l@O-fOF, o
<i,j>€D
where D is the set of pairs of codons that differ in
one nucleotide substitution, whereas P(< i, j >) is the
probability of choosing the pair < i, j >, calculated
according to the total probability formula:

P(<i,j>) = P(i)-P(jli) )

where P(i) is the probability of selecting the codon
i and P(j|i) is the conditional probability of choos-
ing the codon j, when we know that i has been se-
lected (the frequency of the codon j divided by the
sum of frequencies of all the codons differing from i
by one nucleotide substitution). Moreover, f(i) and
f(j) are the polarity values of the amino acids, com-
monly used in the study of the genetic code optimal-
ity, (Woese, 1973) encoded by the codons i and j, re-
spectively. Therefore, F represents the total weighted
sum of the squared differences between physicochem-
ical properties of amino acids encoded by the codon
pairs differing in one nucleotide substitution. What
is more, all the single substitutions that lead to non-
sense mutations, i.e. replacements of any amino acid
by stop translation signal, are included in the calcula-
tion as the maximum of squared difference computed
for all possible changes between the chosen amino
acid property. Thus small F values indicate that the
given code shows a tendency to minimize the conse-
quences of amino acid replacements, whereas large
values mean that the code is poorly optimized in this
respect.

Similarly to (Blazej et al., 2019), we calculated
the normalized percentage difference Pd between the
values of the function F' for the SGC and the tested
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code test for a fixed codon usage. This difference is
defined by

F(test) — F(SGC)
F(SGC)

Pd(test,SGC) = -100% . (3)
Clearly, Pd takes values in the range from —100 to
+o0. Particularly, negative values of Pd suggest that
the SGC is less robust to the consequences of point
mutations than the rest code.

We would also like to point up the relationship
between F defined here and several quality measures
proposed by other authors (Di Giulio, 1989; Haig and
Hurst, 1991; Freeland and Hurst, 1998; Santos and
Monteagudo, 2010; Btazej et al., 2016). The key dif-
ference lies in including the effect of different codon
frequencies on the potential costs of changes in amino
acid properties. In this case, for each codon i we as-
sume that this change is proportional to the probabil-
ity of choosing the second codon of the pair, j, from
the set of all codons differing from i in one nucleotide.
This requirement seems to be more realistic in com-
parison to the previous studies assuming that all pos-
sible pairs of codons D are equally probable.

Differences in the F values between the SGC and
its alternatives for various codon usages were as-
sessed statistically using the t-Student test because
the variables fulfilled the normal distribution require-
ment, as tested in the Shapiro-Wilk test. The re-
sulted p-values were corrected using the Benjamini-
Hochberg method to control the false discovery rate.
Differences between the compared groups were con-
sidered significant when the p-value was smaller than
0.05. The analyzes were performed in R package
3.5.1 (A language and environment for statistical
computing, R Core Team 2018, R Foundation for Sta-
tistical Computing, Vienna, Austria).

3 RESULTS

At the first stage of our study we calculated the val-
ues of the cost function F for the individual AGCs and
compared them with the result for the SGC. In this ap-
proach, we applied the codon usage corresponding to
the genome on which a selected alternative code op-
erates. In the Table 2, we presented the F' function
values calculated for the chosen genetic codes and
the selected codon usages. It is clear that the qual-
ity of the SGC is strongly dependent on the assumed
codon usage because the F values change from 5.06
(codon usage 23) to 11.02 (codon usage 6). Because
the quality of the SGC depends on the codon usage,
we checked if the AGCs are better or worse than the
SGC regarding the codon usages gathered from their
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corresponding genomes. Therefore, for every non-
standard genetic code, we calculated the values of the
cost function F and the measure Pd, which allowed us
to determine the difference in performance between
the SGC and the AGCs (Table 2). The calculated val-
ues of the Pd measure indicate that 11 out of 13 AGCs
perform from 11% to almost 39% better than the SGC
for the codon usages corresponding to the genomes on
which they operate. Only code 12 has its cost value
comparable with the SGC, and in just one case (code
23) the SGC outperforms the alternative genetic code
but only by less than 7%.

Table 2: The values of the F function calculated for the stan-
dard genetic code (F(SGC)) and its alternatives (F). For
each non-standard genetic code, we computed also the Pd
value as a measure of its distance from the SGC, which is
our reference point. The first column (Code) refers to the
record number of the considered alternative code according
to the annotation in the NCBI database. The second column
(Codon usage) includes the codon usages numbered accord-
ing to the numbers of alternative genetic codes operating on
genomes from which a given codon usage was extracted.

Code | Codonusage | F F(SGC) | Pd

4 4 6.016 7.123 -15.54
5 5 5.086 5.733 -11.28
6 6 6.759 11.018 -38.65
9 9 4.136 6.255 -33.87
10 10 7.554 8.550 -11.64
12 12 6.580 | 6.558 0.334
13 13 4.30 6.027 -28.58
16 16 6.007 7.937 -24.31
22 22 4.895 7.784 -37.10
23 23 5.406 5.059 6.85
24 24 4.145 5.492 -24.51
27 27 6.621 9.823 -32.59
28 28 6.509 9.370 -30.52

Another interesting question which arose during
this investigation concerns the genetic code optimal-
ity in terms of minimizing the function F for ev-
ery considered codon usage. In order to answer this
question, we calculated the cost values of the cho-
sen genetic codes for every codon usage considered
in this study. Figure 1 presents the box-plots of these
values. Generally, 10 AGCs show smaller median
F values than the SGC (numbered as 1 in the fig-
ure). However, the difference is statistically signif-
icant only for the code 28, i.e. the Condylostoma
Nuclear Code (p=0.017). In turn, 3 alternative codes
have the median F value greater than the SGC but
the difference is statistically significant only for the
code 23, i.e. the Thraustochytrium Mitochondrial
Code (p=0.004), which substantially stands out from
the others and shows the greatest variation in terms
of F values. Nevertheless, 11 codes have the min-
imum value of the cost function smaller than that of

(6]

1 4 5 6 9 10 12 13 16 22 23 24 27 28
Genetic code

Figure 1: The box-plots of the cost function F values cal-
culated for every considered codon usage and the given ge-
netic code numbered on the x-axis. The standard genetic
code is indicated as 1, whereas other numbers refer to its
alternative versions. The thick horizontal line indicates the
median, the box shows the range between the first and third
quartiles (IQR, the inter-quartile range) and the whiskers
determine the range without outliers for the assumption of
1.5 IQR.

the SGC. Only the codes 12 and 23 have the minimum
slightly greater than the SGC.

We also checked which codon usages generate the
smallest and the largest cost values for the SGC and
each of the AGCs. The results are presented in the
Table 3. It is interesting that only three out of 13
AGCs reached the minimum of the cost function F for
their respective codon usage. These genetic codes are:
Scenedesmus Mitochondrial Code (code 22), Thraus-
tochytrium Mitochondrial Code (code 23) and Pter-
obranchia Mitochondrial Code (code 24). What is
more, the codon usages characteristic of the organ-
isms using the codes 23 and 24 are also the best solu-
tions in terms of cost minimization for other genetic
codes, including the SGC. Generally, the minimal F
values are very similar to each other because they
range from 3.84 (Condylostoma Nuclear Code, code
28) to 5.41 (Thraustochytrium Mitochondrial Code,
code 23). The SGC does not seem to be well opti-
mized in terms of the minimal F value because there
are 11 AGCs that have this value smaller. In the
case of the AGCs, the minimal F values do not de-
viate substantially from the cost values calculated for
the codon usages typical of the corresponding codes.
The differences are from O to 3.4 (Euploid Nuclear
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Code, code 10). These results agree with our observa-
tions presented in the Table 2, where we showed that
the AGCs are mostly better adapted than the SGC to
their respective codon usages. It suggests that an op-
timization process must have taken place between the
AGCs and the specific codon usages of the genomes
on which these codes operate.

Table 3: The codon usages for which the given genetic
codes reach the minimal and maximal cost values (F min
and F max). CU min - the codon usage for which F is
minimized; CU max - the codon usage for which F' is max-
imized. The codon usages were numbered according to the
alternative genetic codes operating on the genomes from
which the given codon usage was extracted.

Code CU min F min CU max F max

1 23 5.05940 | 6 11.01860
4 24 4.15692 | 6 10.76410
5 24 4.05795 | 6 10.57890
6 23 4.84787 10 8.17872
9 24 4.06393 | 6 10.62270
10 24 4.14932 | 6 10.76050
12 23 5.08569 | 6 11.09380
13 24 4.06806 | 6 10.57490
16 22 4.55405 | 6 9.99753
22 22 4.89575 | 6 11.26960
23 23 5.40601 4 18.08380
24 24 4.14572 | 6 10.72980
27 23 4.84787 10 8.17872
28 24 3.84902 10 7.16863

In the case of maximization of F, there is no code
that is the least optimized for its specific codon us-
age (Table 3). The codon usage that produced the
maximal cost values for 12 out of 14 genetic codes
is typical of Oxytricha falla (codon usage 6). In this
case, the cost values varied from nearly 10 (code 16)
to 11.27 (code 22). For alternative genetic codes 6,
27 and 28, the worst codon usage proved to be that
of Euplotes octocarinatus (codon usage 10), with the
cost values ranging from 7.17 (code 28) to 8.18 (codes
6 and 27). The codon usage from Aspergillus nidu-
lans (codon usage 4) occurred the worst for Thraus-
tochytrium Mitochondrial Code (code 23). Its cost
function reached the largest cost value equal to 18.08.

Among the tested codes, the Condylostoma
Nuclear Code (code 28) minimized the F function for
almost all considered codon usages (Table 4). The
one exception was the Chlorophycean Mitochondrial
Code (code 16) that minimized the cost function
best for the codon usage typical of the mitochondrial
genome of Scenedesmus obliquus. The smallest of
these cost values is 3.85 and was reached for the code
28 and the codon usage 24 (corresponding to Rhabdo-
pleura compacta mitochondrial genome). The largest
value was 7.17, which was reached for the code 28
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Table 4: The codon usages (Codon usage) and the genetic
codes (Code) which showed the minimum cost value (F') for
these usages. The codon usages were numbered according
to the alternative genetic codes operating on the genomes
from which the given codon usage was extracted.

Codon usage | Code | F

4 28 5.45865
5 28 4.71020
6 28 6.40637
9 28 3.85415
10 28 7.16863
12 28 6.32379
13 28 4.19715
16 28 5.59880
22 16 4.55405
23 28 4.82071
24 28 3.84802
27 28 6.48476
28 28 6.50975

and the codon usage 10 (corresponding to Eu-
plotes octocarinatus genome).

4 DISCUSSION

The main goal of this work was to test the quality
of the alternative genetic codes by using a more re-
alistic measure, which includes the codon usage and
the probabilities of codon substitution characteristic
of the genomes on which these coding systems oper-
ate. This approach can be justified because we found
out that minimizing the costs of amino acid replace-
ments by the genetic codes strongly depends on the
codon usage. The AGCs were generally more ef-
fective than the SGC in minimization of the conse-
quences of point mutations but the differences were
not statistically significant in most cases, when many
codon usages were tested. However, the AGCs mini-
mized the mutational costs substantially better (up to
39%) than the SGC for the codon usage correspond-
ing to the genomes on which these codes operate. The
cost function values calculated for the codon usages
specific for the AGCs were very similar or identical
with the minimal values found for any codon usage
and the given code. On the other hand, we could not
find any genetic code optimal for every considered
codon usage.

These results indicate that the tested AGCs are
generally optimized to the codon usages correspond-
ing to the genomes on which they function. These
codes evolved in specific conditions of the given
genomes, which could have promoted their optimiza-
tion. In contrast, the SGC evolved very early dur-
ing life evolution in primordial organisms that easily
transferred genetic information between themselves,
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which could have made this code universal for many
organisms characterized by various codon biases.
Therefore, it could not have been fully optimized dur-
ing its evolution, as indicated also by simulation stud-
ies based on evolutionary algorithms (Btazej et al.,
2018; Btazej et al., 2016; Massey, 2008; Novozhilov
et al., 2007; Santos and Monteagudo, 2011; San-
tos and Monteagudo, 2017; Wnetrzak et al., 2018),
whereas the minimization of mutation errors could
have occurred by the direct optimization of the mu-
tational pressure around the established genetic code
(Dudkiewicz et al., 2005; Mackiewicz et al., 2008;
Btazej et al., 2013; Btazej et al., 2017; Btazej et al.,
2015). It is also possible that the codon usage was
tuned in response to the changes in the genetic code.
The lack of the full SGC optimization could have also
resulted from its evolution driven by the expansion of
biosynthetic pathways of amino acids (Wong, 1975;
Di Giulio, 1999; Wong et al., 2016; Di Giulio, 2017).

The presented results may have an importance
for designing artificially modified organisms with al-
ternative codes, which produce peptides or proteins
with non-natural amino acids (Xie and Schultz, 2006;
Chin, 2014), by indicating that codon usage can sub-
stantially change the performance of the codes and
should be taken into account in the design. We are
planning to expand out model by including other
types of selection and codon measures to analyze the
optimality of the genetic codes.
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