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A large-scale analysis of codon usage bias in 4868 bacterial genomes shows 
association of codon adaptation index with GC content, protein functional 
domains and bacterial phenotypes 
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A B S T R A C T   

Multiple synonymous codons code for the same amino acid, resulting in the degeneracy of the genetic code and 
in the preferred used of some codons called codon bias usage (CBU). We performed a large-scale analysis of 
codon usage bias analysing the distribution of the codon adaptation index (CAI) and the codon relative adap-
tiveness index (RA) in 4868 bacterial genomes. We found that CAI values differ significantly between protein 
functional domains and part of the protein outside domains and show how CAI, GC content and preferred usage 
of polymerase III alpha subunits are related. Additionally, we give evidence of the association between CAI and 
bacterial phenotypes.   

1. Introduction 

The 20 amino acids required for protein synthesis are encoded by 61 
codons: this implies a redundancy in the genetic code, as several codons, 
so-called synonymous, encode for the same amino acid (AA). Synony-
mous codons do not alter the encoded AA sequence and were considered 
to be equivalent and interchangeable [1]. However, it has been observed 
that certain sets of codons are preferred over others. This phenomenon, 
which happens across all domains of life, is called codon usage bias 
(CUB), and has been shown to affect many different biological processes 
[2]. For instance, preference for certain codons correlates with high 
protein expression [3]: this has been explained by differences in the 
relative abundance of the corresponding transfer RNAs (tRNAs) which 
determines the efficiency and accuracy of protein translation [4,5]. 
Codons that are highly adapted to the tRNA pool are recognized by 
abundant tRNAs [6–8] and transcripts with codons biased towards the 
more abundant tRNAs are often found to have higher translation rates. 

The codon adaptation index (CAI) has been proposed as a measure to 
quantify the frequency of preferred or optimal codons in a given gene 
[9], and it is based on the usage frequency of a given codon i in a 
reference set of genes coding for highly abundant proteins. This fre-
quency is termed relative adaptiveness RAAA,i of codon i associated to 
amino acid AA. Codons with high RA lead to higher CAI values and it is 
assumed that codons associated to genes coding for highly abundant 

proteins (codons with high RA) are the codons that are recognized by the 
most abundant and efficient tRNA species in an organism [10,11]. In 
addition to codon usage bias, other preference variations have been 
observed such as codon pairs which are associated with translation 
elongation rate and protein folding efficiency suggesting that optimality 
of individual codons and properties of adjacent codon pairs both 
contribute to gene regulation [12,13]. 

GC content variation in bacterial genomes has also been associated 
with CUB, as a result of the presence/absence of polymerase III alpha 
sub-unit isoforms and distinct groups of bacterial genomes, with specific 
spectra of GC content variation, have been observed [14,15] and asso-
ciated with the dimeric combination of sub-units: dnaE1 (homodimer, 
full-spectrum), dnaE2/dnaE1 (heterodimer, high-GC) and polC/dnaE3 
(heterodimer, low-GC) [14]. This suggests an indirect link between CUB 
and the preferred use of a certain type of polymerase in a genome 
[14,15]. 

Differences in CUB and associated CAI measures have also been 
related to structural differences in the coded protein. Structural domains 
(SDs) are the protein parts with a defined tertiary structure which pro-
vides functional properties; in contrast, intrinsically disordered regions 
(IDRs) are stretches of amino acids that are either unfolded in solution or 
show non-globular structures of undefined confirmation and are free 
from structural constraints. CUB has been observed to characterize both 
SDs and IDRs in eukaryotes: gene segments encoding IDRs tend to have a 
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lower tRNA adaptation index (tAI) than those corresponding to SDs. The 
tAI provides an alternative measurement of CUB [16], indicating that 
IDRs have less optimized codon usage than SDs [17]. The preferential 
use of non-optimal codons in genome regions predicted to be intrinsi-
cally disordered has been observed in the filamentous fungus Neurospora 
[18]. Protein domain boundaries are enriched in optimal codons but no 
evidence of non-optimal codons clustered around domain boundaries in 
Escherichia coli, Saccharomyces cerevisiae or Homo sapiens has been found 
[19], suggesting translational pausing at domain boundaries to be 
incorporated in the nucleotide sequence to promote folding accuracy. 

In this work we investigate the CUB and the distribution of CAI in 
4868 bacterial genomes as well as the distribution of preferred codons 
within and across taxonomic levels and their relationship with protein 
structure and genome characteristics. Consistently with actual knowl-
edge we observed that nucleotide usage at third position may have 
significant impact on the bacterial genome characteristics. We found 
that CAI values differ significantly between protein functional domains 
and part of the protein outside domains, as a result of CUB, and show 
how CAI, GC content and usage of polymerase III alpha subunits are 
related. Additional we give evidence of the association between CAI and 
bacterial phenotypes. 

2. Materials and methods 

2.1. Data retrieval and genome annotation 

4868 bacterial genomes were obtained from the European Nucleo-
tide Archive (ENA) in EMBL format using enaBrowserTools (https://gith 
ub.com/enasequence/enaBrowserTools). The genomes were consis-
tently re-annotated using the Semantic Annotation Platform with 
Provenance (SAPP) [20]. Within the SAPP framework, de-novo gene 
prediction was performed using Prodigal 2.6.2 [21] and protein coding 
sequences were annotated using InterProScan 5.4-47.0 [22] (modules 
selected were: TIGRFAM [22], PIRSF [23], ProDom [24], SMART 5 [25], 
PROSITE [26], HAMAP [27], Pfam [28], PRINTS [29], SUPERFAMILY 
[30] and Gene3D [31]). 

The de novo annotated genomes and corresponding annotation 
provenance were stored in RDF (Resource Description Format) accord-
ing to the GBOL [32] ontology in a triplestore graph-database (Blaze-
graph Workbench v2.1.0) for further analysis. In the subsequent analysis 
the domain annotation used was the one performed using Pfam. For a list 
of genomes analysed see final_weight_table_with_taxonomy.csv available as 
Supplementary material. 

2.2. Codon relative adaptiveness 

The relative adaptiveness RAAA,i(G) for the i-th codon associated to 
amino acid AA, given a set G of genes is defined as [11]: 

RAAA,i(G) =
fAA,i

fj,max
(1)  

where fAA,i is the frequency of the i-th codon for the AA amino acid and 
fAA,max is the maximum value of the frequency when considering all 
synonymous codons associated to AA. The calculation of RAAA,i(G) is 
discussed in Section 2.4. 

2.3. Codon adaptation index 

The codon adaptation index CAI(G) for a set G of genes is defined as 

CAI(G) =

(
∏N

i=1
RAAA,i(G)

)1
N

(2) 

CAI values ranges from 0 to 1: values close to 1 result from usage of 
codons with high frequency (a large number of optimal codons) in the G 
set of genes. 

2.4. Calculation of relative adaptiveness 

Calculation of the relative adaptiveness RAAA,i of each codon for a 
genome requires the identification of a set G of genes (see Eq. (1)) cor-
responding to highly abundant proteins. This is usually achieved by 

Fig. 1. Distribution of codon relative adaptiveness RA, Eq. (1), across 4868 bacterial genomes per amino-acids RA is calculated using the modified OPTIMIZER 
algorithm [33]. Amino acid one-letter code. A alanine; C cysteine; D aspartic acid; E glutamic acid; F phenylalanine; G glycine; H histidine; I isoleucine; K lysine; L 
leucine; M methionine; N asparagine; P proline; Q glutamine; R arginine; S serine; T threonine; V valine; W tryptophan; Y tyrosine. Colours are used to enhance 
readability of the plots [18]. 
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complementing genome information with experimental measurements. 
Here we have used the conceptual framework proposed by Puigbo et al. 
[33] and implemented in the OPTIMIZER web-server (http://genomes. 
urv.es/OPTIMIZER/). This is an on-line application where codon 
usage is used to optimize DNA sequences for expression in a different 
host. The OPTIMIZER uses relative abundance tables for 150 organisms 
that have been computed using an iterative algorithm (see Fig. S1 in the 
Supplementary material) that starts with the initial selection of a set of 
25 genes encoding for ribosomal proteins, as ribosomal proteins are 
assumed to be among those with the highest expression. Afterwards, 

iterative calculations of RA (see Eq. (1)) followed by CAI scoring (see Eq. 
(2)) of all genes in the genome and subsequent selection of genes with 
highest CAI for RA calculation is performed until convergence, that is 
until the selected set of genes remains stable between iterations. 

To extend the OPTIMIZER calculations beyond the original selection 
150 organism we have re-coded the algorithm. We also modified the 
original OPTIMIZER algorithm by implementing a random selection of 
the initial set of bacterial genes to reduce the dependency of relative 
adaptiveness calculations on gene functional annotation information. 
This implementation gives RA values similar to those obtained using the 
original implementation. Testing results are given Section S1 and Fig. S2 
of the Supplementary material. 

To verify further the suitability of this approach we compared the 

Table 1 
Descriptive statistics for the relative adaptiveness (RA, Eq. (1)) of 59 codons 
calculated over 4868 bacterial genomes. RA is calculated using the modified 
OPTIMIZER algorithm (17) as shown in Fig. 1.  

Amino acid Codon Mean Standard deviation Median MAD Min 

A (gct)  0.65  0.42  0.97  0.05  0.001 
A (gcc)  0.46  0.4  0.26  0.32  0.002 
A (gca)  0.45  0.33  0.44  0.45  0.001 
A (gcg)  0.38  0.29  0.31  0.29  0.002 
C (tgt)  0.59  0.4  0.75  0.36  0.007 
C (tgc)  0.76  0.32  1  0  0.012 
D (gat)  0.85  0.28  1  0  0.001 
D (gac)  0.46  0.36  0.3  0.29  0.002 
E (gaa)  0.61  0.36  0.6  0.59  0.002 
E (gag)  0.79  0.33  1  0  0.006 
F (ttc)  0.23  0.31  0.05  0.07  0.001 
F (ttt)  0.66  0.37  0.84  0.24  0.003 
G (gga)  0.09  0.16  0.05  0.05  0.001 
G (ggc)  0.65  0.39  0.92  0.11  0.003 
G (ggg)  0.85  0.31  1  0  0.002 
G (ggt)  0.41  0.37  0.25  0.3  0.002 
H (cac)  0.11  0.23  0.03  0.04  0.001 
H (cat)  0.84  0.31  1  0  0.004 
I (ata)  0.44  0.38  0.28  0.33  0.002 
I (atc)  0.85  0.29    0.011 
I (att)  0.48  0.37  0.28  0.28  0.004 
K (aaa)  0.66  0.43  1  0  0.002 
K (aag)  0.54  0.4  0.35  0.43  0.002 
L (tta)  0.35  0.44  0.03  0.05  0.001 
L (ttg)  0.2  0.26  0.08  0.09  0.001 
L (cta)  0.09  0.16  0.03  0.04  0.001 
L (ctc)  0.23  0.29  0.08  0.09  0.001 
L (ctg)  0.59  0.45  1  0  0.001 
L (ctt)  0.28  0.33  0.13  0.17  0.001 
N (aac)  0.87  0.29  1  0  0.012 
N (aat)  0.36  0.37  0.16  0.17  0.003 
P (cca)  0.52  0.45  0.25  0.36  0.002 
P (ccc)  0.64  0.42  1  0  0.003 
P (ccg)  0.44  0.43  0.2  0.29  0.002 
P (cct)  0.24  0.29  0.1  0.13  0.003 
Q (caa)  0.59  0.43  0.77  0.34  0.005 
Q (cag)  0.38  0.34  0.27  0.34  0.002 
R (aga)  0.42  0.26  0.39  0.22  0.005 
R (agg)  0.19  0.25  0.09  0.1  0.002 
R (cga)  0.32  0.36  0.13  0.18  0.002 
R (cgc)  0.46  0.37  0.37  0.47  0.003 
R (cgg)  0.34  0.39  0.12  0.16  0.003 
R (cgt)  0.56  0.42  0.62  0.57  0.002 
S (agc)  0.21  0.35  0.04  0.06  0.001 
S (agt)  0.06  0.12  0.03  0.04  0.002 
S (tca)  0.05  0.08  0.04  0.04  0.002 
S (tcc)  0.56  0.38  0.44  0.54  0.004 
S (tcg)  0.11  0.18  0.05  0.06  0.002 
S (tct)  0.61  0.41  0.83  0.25  0.004 
T (aca)  0.35  0.38  0.09  0.13  0.002 
T (acc)  0.62  0.43  1  0  0.002 
T (acg)  0.23  0.25  0.14  0.13  0.002 
T (act)  0.52  0.41  0.62  0.56  0.002 
V (gta)  0.39  0.32  0.39  0.47  0.002 
V (gtc)  0.38  0.37  0.18  0.2  0.003 
V (gtg)  0.46  0.36  0.31  0.32  0.002 
V (gtt)  0.67  0.42  1  0  0.002 
Y (tac)  0.84  0.3  1  0  0.014 
Y (tat)  0.5  0.36  0.35  0.37  0.003  

Fig. 2. Score plot of a principal component analysis on the 59 × 4868 matrix 
containing the relative adaptiveness for each codon specific to each genome 
labelled by A) codon B). See caption of Fig. 1 for AA letters code legend. 

A. Masłowska-Górnicz et al.                                                                                                                                                                                                                  

http://genomes.urv.es/OPTIMIZER/
http://genomes.urv.es/OPTIMIZER/


BBA - Gene Regulatory Mechanisms 1865 (2022) 194826

4

gene sets predicted by this iterative approach with measurements of 
protein abundance in 29 bacterial species retrieved from PAXdb:Protein 
Abundance database (https://pax-db.org/) [18]. The results of this 
evaluation can be found in Section S2 and Table S1 of Supplementary 
material. 

2.5. Statistical analysis 

All relative adaptiveness properties examined in this study were 
analysed by principal component analysis (PCA) and t-distributed sto-
chastic neighbour embedding (tSNE) using Python 2.7 with the libraries: 
numpy [34], pandas [35], collections (https://docs.python.org/3/libra 
ry/collections.html), json (https://docs.python.org/3/library/json. 
html), SPARQLWrapper (https://pypi.org/project/SPARQLWrapper/), 
matplotlib (http://scikit-learn.sourceforge.net) [36], sklearn [37]. 

3. Results 

3.1. Analysis of the distribution of codon relative adaptiveness index 

We calculated the relative adaptiveness RA (Eq. (2)) for the 59 co-
dons (excluding start and stop codons, and the tryptophan TGG codon) 
for each of the 4868 bacterial genomes considered using the modified 
OPTIMIZER algorithm. The distribution of the RA values for each AA is 
shown in Fig. 1; a summary of associated descriptive statistics is given in 
Table 1. 

The broad dispersion of the CAI values indicates a large variability in 
codon bias and in RA values among the considered organisms. A clear 
bias towards one or more codons is found for some amino acids. For the 
amino acid aspartic acid (D) a clear preference for the codon GAT is 
observed, for histidine (H) is codon CAT, for isoleucine (I) is codon ATC, 
for asparagine (N) is codon AAC and for tyrosine (Y) is codon TAC. Some 
codons are hardly ever used like CAC for histidine (H), GGA for glycine 
(G), CTA for leucine (L) and TCG, TCA, AGT for serine (S). 

To explore further the variability of codon relative adaptiveness 
across genomes and the relationship between different codons, we 
applied principal component analysis on the 59 × 4868 matrix con-
taining the relative adaptiveness for each codon specific to each genome; 
a score plot of the first two principal components is given in Fig. 2. 
Several patterns emerge: cytosine (C) never appears in the third position 

of the codons located in quadrants III and IV (Fig. 2A). The corre-
sponding amino acids are shown in Fig. 2B, although not evident pat-
terns appear. The role of the third position is somehow expected because 
it is associated with the synonymous codons, and almost all synonymous 
codons differ at this position. 

3.2. Codon usage is related to bacterial taxonomic levels 

Within each bacterial taxonomic level (phylum, class, order, family 
and genus) we selected the three groups with the largest number of 
members and compared the RA values within each group as shown in 
Fig. 3. 

In almost all cases, the median distance within the group is smaller 
than between groups, indicating that organisms belonging to the same 
group are more similar, in term of CUB, than organisms belonging to 
different groups; the distance between members in the same group, is 
smallest when the genus level (the lowest taxonomy level) is considered. 

Each bacterial genome can be associated to a 59-dimensional vector 
of RA values, one for each codon. To visualize similarities between these 
values, t-distributed stochastic neighbour embedding (tSNE) was used to 
identify similarities between phyla Fig. 4A, classes Fig. 4B and order 
Fig. 4C. Only taxonomic levels with more than 100 representatives 
(genomes) were considered in this analysis. 

Analysis at the phyla level (Fig. 4A) shows how Proteobacteria are 
scattered over the RA space; however, when clustering is performed at 
the class level, patterns arise (Fig. 4B): for instance, the Alpha-, Beta-, 
and Epsilon-proteobacteria show distinct clustering, indicating specific 
CUB, suggesting that each of the three Proteobacteria groups uses a 
similar subset of codons in their coding sequences. 

Descending one taxonomic rank, to the order level, we observe 
distinct sub-grouping of Bacilli into Bacillales and Lactobacillales 
(Fig. 4C). Clustering of Burkholderiales and Campylobacterales appears 
to be similar to the one observed at the upper taxonomic level. We did 
not observe a distinct clustering for Enterobacterales which are spread 
all over the RA space, indicating that these bacteria adopt a large variety 
of codon usage. 

Fig. 3. Distribution of codon relative adaptiveness (RA, Eq. (1)) at different taxonomic levels.  
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3.3. Relationship between CAI, GC content and DNA polymerase III alpha 
subunits 

Most of the bacteria from phylum Proteobacteria and all Bacter-
oidetes belong to dnaE1 group, most of Actinobacteria belong to dnaE1/ 

dnaE2, and all Firmicutes belong to polC/dnaE3 group. Analysis of the 
association between CAI and genome GC content was carried separately 
for bacterial genomes classified according this dnaE-based grouping 
scheme (Table 2). 

We observed that the relationship between CAI and GC content de-
pends on the different usage of DNA polymerase III alpha subunits: a 
positive correlation between CG content and CAI is observed for dnaE1/ 
dnaE2 genomes (Fig. 5C), while the correlation is negative for polC/ 
dnaE3 genomes. In the case of dnaE1 genomes, the “V” shaped associ-
ation between GC content and CAI (Fig. 5A) indicates the presence of a 
bimodal association, with at least two subgroups of genomes with pos-
itive and negative GC%-CAI correlation, respectively. 

Bacterial genomes in the dnaE1/dnaE2 group tend to have higher 
average CAI value (0.4–0.7) and high GC content (55–75%) (Fig. 5B), 
while genomes belonging to the polC/dnaE3 groups (Fig. 5C) have 
average CAI values in the range of 0.3–0.7 and moderately low GC 
content in 30–60%. It is interesting to observe that the relationship 
between CAI and GC content is different for the different groups. 

3.4. Comparison of CAI between and within protein domains 

We investigated differences in CUB existing between region coding 
for protein functional domains (CUB in domains) and the regions coding 
for non-functional AA sequences. CAI and RA calculations were per-
formed using the whole gene length for all 4868 bacterial genomes, 
excluding the regions just before the first domain and just after the last 
domain due to their negligible importance regarding codon bias calcu-
lations. Correlations between CAI within and between protein domains 
are shown in Fig. 6A: we observe that the average CAI in domains is 
higher than the average CAI between domains. Fig. 6B shows the same 
analysis at the genome level, where 7 genomes where randomly chosen 
(Bacillus pseudofirmus, E. coli, Chlorobium tepidum, Chlamydophila pneu-
monium, Thermus thermophilus, Mycobacterium smegmatis, and Mycobac-
terium tuberculosis). We observed genome-specific patterns of correlation 
of CAI values within/between domains. For Mycobacterium tuberculosis 
the CAI of codons coding for non-functional AA sequences tends to be 
lower than the CAI in domains. 

4. Discussion 

We analysed codon usage across the 4868 bacterial genomes: PCA 
(see Fig. 1) shows how the use of (synonymous) codons is dependent on 
the base on the third position since almost all synonymous codons differ 
at this position. The third position in a codon is referred to as the 
“wobble position” and it plays a particular role in defining and 
explaining the degeneracy of the genetic code; in both prokaryotes and 
eukaryotes, the third position changes faster than the other two and this 
does not depend directly on the amino acid that a codon encodes for 
[38]. 

Cognate codon-anticodon duplexes are formed during translation 
through hydrogen bonding between the mRNA codon and the corre-
sponding triplet anticodon of tRNA; between the first base of the codon 

Fig. 4. The t-SNE clustering of bacterial genomes in the code RA space at 
different taxonomic levels: Phylum (A), class (B) and order (C). Each bacterial 
genome can be associated to a 59-dimensional vector of RA values, one for 
each codon. 

Table 2 
Phyla names and numbers of bacterial genomes per each group according the dnaE scheme: dnaE1, dnaE1/dnaE2 and polC/dnaE3.   

dnaE groups 

dnaE1 n dnaE1/dnaE2 n polC/dnaE3 n 

Phyla Actinobacteria 50 Acidobacteria 1 Firmicutes 1055 
Aquificae 5 Actinobacteria 495 Fusobacteria 8 
Bacteroidetes 139 Deinococcus-Thermus 1 Thermotogae 2 
Chlamydiae 95 Fibrobacteres 2 
Chlorobi 9 Planctomycetes 5 
Chloroflexi 19 Proteobacteria 411 
Deinococcus-Thermus 13 
Proteobacteria 2183 
Spirochaetes 81  

A. Masłowska-Górnicz et al.                                                                                                                                                                                                                  
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and the third base of the anticodon, and between the second base of the 
codon and the second base of the anticodon, only Watson-Crick pairing 
(guanine–cytosine and adenine–thymine) can happen. On the contrary, 
there is more flexibility on the pairing between the codon third base and 
the anticodon first base. Crick et al. [39], suggested that more than one 
codon may pair with a single anticodon of the cognate transfer RNA. 

The pairing at the wobble position is less precise than the pairing at 
the other two positions of the codon-anticodon duplex. The third base is 
always a major RNA base: adenine, guanine, uracil or cytosine, and each 
of them pairs with the first base of the anticodon which, may be guanine, 
uracil, cytosine or various minor RNA bases (i.e., modification of regular 
nitrogenous bases) [40–42]. 

The modified nucleosides found at the wobble base in orthologous 
tRNA species are often different in bacteria, eukarya and archaea 
[41–43]. 

Large scale genomic analysis has led to the identification of four 
main decoding strategies that are diversely used in bacteria, archaea and 
eukarya [44]. The decoding accuracy and translation efficacy depend on 
specific tRNA modification enzymes that transform the canonical nu-
cleotides of the precursor tRNA transcripts into chemically altered de-
rivatives with innovative structural and decoding potentialities [45,46]. 
Certain chemical modifications are present only in specific domains or 
follow specific taxonomic distributions [44,47]. Reconstruction of 
ancestral tRNA modifications across bacterial genomes has shown that 
most modifications were ancestral to eubacteria but lost in many line-
ages; those losses coincided with evolutionary shifts in non-target tRNA 
and were found to be driven by bias in genomic GC content and asso-
ciated codon use [48]. 

Large scale analyses, like the one here presented, are empowered by 
the increasing availability of high-quality data and bioinformatic tools 
solely relying on sequence data. Here, the OPTIMIZER algorithm 
allowed the use of RA and CAI to evaluate CUB. 

In the same way, the tool named stAIcalc [49,50] can be used to 
compute the tRNA adaptation index (tAI) [16] solely based on sequence 
information. The tAI provides an alternative measurement of CUB that 
explicitly incorporates the dynamics of tRNA and mRNA binding and 
could be especially relevant when complemented with tRNA detection 
tools that would further shed light on the association between tRNA, 
tRNA copy number and CUB. However, this link has been reported to be 
weaker in slower growing bacterial species and the predictive value of 
tRNAs and their copy number to predict CUB in these species appears to 
be limited [51–53] unless complemented with expression data [53] 
which prevents the application of this index at large scale. 

While codon usage can differ not only between organisms but also 
within different regions of a genome and even within a gene [54,55], it 
is known that a specific codon usage characterizes each bacterial species 
and that the majority of its genes shares such bias [55,56], implying that 
the genome, not the individual gene, is the unit of selection. Moreover, it 
has been suggested that codon bias in specialized categories of genes is a 
re-modulation of the distinctive codon bias of the species [57]. 

Bacterial genes undergo translational selection, and highly expressed 
genes use codons that are translated faster and/or more accurately by 
the ribosome [2,56]. The relative adaptation index captures this bias 
towards translational efficiency, and our results show that this is 
strongly associated with bacterial taxonomy (Figs. 4 and 5). 

Association between CUB and bacterial adaptation has been sug-
gested [58,59], and it has been shown that species with given pheno-
typic traits and living in similar environmental conditions have similar 
codon preferences [57]: this suggests an evolutionary convergence of 

(caption on next column) 

Fig. 5. Correlation of the mean CAI and GC content [%]. Each point on the plot 
is a different bacterial genome. Genomes are classified according the different 
usage of polymerase III alpha sub-units and show distinct GC content patterns. 
A) dnaE1 group (full-spectrum), dnaE2|dnaE1 group (high-GC), and polC| 
dnaE3 group (low-GC). 
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CUB and adaptation in groups of organisms sharing similar physiology 
and/or living in similar habitats. 

We observed Proteobacteria having very diverse CUB and RA profiles 
(Fig. 4), with the existence of many bacterial groups sharing very similar 
codon bias and RA characteristics. The existence of sub-groups within 
the six taxonomic classes reflects the great phenotypic variability 
observed in this phylum that includes, among others, pathogenic (like 
Escherichia, Salmonella, Vibrio) and free-living nitrogen-fixing bacteria 
[60]. This is also consistent with the observation that phenotypic traits, 
rather than phylogenetic relatedness, underlie the similarities in CUB 
between organisms [59]. 

Several processes have been suggested to contribute to the codon 
adaptation, like lateral gene transfer mechanisms which drive conver-
gence to environmental parameters (like pressure, salinity and temper-
ature) or driving adaptation to the abundance or lack of nutrients, or, in 
pathogens, driving the adaptation to the host through mechanisms 
developed to escape the host immune response [60]. 

In our analysis we observed a strong relationship between CAI and 
bacterial GC content (Fig. 5). The GC content of bacterial genomes 
ranges from 25% to 75% [61,62] and already in the 1960’s it was hy-
pothesized that the GC content could affect the protein AA sequence 
[62,63]. Several studies have shown that genomic GC content is corre-
lated with gene single base frequencies [64,38] as well with the fre-
quency of amino acids [62,65,66]. 

Codon usage and protein amino acid content have evolved inde-
pendently in different groups of bacteria. The use of amino acids enco-
ded by GC-rich codons increases by approximately 1% for each 10% 
increase in genomic GC content, suggesting that GC content is the pri-
mary determinant of the association between AA usage and codons. The 
AA usage patterns observed in bacterial genomes and the selection for 
translational efficiency of highly expressed genes are constrained by the 
genomic determinants associated with the GC content [66]. Similar base 
usage patterns at the three codon positions, codon usage patterns, and 
amino acid usage patterns have been observed in distant phylogenetic 
lineages sharing similar GC content, indicating that GC content results in 
similar codon bias regardless of phylogenetic lineages [67]. 

We found the association between CUB and GC content to be 
dependent on which dimeric combination of DNA polymerase III alpha 
sub-units the bacteria adopt. Bacterial genomes are classified into three 
groups with distinct GC content variation spectra: dnaE1 (full- 

spectrum), dnaE2|dnaE1 (high-GC), and polC|dnaE3 (low-GC) [18], and 
it has been suggested that DNA polymerase III alpha sub-units and their 
isoform may play a pivotal role in determining GC variability, while 
environmental or bacteriological factors, such as genome size, temper-
ature, oxygen requirement, and habitat, either play subsidiary roles or 
rely indirectly on different mutator genes to fine-tune the GC content 
[14]. 

Our results are fully consistent with this observation: distantly 
related bacteria belong to the same dnaE-based grouping, indicating 
similar GC variability, which in turn drives similar codon bias. We 
observed a positive correlation between codon adaptation and GC con-
tent in dnaE1|dnaE2 bacteria (including among other Actinobacteria 
and Proteobacteria), while negative correlation is observed for polC| 
dnaE bacteria (including Firmicutes, Fusobacteria and Thermotogae). 
This is consistent with the fact that phenotypic traits rather than 
phylogenetic relatedness underlie the similarities in the codon usage 
[14,68]. For instance, aerobe bacteria carry the GC-enriching polymer-
ase, while anaerobes carry the AT-enriching polymerases, an example of 
which can be found, for instance, among Proteobacteria. Moreover, 
within the three groups (dnaE1 (full-spectrum), dnaE2|dnaE1 (high- 
GC), and polC|dnaE3 (low-GC)), the GC content is found to correlate 
with optimal growth temperature [14], a phenotypic trait associated 
with differential codon usage [14,68,69]. Most terrestrial, plant- 
associated, and nitrogen-fixing bacteria are from dnaE1|dnaE2 group. 
In contrast, most pathogenic or symbiotic bacteria in insects, and those 
living in aquatic environments, belong to the dnaE1|polV group [14]. 

We showed that preferred codons are mainly in the domains (Fig. 6) 
and CAI values in the domains are significantly higher than between 
domains which is in line with the hypothesis that codon usage have an 
impact on translation speed [19,70], with translation faster in domains, 
because of the great number of preferred codons [71]. 

It is not clear, at this stage, if such large differences of CAI values in 
within/between proteins domain could be accounted by normalizing for 
the amount of disorder in the genome or in the protein sequence, 
considering, for instance, the ratio between the length of region pre-
dicted to be unstructured to the total gene or protein length. From a 
structural point of view, it has been shown that in eukaryotes [18] and 
fungi [72], the preferred codons are mostly used to encode α-helices and 
β-sheets regions while non-optimal codons codes for coiled-coli regions. 

Fig. 6. A) Correlation between mean CAI in gene regions coding for protein functional domains and mean CAI in region between domains for the 4868 bacterial 
genomes. Average is taken at the genome level. Each point on the graph represents one of 4868 bacterial genomes selected. B) Correlation between mean CAI in gene 
regions coding for protein functional domains and mean CAI in region between domains for 7 randomly selected bacterial genomes. 
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