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Abstract

In the work presented, the changes in codon and amino acid contents have been studied as a function of environmental conditions by comparing pairs
of homologs in a group of extremophilic/non-extremophilic genomes. Our results obtained based on such analysis highlights a number of notable
observations: (i) the overall preference of amino acid usages in the proteins of a given organism is significantly affected bymajor environmental factors.
The changes in amino acid preferences (amino acid usage profiles) in an extremophile compared to its non-extremophile relative recurs in the organisms
of similar extreme habitats. (ii) On the other hand, changes in codon usage preferences in these extremophilic/non-extremophilic pairs, lack such
persistency not only in different genome-pairs but also in the individual genes of a specific pair. (iii) We have noted a correlation between cellular
function and codon usage profiles of the genes in the studied pairs. (iv) Based on this correlation, we could obtain a decent prediction of cellular functions
solely based on codon usage profile data. (v) Comparisons made between two sets of randomly generated genomes suggest that different patterns of
codon usage changes in genes of different functional categories result in a partial resistance towards the changes in the concentration of a given amino
acid. This buffering capacity might explain the observed differences in codon usage trends in genes of different functions. In the end, we suggest codon
usage and amino acid profiles as powerful tools that can be utilized to improve function predictions and genome-environment mappings.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Many reported attempts for finding regulatory and functional
regions in genomicDNAof the fully sequenced organisms conveys
the message that “genomes are not simply a collection of coding
sequences” (Tavazoie et al., 1999; Segal et al., 2003; Cliften et al.,
2003; Beer and Tavazoie, 2004). In order to fully comprehend a
genome, all the aspects upon which the natural selection might be
acting should be identified and studied: gene locations, gene
expressions, base compositions, repeated sequences and other yet
unknown characteristics (Duret, 2002). Different organisms show
different preferences for synonymous codons. The frequency of a
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codon is not simply the frequency of its corresponding amino acid
divided by the number of its codons (Grantham et al., 1980, 1981).
The cause of such variations in codon usages is largely debated
among the researchers of this field; yet, themajor hypotheses can be
categorized into three points of view:

i. Mutation bias: a mutation bias towards GC or AT might
drastically change the frequency of the commonly used
synonymous codons in a genome (Sueoka, 1988; Knight
et al., 2001).

ii. Translation efficiency: codon usage biases might match
the tRNA abundances to maximize speed and efficiency
at the level of translation (Ikemura, 1981, 1985; Sorensen
et al., 1989; Bulmer, 1991; Akashi, 1994).

iii. Load minimization: codon usage preferences might be
based on an error-minimizing selection at the protein level
as similar amino acids result in a similar conformation and
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mutations in some codons are relatively less deleterious
compared to others (Modiano et al., 1981; Ofria et al.,
2003; Archetti, 2004; Najafabadi et al., 2005).

Principally, all the three hypothesesmay be important in shaping
the codon usage preferences that we observe in different organisms.
In this work, we are chiefly interested in studying the evolutionary
changes in the amino acid and codon usage preferences, mainly as a
function of environmental factors (e.g. temperature and pH). To this
end, phylogenetically related extremophilic/non-extremophilic
pairs of organisms with fully sequenced genomes were chosen
for characterizing differences in the codon and amino acid usages in
both the individual genes and the genomes as awhole.Our goalwas
to find common trends towards a certain pattern of amino acid and
codon usage changes that could be associated with a particular
environment. In this study, we have defined profiles as the ratio of
the frequency of a given amino acid or codon in an extremophile
compared to its non-extremophile counterpart. Amino acid profiles
(i.e. changes in amino acid usages as we go from a non-
extremophilic genome to its extremophilic relative) show similar
patterns for the comparisons of species in the same environments;
whereas, codon usage profiles differ for each genome-pair. Besides,
codon usage profiles show drastic variations among the genes of a
single study as well; however, a significant overlap between the
genes' cellular functions and their codon usage profiles has been
noted in our results. Subsequently, we have shown that these
patterns in codon usage changes are quite informative and might
even be used to crudely predict functions. This functional
enrichment (i.e. high frequency of a given function in the collection
of genes with similar codon usage profiles) could not be addressed
through prior models. Consequently, we have proposed a model at
the level of translation efficiency which is based on a buffering
capacity towards sudden changes in amino acid availabilities. This
model can be speculated as a possible evolutionary drive for the
appearance of such a correlation between codon usage and function
in the genes of an organism.

In general, a daily increase in the number of available sequenced
genomes calls for a need to find simple and informative
characteristics based on which these genomes can be analyzed
and compared. In this work, we have noted the potential usage of
amino acid and codon usage profiles as tools for genome analyses.
Defined as changes in the amino acid content of homologous genes
in different genomes, amino acid usage profiles can aid us to
identify the late-stage environments in which different genes have
evolved. On the other hand, codon usage profiles seem promising
as informative data for a crude prediction (although not too
impressive on its own) of functions in the sequenced genes.

2. Methods

2.1. Building amino acid usage and codon usage profiles

For each of the extremophilic/non-extremophilic organism-
pairs, the following stepswere performed in order to build profiles:

1. Each gene in the extremophilic organism was compared to
all the genes in the non-extremophilic one in search of a
“best hit” and vice versa. The alignments were done using
the bl2seq 2.2.14 which comes with the BLAST package
(ftp://ftp.ncbi.nlm.nih.gov/blast/executables/LATEST/blast-
2.2.15-ia32-linux.tar.gz). The reciprocal “best hits” with E-
values greater than 10−4 were omitted from this study.

2. The frequency of each amino acid or codon was calculated
for each of the genes and their homologs.

3. The following equations were used for building the profiles:

Mðg; gV; aÞ ¼ log
f g; að Þ
f gV; að Þ ð1Þ

where M is the propensity score of amino acid a in gene g
(i.e. the extremophile gene) compared to its homolog g′ (in
the non-extremophile). f returns the frequency of amino acid
a in the corresponding gene.

M g; gV; cð Þ ¼ log
f g; cð Þ
f gV; cð Þ ð2Þ

where f returns the frequency of codon c for each gene and
its homolog.
The result would be a 1×20 matrix of amino acid propensity
scores and a 1×64 matrix of codon usage propensity scores
for every gene that we call “profiles”.

4. The same equations were used to build total amino acid and
codon usage profiles for the whole genomes (Fig. 1; Table S1
and S2 in supplementary materials).

5. Regression analysis was performed on the amino acid usage
profiles of comparable genomes to study the consistency of
amino acid usages in different environmental conditions
(Table 2). The corresponding p-values are also reported in
Table 2. The same analysis performed on codon usage
profiles showed insignificant correlations (data not shows).

2.2. Measuring the genetic robustness in the genomes

Codon robustness is calculated by the mean dissimilarity
(MD) between the amino acid coded by each codon and its
possible mutants as in Archetti (2004) using a matrix based on
chemical similarity (McLachlan, 1971). We assume no
transition/transversion bias and either no CG/AT mutation
bias (c=1) or a CG/ATmutation bias calculated according to the
percent content (PCG) of C and G in the genome: (c=100/PCG-
1; this is, therefore, the value expected if the observed codon
usage bias was due entirely to mutation bias, not a true,
measured mutation bias). This allows to measure genetic
robustness under the two extreme assumptions that mutation
bias does not affect at all, or is completely responsible for,
codon usage bias. The similarity score of each amino acid with
the termination signal is set to −10 (while the other similarity
scores in McLachlan's matrix vary between 0 and 9) and
multiple generations (10) are allowed as in Archetti (2004).

The level of genetic robustness (wRN — Archetti, 2004,
2006) of a coding sequence is measured by the mean, weighted
(proportional to the frequency of the corresponding amino acid)
value of the correlations between the MD values and the
corresponding codon frequencies for each of the N synonymous
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Fig. 1. The heat-plots for (A) amino acid usage profiles and (B) codon usage profiles calculated from the pairs of the organisms printed to the right of each row. The red
color represents high propensity; whereas, the blue color shows a lower one.
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codon families in the coding sequence (for the standard code
with no transition/transversion bias and multiple mutations,
usually N=18 if c≠1, while N=12 if c=1). The lower the
value the higher the degree of error minimization. A robust
codon usage will be one with a low wRN.

2.3. Clustering codon usage profiles and functional category
enrichment

The “k-means” method was used to cluster the codon usage
profiles. The clustering was done using the k-means function in
the software R (version 2.4.0) where the number of clusters was
fixed at 50 except for T. acidophilum/M. kandleri. Due to a
fewer number of homologous pairs, the genes were clustered
into 20 groups for this genome-pair (Table 1).

The functional category for each gene-pair was determined
from the COG list provided at http://www.ncbi.nlm.nih.gov/
COG. Subsequently, for each genome the functions were
permutated across all the genes randomly for 106 iterations and
the frequency by which each cluster showed a higher number of
genes for a particular function compared to its real status was
recorded. The frequencies below 0.05 were deemed to show an
enrichment of a particular function in the corresponding clusters
(Table S3, supplementary materials). Note that genes without
known functions were omitted in both this step and the next
ones.

2.4. Designing a neural network for function prediction

“Perceptron” is a type of artificial neural network which is
commonly used as a classifier. First introduced by Rosenblatt
(1958), perceptrons have played a major role in training-testing
experiments. Explaining the details of these networks are
beyond the scope of this paper; however, a basic knowledge of
the matter can be obtained from general texts on “artificial
neural networks” (e.g. see Abdi, 1994). In this study, a three
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Table 1
The whole-genome sequence of these pairs of organisms were used to obtain the results reported in this study

Extremophile Non-extremophile Kingdom

Alkaliphilic Bacillus clausii KSM-K16 Bacillus subtilis Bacteria
Bacillus halodurans Bacillus subtilis Bacteria

Acidophilic Lactobacillus acidophilus NCFM Lactobacillus sakei Bacteria
Thermoplasma acidophilum DSM 1728 Methanopyrus kandleri AV19 Archaea

Psychrophilic Pseudoalteromonas haloplanktis TAC125 Pseudoalteromonas atlantica T6c Bacteria
Colwellia psychrerythraea 34H Saccharophagus degradans 2–40 Bacteria

Thermophilic Methanocaldococcus jannaschii DSM2661 Methanococcus maripaludis S2 Archaea
Streptococcus thermophilus CNRZ1066 Streptococcus agalactiae A909 Bacteria

Barophilic Pyrococcus abyssi GE5 Pyrococcus furiosus DSM 3638 Archaea

The sequences were downloaded from http://www.ncbi.nlm.nih.
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layer “perceptron” was designed to test the efficiency of codon
usage profiles in reflecting the functional category of a given
gene. This neural network contained the following layers:

1. 64 neurons in the input layer where each one represents the
propensity of a single codon.

2. 8 neurons in a hidden layer. This number was chosen as a
trade-off point between speed and learning optimality.

3. 23 neurons in the output layer where each one represents a
functional category (Supplementary material, Table S4).
Fig. 2. Codon usage profiles for every gene in the genome of B. clausii obtained as a
The columns represent each codon and each row is a gene in B. clausii compared to
The chosen output function for all the neurons was “tangent
sigmoid” ranging from −1 to 1. We used the one-step secant
backpropagation method for training this neural network with the
training data. We divided the profiles into five groups randomly:

1. One group was set aside for validation to make sure that the
neural network would not end up over-fitting the data. The
training is continued as long as the error is reducing in this
group; otherwise, the training process is stopped and the final
neural network is reported.
comparison between B. clausii and B. subtilis as detailed in the Methods section.
its homolog in B. subtilis.

http://www.ncbi.nlm.nih


Table 2
R-values and their corresponding p-values calculated from regression analysis
between amino acid usage profiles of different genome-pairs

A B C D

A 1 (0.000)
B 0.79 (4×10−5) 1 (0.000)
C −0.65 (0.002) −0.54 (0.013) 1 (0.000)
D −0.75 (1×10−4) −0.64 (0.003) 0.56 (0.011) 1 (0.000)

E F G H

E 1 (0.000)
F 0.34 (0.111) 1 (0.000)
G −0.07 (0.765) −0.37 (0.109) 1 (0.000)
H −0.38 (0.101) −0.48 (0.031) 0.68 (9×10−4) 1 (0.000)

The top table contains the alkaliphilc and acidophilic pairs; whereas, the
thermophilic and psychrophilic pairs are tabulated in the bottom table: (A) B.
clausii/B. subtilis, (B)B. halodurans/B. subtilis, (C)T. acidophilum/M. kandleri, (D)
L. acidophilus/L. sakei, (E) M. jannaschii/M. maripaludis, (F) S. thermophilus/S.
agalactiae, (G) P. haloplanktis/P. atlantica, (H) C. psycherythraea/S. degradans.
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2. Of the four remaining groups, three are used for training
while the fourth one is set aside for testing. The training-
testing is performed 4 times changing these groups (Table 3).

2.5. Modeling robustness towards amino acid starvation

The results reported in Fig. 5 are obtained using the
following simulation:

1. Protein products from each pair of genes (i.e. from B.
clausii/B. subtilis genomes) were globally aligned using
the Needleman–Wunsch algorithm.

2. The resulting alignments were used to generate random
genes. The goal is to start from B. subtilis and build genes
that are similar to those of B. clausii. Each protein from
B. subtilis is read through and changed according to the
state of alignment in each position:
a. Match: The same amino acid is put in the random

protein; a codon is chosen randomly according to the
defined codon usage probabilities.

b. Mismatch: The amino acid in B. clausii's protein is
chosen and again a codon is assigned randomly.

c. Gap in B. clausii's protein: An amino acid is chosen for
this position randomly but the probabilities are set in a
way that the overall amino acid usage matches that of
B. clausii. Again a codon is assigned to the amino acid.

d. Gap in B. subtilis's protein: These positions are omitted.
3. The randomizing method in step 2 is used for generating two

sets of randomgenes each containing 103 random sequences:
a. Uniform random genes: The probability by which a

codon is assigned to an amino acid matches the total
codon frequencies in B. clausii's genome.

b. Directed random genes: Codon assignment probabilities
are calculated for each functional category, respectively.
Consequently, the probabilities by which a codon is
selected for a position is different for each functional
category and equals the frequency of the codons in the
genes of that particular function in B. clausii.
4. The expression level of a gene is loosely correlated with
the availability of the tRNAs translating its codons
(Akashi, 1994; Ikemura, 1985; Najafabadi et al., 2005).
All the genes are scored according to their tRNA content
optimality as a measure of their expression:

ScoreðgÞ ¼
X tRNA c; að Þ

tRNA max; að Þ =length gð Þ ð3Þ

where length(g) is the number of codons in g and tRNA()
returns the copy number of the tRNA recognizing codon
c which code for amino acid a in B. clausii. tRNA(max,
a) returns the copy number of the most frequent tRNA
for amino acid a. In other words, we have considered the
tRNA copy numbers as a measure of tRNA concentration
and the tRNA concentration as a determining factor in
gene expression. Note that codons ending in U/C are
treated as one codon (48 codon boxes); thus, the number
of cognate tRNAs for NNU and NNC are the same for
every N and equal the sum of tRNAs for either of these
codons (Ronneberg et al., 2000).

5. Genes are ranked according to their tRNA availability score
(step 4) and the expression of the genewith the lowest score is
set to “1” while the expression level for other genes is scaled
accordingly. In each iteration of the simulation, genes are
translated asmany times as their “calculated” expression level.

6. We assign a maximum number of molecules to every
amino acid which is in excess to the number needed to
translate all the genes. Then, a specific amino acid is
chosen (e.g. Leu) and we start the simulation by changing
the concentration of this specific amino acid.

7. We bind the amino acid molecules to tRNAs with direct
proportionality to the tRNA copy number of the codons of
that amino acid. For example, if a tRNA copy number is 5
and the other one is 1, Leu-tRNA1 would be 5 times more
abundant compared to Leu-tRNA2.

8. Then we translate genes in a random order. We literally
subtract one amino acyl-tRNA from the pool as it is used
to make a protein. If the simulated ribosome does not find
the required tRNA, it stalls. If more than half of the
expression level of a gene is flagged as “stalled”, we then
count the gene as defective. For example, if a certain gene
should be translated 6 times but only 2 of the translated
proteins are complete, we label the gene as being “off”.

9. Now, if more than 10% of the genes of a particular
function are reported “off”, that function is considered to
be inactive. The number of active functions are then
reported as a function of amino acid availability (f), where
f is defined as the percentage of maximum number of a
molecules that are taken away after each iteration.

10. Then, increase f and go to step 5 for another iteration.

3. Results

3.1. Amino acid usage and codon usage profiles

For every gene in the handpicked extremophilic organisms a
homolog was searched in its non-extremophilic counterpart



Fig. 3. Comparing the genetic robustness of the extremophilic and non-extremophilic pairs. No mutation biases have been used to calculate these scores. Including
extreme mutation biases results in a similar figure which is provided in Fig. S1 of the supplementary materials.
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(Table 1). These pairs of homologs were used in this study as we
are interested in comparing the codon usage and amino acid
changes in the genomes of two relatively close organisms. The
frequency of amino acids and codons in these genome-pairs were
used to construct “amino acid usage” and “codon usage” profiles
based on a propensity score (as explained in Section 2.1). These
profiles are illustrated as heat-maps in Figs. 1 and 2 where a red
box represents a higher propensity and a blue box shows a lower
one (for numerical values of these amino acid and codon usage
propensities see supplementary material Tables S1 and S2). Fig. 1



Fig. 4. Functional enrichment in profile clusters: every matrix shows the clustering event for one of the codon usage profiles from the organism-pairs. The rows
represent the clusters (50 for all genomes except T. acidophilum/M. kandleri which is 20 due to lower number of homologous genes). The columns represent major
cellular functions from translation genes up to secondary metabolites biosynthesis, transport and catabolism genes. A black element (i, j) shows an enrichment of the
jth function in the ith gene cluster. The enrichment is determined by empirical p-values b0.05. The calculation are also done for B. subtilis/M. maripaludis as a control.
In these matrices functional categories 7, 12 and 13 are not present (see Table S4 in supplementary materials).
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shows the overall amino acid usage and codon usage profiles
calculated for the given genome-pairs while Fig. 2 shows codon
usage profiles for the individual genes ofB. subtilis/B. clausii pair
(illustrated as an example).

Amino acid usage profiles of the genome-pairs were grouped
based on their extreme environment where alkaliphilic and
acidophilic genome-pairs were grouped together and thermo-
philic and psychrophilic pairs were put together. In each of these
groups, regression analysis was performed on the calculated
amino acid usage profiles in order to show that amino acid
usage changes show positive correlations in genome-pairs of
similar environments and negative correlations in case of
contrasting environments. Table 2 contains the R-values for the
calculated amino acid usage profiles within each of these groups



Table 3
The frequency of correct answers resulted from testing the neural networks described in the text

A B C D E F G H

Correct % (highest output) 1st training set 15.7 15.1 16.6 16.1 16.5 15.9 17.6 15.4
2nd training set 18.1 14.9 16.1 16.3 16.1 15.4 17.4 14.9
3rd training set 16.9 15.8 16.5 16.8 16.1 15.4 16.9 15.9
4th training set 18.1 15.1 15.4 16.1 17.4 16.7 17.3 15.5

Correct % (top three outputs) 1st training set 33.8 32.8 34.3 28.6 29.4 28.7 30.1 31.8
2nd training set 30.1 28.0 31.9 28.9 28.1 29.1 30.8 31.4
3rd training set 31.9 28.8 30.4 30.9 28.6 31.9 29.9 28.1
4th training set 31.4 28.2 28.6 28.0 28.6 28.4 30.0 28.0

The first 4 rows correspond to the results where the highest scoring output is the correct one; whereas, the second 4 rows show the frequency by which the correct group
is among the top three high scoring outputs. The profiles are from: (A) B. clausii (B) B. halodurans (C) T. acidophilum (D) L. acidophilus (E) M. jannaschii (F) S.
thermophilus (G) P. haloplanktis (H) C. psychrerythraea (I) P. abyssi.

Table 4
Comparing the translation robustness of the uniform and directed random genes
for four selected amino acids

Random m and m′ Linear equations R2

Leu Uniform −5750 y=−5750x+68.5 0.9944
Directed −3000 y=−3000x+47.2 0.9923
m/m' 1.92

Thr Uniform −5750 y=−5750x+79.667 0.9845
Directed −3050 y=−3050x+52.9 0.972
m/m′ 1.88

Ile Uniform −7700 y=−7700x+116.7 0.9792
Directed −4214.3 y=−4214.3x+74.786 0.9887
m/m′ 1.83

Asn Uniform −11500 y=−11500x+160.5 0.9944
Directed −7700 y=−7700x+116.7 0.9792
m/m′ 1.49

Linear equations are the best lines fitted to the points from the last point with 23
functions to the first point with 0 functions in graphs of Fig. 5.m/m′ is a measure
of differences between these two lines. Generally, directed random genes show a
higher robustness towards amino acid depletion. This effect is more evident in
case of the amino acids with higher degeneracy.
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along with the corresponding p-values. These correlation
coefficients show the general consistency of amino acid
propensities: for example, T. acidophilum/M. kandleri (an
acidophilic/non-acidophilic pair) shows a significant positive
R-value of 0.56 with L. acidophilus/L. sakei (another acido-
philic/non-acidophilic pair); whereas, it shows significant
negative R-values with B. clausii/B. subtilis and B. halodur-
ans/B. subtilis pairs that are both alikaphilic/non-alikaphilic
pairs.

Unlike amino acid usages, the calculated correlation
coefficients are not significant for codon usage profiles in
genomes sharing similar or contrasting environmental condi-
tions. As debated in prior studies, codon usages are largely
affected by mutation biases (Knight et al., 2001); yet, we have
tried to minimize this effect by choosing genome-pairs of
similar GC contents. On the other hand, selection on codon
usage for error minimization at the protein level has been
proposed to be partly responsible for shaping the observed
preferences (Archetti, 2006). In order to ascertain whether the
codon usage changes are direct products of a dissimilar
selectional pressure at the protein level, we have compared
the genetic robustness of the chosen genomes regarding their
buffering capacity obtained through the higher frequency of a
more robust set of codons (Archetti, 2004, 2006). Fig. 3 shows
the results for these comparisons and based on the reported p-
values the pairs used in this analysis do not differ significantly
in their genetic robustness (at the significance level of 10%),
except for the T. acidophilum/M. kandleri pair (Fig. S1 in
supplementary materials show the same calculation when
considering mutation biases).

3.2. Clustering genes based on their codon usage profiles

Fig. 2 shows a collection of codon usage profiles for all the
genes in B. clausii/B. subtilis pair. The same collection was built
for all the other organism-pairs and the resulting profiles were
clustered in order to find the genes with similar patterns.
Subsequently, each cluster was analyzed for functional
enrichment through calculating the frequency by which a
certain function is assigned to the genes of these clusters.
Significantly, many clusters in all the genomes show enrichment
in only one (or two) functional category. In order to check
whether the results are limited to extremophilic genomes, we
used non-extremophilic/non-extremophilic pairs as controls
(e.g. B. subtilis/M. maripaludis). Repeating the calculations for
the control pairs revealed a significantly less enrichment in
cellular functions (average p-value of 0.03 calculated from t-
tests for each functional category); while, several major
functions show no particular enrichment in the obtained
clusters. In case of extremophilic/non-extremophilic pairs,
almost all of the functions show enrichment in at least one
cluster. For these pairs, the completely blank columns in Fig. 4
mostly denote lack of any gene for that particular function and
not necessarily poor enrichment (for an example of these
enrichments see Table S3 and for functional categories see
Table S4). As another control for every genome-pair, genes
were also assigned randomly to clusters while keeping the
number of genes in every cluster fixed; as expected, no
significant enrichment in functional categories was observed
(data not shown).

3.3. Designing a neural network for function prediction using
codon usage profiles

In the next step, we reversed the clustering-enrichment
method: testing whether the codon usage profile data alone



Fig. 5. In the above graphs, we had applied the amino acid restricting simulation to each of the mentioned amino acids in B. clausii. We have chosen amino acids with
different degeneracies (Leu=6, Thr=4, Ile=3 and Asn=2). The data has not been shown for other amino acids and other organisms; yet, the same pattern applies to the
others as well. Uniform and directed randomly generated genomes are compared the average of which is plotted in the graph and the maximum and minimum values at
each point are represented as error bars. 1-f is the frequency of the chosen amino acid (f being the reduction ratio) and for each 1-f the number of functions that are
labeled “on” are plotted.
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would help us predict the functional category of each gene. To
this end, we designed a three layer neural network (64 inputs,
8 hidden and 23 outputs) to be trained and tested by the codon
usage profiles as inputs and the functional categories as the
corresponding outputs. The available profiles for each
organism were randomly divided into 5 groups, one of which
was used for network generalization, and the other four were
alternately used for training and testing (each time, three groups
were used for training and the fourth one for testing). The
results are tabulated in Table 3: (i) for each testing set, the
highest output was considered as the predicted function and the
network was capable of giving the correct answer for 17%
(roughly) of the test inputs. (ii) Alternatively, we also accepted
the three highest output values instead of one; in this case,
about 30% of the correct answers were among the top three
outputs. Randomly assigning functions to each profile would
predict about 8% of the functions correctly. Table S6 in the
supplementary material contains the percent correct outputs for
each functional category individually compared to a random
assignment of functions.
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3.4. Codon usage changes vs. the availability of amino acids

So far, we have shown that total codon usage changes of an
organism are not a perfect indicator of codon usage changes in
each gene, individually. As it can be seen in Fig. 2 and also from
the cluster-function correlations, the differences in the codon
usage changes in each gene are quite informative. Translation is
the main machinery affected by the changes in codon usage
preferences and most probably the observed patterns in codon
usage profiles of the genes with similar function affects this
process. Thus, we have simulated the translation process to study
a possible factor that might contribute to the presence of such
differences in codon usage profiles. To this end, each gene from
B. clausii was aligned to its homolog in B. subtilis using the
Needleman-Wunsch algorithm. Our objective was to start fromB.
subtilis's codon usage bias and reach that of B. cluasii. Using
every gene from B. subtilis, two sets of random genes were
generated each consisting 103 random sequences (see Section 2.5
for details): in the first set all the changes in codons were based on
the same probabilities for all the genes (uniform set); however, in
the second set, probabilities of codon usage changes were
different for each functional category (directed set). Subsequently,
we have compared these two sets of random genes based on the
amino acid needs of the translation machinery; the frequency of a
chosen amino acid is decreased in each run of the simulationwhile
keeping the concentration of the others fixed. The genes are
translated in a random order and as soon as the repertoire of the
limiting amino acyl-tRNAs are emptied, all the untranslated genes
containing these specific codons are marked “off”. Fig. 5 shows a
gradual decrease in the concentration of a specific amino acid and
the resulting effects on translational efficacy in both sets. The y
axis in these graphs show the number of cellular functions that are
still “on” (more than 90% of their genes are translated); while, the
x axis shows 1-f which generally represents a decrease in the
concentration of an amino acid. Here, we have shown the results
of this simulation for amino acids Leu, Thr, Ile and Asn (ranked
based on their degeneracy); yet, these results generally hold for
other amino acids (data not shown). Each graph in Fig. 5 contains
the data for the uniform random genes and the directed ones (error
bars indicate the maximum and minimum values). The highly
degenerate amino acids (6 and 4) in the directed set show a
significant robustness compared to the uniform set which is most
probably due to a distinct preferential usage of codons in genes of
different functional categories (see Table 4). In case of Trp which
has a single codon, both sets of genomes show identical results as
expected (data not shown).

4. Discussion

4.1. Amino acid usages in different environments

The differences in the total amino acid usage profiles of the
organisms in the alkaliphilic and acidophilic environments are
caused mostly by a limited number of amino acids:

1. In the studied acidophiles, we have a significant over-usage
of Lys at the expense of lowering the frequency of other
amino acids, an important example of which is Glu.
Interestingly, the frequency of amino acids in these
organisms (f(a)) is notably correlated with the number of
codons attributed to each amino acid. In other words, n(a)/61
is a strong indicator of f(a) in these organisms (for details
and discussion see Di Giulio (2005b)). Furthermore, the sum
of propensities of basic amino acids (i.e. Arg, Lys and His)
equals 0.0851; whereas, the same value for acidic amino
acids (Asp and Glu) is −0.1253. These values suggest a net
increase in basic amino acids and a notable decrease in acidic
amino acids in the acidophilic genomes.

2. The alkaliphilic genomes, on the other hand, show the
highest deviation from the n(a)/61 rule compared to other
genomes in this study (data not shown). Moreover, the total
propensity for basic amino acids is −0.02919 and for acidic
amino acids is 0.0034; which shows an opposite trend
compared to the values obtained from acidphilic organisms.

In transition from neutral to low pH, we expect to see an
increase in the basic amino acids and a decrease in the acidic
ones which is consistent with our results. The opposite also
holds for a transfer from neutral to high pH. Besides, it is a
known fact that the number of codons shows a significantly
high negative correlation with molecular weight and a positive
correlation with the isoelectric points of the amino acids. In
other words, the number of codons is relatively higher for basic
amino acids (Di Giulio, 2005b). This observation explains the f
(a) to n(a)/61 correlation observed in acidophiles which is
absent in alkaliphiles. This particular result is thought to be
rooted from a late-stage evolution of the genetic code in acidic
environments (Di Giulio, 2005b).

Amino acid usage profiles for thermophilic and psychrophilic
genomes suggest an increase in the usage of bulky amino acids.
However, this correlation is not perfect and the matter is
extremely complicated: there is a positive correlation between
amino acid thermophilicity and amino acid size and there is a
positive correlation between amino acid thermophilicity and
codon number; whereas, the negative correlation between codon
number and amino acid size changes the whole concept
(Hasegawa and Miyata, 1980; Di Giulio, 1989). As it seems
that no simple property of amino acids might alone explain the
thermophilicity and the thermal stability of the proteins; however,
our results for different organisms is quite consistent. The
negative correlation between the psychrophilic and thermophilic
genomes further highlights this persistency (Di Giulio, 2003).

The barophilicity index of amino acids and their relationship
to the origin of the genetic code has been established quite
exhaustively through a number of studies (e.g. Di Giulio, 2005a).
Although our method is partly different, our amino acid ranking
shows a positive correlation (R-value=0.4 and p-value=0.07)
with the barophily index reported by Di Giulio (2005a). The
same correlation exists between f(a) in P. abyssi and codon
number which supports the hypothesis that the genetic code has
experienced its evolution in a pressurized environment (most
likely the depth of the oceans).

It has been previously discussed that the GC content appears
to be the most dominant factor in determining the amino acid



40 H. Goodarzi et al. / Gene 407 (2008) 30–41
composition of the genes, while other factors such as
environmental parameters are reported to be of lesser
importance (Kreil and Ouzounis, 2001). In this study, however,
we have searched for a more environment-based measurement
by including two conditions in our method: (i) Studying relative
amino acid frequencies (i.e. comparing one genome to another)
rather than using the absolute frequencies themselves and (ii)
Trying to choose pairs of organisms with low differences in GC
content. Our results show that changes in the frequency of the
amino acids in the proteins are largely affected by the natural
inhabitat of the organisms; in other words, organisms in similar
environments show a bias towards similar amino acids
compared to a relative from a different environment. This
observation depicts the environmental conditions as strong
driving pressures in the evolution of proteins.

4.2. Codon usage profiles

Unlike the amino acid usage profiles, the codon usage
profiles lack the consistency of the kind reported in Table 2; in
other words, organisms of a comparable habitat do not
necessarily show similar codon usage profiles. Apparently,
codon usages are largely affected by factors other than
environmental conditions. Changes in codon usage profiles
might be attributed to several parameters:

1. Mutation biases: although we have tried to minimize the
effect of this parameter by choosing organisms with similar
GC contents in our comparisons, the GC contents are not
identical and this factor may not be excluded from the list of
affecting parameters (see Table S5 in the supplementary
materials for the GC content data of the organisms).

2. Amino acid preferences: As discussed in the previous
section, organisms choose their amino acid content as a
function of environmental parameters like tempretaure, pH
or pressure. However, it is well established that these amino
acid preferences are not the sole factor determining the
codon usage changes because hardly ever all the codons of a
degenerate amino acid show a similar increase or decrease in
frequency.

3. Genetic robustness: the observed changes might be due to
changes in the selective value of genetic robustness and load
minimization in different environments. For example, higher
temperature might increase the rate of translational error and
consequently demand a higher genetic robustness. However,
our results vote against this factor based upon the fact that
among all the pairs tested, only the T. acidophilum/M.
kandleri pair shows a significant change in genetic
robustness. It should be noted that this pair is also the only
one with a notable difference in GC content.

The collection of the above-mentioned parameters might or
might not explain the total codon usage preferences in one
organism compared to the other; in any case, this pattern is far
from consistent throughout the genome. Genes are a collection
of different codon usage changes, each showing a different
pattern in a detailed codon usage profile of the type shown in
Fig. 2. Differences in codon usage biases have been noted
previously and are even suggested to be a level of translational
regulation (e.g. Najafabadi et al., 2006; Hinnebusch and
Natarajan, 2002). However, many genes show similar codon
usage profiles in comparison to others. Clustering of genes
according to their codon usage profiles suggest the existence of
an enrichment in general functional categories. In other words,
the changes in codon usages are more or less uniform in the
genes sharing a common cellular function. This observation has
been further underscored through our function prediction
analysis based on the codon usage profiles. It should be
emphasized that codon usage profiles are not simply the
frequency of each codon in a gene; it is a comparison between
two homologous genes. Thus, it is the changes in codon usages
that are informative, not the absolute value of them per se.

4.3. Changes in codon usages: an encoded robustness

So far we have observed a significant enrichment in the
“codon usage profile” clusters and cellular functions. Even the
B. subtilis/M. maripaludis control that are both non-extremo-
philic show a limited enrichment in a number of major
functions. Based on these data, one should figure out a certain
process in which these groupings in functional categories would
impose a higher fitness compared to random uniform genomes.
First of all, we generated a random genome of B. subtilis and B.
clausii where each codon is assigned with the probability equal
with its frequency in the genome. As expected, clustering codon
usage profiles for these two random genomes revealed no
apparent enrichment for cellular functions (data not shown). In
the next step, we tried to account for the presence of this
enrichment in real genomes by simulating the translation of
these genes. The goal of this simulation was to limit the
availability of a certain amino acid and record the order in which
different functional categories collapse in two sets of random
genomes. We chose 10% as an arbitrarily chosen threshold to
represent the cut-off between an inactive and active cellular
function (note that other thresholds do not change the results
significantly). This simulation which is further elaborated in the
Methods section is an overly simplified model of “translation
machinery” due to several reasons:

1. Regulation could not be taken into consideration and all the
genes in the genome were translated.

2. tRNA usage optimality of a gene which we have used to
predict the expression level is a poor indicator of gene
expression.

3. A shortage of one amino acid is hardly possible without
changing the concentration of other amino acids as well.

4. Drastic changes of the type we have applied in the
concentration of amino acids in the normal living of a cell
is not expected; however, limited variations due to external
or internal factors seem plausible.

In spite of these apparent shortcomings, this simulation
seems to serve our purpose. As it is shown in Fig. 5, the directed
random genes show a buffering capacity in maintaining cellular
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function during the depletion of a certain amino acid;
presumably, due to an uneven distribution of resources among
different functions and thus minimizing a possible inter-
functional competition for amino acyl-tRNA resources. This
effect is more apparent in case of highly degenerate codons (i.e.
Leu, Arg and Ser) and it diminishes towards the codons with
low degeneracy. The functional enrichment in codon usage
profile clusters might be a direct result of this encoded
robustness in the body of real genes throughout evolution.

5. Conclusion

Based on our results, amino acid and codon usage profiles
can be used as effective tools in genome analysis methods. The
amino acid usage profile of a gene is a reflection of the
environment in which its protein has evolved. Thus, these
profiles might be used as a gene-environment mapping tool to
track horizontal and vertical transfer of genes through different
environments especially in case of prokaryotes in which the
frequency of the former is more significant. Codon usage
profiles, on the other hand, seem especially useful for general
functional prediction in the fully sequenced genomes that lack
the fundamental data required for functional annotations (e.g.
gene expression data or protein–protein interaction data). If
used alongside “cluster of homologous genes”, codon usage
profiles might increase the sensitivity of this method in
assigning cellular functions to unknown genes.
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