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Chapter 7

Why Proteins Evolve 
at Different Rates: The 

Determinants of Proteins’ 
Rates of Evolution

David Alvarez-Ponce

7.1 Introduction

Proteins undergo changes in their amino acid sequences 
over evolutionary time, as a result of the accumulation 
of nonsynonymous mutations in their encoding genes. 
Genes and proteins act as “molecular clocks”, accumulating 
changes at a relatively constant rate, as mutations occur with 
a certain probability each time a nucleotide is replicated. 
From the very beginning of molecular evolution studies, 
it became apparent that different proteins evolve at 
very different rates, each evolving according to its own 
“molecular clock”. For instance, in their early studies 
Zuckerkandl and Pauling (1965) already noted that the 
high rate of evolution of hemoglobin was “spectacularly 
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at variance” with the high degree of conservation of 
cytochrome c. The subsequent accumulation of molecular 
data for other proteins revealed a huge diversity in proteins’ 
rates of evolution. For instance, using DNA sequence data 
from 36 genes in different mammalian species, Li et al. 
(1985) observed that the gene encoding interferon γ had 
accumulated nonsynonymous mutations at a rate that was 
~700-fold higher than that for the gene encoding histone 
H4. The current availability of the complete genomes of 
multiple organisms now allows us to study proteins’ rates 
of evolution at an unprecedented scale. If we take any two 
genomes (e.g., those of human and mouse), and compare 
the proteins encoded by each pair of orthologous genes, 
some proteins will be very similar (or even identical) in 
both organisms, whereas others will exhibit several amino 
acid differences (see Figure 7.1), in spite of the fact that 
all pairs of orthologs diverged over the same amount of 
time (i.e., the time elapsed since the divergence of the two 
compared species).

Why do certain proteins accumulate mutations at a high 
velocity, whereas others remain virtually immutable over 
long evolutionary periods? This question has attracted the 
interest of evolutionary biologists for decades and is still 
a highly active area of research. Zuckerkandl and Pauling 
(1965) attributed the differences in the rates of evolution 
of hemoglobin and cytochrome c to their being subject to 
different levels of selective constraint. Kimura and Ohta 
(1974) deduced from the neutral theory of molecular 
evolution (Kimura 1968, 1983) that less functionally 
important proteins (or protein domains) should evolve at 
faster rates than more important ones. In addition, it was 
postulated that levels of selective constraint acting on a 
protein depended on the proportion of amino acids involved 
in its function (i.e., its “functional density”) (Zuckerkandl 
1976) . Out of the entire set of amino acid changes that a 
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protein can undergo, many will affect its function, thus 
decreasing the fi tness of the organisms carrying them; such 
mutations will likely be removed by purifying (or negative) 
selection. A fraction of the possible changes, however, will 
have little or no effect on the protein’s function (and hence 
on the organism’s fi tness), and thus will possibly be fi xed 
in the population. Proteins with a low functional density 
are expected to be less selectively constrained, and thus to 
evolve at higher rates. However, despite the plausibility 
of the notion that proteins’ rates of evolution are mainly 
determined by their importance and/or functional density, 
the hypothesis is diffi cult to test, as these parameters are 
very diffi cult to measure experimentally. 

In the last years, the emergence of genome-scale datasets 
containing measures of a number of characteristics for an 
important fraction of genes from model organisms has 
allowed researchers to identify a long list of factors that 
correlate with rates of evolution. Perhaps surprisingly, 
the prevailing view is that factors that relate to proteins’ 
importance and/or functional density, such as functional 
category (Pál et al. 2001; Rocha and Danchin 2004; Greenberg 
et al. 2008; Alvarez-Ponce and Fares 2012), number of 
functions (Wilson et al. 1977; Salathé et al. 2006; Podder et 
al. 2009), essentiality for the organism’s survival (Hurst and 
Smith 1999; Jordan et al. 2002; Rocha and Danchin 2004), 
dispensability (i.e., fi tness effect upon gene knockout; Hirsh 
and Fraser 2001; Yang et al. 2003; Wall et al. 2005; Zhang and 
He 2005), and number of protein–protein interactions (Fraser 
et al. 2002), appear to be only relatively weak predictors of 
rates of evolution. On the other hand, factors that have little 
to do with function, such as patterns and levels of gene 
expression (Duret and Mouchiroud 2000; Pál et al. 2001b) 
(Figure 7.2), seem to be the strongest determinants of levels 
of selective constraint—indeed, some reports suggest that, 
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in yeasts, gene expression levels may account for more than 
30% of the variability of rates of evolution (Drummond et al. 
2005). Not all analyses, however, concur in this conclusion, 
and some suggest that certain factors may be as important 
as expression in determining proteins’ rates of evolution 
(e.g., Liao et al. 2006; Ingvarsson 2007; Plotkin and Fraser 
2007; Alvarez-Ponce 2012).

In addition to the variable strength of purifying selection 
acting on amino acid sequences, at least three other factors 
can contribute to the variability of proteins’ rates of 
evolution. First, due to the stochastic nature of mutations, 
the number of differences between two homologous 

Figure 7.2. Correlation between gene expression level and degree of 
nonsynonymous divergence in yeast. Figure from Drummond et al. 
(2005), reproduced with permission from the authors and the publisher. 
Copyright 2005 National Academy of Sciences, U.S.A.
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proteins will be subject to random variation, particularly if 
they are very closely related. Second, positive selection can 
increase proteins’ rates of evolution above neutrality levels. 
Third, DNA mutation rates are variable across the genome, 
with certain chromosome regions exhibiting particularly 
high mutation rates. As a result, genes located at regions 
with high mutation rates (and, as a result, proteins encoded 
by these genes) are expected to evolve at a fast rate (Wyckoff 
et al. 2005). How to tell apart the effect of natural selection 
from that of genomic mutation rates? One method generally 
used to discount the effect of DNA mutation rates on the 
rate of evolution of a given protein is dividing the degree 
of nonsynonymous divergence (dN, the estimated number 
of nonsynonymous substitutions per nonsynonymous 
position) by the degree of synonymous divergence (dS, the 
number of synonymous substitutions per synonymous 
position). Synonymous positions are generally assumed 
to evolve in an approximately neutral fashion, and hence 
their rate of evolution is assumed to refl ect mutation rates, 
and can be used as a benchmark against which rates of 
nonsynonymous evolution can be compared. For genes 
evolving neutrally (e.g., a pseudogene, wherein mutations 
have no effect on fi tness, and hence are not fi ltered by 
natural selection), nonsynonymous and synonymous 
positions are expected to evolve at similar rates, resulting 
in values of dN/dS close to 1. In highly constrained genes, 
a high fraction of nonsynonymous mutations will be 
removed by natural selection, resulting in values of dN/dS 
much lower than 1. The nonsynonymous to synonymous 
divergence ratio (dN/dS) can thus be taken as a measure of 
levels of selective constraint (or the strength of purifying 
selection) acting on a given protein, with lower dN/dS ratios 
being indicative of higher levels of selective constraint. 
Throughout this chapter, as is common practice in scientifi c 
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literature, the term “evolutionary rate” refers indistinctly to 
proteins’ rates of evolution (i.e., the number of amino acid 
replacements per amino acid position and time unit) and 
to the dN/dS ratio—indeed, high dN/dS ratios often result in 
high rates of protein evolution.

In this chapter, the current knowledge on the 
determinants of proteins’ rates of evolution is reviewed. 
For each factor, the observed trends are described, along 
with the mechanisms that have been proposed to explain 
them. The chapter ends with a discussion of the diffi culties 
of establishing a factor as a bona fi de determinant of rates of 
evolution, along with the multivariate analysis techniques 
commonly used to rule out the effects of potentially 
confounding factors. 

7.2 Gene Expression Level and Breadth Seem 
to be the Main Determinants of Levels of 
Selective Constraint

It has been repeatedly shown that genes expressed at high 
levels (as inferred from the presence of a high number of 
mRNA molecules in the cell) exhibit lower dN/dS ratios 
than those expressed at low levels (see Figure 7.2). This 
trend has been observed all across life, from bacteria 
(Rocha and Danchin 2004; Drummond et al. 2006; Dötsch 
et al. 2010), to viruses (Pagán et al. 2012), yeasts (Pál et 
al. 2001b; Drummond et al. 2005; Drummond et al. 2006), 
paramecia (Gout et al. 2010), algae (Popescu et al. 2006; 
Chang and Liao 2013), plants (Renaut et al. 2012; Wright et 
al. 2004; Ingvarsson 2007; Slotte et al. 2011; Yang and Gaut 
2011; Alvarez-Ponce and Fares 2012; Paape et al. 2013), 
nematodes (Krylov et al. 2003), insects (Lemos et al. 2005), 
and mammals (Subramanian and Kumar 2004; Alvarez-
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Ponce 2012). Indeed, in unicellular organisms, expression 
level seems to be the main determinant of levels of selective 
constraint. 

A number of models have been proposed to explain the 
observed negative relationship between genes’ levels of 
expression and proteins’ rates of evolution. The translational 
effi ciency hypothesis (Akashi 2001; Akashi 2003) is based on 
the observation that highly expressed genes tend to display 
a highly biased codon usage. Among the set of synonymous 
codons that code for any given amino acid, some (usually 
those that are translated at a higher speed and with greater 
accuracy) are preferred over the others (a phenomenon 
known as codon usage bias; for review, see Hershberg and 
Petrov 2008). Highly expressed genes exhibit a particularly 
strong codon bias, using preferred codons very often, which 
facilitates their fast and accurate translation, whereas lowly 
expressed genes can make use of a wider spectrum of 
codons. Mutations at the coding sequences (CDSs) of highly 
expressed genes, whether synonymous or nonsynonymous, 
will likely provoke changes from preferred codons to 
unpreferred (i.e., suboptimal) ones, thus reducing the 
speed at which the gene is translated, and/or increasing 
translation error rates. This is expected to result in highly 
expressed genes (and hence the encoded proteins) being 
highly constrained. The problems of this model include the 
facts that selection on codon usage is too weak to explain 
the expression level-evolutionary rate anticorrelation, and 
that this correlation seems to be universal, being observed 
even in organisms with little codon bias (Drummond et al. 
2005; Rocha 2006).

The functional loss hypothesis (Rocha and Danchin 
2004) relies on the assumption that each protein molecule 
has roughly the same contribution to the organism’s 
fi tness. Genes expressed at high levels would hence be 



Natural Selection: Methods and Applications

134

more important for the organism’s fitness. Therefore, 
gene mutations decreasing the functional effi ciency of the 
encoded proteins would have higher deleterious effects if 
they affect highly expressed genes, as a higher number of 
protein molecules would be affected. One of the problems 
of this hypothesis is that certain proteins (such as DNA 
polymerases and most regulatory proteins) are present in 
low numbers in the cell (as their target molecules are also 
present at low concentrations), yet their function is crucial 
for the organism (Drummond et al. 2005; Rocha 2006). 

The translational robustness hypothesis (Drummond et 
al. 2005) proposes that highly expressed proteins are under 
stronger selective pressure to tolerate translation errors, 
thereby making them more selectively constrained at the 
sequence level. The cell’s translational machinery has a 
relatively high error rate, which means that ~20% of all yeast 
translated protein molecules carry one or more erroneous 
amino acids. As a result, some defective proteins will not 
fold or function properly, and in some cases will aggregate, 
thus becoming toxic to the cell. This phenomenon would 
result in a signifi cant amount of energy being wasted in 
the synthesis of proteins that are non-functional, or even 
toxic (Geiler-Samerotte et al. 2010). However, according to 
the translational robustness hypothesis, certain proteins 
may have evolved the ability to appropriately fold and 
function despite carrying some mistranslation errors (i.e., 
they may be robust to mistranslation). Such proteins may 
thus be highly constrained at the sequence level, in order 
to preserve their robustness to mistranslation. This effect is 
expected to be stronger in highly translated genes (indeed, 
misfolding and aggregation of lowly translated proteins 
may be relatively unproblematic), thus resulting in a 
negative correlation between translation rate (approximated 
through mRNA levels) and proteins’ rates of evolution. 
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The translational robustness hypothesis has received 
support from both genomic observations (Drummond et 
al. 2005; Drummond et al. 2006; Drummond and Wilke 
2008) and theoretical population genetics models (Wilke 
and Drummond 2006), being the prevailing model 
nowadays, to explain the expression level-evolutionary 
rate anticorrelation. According to this hypothesis, the main 
determinant of a protein’s evolutionary rate would be its 
translation rate, rather than its abundance (which depends 
on the balance between translation and degradation). 
Consistent with this prediction, evolutionary rates seem 
to correlate better with mRNA abundances (which were 
used as a proxy for translation rate, as unfortunately no 
genome-scale translation rate dataset is currently available) 
than with protein abundances (Drummond et al. 2005). 
Furthermore, a principal components regression analysis 
taking into account several correlates of rates of evolution 
in yeast showed that the fi rst component (mostly dominated 
by codon bias, mRNA abundance and protein abundance, 
which may well be a refl ection of translation rate) accounts 
for 43% of the variance in proteins’ rates of evolution, 
whereas all the other components account for less than 1% 
(Drummond et al. 2006)—this result, however, might be 
biased by the different degrees of accuracy with which the 
different factors were measured (Plotkin and Fraser 2007). 
Further support for the translational robustness hypothesis 
is provided by the observation that the correlation between 
expression level and evolutionary rate is particularly strong 
in tissues composed of neurons, whose delicate structure 
and long lifetime make them particularly sensitive to 
protein misfolding (Drummond and Wilke 2008; Tuller et 
al. 2008). 

It should be noted, however, that despite the likely 
explanatory power of the translational robustness 
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hypothesis, it probably does not completely explain the 
strength of the correlation between genes’ expression levels 
and proteins’ rates of evolution. Other recently proposed 
effects, such as highly expressed genes being under stronger 
selective pressure to have a high mRNA folding strength 
(Park et al. 2013), and/or a low rate of unspecifi c protein–
protein interactions (Levy et al. 2012; Yang et al. 2012), may 
also contribute to the correlation. Another recently proposed 
model argues that mutations affecting proteins’ function 
will have a stronger fi tness effect for highly expressed 
genes, owing to the energetic costs of synthesising non-
functional, or partially functional, proteins (Cherry 2010; 
Gout et al. 2010). 

In multicellular organisms, expression breadth (i.e., the 
number of different tissues in which a gene is expressed), 
also seems to be a major determinant, of proteins’ rates 
of evolution, with widely expressed genes being more 
selectively constrained than genes expressed in a narrow 
set of tissues (Duret and Mouchiroud 2000; Wright et al. 
2004; Zhang and Li 2004; Liao et al. 2006; Pál et al. 2006; 
Ingvarsson 2007; Alvarez-Ponce and Fares 2012). Indeed, 
some analyses have suggested that, once the effect of 
expression breadth is discounted, the effect of expression 
level is only residual, or even non-existing (Pál et al. 2006; 
Ingvarsson 2007). Other analyses, on the contrary, suggest 
a greater infl uence of expression levels (Subramanian and 
Kumar 2004). The tendency of broadly expressed genes to 
be more selectively constrained could be the result of their 
being more pleiotropic. For instance, genes expressed in a 
wide range of tissues may be involved in a greater array of 
biochemical processes or pathways, may have to function 
in a wider range of biochemical environments, and/or may 
have to interact with more proteins (Kuma et al. 1995; Duret 
and Mouchiroud 1999).
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7.3 The Surprisingly Weak Effect of Gene 
Essentiality and Dispensability on Proteins’ 
Rates of Evolution

Loss of certain genes (e.g., by knockout) results in the 
organism’s death, whereas loss of other genes is compatible 
with the organism’s survival. Early models, based on 
the neutral theory of molecular evolution, predicted that 
essential genes should exhibit lower rates of evolution 
than non-essential ones (Wilson et al. 1977). As soon 
as large-scale genomic and functional datasets made it 
possible, evolutionary biologists sought out to test this 
hypothesis. Multiple analyses have shown that, indeed, 
essential proteins evolve slower than non-essential ones; 
however, the difference between both groups seems to be 
rather small. Indeed, in some early analyses the differences 
even vanished once potential confounding factors (such as 
expression level, duplicability, or positive selection) were 
controlled for (Hurst and Smith 1999; Rocha and Danchin 
2004). Several subsequent analyses, however, indicate that 
essentiality has an effect on proteins’ rates of evolution that 
is independent of confounding factors (Jordan et al. 2002; 
Castillo-Davis and Hartl 2003; Zhang and He 2005; Liao 
et al. 2006; Wolf et al. 2006; Larracuente et al. 2008; Dötsch 
et al. 2010). In addition to direct evidence, the notion that 
essential genes are more selectively constrained is also 
supported by the observation that genes that are reticent 
to be lost during evolution (probably as a result of their 
essentiality) exhibit lower rates of evolution than genes that 
are prone to be lost (Krylov et al. 2003).

Another related parameter that exhibits a weak 
correlation with proteins’ rates of evolution is gene 
dispensability, i.e., the inverse of the fi tness effect of the 
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loss of a given gene (Hirsh and Fraser 2001). A gene’s 
dispensability can be estimated, for example, from the 
decrease in growth rate of a unicellular organism that results 
from loss of the gene. The association of dispensability 
with rates of evolution has been somewhat controversial, 
with some reports suggesting that dispensability has no 
effect on proteins’ rates of evolution once confounding 
factors are factored out (Pál et al. 2003; Yang et al. 2003; 
Drummond et al. 2006), and others pointing out to a weak, 
albeit measurable, effect that is independent of known 
confounding factors (Chen and Xu 2005; Wall et al. 2005; 
Zhang and He 2005; Kim and Yi 2007; Plotkin and Fraser 
2007; Wang and Zhang 2009).

A number of hypotheses have been proposed to explain 
the weakness of the relationship between evolutionary 
rates and essentiality and dispensability. First, it has been 
argued that essentiality and dispensability measures 
obtained under laboratory conditions may be relatively 
poor predictors of the importance of a gene in nature (Pál 
et al. 2006). Indeed, some genes can be unessential under 
the favourable conditions of a laboratory, but may be 
essential under certain natural, suboptimal, conditions. 
However, analyses by Wang and Zhang (2009), using sets 
of dispensabilities measured or computationally predicted 
under a wide diversity of conditions, suggest that this 
may not be the reason why a gene’s importance and rate 
of evolution are so weakly correlated: under none of the 
tested conditions dispensabilities were a strong predictor 
of rates of evolution. Second, essentiality and dispensability 
measure the effect of a gene’s loss; such effect, however, 
may be different from that of punctual mutations, which is 
the kind of effect estimated by dN/dS (Pál et al. 2006). Third, 
essential genes in one species may not be essential in other 
species. Consistently, Zhang and He (2005) observed that, 
on average, nonessential yeast proteins evolve 40% faster 
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than essential ones when evolutionary rates are estimated 
from comparison of closely related yeast species, but that 
the difference drops down to 10% when more distant yeast 
species are used, suggesting a relatively low degree of 
conservation of gene essentialities across taxa.

7.4 The Structural Determinants of Proteins’ 
Rates of Evolution

Proteins adopt a huge diversity of three-dimensional 
structures, and a number of aspects of these structures have 
been shown to affect their rates of evolution. A protein’s 
“designability” is defined as the number of possible 
sequences that are compatible with the native structure 
(Li et al. 1996; Kussell 2005). Highly designable proteins 
can tolerate a high number of mutations, and hence are 
expected to evolve at fast rates. Indeed, different measures 
of designability, such as contact density (the average 
number of contacts per residue) and protein stability, 
positively correlate with proteins’ rates of evolution (Bloom 
et al. 2006a; Bloom et al. 2006b; Zhou et al. 2008; Toll-Riera 
et al. 2012).

Amino acids within a protein contribute differentially 
to its structure and function, and hence are expected to 
be subject to different selective pressures. For instance, 
amino acids that locate at the protein’s surface (i.e., those 
with a high solvent accessibility) evolve twice as fast 
as those that are buried within the protein, which may 
be under stronger selective constraint to maintain the 
structure of the protein (Thorne et al. 1996; Goldman et al. 
1998; Bustamante et al. 2000; Bloom et al. 2006a; Lin et al. 
2007; Liu et al. 2008; Conant 2009; Franzosa and Xia 2009; 
Toll-Riera et al. 2012). Among amino acids locating at the 
surface, those involved in inter-molecular interactions are 
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relatively highly constrained (Ingram 1961; Dickerson 1971; 
Wilson et al. 1977; Kisters-Woike et al. 2000; Mintseris and 
Weng 2005). Furthermore, amino acids’ rates of evolution 
negatively correlate with the number of amino acids of the 
same protein with which they interact (Toft and Fares 2010). 
Finally, intrinsically disordered regions (i.e., those lacking 
a rigid three-dimensional structure under physiological 
conditions) tend to evolve much faster than ordered regions 
(Brown et al. 2002; Liu et al. 2008), and among ordered 
regions, those adopting different secondary structures 
(α-helices, β-sheets and loops) evolve at different rates, with 
β-sheets being slightly more conserved (Thorne et al. 1996; 
Goldman et al. 1998; Bloom et al. 2006a).

7.5 The Complex Relationship Between Proteins’ 
Lengths and Rates of Evolution

A number of studies have reported correlations between 
proteins’ lengths and their rates of evolution. Indeed, some 
analyses have found a strong infl uence of this factor, in some 
cases even surpassing that of expression level and breadth 
(Liao et al. 2006; Ingvarsson 2007). Other analyses, on the 
contrary, have suggested little or no effect of proteins’ length 
on rates of evolution (Drummond et al. 2006; Alvarez-Ponce 
2012). More strikingly, different analyses have suggested 
different signs of the correlation between protein length 
and rates of evolution: some reports indicate that short 
proteins tend to be more selectively constrained (Marais 
and Duret 2001; Lemos et al. 2005; Bloom et al. 2006a; 
Drummond et al. 2006; Ingvarsson 2007; Alvarez-Ponce and 
Fares 2012; Chang and Liao 2013), whereas others point to 
the opposite trend (Liao et al. 2006; Larracuente et al. 2008). 
Furthermore, the correlation between protein length and 
evolutionary rate is stronger among short proteins (Bloom 
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et al. 2006a). These contrasting observations indicate that 
no general rule governs the relationship between proteins’ 
lengths and rates of evolution. The mechanisms underlying 
the complex dependence between protein length and 
evolutionary rates remain largely unclear, although both 
the Hill-Robertson effect and the non-monotonic association 
between expression level and protein length may play 
relevant roles. 

Linkage between surrounding genomic positions 
can reduce the effi cacy of natural selection. Fixation of a 
benefi cial variant at a given position may entail fi xation of 
deleterious mutations at linked positions, and conversely, 
elimination of a deleterious mutation may entail elimination 
of a linked advantageous one. Likewise, adaptive mutations 
at linked positions can compete for fi xation (simultaneous 
fi xation of mutations at two linked positions is not possible, 
unless both mutations belong to the same haplotype). 
This interference, known as the Hill-Robertson effect (Hill 
and Robertson 1966), is expected to be stronger for longer 
genes, in which many sites can be subject to selection 
simultaneously (Ingvarsson 2007), and can cause genes 
to experience a decreased effi cacy of natural selection 
(either positive or negative). This can result in a correlation 
(positive or negative, depending on whether negative or 
positive selection is the predominant selective pressure). 
On the other hand, genes encoding longer proteins tend 
to contain a high number of introns (e.g., Larracuente et 
al. 2008), and introns, by allowing recombination, reduce 
Hill-Robertson interference (Comeron and Kreitman 2000, 
2002).

The relationship between proteins’ length and rates of 
evolution may be further complicated by the relationship 
between these variables and expression level. As developed 
above, rates of evolution are strongly negatively correlated 
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with gene expression levels (Pál et al. 2001b). Hence, an 
association between protein length and gene expression 
level might explain the association between proteins’ 
lengths and rates of evolution. If protein length and 
expression level are positively correlated, then protein 
length and evolutionary rate would be expected to exhibit a 
negative correlation; conversely, a negative protein length-
expression level correlation would result in a positive 
protein length-evolutionary rate correlation. Remarkably, 
the relationship between protein length and levels of gene 
expression is nonmonotonic, being positive for lowly 
expressed genes and negative for highly expressed genes 
(Carmel and Koonin 2009). Although some of previous 
analyses linking protein length to rates of evolution 
have controlled for expression levels (Ingvarsson 2007; 
Larracuente et al. 2008), the nonmonotonic nature of the 
relationship between expression level and protein length 
has not been taken into account.

In summary, the relationship between proteins’ lengths 
and rates of evolution is complex, which is perhaps not 
surprising upon consideration of the complex interplay 
of factors that may shape it. Further work is warranted to 
understand this relationship.

7.6 The Time-dependent Effect of Genes’ 
Duplication on Proteins’ Rates of Evolution

Gene duplications are relatively frequent events that have 
a great impact on genome evolution, and are thought to 
be at the basis of genome complexity and the evolution of 
new functions (Ohno 1970). They are the result of unequal 
crossing-over during meiosis (which leads to tandem or 
closely located duplicates), retrotranspositions (which 
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result in the ancestral gene that conserves its position and 
a processed, intronless retrogene that inserts into another 
genomic location), segmental duplications (which result 
in duplicated chromosomal regions of variable size), 
and whole genome duplications (which result in the 
simultaneous duplication of all genes in a genome). 

Immediately after gene duplication, both copies are 
identical or, at least, encode identical proteins. Usually, 
due to this redundancy, one of the copies undergoes 
pseudogenization and is eventually lost. However, under 
certain conditions, both copies can be retained. Three 
models, proposed by Ohno (1970), are commonly invoked 
to explain the retention of duplicates (for review, see Hahn 
2009; Innan and Kondrashov 2010). Each pair of duplicates 
can evolve under a different model or combination of 
models, and each model is expected to result in different 
patterns on the rates of evolution of the resulting copies. 
According to the neofunctionalization model, one of 
the copies retains the functions of the ancestral gene 
thanks to purifying selection, whereas the redundant 
copy experiences a period of neutral evolution and, as a 
result, can acquire new functions and potentially, owing 
to these new functions, undergo positive selection. This 
results in a rate acceleration that affects specifi cally the 
neofunctionalized copy; the copy maintaining the ancestral 
functions, on the contrary, will be subject to selective 
pressures that are equivalent to the ancestral gene. In the 
subfunctionalization model, the functions of the ancestral 
gene are divided among the two resulting duplicates, with 
each duplicate retaining a subset of the functions of the 
ancestral gene (note that “functions” can refer to either 
the biochemical functions of the encoded proteins, or the 
tissues in which a gene is expressed). This model predicts 
a relaxation of purifying selection in both gene copies, as 



Natural Selection: Methods and Applications

144

each of them will perform less functions than the ancestral 
gene; the rates of evolution of both duplicates, nevertheless, 
need not be identical (see He and Zhang 2005). Finally, the 
gene conservation model involves the maintenance of all 
functions of the ancestral gene in the duplicates; in this case, 
both duplicates are maintained, e.g., because the resulting 
increase in expression levels is advantageous. Under this 
model, rates of evolution are expected to be equivalent for 
the ancestral gene and for both duplicates.

Several works have reported accelerated rates of 
evolution immediately after gene duplication (Lynch and 
Conery 2000; Van de Peer et al. 2001; Kondrashov et al. 2002; 
Nembaware et al. 2002; Scannell and Wolfe 2008; Panchin 
et al. 2010; Pegueroles et al. 2013). The initial increase 
in proteins rates of evolution is, however, subsequently 
attenuated; i.e., after an initial rate of evolution acceleration, 
evolutionary rates seem to be reverted to pre-duplication 
levels. Some analyses, furthermore, note an asymmetry in 
the rates of evolution of both gene copies (i.e., one copy 
evolving faster than the other) in an important fraction of 
duplicated pairs (5%–30%, a fi gure that might have been 
underestimated due to limited statistical power; Lynch 
and Katju 2004) (Conant and Wagner 2003; Zhang et al. 
2003; Kellis et al. 2004; Chain and Evans 2006; Scannell and 
Wolfe 2008; Panchin et al. 2010). This asymmetry seems to 
be specifi c to distant duplicates, including retrogenes, not 
affecting tandem duplicates (Cusack and Wolfe 2007; Jun 
et al. 2009). Furthermore, the fastest-evolving gene tends 
to be the daughter copy, i.e., the one that moves away from 
the location of the parental gene, which tends to undergo 
positive selection and to change its expression patterns (Han 
et al. 2009; Pegueroles et al. 2013). The parent gene, on the 
contrary, tends to evolve at a rate equivalent to that of the 
ancestral gene, consistent with the neofunctionalization 
model (Pegueroles et al. 2013).
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Despite the increase in proteins’ rates of evolution 
immediately after gene duplication, comparison of 
duplicated and single-copy (singleton) genes reveals 
that duplicated genes are, on average, more selectively 
constrained than singleton genes (Nembaware et al. 
2002; Yang et al. 2003; Davis and Petrov 2004; Jordan et 
al. 2004; Yang and Gaut 2011). This may be the result of 
functionally important genes being both more selectively 
constrained and more likely to be retained as duplicates; 
indeed, Caenorhabditis elegans and Saccharomyces cerevisiae 
duplicated genes were 25%–50% more constrained prior 
to duplication than genes that did not duplicate (Davis 
and Petrov 2004). Furthermore, proteins’ rates of evolution 
negatively correlate with the number of paralogs of the 
encoding genes (Jordan et al. 2004; Alvarez-Ponce 2012).

7.7 The Buffering Effect of Chaperones Allows 
Proteins to Evolve Faster

Molecular chaperones are proteins that, among other 
functions, help other proteins to fold correctly into their 
functional conformation (for review, see Bogumil and 
Dagan 2012; Henderson et al. 2013). Several lines of evidence 
indicate that chaperones can mask certain deleterious 
mutations that, in the absence of chaperones, would 
manifest in the form of aberrant phenotypes. Consistently, 
inhibition of Hsp90 in Drosophila and Arabidopsis results in 
phenotypic deformities, probably as a result of misfolding 
of Hsp90 clients (Rutherford and Lindquist 1998; Queitsch 
et al. 2002). Furthermore, the fi tness decrease resulting 
from large mutational loads in a hypermutator Escherichia 
coli strain can be largely recovered by overexpression of 
the GroE operon (Fares et al. 2002), and cells evolving 
under increased mutation rates, or under ineffi cient natural 
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selection, both of which result in increased fi xation of 
deleterious mutations, tend to over-express chaperones 
(Baumann et al. 1996; Maisnier-Patin et al. 2005).

These observations led to the hypothesis that interaction 
of proteins with chaperones, by increasing the fraction of 
mutations that are neutral, increases proteins’ evolvability 
(Rutherford 2003; Tokuriki and Tawfi k 2009b; for review, 
see Bogumil and Dagan 2012). Consistently, experimental 
evolution analyses involving a few clients of GroE 
showed that they accumulated more changes when the 
chaperone was over-expressed (Tokuriki and Tawfi k 2009a). 
Furthermore, comparative genomics analyses have shown 
that bacterial GroE clients evolve faster than proteins that 
fold independently of GroE (Bogumil and Dagan 2010; 
Williams and Fares 2010), and that Hsp90 clients tend to 
evolve faster than their non-client paralogs (Lachowiec et al. 
2013). Finally, proteins interacting with different chaperones 
in the yeast chaperone-client network tend to be expressed 
at different levels and to evolve at different rates (Bogumil 
et al. 2012).

7.8 Proteins Acting at Different Subcellular 
Compartments Evolve at Different Rates 

A number of works have reported that proteins acting 
at the extracellular space (i.e., secreted proteins) tend to 
exhibit faster rates of evolution than proteins acting at the 
cell membrane or inside the cell (Winter et al. 2004; Julenius 
and Pedersen 2006; Dean et al. 2008; Cui et al. 2009; Liao 
et al. 2010). Such proteins also tend to be lowly connected 
in the protein–protein interaction network and to perform 
distinctive functions. Their encoding genes often exhibit 
signals of positive selection, are less likely to be essential, 
and display distinctive levels of expression (Julenius and 
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Pedersen 2006; Kim et al. 2007; Dean et al. 2008). However, 
the tendency of extracellular proteins to evolve fast seems 
to be independent of these factors (Julenius and Pedersen 
2006; Liao et al. 2010). The reasons for this trend remain 
unclear, although some proposals include the possibility 
that extracellular proteins may evolve faster owing to 
their exposure to the variable extracellular environment, 
including pathogens and parasites, or to their presenting 
disulfi de bridges that stabilize their structure (Hegyi and 
Bork 1997; Julenius and Pedersen 2006).

Transmembrane proteins tend to exhibit intermediate 
rates of evolution, evolving slower than extracellular 
proteins, but faster than intracellular ones (Cui et al. 2009; 
Hudson and Conant 2011). Interestingly, Heger et al. (2009) 
observed that the extracellular and intracellular parts of 
these proteins exhibit different evolutionary rates: the 
extracellular part evolves faster than the intracellular part, 
at a rate that is similar to that of secreted proteins. 

Finally, among genes acting inside the cell, those acting 
at different subcellular compartments also seem to be 
subject to different selective pressures (Kim et al. 2007; Cui 
et al. 2009; Hudson and Conant 2011).

7.9 Position of Proteins in Molecular Networks: 
Comparative Genomics Meets Systems 
Biology

Genes and proteins do not act in isolation. Instead, they 
function as pieces of a complex machinery of interacting 
molecules. Therefore, considering a protein’s interactions 
with other molecules can help understanding the selective 
pressures acting on it (for review, see Eanes 1999; Cork and 
Purugganan 2004; Eanes 2011). 
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The pattern of interactions between molecules in 
molecular systems can be represented as networks. 
Different kinds of networks can be considered, depending 
on the nature of the molecular interactions that they 
represent. The entire set of physical, direct interactions 
among an organism’s proteins constitutes its interactome. 
An interactome can be represented as a protein–protein 
interaction network, whose nodes represent proteins 
and edges (links) represent protein–protein interactions. 
Likewise, the set of biochemical reactions that can occur 
in a cell defi nes its metabolome. A metabolome can be 
represented in the form of a metabolic network, whose 
nodes represent enzymes and links represent shared 
metabolites (i.e., the reaction product of one enzyme is a 
substrate for the other; Wagner and Fell 2001). Finally, in 
a gene regulatory network, nodes represent transcription 
factors, and edges represent regulatory (activating or 
inhibitory) relationships.

In the last years, technological advances have allowed 
scientists to discover molecular interactions at a genomic 
scale (for review, see Fares et al. 2011). As a result, we 
are starting to have initial drafts of the interactomes and 
metabolomes of a handful of model organisms (essentially, 
E. coli, S. cerevisiae, Drosophila melanogaster, C. elegans, Homo 
sapiens, and Arabidopsis thaliana) (Stark et al. 2006; Chatr-
Aryamontri et al. 2013). Although currently available 
datasets have a relatively low quality, being subject to very 
high false positive and false negative rates (von Mering 
et al. 2002; Bader et al. 2004; Deeds et al. 2006; Kelly and 
Stumpf 2012), they allow us to perform a fi rst evaluation of 
how proteins’ rates of evolution depend on their position 
in molecular networks. The dependency manifests in a 
variety of ways.
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In early studies, a number of authors hypothesised that 
a protein’s rate of evolution should decrease as the number 
of molecular interactions in which it is involved increases, as 
interactions impose functional constraints on the involved 
residues (Ingram 1961; Dickerson 1971; Wilson et al. 1977). 
Consistent with this prediction, proteins that form part of 
protein complexes tend to evolve slow (Teichmann 2002), 
and proteins’ rates of evolution negatively correlate with 
their numbers of described interactions (i.e., the more 
interactors a protein has, the more selectively constrained 
it is), a pattern that has been described in all available 
interactomes (Fraser et al. 2002; Jordan et al. 2003; Agrafi oti 
et al. 2005; Hahn and Kern 2005; Lemos et al. 2005; Plotkin 
and Fraser 2007; Davids and Zhang 2008; Wang et al. 2010; 
Alvarez-Ponce 2012; Alvarez-Ponce and Fares 2012), as 
well as in a number of smaller datasets corresponding to 
individual well-characterized pathways (e.g., Casals et 
al. 2011; Fitzpatrick and O’Halloran 2012; Lavagnino et 
al. 2012; Invergo et al. 2013). The correlation, however, is 
often rather weak (but see, for instance, Plotkin and Fraser 
2007; Wang et al. 2010; Alvarez-Ponce 2012), and some 
analyses have even suggested that it might be a by-product 
of highly connected genes being highly expressed (Bloom 
and Adami 2003; Bloom and Adami 2004), whereas others 
have shown that both expression levels and the number of 
protein–protein interactions independently affect rates of 
evolution (Fraser et al. 2003; Fraser and Hirsh 2004; Fraser 
2005; Lemos et al. 2005; Plotkin and Fraser 2007; Alvarez-
Ponce 2012; Alvarez-Ponce and Fares 2012).

The observation that the correlation between proteins’ 
connectivities and rates of evolution is relatively weak is 
perhaps not surprising, considering that residues involved 
in interactions (directly or indirectly) may represent a small 
fraction of the proteins’ length. Another factor that might 
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contribute to the weakness of the correlation is the low quality 
and incompleteness of interactomic datasets (Bader et al. 
2004; Deeds et al. 2006; Kelly and Stumpf 2012), which may 
result in low-quality connectivity estimates. Nonetheless, 
in spite of the fact that, in general, connectivity is a poor 
predictor of rates of evolution, the correlation between 
connectivity and rates of evolution seems to be particularly 
strong for certain functional categories (Alvarez-Ponce and 
Fares 2012); for instance, among human proteins involved 
in signal transduction, connectivity correlates with dN/dS 
as well as expression breadth, and better than expression 
level (Alvarez-Ponce 2012). 

In addition to connectivity (the number of proteins 
with which a protein interacts), which is a local measure of 
network centrality, other, more global measures of network 
centrality have been shown to correlate with proteins’ rates 
of evolution, with genes acting at the centre of the network 
being more selectively constrained. Closeness (the inverse 
of the average shortest distance to all the other proteins in 
the protein–protein interaction network), and in particular 
betweenness (the number of shortest paths between all 
pairs of proteins of which a given protein is part; Freeman 
1977), have been shown to correlate with proteins’ rates 
of evolution better than connectivity (Hahn and Kern 
2005; Alvarez-Ponce and Fares 2012). Proteins with a high 
closeness and/or betweenness are particularly important 
for the fl ow of information across the network; for instance, 
high-betweenness proteins tend to connect modules of the 
network that, otherwise, would rest disconnected (Ravasz et 
al. 2002). Closeness and betweenness are thus approximate 
measures of how important a protein is to control the fl ux of 
information across the network. The observation that these 
centrality metrics are better correlates of evolutionary rates 
than connectivity suggests that the effect of the network on 
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the evolutionary rates of its components is not mediated 
by direct interactions alone; the relative position of proteins 
in the network, in a broader sense, has an effect on their 
evolutionary rates as well.

Further evidence of a link between proteins’ position 
in the protein–protein interaction network and patterns of 
molecular evolution is provided by the observation that 
genes encoding interacting proteins tend to exhibit correlated 
evolutionary histories (for review, see Lovell and Robertson 
2010). For instance, they tend to undergo co-duplication at 
the same evolutionary times (Fryxell 1996; Doherty et al. 
2012), and to evolve at relatively similar rates (Fraser et al. 
2002; Agrafi oti et al. 2005; Lemos et al. 2005; Cui et al. 2009; 
Clark and Aquadro 2010; Alvarez-Ponce and Fares 2012). 
Interacting proteins may evolve at similar rates as a result 
of their coevolutionary dynamics; indeed, mutations in a 
protein may be compensated by compensatory mutations 
in interacting proteins. Nevertheless, other factors such as 
interacting proteins being expressed at similar levels, or 
having similar functions, might, at least partially, account 
for their similar rates of evolution (Wang and Lercher 2011; 
Clark et al. 2012). 

Analysis of metabolic networks reveals similar patterns 
to those observed in protein–protein interaction networks 
(for review, see Wagner 2012). Genes encoding the most 
connected enzymes (e.g., those that share metabolites with 
a higher number of other enzymes), and in particular those 
with a high betweenness, tend to be highly constrained 
(Hahn et al. 2004; Vitkup et al. 2006; Lu et al. 2007; Greenberg 
et al. 2008; Hudson and Conant 2011; Montanucci et al. 2011), 
and enzymes that are connected in the metabolic network 
exhibit similar rates of evolution (Wang and Lercher 2011). 
In addition, enzymes carrying more intense metabolic 
fl uxes tend to exhibit slower rates of evolution (Vitkup et 
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al. 2006). On the contrary, in gene regulatory networks the 
most central transcription factors (i.e., those regulating a 
high number of other transcription factors, those regulated 
by a high number of transcription factors, or those sharing 
targets with a high number of other transcription factors) 
tend to evolve faster (Jovelin and Phillips 2009; Wang et al. 
2010; Coulombe-Huntington and Xia 2012).

Proteins’ relative hierarchical positions in molecular 
pathways also have an effect on their rates of evolution. 
However, analysis of biosynthetic, gene regulatory, and 
signal transduction pathways has provided contrasting 
results. In biosynthetic pathways, genes acting at the 
upstream part are often more selectively constrained than 
those acting at the downstream part, a pattern that has been 
observed, so far, in the plant anthocyanin (Rausher et al. 
1999; Lu and Rausher 2003; Rausher et al. 2008), isoprene 
(Sharkey et al. 2005), terpenoid (Ramsay et al. 2009) and 
carotenoid pathways (Livingstone and Anderson 2009; 
Clotault et al. 2012), the Bombyx melanin pathway (Yu et al. 
2011), and the mammalian dopamine pathway (Ma et al. 
2010)—in the primate N-glycosylation pathway, however, 
the opposite trend has been described (Montanucci et al. 
2011). This polarity in the levels of selective constraint along 
the upstream/downstream axis of biosynthetic pathways 
could be explained by two non-exclusive scenarios. First, 
biosynthetic pathways often have multiple bifurcations that 
lead to the biosynthesis of different end products. As a result 
of this branching topology, the most upstream enzyme (that 
catalyzing the fi rst step of the pathway) is involved in the 
biosynthesis of the full set of biochemical compounds that 
are produced by the pathway; however, as we move towards 
the downstream part of the pathway, enzymes are required 
for the synthesis of a progressively smaller subset of these 
compounds. Mutations affecting upstream genes would 
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hence be expected to have higher pleiotropic effects, thus 
resulting in lower rates of evolution for upstream proteins 
(Rausher et al. 1999; Ramsay et al. 2009). Second, simulation 
analyses of hypothetical biosynthetic pathways, as well as 
experimental manipulation of the A. thaliana glucosinolate 
pathway, have shown that upstream enzymes tend to exert 
a higher infl uence over metabolic fl uxes along pathways 
(i.e., they exhibit higher control coeffi cients; Kacser and 
Burns 1973), and thus may be subject to stronger selective 
pressures (Wright and Rausher 2010; Olson-Manning et al. 
2013; Rausher 2013).

Less well understood is how the hierarchical position 
of transcription factors in gene regulatory networks affects 
their rate of evolution, but at least two lines of evidence 
suggest that levels of selective constraint may follow 
a similar distribution to that observed in biosynthetic 
pathways. First, genes occupying highly hierarchical 
positions in these networks are more likely to be essential 
(Bhardwaj et al. 2010). Second, simulation analyses have 
suggested that genes occupying highly hierarchical 
positions (i.e., those exerting a higher degree of control over 
other genes, and/or those that are less regulated by other 
genes), are subject to stronger selective pressures (Rhone et 
al. 2011). Furthermore, transcription factors regulated by a 
high number of other transcription factors (thus occupying 
lowly hierarchical positions) tend to evolve fast (Wang et al. 
2010), although those that regulate a high number of other 
transcription factors (thus occupying high hierarchies) also 
tend to evolve fast (Wang et al. 2010; Coulombe-Huntington 
and Xia 2012).

Signal transduction pathways include receptors that are 
capable, upon interaction with extracellular or intracellular 
stimuli, of unleashing a cascade of signals that end up 
activating the pathway effectors, which in turn mediate the 



Natural Selection: Methods and Applications

154

relevant cellular responses. Surprisingly, in contrast with 
the patterns generally observed in biosynthetic pathways, 
in signalling pathways downstream genes tend to be the 
most selectively constrained. In the insulin/TOR pathway 
(Alvarez-Ponce et al. 2009, 2011, 2013a; Jovelin and Phillips 
2011; Alvarez-Ponce et al. 2012; Wang et al. 2013), the yeast 
HOG pathway (Wu et al. 2010), and the vertebrate Toll-
like receptor pathway (Song et al. 2012), proteins’ rates of 
evolution signifi cantly correlate with pathway position 
(computed as the number of steps required to transduce 
the signal from the receptors to the rest of pathway 
components), with downstream genes being progressively 
more selectively constrained. In addition, analysis of 
the human global signal transduction network provides 
similar results: proteins acting at the downstream part of 
the network tend to evolve faster than those occupying 
highly hierarchical positions, probably because the latter 
are more highly and broadly expressed, and more highly 
connected (Alvarez-Ponce 2012). Nevertheless, despite 
this general trend, not all particular pathways follow this 
polarity (Riley et al. 2003; Fitzpatrick and O’Halloran 2012), 
and the particularities of each pathway may ultimately 
determine the distribution of selective constraints. The 
different distributions of levels of selective constraint along 
biosynthetic and signal transduction pathways might refl ect 
their different dynamics (see Alvarez-Ponce 2012).

Finally, beyond network centrality and upstream/
downstream position, other, less intuitive aspects of the 
position of proteins in molecular systems may have an effect 
on their rates of evolution. Owing to the particular structure 
and dynamics of each pathway, mutations affecting the 
kinetics of certain enzymes may have drastic effects on the 
overall pathway behaviour, whereas mutations affecting 
other enzymes may have little or no effect on the pathway 
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function (and hence, on the associated phenotypes) (Kacser 
and Burns 1973). Enzymes exerting a high infl uence on 
the function of the pathway are expected to be subject to 
stronger selective pressures. Consistently, genes acting at 
bifurcation points of some pathways have been reported to 
evolve under positive selection (Flowers et al. 2007; Eanes 
2011; Dall’Olio et al. 2012; Rausher 2013), and proteins with 
a greater infl uence on the dynamics of the pathways of 
which they are part tend to be more selectively constrained 
(Gutenkunst 2009).

7.10 Other Factors Infl uencing Proteins’ Rates of 
Evolution

In this section, some other factors that have been shown or 
suggested to have an effect on proteins’ rates of evolution 
are briefl y mentioned.

Several works have illustrated that proteins performing 
different functions, or those involved in different biological 
processes, differ in their average rates of evolution (e.g., 
Greenberg et al. 2008). For instance, enzymes evolve 
slower than non-enzymatic proteins (Rocha and Danchin 
2004; Greenberg et al. 2008; Hudson and Conant 2011), 
Drosophila proteins involved in protein synthesis evolve 
slower than those involved in the metabolism of xenobiotics 
(Greenberg et al. 2008), and Arabidopsis proteins involved 
in sugar metabolism evolve slower than those involved in 
transcription (Alvarez-Ponce and Fares 2012). Furthermore, 
multifunctional proteins tend to be highly constrained, and 
the number of functions in which proteins are involved 
negatively correlates with their rates of evolution (Wilson 
et al. 1977; Salathé et al. 2006; Podder et al. 2009).
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Genes of different ages (i.e., originated at different 
evolutionary times) have been reported to evolve at 
different rates, with ancient (i.e., broadly distributed) genes 
being more conserved than novel (i.e., lineage-specifi c) 
genes (Domazet-Loso and Tautz 2003; Daubin and Ochman 
2004; Albà and Castresana 2005; García-Vallvé et al. 2005; 
Luz et al. 2006). This observation was claimed to be an 
artefact due to the diffi culty of detecting distant homologs 
of fast-evolving genes (Elhaik et al. 2006). However, 
subsequent simulation analyses and genomic analyses 
using the genomes of closely-related organisms confi rmed 
that young genes indeed evolve faster than ancient onces 
(Albà and Castresana 2007; Toll-Riera et al. 2008; Wolf et al. 
2009; Vishnoi et al. 2010; Toll-Riera et al. 2012).

Analyses in both C. elegans (Cutter and Ward 2005) and 
D. melanogaster (Davis et al. 2005) have shown that proteins 
acting early in development evolve slower than those 
acting in the adult. At least three explanations have been 
proposed. First, genes acting at early stages may be more 
important because later stages of development depend 
on successful execution of the previous ones (Riedl 1978; 
Arthur 1988, 1997). Second, theories of senescence predict 
relaxed selective pressures on genes acting in the later 
stages of life, when the reproductive capability decreases 
(Medawar 1952; Charlesworth 1994; Promislow and Tatar 
1998; Partridge 2001). Third, certain developmental stages 
may be more sensitive to perturbation than others because 
of their particular architectures (Goodwin et al. 1993; Raff 
1996). 

Genes subject to tighter regulation seem to evolve slower 
than those that are less regulated. For instance, it has been 
shown that both the number of transcription factors (Xia et 
al. 2009; Wang et al. 2010) and the number of microRNAs 
(Cheng et al. 2009; Chen et al. 2011) by which a gene is 
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regulated negatively correlate with the rates of evolution of 
the encoded protein. Nevertheless, a recent study suggests 
that microRNAs may have a stronger effect (Chen et al. 
2013).

Genes with a high codon usage bias tend to encode slow-
evolving proteins (Sharp and Li 1987; Sharp 1991; Akashi 
1994; Pál et al. 2001b). The reasons for this trend, however, 
remain poorly understood, and several explanations 
have been proposed. First, non-synonymous mutations at 
preferred codons can entail slightly deleterious changes 
to unpreferred codons, which may result in decreased dN 
values for genes with high codon usage bias (Akashi 2001; 
Akashi 2003). Second, the most important amino acids in a 
protein may tend to be highly constrained and, at the same 
time, to be encoded by optimal codons (Akashi 1994). Third, 
genes that undergo a relaxation of purifying selection acting 
on non-synonymous sites may also experience relaxation 
at the level of codon bias (Comeron and Kreitman 1998). 
Fourth, high levels of codon bias often result in high levels 
of translation, and according to both the functional loss 
(Rocha and Danchin 2004) and the translational robustness 
(Drummond et al. 2005) hypotheses (developed above), 
highly translated proteins would tend to be highly 
constrained. Fifth, it has been proposed that fi xation of 
adaptive nonsynonymous mutations would interfere with 
weak selection for codon usage at linked positions, thus 
resulting in fast-evolving proteins exhibiting low levels of 
codon bias (Betancourt and Presgraves 2002). Finally, codon 
bias strongly correlates with gene expression levels, raising 
the possibility that the correlation between codon bias and 
proteins’ rates of evolution could be a by-product of the 
correlation of both variables with expression levels rather 
than a direct effect. Indeed, Ingvarsson (2007) detected no 
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association between dN/dS and codon bias once the effects 
of expression level and breadth were discounted.

As developed above, linked positions that are 
simultaneously under selection can interfere with each 
other, thus reducing the efficacy of both positive and 
negative selection (the so-called Hill-Robertson effect; 
Hill and Robertson 1966). This effect can be alleviated by 
recombination, which breaks up the linkage between loci. 
As a result, genes located at high-recombination genomic 
regions can experience increased purifying and positive 
selection. Therefore, proteins encoded by these genes can 
experience either increased or decreased rates of evolution, 
depending on whether advantageous or deleterious 
mutations are the most abundant, respectively. Consistently, 
among accelerated Drosophila genes, recombination rates 
positively correlate with proteins’ rates of evolution 
(Betancourt and Presgraves 2002; Zhang and Parsch 
2005; Larracuente et al. 2008), while the opposite trend 
is observed in non-accelerated genes (Marais et al. 2004; 
Haddrill et al. 2007; Larracuente et al. 2008). In yeasts, 
recombination rates negatively correlate with proteins’ 
rates of evolution, although the trend disappears when the 
confounding effect of expression level is removed (Pál et 
al. 2001a). In addition to its effect on the effi cacy of natural 
selection, recombination also may be mutagenic (Marais et 
al. 2001; Lercher and Hurst 2002; Filatov and Gerrard 2003; 
Hellmann et al. 2003) and might hence increase proteins’ 
rates of evolution.

Eukaryotes are thought to have arisen about 2 billion 
years ago from a fusion event involving an archaebacterium 
and a eubacterium (Sagan 1967; Martin et al. 2001). As a 
result, eukaryotic genomes are chimeras containing genes 
of both archaebacterial and eubacterial ancestry (Gabaldón 
and Huynen 2003; Rivera and Lake 2004; Pisani et al. 2007; 
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Alvarez-Ponce et al. 2013b). Remarkably, eukaryotic genes 
contributed by both prokaryotic ancestors of Eukaryotes 
differ in a number of ways, e.g., performing different 
functions, acting at different subcellular compartments, 
having different probabilities of being essential, being 
expressed at different levels, and occupying different 
positions in the protein–protein interaction network (Rivera 
et al. 1998; Esser et al. 2004; Cotton and McInerney 2010; 
Alvarez-Ponce and McInerney 2011; Alvarez-Ponce et al. 
2013b). In addition, genes of archaebacterial ancestry tend 
to be more selectively constrained than those of eubacterial 
ancestry (Alvarez-Ponce and McInerney 2011).

7.11 Correlation Does not Imply Causation: 
Looking for True Determinants of Proteins’ 
Rates of Evolution in an Entanglement of 
Intercorrelated Factors

Identifying a correlation between a given factor and 
dN/dS is a key step towards establishing it as a determinant 
of rates of evolution. However, not all correlates of dN/dS are 
necessarily determinants of rates of evolution: some may 
simply be factors that correlate with other factors that, in 
turn, are determinants of rates of evolution. For instance, 
one can think of a hypothetical factor, termed X, that does 
not have an effect on proteins’ rates of evolution, but 
that correlates with levels of gene expression; X will then 
probably correlate with rates of evolution, as a byproduct 
of its correlation with expression level (i.e., the correlation 
between dN/dS and X will be an indirect, induced correlation 
rather than the result of a true cause-effect relationship). 
Therefore, when a new correlate of dN/dS is discovered, 
it is crucial to rule out the possibility that this correlation 
is induced by potential confounding variables before the 
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factor can be claimed to have a direct effect on evolutionary 
rates. Accounting for potential confounding factors can not 
only help discard spurious correlations (i.e., identifying 
false positives), but also can allow the manifestation of 
otherwise undetectable correlates of dN/dS (i.e., avoiding 
false negatives; e.g., Williams and Fares 2010; Lachowiec 
et al. 2013).

Given the great array of factors affecting proteins’ rates 
of evolution, an integrated analysis of as many factors as 
possible can be essential. However, simultaneous analysis 
of several factors can be problematic, as the more factors are 
included in the analysis, the less genes exist with available 
information data for all variables. In any case, because gene 
expression seems to be the most important determinant of 
rates of evolution, discarding its effect is paramount.

The effect of potentially confounding factors can be 
minimized by applying a multitude of statistical techniques 
of varying complexity. When the factor that should be 
controlled is categorical (e.g., can take two or more pre-
defi ned values), one can simply eliminate certain genes 
from the analysis (e.g., one can evaluate a certain correlation 
between a factor and dN/dS after eliminating genes with 
signatures of positive selection, in order to evaluate whether 
positive selection is affecting the trend; e.g., Alvarez-
Ponce 2012), or bin the dataset into different categories 
(e.g., one can evaluate the correlation separately among 
singleton and duplicated genes, to discard duplicability 
as the driving factor; e.g., Alvarez-Ponce and Fares 2012). 
When the variables under consideration are quantitative, 
and particularly when multiple variables are to be handled 
simultaneously, multivariate analysis techniques are the 
methods of choice. Techniques of this kind that have been 
applied to understand the determinants of proteins’ rates 
of evolution include partial correlation (Bloom and Adami 
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2003; Larracuente et al. 2008; Figure 7.3), multiple regression 
(Rocha and Danchin 2004; Xia et al. 2009), principal 
component analysis (Wolf et al. 2006), principal component 
regression analysis (Drummond et al. 2006; Yang and Gaut 
2011), and structural equation modelling (Fraser et al. 2002; 
Wall et al. 2005; Ingvarsson 2007). Importantly, it is not 
clear which of these techniques is the most appropriate to 
study the determinants of evolutionary rates and, despite 

Figure 7.3. Partial correlations among evolutionary rates (ω) and a 
number of genomic factors in Drosophila. PPI, number of protein–
protein interactions; τ, range of tissue expression. Positive correlations 
are represented in orange, and negative correlations are represented 
in blue. The width of the lines is proportional to the strength of the 
correlations. Figure from Larracuente et al. (2008), reproduced with 
permission from the authors and the publisher. Copyright 2007 Elsevier 
Ltd.

Color image of this figure appears in the color plate section at the end of the book.
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their indubitable informative value, arguments can be 
proposed against all of them (Drummond et al. 2006; Kim 
and Yi 2007; Plotkin and Fraser 2007). First, these methods 
rely on a number of assumptions that are not always met. 
For instance, most methods assume linear, or at least 
monotonic dependences between variables, although not 
all associations between genomic factors are linear (Carmel 
and Koonin 2009). Second, although many of the correlates 
of dN/dS are also correlated to each other (Koonin and Wolf 
2006; Ingvarsson 2007; Larracuente et al. 2008; Xia et al. 2009; 
Yang et al. 2009; Alvarez-Ponce and Fares 2012; Figure 7.3), 
some methods do not account for these inter-dependences 
(Drummond et al. 2006), or do it in an over-simplifi ed 
manner. Finally, these methods may be confounded by the 
different accuracy with which the different variables have 
been measured (Drummond et al. 2006; Plotkin and Fraser 
2007).

Beyond identifying the determinants of proteins’ rates 
of evolution, it is interesting to determine to what extend 
they infl uence evolutionary rates, i.e., what fraction of the 
variability of proteins’ rates of evolution can be explained 
by each factor? In principle, the infl uence of a given factor 
can be estimated as ρ2, where ρ is the correlation coeffi cient 
between the factor and dN/dS. However, correlation 
coeffi cients are sensitive to a number of factors, such as 
confounding variables and the quality of the data, which 
complicate the estimation of the contribution of each factor to 
the variability of proteins’ rates of evolution. Unfortunately, 
currently available large-scale datasets are subject to very 
high noise-to-signal ratios, which may result in decreased 
correlation coeffi cients. The quality of the measurements of 
the relevant variables can widely vary from one variable to 
another. For instance, if we consider the set of factors that 
affect the rates of evolution of E. coli proteins, for certain 
factors, such as proteins’ lengths, we will have very precise 



Why Proteins Evolve at Different Rates

163

measures (as the E. coli genome is very well annotated); on 
the contrary, available measures for other factors such as 
genes’ levels of expression and number of protein–protein 
interactions may be much noisier, as they are the result, 
to a great extent, of the application of high-throughput 
techniques. This could result in an under-estimation of 
the relative effect of the latter, noisily-measured factors, 
on proteins’ rates of evolution. Indeed, Plotkin and Fraser 
(2007) found that, once noise levels were equalized across 
7 predictors of dN/dS in yeasts, they all seem to have a 
roughly equal contribution to the variability of proteins’ 
rates of evolution. 

7.12 Concluding Remarks

In summary, proteins’ rates of evolution are known to be 
infl uenced by a plethora of factors, and with no doubt many 
more will continue to be discovered in the near future. The 
prevailing view is that patterns and levels of gene expression 
are the most important factors affecting evolutionary rates, 
and that the other factors have a relatively minor, albeit 
measurable, effect. Although this might well be true, further 
experimental and theoretical advances are warranted to 
gain further insight into the relative contributions of the 
different factors to the variability of proteins’ rates of 
evolution, and into the mechanisms by which they affect 
evolutionary rates.
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