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Abstract

We compared genes at which mutations are known to cause human disease (disease genes) with other human genes (nondisease genes)

using a large set of human–rodent alignments to infer evolutionary patterns. Such comparisons may be of use both in predicting disease

genes and in understanding the general evolution of human genes. Four features were found to differ significantly between disease and

nondisease genes, with disease genes (i) evolving with higher nonsynonymous/synonymous substitution rate ratios (Ka/Ks), (ii) evolving at

higher synonymous substitution rates, (iii) with longer protein-coding sequences, and (iv) expressed in a narrower range of tissues.

Discriminant analysis showed that these differences may help to predict human disease genes. We also investigated other factors affecting the

mode of evolution in the disease genes: Ka/Ks is significantly affected by protein function, mode of inheritance, and the reduction of life

expectancy caused by disease.
D 2003 Elsevier B.V. All rights reserved.
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gene prediction
1. Introduction

We have compared the evolution of those genes at which

mutations are known to cause genetic disease in humans

(termed disease genes) relative to those genes which are not

yet known to cause disease (provisionally nondisease genes)

using a set of human–rodent alignments. There are two

principal motivations behind this study. The first reason is

concerned with the practical benefits to human health. We

already know many genes which cause genetic disease, but

we certainly have not identified all such genes. The se-

quencing of the human genome offers the prospect of

identifying potential disease genes by sequence analysis.

By performing sequence comparisons between humans and

other mammalian species, we can characterize the pattern of

evolution at disease genes relative to nondisease genes. If

there are strong differences in evolutionary patterns between
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disease and nondisease genes, then the comparative ap-

proach might prove a useful method for identifying potential

disease genes.

Why might we expect disease-causing genes to show

unusual patterns of evolution? It is already well established

that those nonsynonymous DNA mutations which cause

disease are atypical both in their rate and pattern of

evolution. For example, nonsynonymous mutations causing

disease are enriched at highly conserved amino acid posi-

tions (Notaro et al., 2000; Miller and Kumar, 2001), and the

amino acid changes caused by such mutations tend to

involve large changes in amino acid physicochemical prop-

erties and seem likely to have severe effects on protein

stability (Miller and Kumar, 2001; Ferrer-Costa et al.,

2002). We do not necessarily expect the pattern of mutations

causing disease to match the pattern of substitution in those

genes (e.g., because of negative selection; see Sunyaev et

al., 2001), but the mutation data suggest that disease genes

may show unusual patterns of substitution.

Furthermore, we can expect that disease genes may

evolve at unusual rates due to selection given that mutations

in disease genes have discernible phenotypic (and hence

fitness) effects. If one considers the full spectrum of possible
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phenotypic effects of mutations, it seems reasonable that

disease genes represent an intermediate class. We can

observe disease symptoms only if disease mutations are

not lethal at an early stage of development, so disease

mutations must have less severe consequences than lethal

mutations. On the other hand, the fact that genetic disease

generates discernible phenotypic symptoms means that

disease mutations do have some deleterious effects. Unfor-

tunately, the prediction of whether we expect disease genes

to evolve faster or slower than nondisease genes depends on

the unknown spectrum of phenotypic effects of mutations in

nondisease genes: does the effect of lethal mutations in

nondisease genes outweigh the effect of mutations which

generate no change in phenotype?

We have used three substitution rate statistics to compare

the evolution of disease and nondisease genes: Ka, Ks, and

Ka/Ks. Ka is the substitution rate per nonsynonymous site

which measures protein evolution, while Ks is the substitu-

tion rate per synonymous site for DNA mutations which do

not affect protein sequence. Ka/Ks is the ratio of the non-

synonymous and synonymous substitution rates. If synon-

ymous sites are neutral, as seems reasonable in mammals,

the Ka/Ks rate ratio measures the rate of protein evolution

relative to the mutation rate and is a useful indicator of

selection pressures (Keightley and Eyre-Walker, 2000; Yang

and Bielawski, 2000; Eyre-Walker et al., 2002). Ka/Ks is

expected to increase as the level of negative selection

decreases and as the level of positive selection increases,

with the level of selection determined by the distribution of

selection coefficients across sites.

The second reason for studying the evolution of human

disease genes is to improve our understanding of why

different genes evolve at different rates, a fundamental

problem in molecular evolution (Li, 1997). Human disease

genes may tell us how human genes evolve generally. We

have taken advantage of a recent study which compiled

phenotypic and genetic features for a large number of

disease genes (Jimenez-Sanchez et al., 2001), including

several features which might be expected to affect evolu-

tionary processes and hence rates of evolution.
Table 1

Comparison of means and standard errors for various features of 387

disease genes and 2024 nondisease genes: tissue range of expression (T),

coding sequence length in bp (L), G +C content at the third codon position

(GC3), synonymous and nonsynonymous substitution rates Ks and Ka, and

the substitution rate ratio Ka/Ks

Nondisease Disease p

Mean S.E. Mean S.E. Two-tail

Mann–Whitney U

Ks 0.7425 0.0127 0.8001 0.0406 0.022

Ka 0.0652 0.0016 0.0816 0.0037 < 0.001

Ka/Ks 0.0913 0.0022 0.1135 0.0052 < 0.001

T 5.1186 0.1077 4.3359 0.2120 0.010

L 1564.7 25.6 2010.3 84.6 < 0.001

GC3 0.6218 0.0029 0.6287 0.0065 0.259
2. Materials and methods

The database of human disease genes comes from the

study of Jimenez-Sanchez et al. (2001), which also provided

data on many phenotypic and genetic features of disease

genes (see Section 3.3). Jimenez-Sanchez et al. (2001)

compiled nearly 1000 human disease genes, 97% of which

are genes causing monogenic disease. We developed an

automated strategy for developing sets of confirmed disease

and provisionally nondisease genes. Online Mendelian

Inheritance in Man (OMIM) accession numbers from the

database were used to extract human protein sequences from

NCBI www.ncbi.nlm.nih.gov), and these protein sequences

were then compared to human protein sequences derived
from a large set of human–rodent DNA alignments of

confirmed orthology (Duret and Mouchiroud, 2000) using

stand-alone BLAST (Altschul et al., 1997). The criterion for

positive identification as a disease gene was over 99%

protein identity, excluding gaps. The BLAST searches

identified 392 genes in the disease set and 2038 genes in

the nondisease set.

For all human–rodent DNA alignments, synonymous

and nonsynonymous substitution rates, Ks and Ka, were

estimated using codeml in PAML (Yang, 1997). Genes with

extreme values of Ks > 2 were removed from the analyses,

leaving 387 disease and 2024 nondisease genes. A measure

of expression pattern based on EST data (Duret and Mou-

chiroud, 2000) was recorded for all genes: T is the number

of tissues for which expression was recorded in humans, out

of a total of 19 tissues. Base composition was calculated as

the G +C content at the third codon position, taking the

average of the human and rodent sequences (GC3). Protein

domains found in human proteins were taken from the

InterPro database (Apweiler et al., 2001).
3. Results and discussion

3.1. Comparison of disease and nondisease genes: predict-

ing disease genes

Table 1 summarizes various features of disease and

nondisease genes. The substitution rate data clearly show

that disease genes evolve faster than nondisease genes at

both synonymous and nonsynonymous sites (percentage

differences refer to means, p values for Mann–Whitney U

test; Ks 8% higher, p = 0.022; Ka 25% higher, p < 0.001).

The difference in substitution rates is greater at nonsynon-

ymous sites than at synonymous sites, as shown by Ka/Ks

significantly higher for disease genes (Ka/Ks 24% higher,

p < 0.001).

We also investigated whether disease and nondisease

genes differ in characters other than evolutionary rates:

gene length (L), tissue range of expression (T), base com-

position (GC3), and protein function. Disease genes have a
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significantly narrower tissue range of expression (T 15%

lower, p = 0.016) and significantly longer coding sequences

(L 28% higher, p < 0.001) than nondisease genes, while base

composition does not differ significantly between disease

and nondisease genes.

We checked whether protein structure might affect the

chances of a gene being involved in disease. The justifica-

tion for this analysis in terms of predicting disease genes

comes from studies which have noted that the occurrence of

disease-causing mutations varies with protein structure

(Sunyaev et al., 2001; Ferrer-Costa et al., 2002). We defined

protein structure using the InterPro database of protein

domains (Apweiler et al., 2001). Only the 22 domain types

found in 25 or more genes were considered. We tested

whether there was significant heterogeneity in the propor-

tions of disease and nondisease genes across protein

domains; in other words, were some protein domains more

likely than others to be found in disease genes? A Chi-

squared test revealed no significant heterogeneity (v2 = 40.2,
df = 43, p = 0.59), and thus, we have no evidence for a

relationship between protein structure and disease genes,

at least for the protein domain classification of protein

structure.

Our analyses suggest four potential predictors of disease

genes: the substitution rate ratio Ka/Ks, the synonymous

substitution rate Ks, the tissue range of expression T and the

gene length L. Although the nonsynonymous substitution

rate Ka also varies significantly between disease and non-

disease genes, the use of Ka/Ks is a better measure of

protein evolution since it controls for mutation rate (strictly

Ks) variation. We performed a discriminant analysis using

SPSS version 11 to build a predictive model of group

membership (i.e., whether genes are classified as disease

or nondisease). The purpose of the discriminant analysis is

to examine whether disease gene prediction is possible; we

anticipate that alternative methods such as neural nets and

logistic regression may provide more powerful approaches

to disease gene prediction.

As one would expect, given that all factors differ

significantly between disease and nondisease genes, a

highly significant discriminant function was generated (dis-

ease genes mean discriminant score 0.38 and S.E. 0.06,

nondisease genes mean discriminant score � 0.07 and S.E.

0.02; Wilk’s lambda = 0.973, v2 = 64.9, df = 4, p < 10� 12).

Despite the highly significant discriminant function, note

that the division of disease and nondisease genes explains

less than 3% of the variance in the predictive factors since

Wilk’s lambda gives the amount of variability among factors

that is not explained by group membership (see p. 319 in

Zar, 1999). The value of the discriminant function, a linear

combination of the four predictor factors, was used to

predict group membership contingent on the known sizes

of the disease and nondisease groups (note that the true sizes

of the disease and nondisease groups are unknown, with the

known size of the disease group an underestimate of the true

value, so it may be worthwhile exploring other combina-
tions of group sizes in future studies). With the discriminant

analysis, 83.9% of the genes were correctly classified, with

374 incorrectly classified as nondisease genes, and 14

incorrectly classified as disease genes.

The 14 genes supposed to have been incorrectly classi-

fied as disease genes are the nondisease genes with the

highest values of the discriminant function, and their acces-

sion numbers are as follows: AF027807, X62515, X69086,

X05615, U29344, U29874, U38291, U79716, U86136,

X51435, M34677, D25542, M73548, L32832. These 14

genes can be considered as the most likely of the nondisease

genes to be actual disease genes. Three types of misclassi-

fication of the provisionally nondisease genes can be dis-

tinguished. First, there are those disease genes present in the

database of Jimenez-Sanchez et al. (2001) but not picked up

by our automated sequence analysis approach, for example,

due to the presence of alternative splice products in the

protein databases. Second, there are those disease genes

which were not present in the database of Jimenez-Sanchez

et al. (2001), but for which clinical symptoms and/or allelic

variants with phenotypes are now recorded in OMIM

www.ncbi.nlm.nih.gov). Third, there are those genes which

are not recorded as human disease genes in OMIM. In the

set of 14 genes, there are three cases of the first type

(accession numbers and OMIM references: X05615 and

188450, M34677 and 306700, M73548 and 175100) and

two cases of the second type X62515 and 142461, U79716

and 600514), which leaves the remaining nine genes of the

third type as those most strongly predicted by our analysis to

be implicated in human disease.

When the additional disease genes are taken into account

(i.e., if we now count 392 disease genes and 2019 non-

disease genes), we can see that although the discriminant

method may not be very good at predicting all disease genes

(high level of false negatives), it does seem to be fairly

reliable when it does predict a disease gene (low level of

false positives). If we consider the nondisease genes, only

0.45% (9 out of 2019) are misclassified as disease genes by

the discriminant analysis. In contrast, 95.2% (374 out of

392) of the disease genes are misclassified, and hence, the

level of false negatives is very high. However, the change

from nondisease genes to disease genes does represent a

greater than 10-fold enrichment of predicted disease genes

from 0.45% to 4.8%. Such an enrichment of disease genes

indicates that the methods developed do have some power

and hence utility in disease gene prediction. Furthermore,

the false positive rate is low, with an upper limit of 33% (9

out of 27), since some of the nine provisionally nondisease

genes may be implicated in human disease in the future.

3.2. Comparison of disease and nondisease genes: evolu-

tionary explanations

Our investigation into human disease gene prediction has

revealed significant differences between disease and non-

disease genes. Although not strictly necessary for the
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purposes of disease gene prediction, it is clearly desirable to

try to explain such differences. Furthermore, it is useful to

distinguish between those differences due to fundamental

evolutionary processes and those which may be instead due

to various ascertainment biases which may have affected the

discovery of human disease genes and which may have

generated some of the differences observed in this study.

The former type of difference will presumably be more

useful than the latter for predicting disease genes in the

future.

The findings that disease genes have significantly higher

Ka and Ka/Ks than nondisease genes, as well as the

observation that disease genes are expressed in a signifi-

cantly narrower range of tissues (lower T), are all consistent

with the idea that disease genes are under weaker negative

selection than nondisease genes. If it is assumed that disease

mutations have phenotypic effects intermediate between

lethal mutations and those mutations with no discernible

phenotype, then our results suggest that the mode of non-

disease gene evolution is more affected by lethal mutations

than by mutations with no phenotypic effect (see Section 1).

Thus disease genes, which are less affected by lethal

mutations, are expected to evolve faster than nondisease

genes.

It has been previously shown that both Ka and Ka/Ks are

negatively correlated with the tissue range of expression

(Duret and Mouchiroud, 2000), as expected if negative

selection is stronger on genes with broader expression

patterns. For the combined disease and nondisease data

set, we find that both Ka and Ka/Ks negatively covary with

T (Spearman’s rank correlation r =� 0.199 for Ka/Ks and

r =� 0.228 for Ka, p < 0.001 in both cases). Thus, the

narrow range of expression of disease genes is consistent

with the higher Ka and Ka/Ks of disease genes. We can ask

whether the faster rate of protein evolution (Ka) and

different mode of evolution (Ka/Ks) in disease genes can

be fully explained by tissue expression patterns by using the

residuals of Ka and Ka/Ks after linear regression against T.

Although the magnitude of the difference decreased slightly

(from 0.022 to 0.019 for Ka/Ks and from 0.016 to 0.014),

the significant differences between disease and nondisease

genes remained after correction for T (Mann–Whitney U

tests, p < 0.001 for both Ka/Ks and Ka).

Thus, our results are consistent with the hypothesis that

disease genes are subject to weaker negative selection on

protein function than nondisease genes, partly due to a

narrower tissue range of expression but mostly independent

of expression range effects. However, how much confidence

should we place in such conclusions? Although we have

attempted to control for confounding factors, it is hard to be

sure that the differences we see are solely due to a difference

between disease and nondisease genes. As we learn more

about substitution rate variation, the list of factors which

need to be checked as potential confounding factors inexo-

rably rises. At present, such a list might include the follow-

ing: amino acid composition and protein structure (Xia and
Li, 1998; Tourasse and Li, 2000; Xia and Xie, 2002),

presence of a duplicate/paralog (Nembaware et al., 2002),

protein function (Hurst and Smith, 1999; Nembaware et al.,

2002), expression levels and tissue of expression (Duret and

Mouchiroud, 2000), and many factors which vary regionally

across the genome, such as gene density and tissue of

expression (Lercher et al., 2002). All of these complicating

factors could invalidate a simple interpretation of the rate

differences between disease and nondisease genes. Unless

we can control for both strong negative selection (Wilson et

al., 1977; Brookfield, 2000) and strong positive selection

(Hurst and Smith, 1999), it is difficult to properly test

hypotheses concerning substitution rate variation.

Several other assumptions implicit in our interpretation

of our results may also weaken our conclusions. In order to

obtain a large set of gene alignments, we have used human–

rodent pairwise comparisons. However, such distant com-

parisons may tell us little about current selection pressures

in the human genome. Similarly, it is unknown if there is a

tendency for human disease genes to also cause disease in

rodents, although the fact that the orthologs of human

disease genes in Caenorhabditis elegans tend to have viable

RNAi loss-of-function phenotypes suggests that the pheno-

typic effects of mutations are well conserved in animal

evolution (Kamath et al., 2003). A final problem is the

need to extrapolate from the fitness consequences of those

mutations causing disease to the evolution of all the sites in

a gene.

Given that synonymous mutations in mammals are

probably neutral, differences in Ks can be interpreted as

mutation rate differences. How then can we explain why Ks

is significantly higher for disease genes than nondisease

genes? The direction of the difference is consistent with

adaptive mutation rates: if disease genes are under weaker

negative selection than nondisease genes, then cost–benefit

considerations would lead to higher mutation rates for

disease genes. We also note that the well-known positive

correlation between synonymous and nonsynonymous sub-

stitution rates in mammals (Smith and Hurst, 1999; Bielaw-

ski et al., 2000; Hurst and Williams, 2000) appears to be

associated with the Ks difference; there is no significant

difference between disease and nondisease genes in the

residuals of Ks after linear regression against Ka (Mann–

Whitney U test, p = 0.37). However, since we do not yet

understand the cause of the Ka–Ks correlation, this finding

does not provide a proper explanation for our Ks result. In

particular, if the Ka–Ks correlation in mammals is simply

due to mutation rate variation according to neutral theory

(Ohta and Ina, 1995), then we are left with a circular

argument: both Ks and Ka are higher in disease genes

because mutation rates are higher in disease genes.

We now move to perhaps the most surprising difference

between disease and nondisease genes, the fact that disease

genes are significantly and considerably (28%) longer than

nondisease genes. This length difference cannot be fully

explained by the weak negative correlation between gene



Table 3

Comparison of Ka/Ks for different reduction of life expectancy classes

within the disease genes

Reduction of life expectancy n Ka/Ks mean S.E.

None 64 0.088 0.017

Mild (death after 60 years) 40 0.155 0.021

Moderate (death between puberty and 60) 62 0.131 0.015

Severe (death before puberty) 65 0.153 0.017
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length and range of tissue expression (combined disease and

nondisease data set, Spearman’s rank correlation r =� 0.081

and p < 0.001), since the significant length difference

remains for the residuals after linear regression against T

values (difference in mean residuals 420 bp, two-tail

Mann–Whitney U test, p < 0.001); nor can the gene length

difference be explained by the rarity of longer genes in high

GC isochores (Duret et al., 1995), since the GC3 of the

disease genes is slightly greater than the GC3 of nondisease

genes. We suggest that the explanation for longer disease

genes may be due to a mutation screen bias: the longer a

gene is, the more sites there are at which a mutation may be

found, and so, the more likely the identification of the

disease gene. Alternatively, features known to be associated

with human disease genes such as overlapping gene groups

and multiple amino acid runs (Karlin et al., 2002) would be

expected to be more common in longer genes.

3.3. Substitution rate variation within disease genes: do

phenotypic and genetic characteristics affect substitution

rates?

We now turn to evolutionary rate variation within the set

of disease genes in the hope that such comparisons may

reveal general patterns of human gene evolution. Although

we did find several significant differences between disease

and nondisease genes, such differences only reflect a small

proportion of the total variation between genes (the dis-

criminant analysis indicated that less than 3% of the

variation in predictive factors was due to the difference

between disease and nondisease genes), and so the use of

disease genes should not bias our results to any great extent

(see also Makalowski et al., 1996).

We considered five features from a database of human

disease genes (Jimenez-Sanchez et al., 2001) which might

be expected to affect selection and hence the Ka/Ks ratio:

(1) function of the protein product, (2) disease frequency in

the human population, (3) mode of inheritance, (4) age of

onset of clinical manifestations, and (5) reduction of life

expectancy (Jimenez-Sanchez et al., 2001). Note that in

order to predict the effects of the features on whole gene

substitution rates, we are extrapolating from the character-

istics of disease mutations to those of the whole gene

(except for the protein function analysis). Some of the
Table 2

Comparison of Ka/Ks for different protein function classes within the

disease genes

Protein function n Ka/Ks mean S.E.

Channel 17 0.054 0.022

Transcription factor 37 0.066 0.018

Intracellular protein component 15 0.079 0.024

Extracellular protein component 13 0.088 0.025

Enzyme 143 0.096 0.012

Transmembrane transporter 18 0.108 0.021

Modulator of protein function 46 0.135 0.018

Receptor 46 0.154 0.017
disease character categories with few representatives were

reclassified so to improve statistical power: all modes of

inheritance other than autosomal recessive and autosomal

dominant were reclassified as ‘‘unknown,’’ and the protein

function categories of hormone, extracellular transporter,

and cell signaling were reclassified as ‘‘other.’’

As a preliminary analysis, we looked for the effects of all

five features on Ka/Ks separately, without considering the

correlations between features. One-way ANOVAs, with

genes grouped according to disease character category,

revealed that the function of the protein product, the mode

of inheritance, and the reduction of life expectancy all had

significant effects on Ka/Ks ( p < 0.05). However, given the

strong covariance of protein function and the four other

disease characters considered here (see Jimenez-Sanchez et

al., 2001), it is important to confirm these results using

multiway analysis of variance to correct for interactions

between disease features. So we performed a multiway

univariate analysis of variance using SPSS version 11 with

a type I model and the five disease features (protein

function, disease frequency, age of onset, reduction of life

expectancy, and mode in inheritance) considered as fixed

factors. The multiway ANOVA confirmed significant effects

on Ka/Ks of protein function (F = 6.46, p < 10� 8), mode of

inheritance (F = 6.01, p = 0.003), and reduction of life

expectancy (F = 2.74, p = 0.030).

Let us consider the effect of protein function on substi-

tution rates in more detail. A relationship between function-

al classification and Ka/Ks has previously been reported in

human–mouse comparisons using Gene Ontology terms

(Nembaware et al., 2002), but the use of a different protein

function classification means that we cannot easily compare

results. Much of the Ka/Ks variation in our data set is

attributable to the slow evolving channels and transcription

factors and fast evolving receptors (see Table 2; all post hoc

pairwise comparisons of known protein function categories

which are significant after Bonferroni correction [see p. 240

in Sokal and Rohlf, 1995] involve at least one of these

categories). Under strict neutral theory, the variation in Ka/
Table 4

Comparison of Ka/Ks for different mode of inheritance classes within the

disease genes

Mode of inheritance n Ka/Ks mean S.E.

Autosomal recessive 150 0.127 0.008

Autosomal dominant 94 0.087 0.010

Unknown and other modes 143 0.118 0.009
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Ks is largely due to variation in the proportion of amino

acids under functional constraint: the implication is that a

particularly high proportion of amino acids are strongly

constrained in transcription factors and channels, and a

particularly low proportion of amino acids are strongly

constrained in receptors. Another explanation for the low

Ka/Ks of transcription factors is due to lower levels of

duplication and possible adaptive evolution: transcription

factors are less likely to undergo gene duplication than other

genes (Conant and Wagner, 2002), and Ka/Ks is higher in

those genes for which paralogs are found (Nembaware et al.,

2002). The Ka/Ks of receptors might similarly be affected

by positive selection: many of the two best known types of

positively selected genes, immune and reproductive genes,

are receptors (Yang and Bielawski, 2000). A further possible

explanation for low Ka/Ks is that transcription factors often

regulate many downstream genes, hence, an amino acid

change in a transcription factor is highly unlikely to be

neutral or beneficial to all its downstream targets (Sutton

and Wilkinson, 1997).

How can we explain the significant effect of the reduc-

tion of life expectancy on Ka/Ks? In general, selection is

expected to be weaker after the cessation of reproduction,

so a lesser reduction of life expectancy should be expected

to be less deleterious and thus cause higher substitution

rates under nearly neutral theory than a greater reduction of

life expectancy. This prediction utterly fails to explain the

observed patterns; indeed, the strongest pattern is that Ka/

Ks is lowest when there is no reduction in life expectancy

(see Table 3, the only post hoc pairwise comparison which

is significant after Bonferroni correction is between no

reduction in life expectancy and a severe reduction). Thus,

negative selection would appear to be strongest in those

genes which cause no reduction in life expectancy. This

result can be taken as evidence that the numerous assump-

tions involved in predicting substitution rates may not be

justified (see Section 3.2). In particular, these results sug-

gest that the fitness effect of a disease may be a poor

predictor of the fitness effect of all the mutations in the

disease gene.

The mode of inheritance of mutations is expected to

affect substitution rates according to classical population

genetics (Kimura, 1983; Charlesworth et al., 1987). Disease

genes which are autosomal and recessive evolve with much

higher Ka/Ks than disease genes which are autosomal and

dominant (mean 46% higher, see Table 4). If the mode of

inheritance is assumed to be similar for all nonsynonymous

mutations in a gene, then this result is consistent with nearly

neutral theory in which protein evolution occurs by the

fixation of slightly deleterious mutations.
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