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Abstract

Two recent theoretical studies of adaptation suggest that more complex organisms tend to adapt

more slowly. Specifically, in Fisher’s “geometric” model ofa finite population where multiple traits

are under optimizing selection, the average progress ensuing from a single mutation decreases as

the number of traits increases—the “cost of complexity.” Here, I draw on molecular and histo-

logical data to assess the extent to which on a large phylogenetic scale, this predicted decrease

in the rate of adaptation per mutation is mitigated by an increase in the number of mutations per

generation as complexity increases. As an index of complexity for multicellular organisms, I use

the number of visibly distinct types of cell in the body. Mutation rate is the product of mutational

target size and population mutation rate per unit target. Despite much scatter, genome size ap-

pears to be positively correlated with complexity (as indexed by cell-type number), which along

with other considerations suggests that mutational targetsize tends to increase with complexity. In

contrast, effective population mutation rate per unit target appears to be negatively correlated with

complexity. The net result is that mutation rate probably does tend to increase with complexity,

although probably not fast enough to eliminate the cost of complexity.
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Introduction
Students of evolution have an abiding interest in the tempo of evolution, including rates at which

traits respond when environmental changes impose directional selection on them. In this regard,

two recent theoretical studies of adaptation offer an intriguing suggestion. Using the “geometric”

model introduced by Fisher (1930, ch. 2), Orr (2000) and Welch and Waxman (2003) studied

the rate of adaptation in a finite population where multiple traits are under optimizing selection.

When a mutation occurs, the population may make progress toward the optimal trait values. Orr

showed that as the number of traits increases, the average progress ensuing from a single mutation

decreases, a phenomenon he dubbed the “cost of complexity.”Welch and Waxman showed that

Orr’s finding is robust with respect to several variations onhis assumptions. Fisher’s model is

highly abstract, and relating it to empirical observationsis challenging. Still, the suggestion that

more complex organisms tend to adapt more slowly is intriguing (Reznick and Ghalambor, 2001).

However, it is important to recognize that the cost of complexity studied by Orr, Welch, and

Waxman is in the rate of adaptationper mutation. In some contexts, the rate of adaptationper gen-

eration is more pertinent. The two adaptation rates are connected through the number of mutations

per generation,

adaptation per generation= adaptation per mutation× mutations per generation. (1)

Mutation rate can usefully be decomposed into two factors,

mutations per generation= mutational target size in nucleotide sites× (2)

mutations per generation per nucleotide site.

Mutational target size is the size of the functional portionof the genome in which mutations affect

organismal traits, for better or worse. Population mutation rate per site is the number of mutations

per generation per nucleotide site, in the entire population. These factors might vary with com-

plexity and mitigate or aggravate the cost of complexity. For example, mutational target size might

be positively correlated with complexity, say, because more complex organisms tend to have larger

3



genomes, whereas population mutation rate per site might benegatively correlated with complex-

ity, say, because more complex organisms tend to have smaller populations. Thus, the net effect of

mutation rate might depend on the relative magnitudes of opposing tendencies.

That mutation rate might vary with complexity is fairly obvious. Interesting questions include

(1) do available data suggest that this possibility is realized, (2) if so, does mutation rate tend to

increase with complexity, and (3) if so, is the increase fastenough to eliminate the cost of com-

plexity? Here, I draw on molecular and histological data to address these questions on a large

phylogenetic scale, using the number of visibly distinct types of cell in the body as an index of

complexity for multicellular organisms. First, I sketch the findings of Orr, Welch, and Waxman

and explain more fully what it means to say that mutation ratevaries with complexity. I then dis-

cuss cell-type number as an index of complexity and argue that it is worth considering despite its

limitations. Next, I present evidence that despite much scatter, genome size is positively correlated

with complexity (as indexed by cell-type number), and I argue that mutational target size proba-

bly tends to increase with complexity. I then present evidence that population mutation rate per

site is negatively correlated with complexity, and I assessthe net variation of mutation rate with

complexity. Finally, I discuss my findings, their limitations, and directions for future research. In

brief, on the scale of all multicellular eukaryotes, the answers to the questions above appear to be

yes, yes, and no—(1) mutation rate probably does vary with complexity, and (2) it probably tends

to increase, but (3) the increase is probably too slow to eliminate the cost of complexity.

Fisher’s model and the cost of complexity
The following is merely a sketch; see Orr (2000) and Welch andWaxman (2003) for details. In

Fisher’s model, the state of a finite population of a haploid organism is represented by a point

in n-dimensional space, whose coordinates are the values ofn traits under optimizing selection;

standing variation, whether genetic or environmental, is neglected. The optimal state is the originE0,

with fitnessw[0] = 1, and the initial state isEz, with fitnessw[z] = exp[−z2/2], wherez is the

Euclidean length ofEz. A mutation changes the phenotype of an individual fromEz to Ez ′ = Ez + 1Ez.
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The direction of1Ez is random. In Orr’s analysis, the size of1Ez is a constant, whereas in Welch

and Waxman’s, it is drawn from a probability distribution with meanρ. If z′ > z, the mutation is

disfavored and assumed to be lost. Alternatively, ifz′ < z, the mutation is favored and assumed to

be fixed with probability 2s Ne/N , wheres = (w[z′]/w[z]) − 1, Ne is effective population size,

andN is census population size (Kimura, 1962; the possibility that Ne 6= N is usually neglected).

Either way, the mutation is assumed to meet its fate before another mutation occurs. The change

in ln[w] is a convenient measure of the progress of the population. Averaging over the probability

distributions of mutation direction and size yields

E{1mut ln[w]} ≈
2z2ρ2

n
F

[

2z2

nρ2

]

Ne

N
. (3)

The subscript “mut” signifies that the change is per mutation. F is a monotonically increasing

function depending on the probability distribution of mutation size but notn, z, orρ except through

its argument (Welch and Waxman, 2003). This expected value corresponds to “adaptation per

mutation” in (1). Asn increases, the expression 2z2ρ2/n decreases, and the argument 2z2/(nρ2)

and hence the value ofF decreases, albeit slowly unless the argument is small (Welch and Waxman,

2003). Thus, the rate of adaptation per mutation decreases as n increases, the minimum cost of

complexity being given by the initial factor of 1/n.

The cost of complexity transcends some limitations of Fisher’s model. For example, Welch

and Waxman investigated the implications of grouping traits into modules, such that each mutation

affects a single module. They showed that modularity can mitigate the cost to a modest extent,

but the minimum cost 1/n persists. However, Fisher’s model has other limitations (Barton, 1998;

Barton and Partridge, 2000). Perhaps the most significant are its neglect of standing genetic vari-

ation, although adaptation does sometimes involve such variation, and its assumption of a simple

peak on the fitness landscape, although selection for coadaptation of traits must sometimes lead to

ridges. Although we will not consider them further, these limitations call for investigation.

As in (1), the rate of adaptation per generation is the product of the rate of adaptation per

mutation and the number of mutations per generation, and as in (2), the latter is the product of
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mutational target size and population mutation rate per site, yielding

E{1genln[w]} = E{1mut ln[w]}(φG)(Nu) ≈
2z2ρ2

n
F

[

2z2

nρ2

]

φG Neu. (4)

The subscript “gen” signifies that the change is per generation. φ is the functional fraction of the

genome, as explained below, andG is genome size in nucleotide sites, soφG is mutational target

size. N is census population size, andu is the number of mutations per generation per nucleotide

site per individual, soNu is population mutation rate per site. (Readers of Orr’s analysis should

note that hisµ is myφGu.) The multiplication byNe/N from (3) replacesNu with Neu, effective

population mutation rate per site.φ andG themselves are presumably mutable, but we will assume

the rates are negligible.

Available data furnish estimates ofG, Neu, and, very roughly,φ for modest numbers of organ-

isms. Here, we ask whether these estimates suggest thatφG andNeu vary with n, if so, whether

their product tends to increase, and if so, whether the increase is linear or faster, canceling out

the minimum cost of complexity 1/n. Presumably, many factors influenceφG andNeu, and their

relationships ton are not determinate. We seek trends, around which there may be scatter. More-

over, as I will discuss, it is not obvious how to measuren, so we must consider a practical index of

complexity rather thann itself. n almost certainly tends to increase linearly or faster with the index

X we will consider. Thus, we will assess the relationships ofφG and Neu to X , with particular

attention to whetherφG Neu tends to increase linearly or faster withX , which is almost certainly

necessary to cancel out even the minimum cost of complexity.

φ, the functional fraction of the genome, is essential to thisformulation. Eukaryotic genomes

contain introns, transposons, and other sequences thoughtto have little effect on organismal traits

(Filipski and Kumar, 2005). The fraction of the genome consisting of such putatively nonfunctional

sequences might be positively correlated with complexity,say, because more complex organisms

tend to have smaller populations, in which selection against the subtle burden of nonfunctional

sequences is less efficient (Lynch, 2006). Estimatingφ is difficult, as I will discuss, but represent-

ing the functional fraction is essential for conceptual clarity. If φ were omitted, mean mutation
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sizeρ would include mutations in nonfunctional sequences, whichhave size 0, so an increase in

the nonfunctional fraction of the genome would entail a decrease inρ. ρ might vary withn for

other reasons we will not consider (Welch and Waxman, 2003),but variation of the nonfunctional

fraction is apportioned toφ.

A practical index of complexity
It is not obvious how to measuren. An organism may be described in terms of an indefinitely

large number of traits, any of which may be under optimizing selection. However, for two traits

of an organism to correspond to two traits in Fisher’s model,they must have some degree of

genetic autonomy. The number of traits in such a descriptionof an organism is not indefinitely

large, if only because the genome is finite. Still, obtainingsuch a description seems impractical

even for a relatively simple organism. As a thought experiment, Orr (2000) sketched a procedure

for estimatingn by analyzing the fitness effects of the same large set of mutations in both an

optimally adapted strain and one or more suboptimally adapted strains. As Orr acknowledged, this

is probably impractical even for a microbe. Thus, we must consider notn itself but something that

can be (and has been) measured and is strongly correlated with n—a practical index of complexity.

Unfortunately, there is probably no fully satisfactory index. Organismal complexity is notori-

ously difficult to define and compare across the breadth of organismal diversity (McShea, 1996).

For our purposes, phylogenetic breadth is appropriate, because estimates of genome size and, more

so, effective population mutation rate per site are available only for modest numbers of organisms

with wide phylogenetic distributions, so we should expect to discern trends only on large phylo-

genetic scales. Breadth is also desirable in order to consider, say, the evolutionary response of

an entire ecological guild to a climate change. However, it is problematic, because defining and

comparing complexity requires comparable parts or processes, but on large phylogenetic scales,

none are evident above the organizational level of the cell (McShea, 1996).

Accordingly, one practical index of complexity, arguably the most practical index available on

a large phylogenetic scale, is the number of visibly distinct types of cell in the body, which I will
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denoteX . Estimates ofX have been culled from the histological literature and used to explore

topics including the relationship between body size and complexity (Bell and Mooers, 1997; Bon-

ner, 2004; McCarthy and Enquist, 2005) and evolutionary trends in complexity (Valentine et al.,

1994; McShea, 1996; McCarthy and Enquist, 2005). The best compilations known to me are those

of Bell and Mooers (1997) and McCarthy and Enquist (2005), which include 134 and 64 species,

respectively, with overlap. In what follows, all estimatesof X are from these compilations, which

standardize estimates in the same way.

Obviously, cell-type numberX is not a fully satisfactory index for several reasons. It does not

apply to unicellular organisms, and it ignores differencesin complexity between cell types within

multicellular organisms. Exactly how the complexity of a tissue, organ, or organism relates to the

number of cell types it contains is unclear. Different authors recognize different cell types, and

some distinctions depend on staining procedures and other technicalities. Bell and Mooers’ and

McCarthy and Enquist’s compilations are impressive, but few of their species are model organ-

isms, and several major model organisms are missing. Nonetheless,X is worth considering. One

motivation is that although the relationship ofn to X is unclear, it seems very likely that each cell

type gives rise to at least one organismal trait and that the genetic substrate for the differentiation

of the type imparts some degree of genetic autonomy to the trait or traits. It follows thatn almost

certainly tends to increase linearly or faster withX , so mutation rate must do likewise to cancel out

the minimum cost of complexity 1/n. Another motivation for consideringX is that, as I will show,

available data suggest a surprisingly strong correlation of genome size withX , which warrants

further investigation.

In what follows,X is the independent variable in several (logarithmic) regressions, but this is

not meant to impute causation. We are interested in the relationship between mutation rate and

complexity, whatever the causes of the relationship may be.X is presumably correlated with many

organismal traits through many causal mechanisms. However, one trait is probably central to this

network of relationships, namely, body size, which I will denote B. Bell and Mooers (1997) and
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McCarthy and Enquist (2005) compiled estimates ofB as well asX and showed that on large

phylogenetic scales,B andX are positively correlated—more complex organisms tend to be larger

(cf. Bonner, 2004). Moreover, Lynch (2006) argued that effective population mutation rate per site

Neu andB are negatively correlated—larger organisms tend to have smaller effective populations

(cf. Lynch and Conery, 2003); they may also tend to have higher u, but not enough to overcome

their lowerNe. We might therefore expect thatNeu tends to decrease asX increases, and as I will

show, this appears to be the case. Less is known about the relationship of mutational target sizeφG

to B. We will use estimates ofB from Bell and Mooers and McCarthy and Enquist to assess the

relationships of genome sizeG, Neu, andX to B. We will also assess how far the relationships of

G andNeu to X are determined by the relationships of these variables toB, that is, we will assess

the residual relationships ofG andNeu to X after statistically eliminatingB.

Following standard practice (Felsenstein, 1985; Garland et al., 1992; Sokal and Rohlf, 1995),

we will compute statistics using base-10 log-transformed estimates ofX , B, and other variables.

If the regression coefficient of, say, log[X ] on log[B] is b, it follows that X tends to vary withB

like Bb. One of the statistics we will consider, the rank-order (Spearman) correlation coefficient,

is unaffected by log transformation.

Mutational target size and complexity
We will first assess the relationship of genome sizeG to cell-type numberX and then consider

functional fractionφ and mutational target sizeφG, which are difficult to estimate. For diploid

and polyploid organisms, we will takeG to be haploid genome size.

Seeking a trend inG with X might seem unpromising, becauseG is well known to vary widely

among organisms of similar apparent complexity. For example, a recent review states that “genome

size varies enormously among species, and. . . except at a very basic level (e.g., prokaryotes versus

eukaryotes) there is no correlation between genome size andnotions of organismal complexity.”

(Filipski and Kumar, 2005, p. 531) This is known as the “C-value paradox,” the C-value of an

organism being the amount of DNA in a gamete nucleus (Gregory, 2005).
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Surprisingly, despite much scatter, available data suggest an appreciable positive correlation of

G with X on the scale of all multicellular eukaryotes. The data are presented in the supplement

and plotted in Figure 1, and statistics are presented in the first three rows of Table 1. There are data

for 37 species, including 22 animals, 7 algae, and 8 plants, representing 14 phyla or, for plants,

divisions; these are all of Bell and Mooers’ (1997) and McCarthy and Enquist’s (2005) species for

which estimates ofG are available through the Animal Genome Size Database (Gregory, 2001)

or the Plant DNA C-values Database (Bennett and Leitch, 2003), which includes algae. Over all

species, the standard (Pearson) and rank-order (Spearman)correlation coefficients are moderately

large,r = 0.47 andrS = 0.56, respectively. Inspection of Figure 1 suggests that for agiven X ,

G tends to be smaller for animals than for algae and plants. Thecoefficients within these groups

are larger.

The standardp-values of all the statistics in the left half of Table 1 are less than 0.05, and most

are less than 0.01. However, thesep-values may not be meaningful (hence they are omitted from

Table 1) due to phylogenetic dependencies among the data. The standard way of addressing this

issue is the method of phylogenetically independent contrasts (PIC) (Felsenstein, 1985; Garland

et al., 2005). As implemented in the PDAP package of Mesquite(Maddison and Maddison, 2004;

Midford et al., 2005), using the tree topology presented in the supplement, and setting all branch

lengths to unity (suggestive of “punctuational” evolution, Garland et al., 1992), PIC yields the

statistics in the right half of Table 1. Over all species, thePIC correlation coefficient is moderately

large,r = 0.44, and significant,p = 0.011. Within animals, the coefficient is larger and more

significant, but within algae and plants, it is small and nonsignificant. The latter may indicate a

weak relationship betweenG andX within this group.

Caution is appropriate in interpreting these results for several reasons. The phylogenetic scale

is large, and the trend may not prevail on smaller scales. Thedata are sparse, omitting many phyla

of animals, algae, and plants and the entire kingdom of fungi. There are measurement errors, and

multiple estimates ofX andG for several species suggest that they are substantial. For PIC, the

tree topology may be wrong, and the branch lengths and evolutionary model (Brownian motion) are
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certainly wrong. (However, apart from one case mentioned below, the regressions of the absolute

values of the standardized contrasts on the standard deviations of the standardized contrasts are

nonsignificant, so according to this standard diagnostic, the tree and model are not incoherent with

the data, Garland et al., 1992.)

Despite these concerns, the trend may well be genuine. The PIC results are fairly insensitive to

branch lengths. Over all species, Grafen’s (1989) arbitrary branch lengths with Grafen’s parameter

ρ = 0.5 yield r = 0.37 with p = 0.035, Pagel’s (1992) arbitrary branch lengths yieldr =

0.30 with p = 0.087, and Nee’s (Purvis, 1989) arbitrary branch lengths yield r = 0.38 with

p = 0.032. There have presumably been evolutionary trends inX andG, which the evolutionary

model does not accommodate (Garland et al., 2005). For example, the PIC estimated root node

has X ≈ 12, but the most recent common ancestor of all multicellulareukaryotes was almost

certainly unicellular. However, PIC sometimes estimates correlations well even when it estimates

ancestors poorly (Oakley and Cunningham, 2000). Moreover,when the root node is forced (using

a “ghost node,” Garland et al., 2005) to haveX = 1 andG = 39 Mbp, the smallest value ofG

in the data set, PIC yieldsr = 0.66 with p < 0.001. (In this case, however, the regressions of

the absolute values of the standardized contrasts on the standard deviations of the standardized

contrasts are significant.) Thus, although the relationship should be reassessed using additional

data, and although there is much scatter around the trend, the present analysis suggests thatG tends

to increase withX , at least within animals. The PIC regression coefficients inTable 1 suggest that

the increase is roughly linear or somewhat faster.

The relationship ofG to X is mostly determined by the relationships of these variables to body

sizeB, as indicated in the first three rows of Table 2. Over all species, within animals, and within

algae and plants,G and X are moderately to strongly correlated withB, and their residuals after

regression onB are weakly correlated with each other. The moderate to strong correlations ofG

andX with B are broadly consistent with previous studies (Bell and Mooers, 1997; Bonner, 2004;

Gregory, 2005; McCarthy and Enquist, 2005). Over all species, the PIC regression coefficients of

G andX on B are 0.15 and 0.07, respectively.
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Functional fractionφ almost certainly tends to decrease asG increases. Larger eukaryotic

genomes certainly tend to contain higher fractions of non-protein-coding sequences (Lynch and

Conery, 2003; Lynch, 2006). However, some of these sequences function in gene regulation (Wray

et al., 2003), and functional transposons and even pseudogenes are known (Hirotsune et al., 2003;

Kidwell, 2005). The prevalence of such phenomena is unknown, so it seems premature to estimate

how fastφ tends to decrease asG increases. It seems very unlikely, however, that the decrease is

as fast as 1/G. For example, Lynch and Conery (2003, Fig. 4) showed that forsequenced genomes

with G & 10 Mbp, the fraction of the genomenot consisting of transposons tends to decrease as

G increases roughly like 1/G0.05. GivenG probably tends to increase withX , mutational target

sizeφG probably does likewise but somewhat slower.

Effective population mutation rate per site and complexity
Estimates of effective population mutation rate per siteNeu are as scarce as estimates of cell-

type numberX . The best compilation known to me is that of Lynch (2006), which includes 130

eukaryotic species, many of them unicellular. Most of theseestimates derive from measurements

of nucleotide diversity at intronic or silent exonic sites.Estimates of bothNeu andX are available

for very few species. Lynch’s species include only six of Bell and Mooers’ (1997) and McCarthy

and Enquist’s (2005), three of which (dog, human, and mouse)are close relatives. Thus, we must

consider higher taxa.

For several phyla or, for plants, divisions, Bell and Mooersand/or McCarthy and Enquist give

an estimate ofX for at least one species, and Lynch gives an estimate ofNeu for at least one species.

A data point representing the higher taxon can be constructed by averaging over the species. This

procedure yields 12 data points, involving 160 species of animals, algae, plants, fungi, and protists.

The supplement presents the species data and higher-taxon averages, along with the coefficients

of variation within the higher taxa. Most of the coefficientsexceed 0.1, indicating substantial

heterogeneity within the taxa. Grouping species at a lower taxonomic level might lead to more

homogeneous groups, but it would take in fewer species.
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These data suggest an appreciable negative correlation ofNeu with X on the scale of all multi-

cellular eukaryotes. The data are plotted in Figure 2, and statistics are presented in the last row of

Table 1. The standard and rank-order correlation coefficients are large,r = −0.76 andrS = −0.71,

respectively. Using the tree topology presented in the supplement and setting all branch lengths to

unity, the PIC correlation coefficient is large,r = −0.65, and significant,p = 0.023. Interpretive

caution is again appropriate, not only for the reasons mentioned before but also due to the use of

higher taxa rather than species and the possibility that estimates ofNeu derived from intronic or

silent exonic sites are distorted by selection. However, the PIC results are again fairly insensitive

to branch lengths, and the PIC estimated root node hasX ≈ 4, a modest improvement. Thus, the

present analysis suggests thatNeu tends to decrease asX increases. The PIC regression coefficient,

b = −0.54, suggests that the decrease is slower than 1/X .

As indicated in the last row of Table 2, the relationship ofNeu to X is partly determined by the

relationships of these variables to body sizeB, but the residual relationship is appreciable. In this

analysis, the PIC regression coefficient ofX on B is 0.10.

The PIC regression coefficients in Table 1 suggest thatG Neu tends to increase withX roughly

like X0.97−0.54 = X0.43. Given the uncertainties in the coefficients, the exponent could be less

than 0 or greater than 1, although neither is very probable. Assuming functional fractionφ tends

to decrease no faster than roughly like 1/G1−(0.54/0.97) = 1/G0.44 asG increases, it follows that

φG Neu probably tends to increase withX . However, the increase is probably slower than linear,

which is too slow to cancel out even the minimum cost of complexity 1/n. This conclusion is

strengthened ifn tends to increase faster than linearly withX , which is plausible in view of the

combinatorial character of tissues, organs, and organisms.

Discussion
The cost of complexity is a predicted decrease in the averageprogress toward the optimal trait

values ensuing from a single mutation as the number of selected traits increases. Per generation,

it might be mitigated by an increase in mutation rate. The present study suggests that on the
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scale of all multicellular eukaryotes, mutation rate probably does tend to increase with complexity,

although probably not fast enough to eliminate the cost of complexity.

The latter conclusion is not wholly secure, not only becausethe data are sparse and the assump-

tions of PIC are not perfectly fulfilled but also due to measurement errors in the data. In particular,

measurement errors in cell-type numberX are difficult to estimate but may be substantial. Some

researchers would therefore advocate using reduced major axis (RMA) regression coefficients on

X rather than standard ones; ifb is the standard coefficient andr is the correlation coefficient, the

RMA coefficient isb/|r | (Sokal and Rohlf, 1995). This would suggest thatG Neu tends to increase

with X roughly like X (0.97/0.44)−(0.54/0.65) = X1.37 instead ofX0.43. Assuming functional fraction

φ tends to decrease slowly asG increases,φG Neu would tend to increase somewhat faster than

linearly with X . This would cancel out the minimum cost of complexity 1/n, providedn did not

increase much faster than linearly withX . Whether RMA regression is indeed more appropriate

in this context is a complicated issue (Garland et al., 1992;Sokal and Rohlf, 1995). For future

studies, uniform data collection procedures would be helpful, so that measurement errors could be

treated systematically.

This study also suggests that mutational target size probably tends to increase with complexity,

which is intuitively appealing. However, this conclusion builds on the more surprising conclusion

that genome size itself probably tends to increase with complexity, at least within animals, contrary

to the strongest statements of the C-value paradox. It should be noted that even if this trend is gen-

uine, there is much scatter around it, and it may not prevail on smaller phylogenetic scales. Further

investigation is warranted, using cell-type number and other measurable, quantitative indices of

complexity.

Although theirp-values are persuasive, the analyses presented here involve small sets of noisy

data. Eventually, they should be repeated with high-quality estimates ofX , genome sizeG, effec-

tive population mutation rate per siteNeu, and, if possible, functional fractionφ for all of a sizable

number of organisms with a wide phylogenetic distribution.Presumably, estimates ofG, Neu, and
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evenφ will accumulate in the normal course of genomic research, but estimates ofX will require

a special effort. The strong correlations reported here provide impetus for such an effort.

Even if these trends are genuine, they may not prevail on smaller phylogenetic scales—magni-

tudes and even signs of correlation and regression coefficients may vary. For example, McCarthy

and Enquist (2005) argued that the correlation of body size with cell-type number is absent within

several animal phyla. However, better indices of complexity may be available on smaller scales.

For example, appendage specialization has been used as an index of complexity for aquatic arthro-

pods (Cisne, 1974).

So do more complex organisms tend to adapt more slowly? This study offers some support for

this suggestion, but there are at least three additional qualifications. First, not only the relationship

between mutation rate and complexity but also the cost of complexity itself are trends, around

which there is scatter. Presumably, the scatter varies fromone group of organisms to another,

because Fisher’s model applies better to some organisms (and adaptive challenges) than others,

and mutation rate is more influenced by factors uncorrelatedwith complexity within some groups

than others. Undoubtedly, more complex organisms sometimes adapt more quickly, Second, as I

have mentioned, Fisher’s model neglects standing genetic variation and ridged fitness landscapes,

significant limitations that call for investigation. Third, greater complexity may lead to slower but

more complete adaptation. For example, if two traits are completely mutationally correlated, they

evolve as one trait rather than two, and if the initial relationship of one to the other differs from the

optimal relationship, the population cannot reach the optimal state.
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Figure 1: Log–log plot of genome sizeG (in billions of base pairs) versus cell-type numberX .

Triangles represent animals, and squares represent algae and plants. (Estimates ofG are from

Gregory, 2001 and Bennett and Leitch, 2003, and estimates ofX are from Bell and Mooers, 1997

and McCarthy and Enquist, 2005. See supplement for details.)
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Figure 2: Log–log plot of effective population mutation rate per siteNeu versus cell-type num-

ber X . (Estimates ofNeu are from Lynch, 2006, and estimates ofX are from Bell and Mooers,

1997 and McCarthy and Enquist, 2005. See supplement for details.)

20



variables taxa
one point per taxon PICb

rc rS
d be rc be ± SEf pg

all 0.47 0.56 0.58 0.44 0.97± 0.36 0.011

G vs. X animals 0.72 0.63 0.88 0.65 1.30± 0.36 0.003

algae and plants 0.62 0.64 1.48 0.16 0.41± 0.72 0.581

Neu vs. X all -0.76 -0.71 -0.50 -0.65 −0.54± 0.20 0.023

Table 1: Statistics on genome sizeG and effective population mutation rate per siteNeu versus

cell-type numberX .a

aSee text for methods and supplement for data. All statisticsare computed using base-10 log-

transformed data.

bPhylogenetically independent contrasts.

cStandard (Pearson) correlation coefficient.

dRank-order (Spearman) correlation coefficient.

eRegression coefficient.

fStandard error.

gTwo-tailedp-value, rounded up.
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variables taxa
one point per taxon PICb

rG,B
c rX,B

c r̃G,X
d rG,B

c rX,B
c r̃G,X

d

all 0.58 0.59 0.25 0.59∗∗∗ 0.65∗∗∗ 0.05

G andX vs. B animals 0.74 0.85 0.25 0.63∗∗ 0.74∗∗∗ 0.31

algae and plants 0.37 0.27 0.50 0.55∗ 0.55∗ 0.29

rNeu,B
c rX,B

c r̃Neu,X
d rNeu,B

c rX,B
c r̃Neu,X

d

Neu andX vs. B all -0.59 0.85 -0.69 -0.21 0.79∗∗ −0.80∗∗

Table 2: Statistics on genome sizeG, effective population mutation rate per siteNeu, and cell-type

numberX versus body sizeB.a

aSee text for methods and supplement for data. All statisticsare computed using base-10 log-

transformed data.

bPhylogenetically independent contrasts.

cStandard (Pearson) correlation coefficient.

dStandard (Pearson) correlation coefficient of residuals after regression onB.

∗∗∗ p < 0.001,∗∗0.001 < p < 0.01, ∗0.01 < p < 0.05, wherep is two-tailedp-value (for PIC

only).
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