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Abstract

Two recent theoretical studies of adaptation suggest tloae momplex organisms tend to adapt
more slowly. Specifically, in Fisher’'s “geometric” modelafinite population where multiple traits
are under optimizing selection, the average progress eg$gm a single mutation decreases as
the number of traits increases—the “cost of complexity.”réjd draw on molecular and histo-
logical data to assess the extent to which on a large phy&igescale, this predicted decrease
in the rate of adaptation per mutation is mitigated by andase in the number of mutations per
generation as complexity increases. As an index of comigléoii multicellular organisms, | use
the number of visibly distinct types of cell in the body. Miiba rate is the product of mutational
target size and population mutation rate per unit targetspide much scatter, genome size ap-
pears to be positively correlated with complexity (as ireteky cell-type number), which along
with other considerations suggests that mutational taigettends to increase with complexity. In
contrast, effective population mutation rate per unitéagppears to be negatively correlated with
complexity. The net result is that mutation rate probablgsitend to increase with complexity,

although probably not fast enough to eliminate the cost ofexity.



Introduction
Students of evolution have an abiding interest in the tenfmvaolution, including rates at which
traits respond when environmental changes impose diredtselection on them. In this regard,
two recent theoretical studies of adaptation offer anguing suggestion. Using the “geometric”
model introduced by Fisher (1930, ch. 2), Orr (2000) and Welod Waxman (2003) studied
the rate of adaptation in a finite population where multipset$ are under optimizing selection.
When a mutation occurs, the population may make progresartbthe optimal trait values. Orr
showed that as the number of traits increases, the averageeps ensuing from a single mutation
decreases, a phenomenon he dubbed the “cost of compleWith and Waxman showed that
Orr’s finding is robust with respect to several variationshis assumptions. Fisher's model is
highly abstract, and relating it to empirical observatigshallenging. Still, the suggestion that
more complex organisms tend to adapt more slowly is intngReznick and Ghalambor, 2001).
However, it is important to recognize that the cost of comipyestudied by Orr, Welch, and
Waxman is in the rate of adaptatipar mutation. In some contexts, the rate of adaptaten gen-
eration is more pertinent. The two adaptation rates are connectedgh the number of mutations

per generation,
adaptation per generatiea adaptation per mutatiosx mutations per generation (1)
Mutation rate can usefully be decomposed into two factors,

mutations per generatioa mutational target size in nucleotide sites (2)

mutations per generation per nucleotide.site

Mutational target size is the size of the functional portoéthe genome in which mutations affect
organismal traits, for better or worse. Population mutatite per site is the number of mutations
per generation per nucleotide site, in the entire populatithese factors might vary with com-

plexity and mitigate or aggravate the cost of complexity. &@mple, mutational target size might

be positively correlated with complexity, say, becauseenommplex organisms tend to have larger
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genomes, whereas population mutation rate per site mighégatively correlated with complex-
ity, say, because more complex organisms tend to have srpapelations. Thus, the net effect of
mutation rate might depend on the relative magnitudes obsing tendencies.

That mutation rate might vary with complexity is fairly olowus. Interesting questions include
(1) do available data suggest that this possibility is redlj (2) if so, does mutation rate tend to
increase with complexity, and (3) if so, is the increase #&miugh to eliminate the cost of com-
plexity? Here, | draw on molecular and histological data ddrass these questions on a large
phylogenetic scale, using the number of visibly distingtely of cell in the body as an index of
complexity for multicellular organisms. First, | sketchetfindings of Orr, Welch, and Waxman
and explain more fully what it means to say that mutation vatges with complexity. | then dis-
cuss cell-type number as an index of complexity and argusttisaworth considering despite its
limitations. Next, | present evidence that despite mucktegayenome size is positively correlated
with complexity (as indexed by cell-type number), and | &dgat mutational target size proba-
bly tends to increase with complexity. | then present evigetiat population mutation rate per
site is negatively correlated with complexity, and | asdbgsnet variation of mutation rate with
complexity. Finally, | discuss my findings, their limitatis, and directions for future research. In
brief, on the scale of all multicellular eukaryotes, theva@is to the questions above appear to be
yes, yes, and no—(1) mutation rate probably does vary withptexity, and (2) it probably tends

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

Fisher's model and the cost of complexity

The following is merely a sketch; see Orr (2000) and Welch Af@akman (2003) for details. In
Fisher's model, the state of a finite population of a haplaghaism is represented by a point
in n-dimensional space, whose coordinates are the valuedrafts under optimizing selection;
standing variation, whether genetic or environmentalegected. The optimal state is the ori@i,n
with fitnessw[0] = 1, and the initial state i, with fitnessw[z] = exp[-z2/2], wherez is the

Euclidean length of. A mutation changes the phenotype of an individual fidtaz’ = Z + AZ.
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The direction ofAZ is random. In Orr's analysis, the size AF is a constant, whereas in Welch
and Waxman'’s, it is drawn from a probability distributiontivmeanp. If Z > z, the mutation is
disfavored and assumed to be lost. Alternatively, ik z, the mutation is favored and assumed to
be fixed with probability Ne/N, wheres = (w[Z']/w[z]) — 1, Ne is effective population size,
andN is census population size (Kimura, 1962; the possibiligt e = N is usually neglected).
Either way, the mutation is assumed to meet its fate befopéhan mutation occurs. The change
in In[w] is a convenient measure of the progress of the populativaralging over the probability

distributions of mutation direction and size yields

272p? - [ 272 ] Ne

E{AmutIn[w]} ~ W N

3)

The subscript “mut” signifies that the change is per mutatiénis a monotonically increasing
function depending on the probability distribution of miida size but non, z, or p except through
its argument (Welch and Waxman, 2003). This expected vadnesponds to “adaptation per
mutation” in (1). Asn increases, the expressior’2?/n decreases, and the argumert,2np?)
and hence the value &f decreases, albeit slowly unless the argument is small {Végld Waxman,
2003). Thus, the rate of adaptation per mutation decreasesrereases, the minimum cost of
complexity being given by the initial factor of/ .

The cost of complexity transcends some limitations of Aish@odel. For example, Welch
and Waxman investigated the implications of grouping$riaito modules, such that each mutation
affects a single module. They showed that modularity camgati the cost to a modest extent,
but the minimum cost An persists. However, Fisher's model has other limitatiorer{@, 1998;
Barton and Partridge, 2000). Perhaps the most significantsaneglect of standing genetic vari-
ation, although adaptation does sometimes involve sudhtia@r, and its assumption of a simple
peak on the fitness landscape, although selection for ctataapof traits must sometimes lead to
ridges. Although we will not consider them further, theseifations call for investigation.

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

mutation and the number of mutations per generation, and &), the latter is the product of
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mutational target size and population mutation rate per gielding

272p2 [ 222
np F{W]qﬁGNeu. (4)

E{AgenIn[w]} = E{AmutIn[w]}(¢G)(Nu) ~

The subscript “gen” signifies that the change is per germratfi is the functional fraction of the
genome, as explained below, aBds genome size in nucleotide sites,@8 is mutational target
size. N is census population size, ands the number of mutations per generation per nucleotide
site per individual, sd\u is population mutation rate per site. (Readers of Orr'sysisishould
note that higt is my ¢ Gu.) The multiplication byNe/N from (3) replacesNu with Ngu, effective
population mutation rate per sit¢.andG themselves are presumably mutable, but we will assume
the rates are negligible.

Available data furnish estimates @f, Neu, and, very roughlyg for modest numbers of organ-
isms. Here, we ask whether these estimates suggest@and Neu vary with n, if so, whether
their product tends to increase, and if so, whether the aserés linear or faster, canceling out
the minimum cost of complexity/h. Presumably, many factors influeng& and Neu, and their
relationships ta are not determinate. We seek trends, around which there magditer. More-
over, as | will discuss, it is not obvious how to measuoyeo we must consider a practical index of
complexity rather than itself. n almost certainly tends to increase linearly or faster vhthindex
X we will consider. Thus, we will assess the relationshipgG@f and Neu to X, with particular
attention to whethep G Neu tends to increase linearly or faster wi¥y which is almost certainly
necessary to cancel out even the minimum cost of complexity.

¢, the functional fraction of the genome, is essential to fbisulation. Eukaryotic genomes
contain introns, transposons, and other sequences thtlgave little effect on organismal traits
(Filipski and Kumar, 2005). The fraction of the genome cstisg of such putatively nonfunctional
sequences might be positively correlated with complesiy, because more complex organisms
tend to have smaller populations, in which selection agahes subtle burden of nonfunctional
sequences is less efficient (Lynch, 2006). Estimaging difficult, as | will discuss, but represent-

ing the functional fraction is essential for conceptualitya If ¢ were omitted, mean mutation
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size p would include mutations in nonfunctional sequences, whiabte size 0, so an increase in
the nonfunctional fraction of the genome would entail a dase ino. p might vary withn for
other reasons we will not consider (Welch and Waxman, 20f18)yariation of the nonfunctional

fraction is apportioned t.

A practical index of complexity
It is not obvious how to measure An organism may be described in terms of an indefinitely
large number of traits, any of which may be under optimiziatpstion. However, for two traits
of an organism to correspond to two traits in Fisher's motledy must have some degree of
genetic autonomy. The number of traits in such a descripifcan organism is not indefinitely
large, if only because the genome is finite. Still, obtairsngh a description seems impractical
even for a relatively simple organism. As a thought expentn®rr (2000) sketched a procedure
for estimatingn by analyzing the fitness effects of the same large set of ioatin both an
optimally adapted strain and one or more suboptimally aathgtrains. As Orr acknowledged, this
is probably impractical even for a microbe. Thus, we mussater notn itself but something that
can be (and has been) measured and is strongly correlated-wa practical index of complexity.

Unfortunately, there is probably no fully satisfactory &xd Organismal complexity is notori-
ously difficult to define and compare across the breadth cdroggnal diversity (McShea, 1996).
For our purposes, phylogenetic breadth is appropriat@usecestimates of genome size and, more
so, effective population mutation rate per site are avhilably for modest numbers of organisms
with wide phylogenetic distributions, so we should expectliscern trends only on large phylo-
genetic scales. Breadth is also desirable in order to censsady, the evolutionary response of
an entire ecological guild to a climate change. Howeves firoblematic, because defining and
comparing complexity requires comparable parts or presedsut on large phylogenetic scales,
none are evident above the organizational level of the bShea, 1996).

Accordingly, one practical index of complexity, argualietmost practical index available on

a large phylogenetic scale, is the number of visibly distigpes of cell in the body, which I will
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denoteX. Estimates ofX have been culled from the histological literature and useexplore
topics including the relationship between body size andpiexity (Bell and Mooers, 1997; Bon-
ner, 2004; McCarthy and Enquist, 2005) and evolutionamydsen complexity (Valentine et al.,
1994; McShea, 1996; McCarthy and Enquist, 2005). The bespiations known to me are those
of Bell and Mooers (1997) and McCarthy and Enquist (2005)ctvinclude 134 and 64 species,
respectively, with overlap. In what follows, all estimatédsx are from these compilations, which
standardize estimates in the same way.

Obviously, cell-type numbeX is not a fully satisfactory index for several reasons. It<oet
apply to unicellular organisms, and it ignores differenicesomplexity between cell types within
multicellular organisms. Exactly how the complexity of sstie, organ, or organism relates to the
number of cell types it contains is unclear. Different aush@cognize different cell types, and
some distinctions depend on staining procedures and aghbnicalities. Bell and Mooers’ and
McCarthy and Enquist's compilations are impressive, but ¢ their species are model organ-
isms, and several major model organisms are missing. NelesthX is worth considering. One
motivation is that although the relationshiprofo X is unclear, it seems very likely that each cell
type gives rise to at least one organismal trait and that éimetic substrate for the differentiation
of the type imparts some degree of genetic autonomy to thetraaits. It follows thatn almost
certainly tends to increase linearly or faster withso mutation rate must do likewise to cancel out
the minimum cost of complexity/h. Another motivation for considerin¥ is that, as | will show,
available data suggest a surprisingly strong correlatiogemome size withX, which warrants
further investigation.

In what follows, X is the independent variable in several (logarithmic) regians, but this is
not meant to impute causation. We are interested in theiop&dtip between mutation rate and
complexity, whatever the causes of the relationship mayis.presumably correlated with many
organismal traits through many causal mechanisms. Howewertrait is probably central to this

network of relationships, namely, body size, which | wilhdée B. Bell and Mooers (1997) and



McCarthy and Enquist (2005) compiled estimatesBoas well asX and showed that on large
phylogenetic scale® and X are positively correlated—more complex organisms tencttiager
(cf. Bonner, 2004). Moreover, Lynch (2006) argued thatafie population mutation rate per site
Neu and B are negatively correlated—Ilarger organisms tend to hawalsneffective populations
(cf. Lynch and Conery, 2003); they may also tend to have mighéut not enough to overcome
their lowerNe. We might therefore expect thBleu tends to decrease asincreases, and as | will
show, this appears to be the case. Less is known about thiemslaip of mutational target sizG
to B. We will use estimates dB from Bell and Mooers and McCarthy and Enquist to assess the
relationships of genome sif&, Neu, and X to B. We will also assess how far the relationships of
G andNegu to X are determined by the relationships of these variabl&; tbat is, we will assess
the residual relationships @ and Neu to X after statistically eliminatings.

Following standard practice (Felsenstein, 1985; Garldrad. £1992; Sokal and Rohlf, 1995),
we will compute statistics using base-10 log-transformstdreates ofX, B, and other variables.
If the regression coefficient of, say, I0¢] on log[B] is b, it follows that X tends to vary withB
like BP. One of the statistics we will consider, the rank-order ¢Bp®n) correlation coefficient,

is unaffected by log transformation.

Mutational target size and complexity

We will first assess the relationship of genome sizéo cell-type numbeiX and then consider
functional fractiong and mutational target siz2G, which are difficult to estimate. For diploid
and polyploid organisms, we will také to be haploid genome size.

Seeking a trend is with X might seem unpromising, becausas well known to vary widely
among organisms of similar apparent complexity. For examgtecent review states that “genome
size varies enormously among species, and. . . except ay dasic level (e.g., prokaryotes versus
eukaryotes) there is no correlation between genome sizeatiehs of organismal complexity.”
(Filipski and Kumar, 2005, p. 531) This is known as the “Cweaparadox,” the C-value of an

organism being the amount of DNA in a gamete nucleus (Gre@0og5).
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Surprisingly, despite much scatter, available data suggeappreciable positive correlation of
G with X on the scale of all multicellular eukaryotes. The data assgmted in the supplement
and plotted in Figure 1, and statistics are presented inr$tetiree rows of Table 1. There are data
for 37 species, including 22 animals, 7 algae, and 8 plaatgesenting 14 phyla or, for plants,
divisions; these are all of Bell and Mooers’ (1997) and MdByaand Enquist’s (2005) species for
which estimates o6 are available through the Animal Genome Size Database (Breg001)
or the Plant DNA C-values Database (Bennett and Leitch, Ra@3ich includes algae. Over all
species, the standard (Pearson) and rank-order (Speacoraglation coefficients are moderately
large,r = 0.47 andrs = 0.56, respectively. Inspection of Figure 1 suggests that fgivan X,

G tends to be smaller for animals than for algae and plants.cdb#icients within these groups
are larger.

The standarg-values of all the statistics in the left half of Table 1 argsléhan 0.05, and most
are less than 0.01. However, thgs®alues may not be meaningful (hence they are omitted from
Table 1) due to phylogenetic dependencies among the datastéhdard way of addressing this
issue is the method of phylogenetically independent cetgr@IC) (Felsenstein, 1985; Garland
et al., 2005). As implemented in the PDAP package of MesdMtaldison and Maddison, 2004;
Midford et al., 2005), using the tree topology presentechengupplement, and setting all branch
lengths to unity (suggestive of “punctuational” evolutigbarland et al., 1992), PIC yields the
statistics in the right half of Table 1. Over all species, € correlation coefficient is moderately
large,r = 0.44, and significantp = 0.011. Within animals, the coefficient is larger and more
significant, but within algae and plants, it is small and ngmni§icant. The latter may indicate a
weak relationship betweed and X within this group.

Caution is appropriate in interpreting these results foessd reasons. The phylogenetic scale
is large, and the trend may not prevail on smaller scales dateeare sparse, omitting many phyla
of animals, algae, and plants and the entire kingdom of fufigére are measurement errors, and
multiple estimates oK andG for several species suggest that they are substantial. IEgitie

tree topology may be wrong, and the branch lengths and ésnary model (Brownian motion) are
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certainly wrong. (However, apart from one case mentionéolehe regressions of the absolute
values of the standardized contrasts on the standard uesatf the standardized contrasts are
nonsignificant, so according to this standard diagnostectiee and model are not incoherent with
the data, Garland et al., 1992.)

Despite these concerns, the trend may well be genuine. ThesBUlts are fairly insensitive to
branch lengths. Over all species, Grafen’s (1989) arlyitveainch lengths with Grafen’s parameter
p = 0.5 vyieldr = 0.37 with p = 0.035, Pagel's (1992) arbitrary branch lengths yield=
0.30 with p = 0.087, and Nee’s (Purvis, 1989) arbitrary branch lengthsdyiel= 0.38 with
p = 0.032. There have presumably been evolutionary trendé amd G, which the evolutionary
model does not accommodate (Garland et al., 2005). For dratimg PIC estimated root node
has X ~ 12, but the most recent common ancestor of all multicellal#karyotes was almost
certainly unicellular. However, PIC sometimes estimatasatations well even when it estimates
ancestors poorly (Oakley and Cunningham, 2000). Moreowaen the root node is forced (using
a “ghost node,” Garland et al., 2005) to ha¥e= 1 andG = 39 Mbp, the smallest value @&
in the data set, PIC yields = 0.66 with p < 0.001. (In this case, however, the regressions of
the absolute values of the standardized contrasts on thdasthdeviations of the standardized
contrasts are significant.) Thus, although the relatignshould be reassessed using additional
data, and although there is much scatter around the tremgréisent analysis suggests tBaends
to increase withX, at least within animals. The PIC regression coefficientRible 1 suggest that
the increase is roughly linear or somewhat faster.

The relationship o6 to X is mostly determined by the relationships of these varsatddody
size B, as indicated in the first three rows of Table 2. Over all sgpgaiithin animals, and within
algae and plants; and X are moderately to strongly correlated wig) and their residuals after
regression orB are weakly correlated with each other. The moderate to gtcorrelations ofG
and X with B are broadly consistent with previous studies (Bell and MeoE397; Bonner, 2004;
Gregory, 2005; McCarthy and Enquist, 2005). Over all spgedlee PIC regression coefficients of

G andX on B are 0.15 and 0.07, respectively.
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Functional fractiong almost certainly tends to decrease@sncreases. Larger eukaryotic
genomes certainly tend to contain higher fractions of naotgin-coding sequences (Lynch and
Conery, 2003; Lynch, 2006). However, some of these seqsduanetion in gene regulation (Wray
et al., 2003), and functional transposons and even psendegee known (Hirotsune et al., 2003;
Kidwell, 2005). The prevalence of such phenomena is unknewit seems premature to estimate
how fast¢ tends to decrease &increases. It seems very unlikely, however, that the deerea
as fast as AG. For example, Lynch and Conery (2003, Fig. 4) showed thaadguenced genomes
with G 2 10 Mbp, the fraction of the genomm®t consisting of transposons tends to decrease as
G increases roughly like /1G%95. GivenG probably tends to increase witk, mutational target

size¢pG probably does likewise but somewhat slower.

Effective population mutation rate per site and complexity
Estimates of effective population mutation rate per $itel are as scarce as estimates of cell-
type numberX. The best compilation known to me is that of Lynch (2006), ekhincludes 130
eukaryotic species, many of them unicellular. Most of theste@nates derive from measurements
of nucleotide diversity at intronic or silent exonic sit&stimates of botiNeu and X are available
for very few species. Lynch’s species include only six oflBeld Mooers’ (1997) and McCarthy
and Enquist’s (2005), three of which (dog, human, and moaiseglose relatives. Thus, we must
consider higher taxa.

For several phyla or, for plants, divisions, Bell and Mocamd/or McCarthy and Enquist give
an estimate oK for at least one species, and Lynch gives an estimatkwfor at least one species.
A data point representing the higher taxon can be constiumteveraging over the species. This
procedure yields 12 data points, involving 160 species mhals, algae, plants, fungi, and protists.
The supplement presents the species data and higher-tagmagas, along with the coefficients
of variation within the higher taxa. Most of the coefficiemsceed 0.1, indicating substantial
heterogeneity within the taxa. Grouping species at a loaeoritomic level might lead to more

homogeneous groups, but it would take in fewer species.
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These data suggest an appreciable negative correlatidguofvith X on the scale of all multi-
cellular eukaryotes. The data are plotted in Figure 2, aaiik§ts are presented in the last row of
Table 1. The standard and rank-order correlation coeffisiare larger, = —0.76 and's = —0.71,
respectively. Using the tree topology presented in the lsapgnt and setting all branch lengths to
unity, the PIC correlation coefficient is large= —0.65, and significantp = 0.023. Interpretive
caution is again appropriate, not only for the reasons rapatl before but also due to the use of
higher taxa rather than species and the possibility thahasts ofNeu derived from intronic or
silent exonic sites are distorted by selection. However RIC results are again fairly insensitive
to branch lengths, and the PIC estimated root nodeXhas4, a modest improvement. Thus, the
present analysis suggests that tends to decrease Xsincreases. The PIC regression coefficient,
b = —0.54, suggests that the decrease is slower that 1

As indicated in the last row of Table 2, the relationshig\ati to X is partly determined by the
relationships of these variables to body si&ebut the residual relationship is appreciable. In this
analysis, the PIC regression coefficientobn B is 0.10.

The PIC regression coefficients in Table 1 suggest@d¢u tends to increase witK roughly
like X097-054 — X043 Gijyen the uncertainties in the coefficients, the exponentctbe less
than O or greater than 1, although neither is very probabssufing functional fractiog tends
to decrease no faster than roughly likeGl— (054090 — 1,G044 3sG increases, it follows that
¢GNgu probably tends to increase wik. However, the increase is probably slower than linear,
which is too slow to cancel out even the minimum cost of comiptel/n. This conclusion is
strengthened ih tends to increase faster than linearly wkh 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 avepaggress toward the optimal trait
values ensuing from a single mutation as the number of seldcits increases. Per generation,

it might be mitigated by an increase in mutation rate. Thesgmé study suggests that on the

13



scale of all multicellular eukaryotes, mutation rate ptaipaloes tend to increase with complexity,
although probably not fast enough to eliminate the cost ofexity.

The latter conclusion is not wholly secure, not only becdhselata are sparse and the assump-
tions of PIC are not perfectly fulfilled but also due to measuent errors in the data. In particular,
measurement errors in cell-type numbeéare difficult to estimate but may be substantial. Some
researchers would therefore advocate using reduced mag(RMA) regression coefficients on
X rather than standard oneshifs the standard coefficient amds the correlation coefficient, the
RMA coefficient isb/|r | (Sokal and Rohlf, 1995). This would suggest t@dfieu tends to increase
with X roughly like X (0-97/0.49-(054/065 — x1.37jnstead ofX*43. Assuming functional fraction
¢ tends to decrease slowly &increasesyGNgu would tend to increase somewhat faster than
linearly with X. This would cancel out the minimum cost of complexityn] providedn did not
increase much faster than linearly wi¥h Whether RMA regression is indeed more appropriate
in this context is a complicated issue (Garland et al., 1$¥kal and Rohlf, 1995). For future
studies, uniform data collection procedures would be lglgb that measurement errors could be
treated systematically.

This study also suggests that mutational target size pipbatids to increase with complexity,
which is intuitively appealing. However, this conclusiamlds on the more surprising conclusion
that genome size itself probably tends to increase with dexity, at least within animals, contrary
to the strongest statements of the C-value paradox. It dimmuhoted that even if this trend is gen-
uine, there is much scatter around it, and it may not prevedroaller phylogenetic scales. Further
investigation is warranted, using cell-type number aneotheasurable, quantitative indices of
complexity.

Although theirp-values are persuasive, the analyses presented heredrsrabll sets of noisy
data. Eventually, they should be repeated with high-queltimates o, genome siz&, effec-
tive population mutation rate per sitgu, and, if possible, functional fractiap for all of a sizable

number of organisms with a wide phylogenetic distributiBresumably, estimates &f, Neu, and
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eveng will accumulate in the normal course of genomic researchebtimates oX will require
a special effort. The strong correlations reported hergigeampetus for such an effort.

Even if these trends are genuine, they may not prevail onlenplylogenetic scales—magni-
tudes and even signs of correlation and regression coetfficieay vary. For example, McCarthy
and Enquist (2005) argued that the correlation of body sitle @ell-type number is absent within
several animal phyla. However, better indices of compyexitly be available on smaller scales.
For example, appendage specialization has been used atearofircomplexity for aquatic arthro-
pods (Cisne, 1974).

So do more complex organisms tend to adapt more slowly? Tidy ffers some support for
this suggestion, but there are at least three additiondifigations. First, not only the relationship
between mutation rate and complexity but also the cost ofptexity itself are trends, around
which there is scatter. Presumably, the scatter varies fioengroup of organisms to another,
because Fisher's model applies better to some organisrdsa@aptive challenges) than others,
and mutation rate is more influenced by factors uncorrelaiddcomplexity within some groups
than others. Undoubtedly, more complex organisms somstadapt more quickly, Second, as |
have mentioned, Fisher's model neglects standing genatiation and ridged fithess landscapes,
significant limitations that call for investigation. Thirgreater complexity may lead to slower but
more complete adaptation. For example, if two traits arepietaly mutationally correlated, they
evolve as one trait rather than two, and if the initial r&laghip of one to the other differs from the

optimal relationship, the population cannot reach themoalistate.
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Figure 1: Log—log plot of genome sizé (in billions of base pairs) versus cell-type numbér
Triangles represent animals, and squares represent aigaglants. (Estimates d& are from
Gregory, 2001 and Bennett and Leitch, 2003, and estimat¥sawé from Bell and Mooers, 1997

and McCarthy and Enquist, 2005. See supplement for détails.
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Figure 2: Log—log plot of effective population mutationeaier siteNeu versus cell-type num-
ber X. (Estimates ofNeu are from Lynch, 2006, and estimates Xfare from Bell and Mooers,

1997 and McCarthy and Enquist, 2005. See supplement foilslgta
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one point per taxon PIC

variables taxa
re rgd be re be + SE pY
all 0.47 0.56 0.58 0.44 ©97+£0.36 0.011
Gvs. X animals 0.72 0.63 0.88 0.65 .30+0.36 0.003
algae and plants 0.62 0.64 1.48 0.16 410+ 0.72 0.581
Neu vs. X all -0.76 -0.71 -0.50 -0.65 -0.544+0.20 0.023

Table 1: Statistics on genome si@and effective population mutation rate per ddgu versus

cell-type numbeiX.2

aSee text for methods and supplement for data. All statistiescomputed using base-10 log-
transformed data.

bPhylogenetically independent contrasts.

¢Standard (Pearson) correlation coefficient.

dRank-order (Spearman) correlation coefficient.

®Regression coefficient.

fStandard error.

9Two-tailed p-value, rounded up.
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one point per taxon PIC

variables taxa § g
re.8® rx.e® fae.x re.e® rxe® fox

all 0.58 0.59 0.25 B9+  0.65** 0.05

GandXvs.B animals 0.74 0.85 0.25 .83 0.74*** 0.31

algae and plants 0.37 0.27 0.50 .5% 0.55* 0.29
rneBS xS Frneux? MewB®  rxe® e x®

Neu and X vs. B all -0.59 0.85 -0.69 -0.21  .09** —-0.80**

Table 2: Statistics on genome si@g effective population mutation rate per siigu, and cell-type

numberX versus body siz8.2

aSee text for methods and supplement for data. All statistiescomputed using base-10 log-
transformed data.

bPhylogenetically independent contrasts.

¢Standard (Pearson) correlation coefficient.

dStandard (Pearson) correlation coefficient of residuaés agégression oiB.

*p < 0.001,**0.001 < p < 0.01,*0.01 < p < 0.05, wherep is two-tailed p-value (for PIC

only).
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