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Bickel, David R., The Fractal Stochastic Point Process Model of Molecular 

Evolution and the Multiplicative Evolution Statistical Hypothesis. Doctor of Philosophy 

(Physics), May 1997,82 pp., 3 tables, 25 figures, references, 43 titles, glossary. 

A fractal stochastic point process (FSPP) is used to model molecular evolution in 

agreement with the relationship between the variance and mean numbers of synonymous 

and nonsynonymous substitutions in mammals. Like other episodic models such as the 

doubly stochastic Poisson process, this model accounts for the large variances observed in 

amino acid substitution rates, but unlike other models, it also accounts for the results of 

Ohta's (1995) analysis of synonymous and nonsynonymous substitutions in mammalian 

genes. That analysis yields a power-law increase in the index of dispersion and an inverse 

power-law decrease in the coefficient of variation with the mean number of substitutions, 

as predicted by the FSPP model but not by the doubly stochastic Poisson model. This 

result is compatible with the selection theory of evolution and the nearly-neutral theory of 

evolution. 

The molecular clock hypothesis requires that the evolution rate of proteins be 

constant over time, resulting in the average number of changes in a protein increasing 

linearly with time. Herein it is seen that the fluctuations in this average for globin evolution 

do not follow normal statistics as they would if molecular evolution were a linear additive 

processes. It is demonstrated that the fluctuations are better described by lognormal 

statistics as would be the case for multiplicative processes. Additionally, the rate of globin 

evolution is more nearly constant when multiplicative error is assumed than when additive 

error is assumed. Thus, the multiplicative evolution statistical hypothesis (MESH) is 

introduced, in which the theoretical explanation of these statistics requires molecular 

evolution to be a multiplicative process in that an evolution event (molecular substitution) 

cannot occur without a number of contingency events occurring first. One implication of 

MESH is that evolution is an episodic rather than continuous process, occurring in bursts 

interspersed by long periods of inactivity. 



ACKNOWLEDGMENTS 

I would like to thank the Office of Naval Research and the First Family Irrevocable 

Trust for the partial support of this work. 

in 



TABLE OF CONTENTS 

Page 

LIST OF TABLES v 

LIST OF FIGURES vi 

Chapter 

1. INTRODUCTION 1 

2. FRACTAL STOCHASTIC POINT PROCESS MODEL OF 

MOLECULAR EVOLUTION 5 

Introduction to Chapter II 

FSPP Model of Evolution 

Confirmation of the FSPP Model 

Parameter Estimation 

Distribution of Substitution Rates Across Proteins 

Fractional Diffusion Equation and Levy Stable Statistics 

Conclusions of Chapter II 

3. MULTIPLICATIVE EVOLUTION STATISTICAL HYPOTHESIS 46 

Introduction to Chapter III 

Fit to Data 

Quality of Fit 

Conclusions of Chapter III 

Appendix 

A. TESTS FOR NORMAL AND LOGNORMAL ERROR DISTRIBUTIONS 62 

B.HYPOTHESES OF EVOLUTION .64 

GLOSSARY OF BIOLOGICAL TERMS 75 

REFERENCES 79 

IV 



LIST OF TABLES 

Page 

Table 1 15 

Table 2 54 

Table 3 58 



LIST OF FIGURES 

Page 

Figure 1 3 

Figure 2 12 

Figure 3 17 

Figure 4 18 

Figure 5 19 

Figure 6 20 

Figure 7 22 

Figure 8 23 

Figure 9 28 

Figure 10 29 

Figure 11 30 

Figure 12 31 

Figure 13 32 

Figure 14 33 

Figure 15 34 

Figure 16 35 

Figure 17 37 

Figure 18 38 

Figure 19 39 

Figure 20 40 

Figure 21 48 

Figure 22 50 

Figure 23 56 

Figure 24 57 

Figure 25 66 

VI 



CHAPTER I 

INTRODUCTION 

In the last half of this century, progress in biochemistry allowed the inter-species 

comparisons of protein and nucleic acid sequences. It soon became obvious that the 

biochemical comparisons led to orderly divisions of extant organisms into well-defined 

categories. Differences between individual proteins of two different species could be 

computed by lining up the amino acid sequences and counting the number of positions in 

which the amino acids of the two sequences differed. Unexpectedly, the differences 

between proteins were so well ordered that each organism could be unambiguously 

classified on the basis of the sequence differences. For example, the first five amino acids 

of a pigeon's cytochrome c (a protein) are glycine, aspartic acid, isoleucine, glutamic acid, 

and lycine, while the first five amino acids of a Pekin duck's cytochrome c are glycine, 

aspartic acid, valine, glutamic acid, and lycine, in that order [Kee86]. Since those 

sequences of length five differ only in the third amino acid (isoleucine in pigeons versus 

valine in Pekin ducks), they have a sequence difference of 20%. (Considering the entire 

cytochrome c protein of 104 amino acids, there is a sequence difference of 3% between the 

pigeon and the Pekin duck [Day72].) 

Unexpectedly, the differences between proteins were so well ordered that each 

organism could be unambiguously classified on the basis of the sequence differences. This 

is because in general, based on the inter-species differences for a given protein, the number 

of differences between members of a taxon and organisms outside that taxon is constant. 

Consider, for example, the cytochrome c differences between 24 animals and 5 plants. The 

difference between any plant and any animal sequence is approximately the same (varying 

between 38% and 44% [Day72]), as is the difference between any insect and any non-

insect animal (varying between 19% and 31% [Day72]). This implies that no plant or 

animal is transitional between the plant and animal categories, and that no insect or non-

insect is transitional between the insect and non-insect categories. Even organisms that are 
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traditionally sequential exhibit non-sequential relationships when protein comparisons are 

made [Den85]. For instance, the evolutionary sequence of fish to amphibian to reptile to 

mammal is almost universally believed under Darwinian assumptions (Appendix B has 

alternate evolution hypotheses). However, one fish's (the dogfish's) cytochrome c is 19% 

different from that of an amphibian (the bullfrog), 18% different from that of a reptile (the 

turtle), and 19% different from that of a mammal (the kangaroo) [Day72]. This order holds 

true for each category of organisms, and for each protein, so every category is isolated 

from every other category, with every organism equally representative of its category, and 

with no transitional organisms between categories [Den85], as illustrated in Figure 1. 

In comparing the number of cytochrome c amino acid differences between different 

organisms, Margoliash [Mar63] noted that the number of differences between members of 

a taxon and organisms outside that taxon is constant. For example, the number of 

differences between any of the mammal sequences and the bird sequence is about equal. 

This led him to conclude that the number of amino acid substitutions between two 

organisms is a function of the time since the divergence of those organisms from a common 

ancestor. Zuckerkandl and Pauling [Zuc65] found similar results in comparing globin 

sequences, and coined the term "molecular clock" to designate the clock-like constant rates 

of molecular evolution. Under the assumption that all organisms evolved from a common 

ancestor (see Appendix B for alternate assumptions), the ordered patterns in biochemical 

comparisons between species requires that each protein evolves at its own constant rate 

regardless of its lineage. For example, since amphibians are as far as mammals from fish in 

their cytochrome c, cytochrome c apparently had to have evolved at the same rate in the line 

going from ancient amphibians to reptiles to modern mammals as it did in the line going 

from ancient to modern amphibians since the time of the divergence between the two lines 

(thought to be 350 million years ago). Progress in nucleic acid sequencing led to the 

concept of a DNA clock in addition to the protein clock since synonymous substitutions 

(changes in DNA that do not result in protein changes) and nonsynonymous substitutions 

(changes in DNA that result in protein changes) seem to occur at different rates. 
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Figure 1: Differences in the cytochrome c sequences of various species and the 

phylogeny found assuming a single common ancestor (see Appendix B). 



Since the molecular clock does not tick at an absolutely constant rate, I describe 

how the rates of DNA and protein substitutions change with time in this dissertation. The 

focus of Chapter II is a nonlinear dynamical model of molecular evolution while that of 

Chapter III is the apparently multiplicative nature of molecular evolution. The material of 

Chapter II comes from [Bic97b,Bic97c,Bic97d], while that of Chapter III comes from 

[Bic97a] with permission. 

Chapter II introduces the fractal stochastic point process (FSPP) model of 

molecular evolution to account for the pattern of synonymous and nonsynonymous 

substitutions in mammalian genes. This model agrees with the mammalian data much better 

than do previous point process models. The chapter ends with the possible consequences 

of viewing molecular evoluton as an FSPP. 

Chapter III documents the results of applying linear and loglinear regression to 

globin evolution in order to test the constancy of the protein clock and to test the 

multiplicative evolution statistical hypothesis (MESH), which states that protein 

substitution rates vaiy according to the lognormal distribution. It is found that approximate 

rate constancy and MESH support one another, so that if one is assumed, then the other 

follows from the analysis of the globin sequence data. The significance of the multiplicative 

nature of evolution is discussed at the end of Chapter III. 



CHAPTER II 

FRACTAL STOCHASTIC POINT PROCESS MODEL OF EVOLUTION 

Introduction to Chapter II 

Although the substitution rate in genes seems to be approximately constant over 

long periods of time, it is not precisely constant. The neutral theory (described in Appendix 

B) assumes that the rate of evolution is stochastically constant, much as the rate of 

radioactive decay is stochastically constant; see Easteal, Collet and Betty [Eas95]. 

However, Gillespie [Gil91] has shown that the differences in the number of substitutions 

calculated from molecular data are more pronounced than those expected from a simple 

Poisson process. He uses the index of dispersion /(/), the ratio of the variance in the 

number of nucleotide substitutions to the mean number of substitutions in time t, as a 

measure of how much variation a process has. This quantity was first introduced by Fano 

[Fan47] and is therefore also known as the Fano factor. For a Poisson process, the index 

of dispersion is equal to unity, but the indices of dispersion of calculated numbers of 

substitutions are often much larger than one. 

Gillespie [Gil91] noted that in order to model molecular evolution, the following 

conditions on the amino acid substitution rate A(t) must hold: 

1. The rate must be greater than or equal to zero, A(t)>0. 
2. The mean of the rate must be very small, for 
typical proteins. 
3. The variance in the rate must be large enough to elevate 
the variance of N{t) sufficiently to account for a high index 
of dispersion. 

Gillespie proposed a doubly stochastic Poisson process, or Cox process, to satisfy these 

stipulations. In the next subsection, taken from [Bic97b,Bic97d] with permission, these 

three requirements are shown to be fulfilled by a fractal stochastic point process (FSPP). 

The subsection entitled "Confirmation of the FSPP Model," which comes from [Bic97d] 

with permission, details how the analysis of mammalian synonymous and nonsynonymous 



substitutions supports this FSPP model over the Cox model. Next, the subsection 

"Parameter Estimation," derived from [Bic97b] with permission, describes how to find the 

parameters of the FSPP model of molecular evolution. Since confirming the model 

involves the distribution of substitution rates, that is detailed in the subsection "Distribution 

of Substitution Rates Across Proteins," which is taken from [Bic97c] with permission. 

Finally, some implications of the FSPP model on the nature of evolution appear in the last 

two subsection, which are derived from [Bic97b] with permission. 

FSPP Model of Evolution 

Instead of using a Poisson process, we assume that the nucleotide substitution rate 

Ai(t) of the gene with label i is a two-state stochastic stationary point process such that it is 

either zero or positive at any point in time: 

M(') = A(') = I,(')+^. (1) 

where £,(t) can be Wi or -Wi, where {W,} is a set of positive real constants, and where N,(t) 

is the number of substitutions that have accumulated in the /th gene during time t, 

W = I'AW-
Jo ( 2 ) 

The two states W, and -Wi of the dichotomous variable £,(/) are equally weighted, so that 

<£,(0>=0, where the brackets denote an average over an ensemble of realizations of the 

two-state process, implying that the average rate of substitution is constant in time: 

( 4 ( 0 ) = ( 4 ( 0 + H!)=<£(/))+W,=W,. ( 3 ) 

Since this average rate Wi is positive and can be made arbitrarily small, Gillespie's first two 

conditions on the substitution rate A,{t) are satisfied. The above equations imply that the 

mean number of substitutions is 



M ' ) ) - ( | „ ' a ( ' > ' ) = £ < A ( ' ' K = W!' ( 4 ) 

and that the variance in the number of substitutions is 

Var[N,(t)\ = ^A< ( / ) - {N, (f)>f )= /[£ A ('')<*'- ) 

= ( 5 ) 

Defining the correlation function for the two-state process in the zth gene by 

(£) 

1 (6) 

and adjusting the limits of the integral in (5), we obtain 
V«r[N,(')] = + T) <7) 

so that using the correlation function's property of stationarity, the variance is determined 

to be 

V<ar[/V, (/)] = f f Jd'(4,2)0(r) = 2(|;-)J'(» - T)0,(T)dr. 
Co) 

The index of dispersion of the number of substitutions in the zth gene, using the ratio of (8) 

to (4), is given by 

(9) 

which makes it clear that whether the index of dispersion of a gene is less than, equal to, or 

greater than unity depends on the form of its correlation function (6). 

The biological data imposes the constraint on the correlation function <P,(t) that the 

index of dispersion /,{t) must be large enough to account for the large variations in the 

number of amino acid substitutions. These conditions are fulfilled when the correlation 

function has the inverse power law form 
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7 F 0 ( ' 1 

\ B i + t ) (10) 

where /3 is a real parameter in the interval 
o< p<\, ( 1 1 ) 

0(0 is the Heaviside step function that is unity for a positive or zero argument and zero for 

a negative argument, and A, and 2?, are positive parameters related by the condition 

<2>i(0)=l, so that Bi=Ai
llP. The condition on (5, (11), guarantees that the integral of the 

correlation function over all time will diverge, allowing for extremely extended sojourn 

times of the substitution rate in each state, ± Wt, for each gene i. Note that the correlation in 

the decay rate for each of the genes has the same power-law index j3, but a different mean 

substitution rate W„ which can vary over orders of magnitude. 

Making use of the inverse power-law correlation function (10) in (9), for long times 

the index of dispersion for the zth gene approaches 

O 2 4 fe'Vfdr l f V - O 
h; 1'« t" t'° J iv;(i-/3)(2-/3) (12) 

We introduce the fractal/scaling exponent D= l-j3, which quantifies the degree of correlation 

of the underlying point process and rewrite (12) as 

/,.(?)" (1 3) 

where the coefficient K", is 

_ 2A(6') 

wmd+IY (14) 

Equation (13) reveals the nature of the nucleotide substitution process. In the first 

place, since (13) holds for long times, the index of dispersion deviates more and more from 

unity with increasing t, implying that the point process looks less and less like a simple 



Poisson process as time elapses. Secondly, condition (11) requires the fractal exponent D 

to lie in the interval 

0<D<L (15) 

This scaling exponent quantifies the degree of correlation in the underlying process. Turcott 

and Teich [Tur96] point out that processes that behave in this way are called fractal 

stochastic point processes since they have a rate-based power spectral density which, like 

the correlation function (10), takes an inverse power-law form: 

S ( / ) ~ 4 r -

Integrating (8) directly to obtain the asymptotic ( t»Bi ) variance 

(16) 

(17) 
L ,WJ D(D +1) 

and setting (17) equal to the standard form of the variance for anomalous diffusion 

( l g ) 

yields //= 1-/3/2. Since j3<l we have H> 1/2, so that the nucleotide substitution process is 

super-diffusive [A1195]. This means there is no fundamental unit of scale associated with 

the process, but rather there is a "self-similarity upon scaling," so that to paraphrase 

Bassingthwaighte, Liebovitch, and West [Bas94], the correlation between neighbors of 

one hundred million years is the same as the correlation between neighbors of ten 

million years. 

In such FSPP's the correlation between individual pairs of events can be quite low, 

but the value of the index of dispersion (Fano factor) at a particular time for a particular 

gene can become quite large since I,{t) integrates the many correlations from different pairs 

of substitutions within the same time window of interest t. As a consequence of integration 

even relatively weak correlations can lead to dramatic deviations of the index of dispersion 

from one. Thus, the index of dispersion exhibits particular sensitivity to correlations in a 
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point process, as Turcott and Teich note [Tur96]. In fact, /;(/) can detect self-similarity in a 

data set of a sequence of events even when such self-similarity is not visible to the naked 

eye. 

We now turn our attention to the statistics in the substitution process as a function 

of the specific gene, i. e., across the index i. Since <N,{t)>=Wit, the index of dispersion 

can be expressed in terms of the average number of substitutions when the time is 

eliminated from (13). Thus, we obtain for each of the genes 

/7»rVV> 

w , 
(19) 

so that using the value of the coefficient from (14) we find the index of dispersion as a 

function of the mean number of substitutions: 

V l - D r> 
w , 

1 / 

# 0 ] - 2 ( w ) 

We set the parameter B, to 

w ° . 

(20) 

m1 
i-D _1_ 

W' 
(21) 

where y, is a random variable that is independent of the average number of substitutions, so 

that the index of dispersion in terms of the stochastic quantity y, is 

( 2 2 ) 

Thus, (22) has the index of dispersion increasing as a power law in the average number of 

substitutions since D>0 (15). Since the random variable y, is multiplied by <Nt>® in 

(22), the statistics of N(t) are multiplicative rather than additive; see Chapter III for a 

discussion of multiplicative statistics. The next subsection discusses the specific 

multiplicative probability distribution of y, determined from the data sets. 
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The coefficient of variation (ratio of the standard deviation to the mean) of the 

number of substitutions in the /th gene can be similarly approximated by 

v , / (23) 

The coefficient of variation therefore decreases as an inverse power law in the average 

number of substitutions since £><1 (15). The random variable (7,)1/2 is independent of the 

mean number of substitutions. Like the index of dispersion, the coefficient of variation has 

multiplicative statistics. 

Confirmation of the FSPP Model 

Assuming that humans, rodents, and artiodactyls share a common ancestor, 

Gillespie [Gil91] describes the following method for estimating the number of nucleotide 

substitutions since divergence from that ancestor and for estimating the index of dispersion 

and coefficient of variation of the number of substitutions. Let the index / label a particular 

gene, where / ranges from 1 to the number of genes n, let the index j label the species, 

where j= 1 for humans, j-2 for rodents, and j-3 for artiodactyls, let My denote the 

estimated number of substitutions in gene / from the common ancestor to species j, and let 

dijk denote the observed Hamming distance between the /th gene of species j and the /th 

gene of species k after correction for multiple substitutions (see Chapter III for a popular 

way to perform the correction). Figure 2 depicts the relationship between Ny and 

dm — +Ni2 (24) 
dm ~ Vl2 + Nb ( 2 5 ) 

4-3 . = ^ 0 + ^ 1 - ( 2 6 ) 

Solving equations (24), (25), and (26) for the numbers of substitutions in terms of the 

observable numbers of sequence distances provides 

= ~z(dii2
 +dB1 — di23) 

^ (27) 
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Artiodactyl 

UAH NA 

Human Rodent 

Figure 2: The three-species tree in which humans, artiodactyls, and rodents are assumed 

to share a common ancestor. The observed numbers of differences between species are 

used to compute the numbers of substitutions since divergence from an assumed common 

ancestor, as described in Chapter I. 



^i2 ~ 2 (̂ >23 <̂ il2 î3l) 

= 2 ^ S i ^ ^i23 ~^'12^* 
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(28) 

(29) 

These values, however, include lineage-dependent effects. One such effect, the generation-

time effect, is the influence on the number of substitutions due to differences in generation 

times; for example, the short generation-time of rodents relative to humans might elevate 

Ni2 and reduce Mi for all /. Another possible lineage-dependent effect is that resulting from 

the possible divergence of humans, rats, and artiodactyls from the common ancestor at 

different times. These effects can be removed by dividing the numbers of substitutions for 

the y'th species by a weighting factor wJf defined by 

1 = 1 

t= 1 (30) 

Equations (27), (28), (29), and (30) can be used to estimate the mean number of 

substitutions in the /th gene by 

= 2 
X ,~ 3 

r N N N ^ 
i\ | i2 j i3 

w, w2 w3 J 
(31) 

and the variance in the number of substitutions in the /th gene by 

1 
V , ' ~ 2 

Nn 
Y 

•X; 
" a 

h>. 

v 
-x. 

Nn 
• - X: 

J J (32) 

thus estimating the index of dispersion of the number of substitutions in the /th gene by 

(33) 

and the coefficient of variation of the number of substitutions in the /th gene by 
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(34) 

Setting wi=vi?2=W3=l in (31) and (32) gives the nonweighted estimates for the index of 

dispersion (33) and coefficient of variation (34). 

Using this method of estimating the index of dispersion and the coefficient of 

variation for n-49 genes, Ohta [Oht95] found that the index of dispersion estimate Vi 

increases and that the variation coefficient estimate y? decreases with the average number of 

substitutions for both weighted and nonweighted and both synonymous and 

nonsynonymous substitutions, although she did not consider the correlations to be 

significant in all cases. As equations (15), (22), and (23) indicate, the FSPP model is 

consistent with these results (see Table 1 for this model's parameter estimations). 

On the other hand, unlike the FSPP model, Gillespie's [Gil91] doubly stochastic 

Poisson model of evolution requires the index of dispersion to be independent of the 

average number of substitutions, as Ohta [Oht95] pointed out. Even so, Ohta saw no 

conflict between her weighted synonymous values and Gillespie's model since the index of 

dispersion of the synonymous substitutions might be significantly biased. Although she 

considered the bias to be small in the nonsynonymous case, she also held that Gillespie's 

model was compatible with her weighted nonsynonymous results because she considered 

the correlation between the index of dispersion and the mean substitution number to be 

insignificant. Her hypothesis of no correlation can be examined using the test for 

correlation between two random variables x and y assuming that they follow the bivariate 

normal probability distribution 

^ ' ' ' (35) 

as described in standard statistics texts such as that of Devore [Dev90], where fj.x and fiy 

are the means of x and y, where ox and <jy are the standard deviations of x and y and where 

p is the population correlation coefficient, which is estimated by the sample correlation 
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Weight Type Substitution Type Estimated y Estimated D D 95% Confidence Interval 

Nonweighted Synonymous 0.41 0.90 (0.60, 1.21) 

Weighted Synonymous 0.21 0.59 (-0.18, 1.36) 

Nonweighted Nonsynonymous 0.36 0.71 (0.34, 1.07) 

Weighted Nonsynonymous 0.66 0.45 (0.16, 0.74) 

Table 1: Estimated Parameters for Fractal Stochastic Point Process in Mammals 

The above parameters were found by minimizing (45) through standard linear regression 

using the data of Ohta s Table 3 [Oht95]. Note that in all cases the estimated fractal 

exponent D is between 0 and 1, as is required for the fractal stochastic point process and 

that when weights are used the correlation D is decreased due to the removal of the 

correlation caused by lineage effects. [Taken from [Bic97b,Bic97d] with permission.] 
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coefficient 

R = 1=1 
» Z « - 2X> 

i=l ,i=l 

Jr . v n 
«2>,2- I>, Jn±y, 

M \i=l J \ i=i 

f n V ' 

2 > 
\i=i J (36) 

where the n pairs (xi, j i ( x „ , yn) make up the data sample. The null hypothesis of no 

correlation (p=0) is rejected at confidence level a if and only if T^t 012,0-2 or T<-tai.n-i, 

where T is the test statistic 

T = - If . (3?) 

and where tan.n-2 is the critical value for the ^-distribution with the first argument 

designating the confidence level for a one-tailed t distribution and the second argument 

designating the number of degrees of freedom. In applying this test to Ohta's weighted 

nonsynonymous substitution data, we let x, be her estimation of the mean number of 

substitutions in the zth gene (33), let Vi be her estimation of the index of dispersion of the 

number of substitutions in the ith gene (34), and let n equal 49, the number of genes in her 

analysis. See Figure 3 for a plot of this data with its best-fit line. (Figure 4 has the same 

data on a log-log scale and is discussed below.) This sample's correlation coefficient (36) 

is 0.162, so assuming that these data are distributed according to the bivariate normal 

probability distribution (35), the test statistic (37) is 1.13, which implies that the hypothesis 

of no correlation cannot be rejected at the 10% significance level, a result consistent with 

the doubly stochastic Poisson process. However, two necessary conditions for the data's 

following the bivariate normal probability distribution (35) are that the x,-values are 

normally distributed and that the y,--values are normally distributed. Figures 5 and 6 show 

that neither the means nor the indices of dispersion follow a normal (Gaussian) 

distribution, so the above test cannot be used directly. 
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log I(<N>) 

log <N> 

Figure 4: Log I(<N>) v. log -<V> for Weighted Nonsynonymous Substitutions 

The sample correlation coefficient is only 0.418, which, as the text argues, indicates a 

significant linear correlation of the logarithms of the dispersion indices and the logarithms 

of the means in agreement with the fractal stochastic point process (33) but in disagreement 

with the doubly stochastic Poisson process. The line is the best fit to the data. [Taken from 

[Bic97d] with permission.] 
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<N> 

-percentiles 

Figure 5: Normal Probability Plot for Weighted Nonsynonvmous <N"> 

Probability plot of weighted mean number of nonsynonymous substitutions versus the z-

percentiles (A.l). Means are calculated from each of 49 mammalian genes as per Ohta 

[Oht95]. As can be seen, the high and low points do not fit the straight line, so the plot 

indicates that the distribution of <N> is not normal. The sample correlation coefficient is 

only 0.935, which implies that normality can be rejected at the 1% level using the test 

described in Appendix A. The line is the best regression to the data. [Taken from [Bic97d] 

with permission.] 
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/ ( < V > ) 

Z-percentile 

Figure 6: Normal Probability Plot for Weighted Nonsynonymous / (<V>) 

Probability plot of weighted dispersion index of the number of nonsynonymous 

substitutions versus the z-percentiles (A.l). Dispersion indices are calculated from each of 

49 mammalian genes as per [Oht95]. As can be seen, the high and low points do not fit the 

straight line, so the plot indicates that the distribution of I(<N>) is not normal. The sample 

correlation coefficient is only 0.708, which implies that normality can be rejected at the 1% 

level using the test described in Appendix A. The line is the best regression to the data. 

[Taken from [Bic97d] with permission.] 
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Furthermore, a small correlation coefficient between the index of dispersion and the 

mean does not imply a lack of a relationship, but only a lack of a linear relationship. 

Consequently, we test whether there is an algebraic or power-law relationship as suggested 

by the FSPP model (22). Taking the logarithm of both sides of (22) yields an equation that 

is linear in the logarithms of the index of dispersion and mean number of substitutions: 

bgI,[(N,)]'.Dhg{Nl)+bgyl. 

It follows that a linear relationship in the logarithms (38) necessitates a power-law 

relationship between the index of dispersion and mean (22). Since the logarithms of the 

means are normally distributed and the logarithms of the dispersion indices are 

approximately normally distributed as indicated in Figures 7 and 8, if we redefine x, and v, 

as the logarithms of the estimated mean and of index of dispersion of weighted 

nonsynonymous substitutions in the ith gene, as plotted in Figure 4, then the assumption 

of a bivariate normal distribution (35) is plausible. (This lognormality of the index of 

dispersion and mean number of substitutions is discussed in Chapter III and the subsection 

entitled "Distribution of Substitution Rates Across Proteins" of Chapter II, respectively.) In 

this case, the sample's correlation coefficient (36) is 0.418, so the test statistic (37) is 3.15, 

which implies that the hypothesis of no correlation can be rejected at the 0.5% significance 

level. Thus there is a strong linear relationship between the logarithm of the index of 

dispersion and the logarithm of the mean (38), which implies that there is a strong power-

law relationship between the index of dispersion and mean (22). This result conflicts with 

the prediction of the doubly stochastic Poisson process that the index of dispersion is 

independent of the mean, but agrees with the prediction of the FSPP model (22). 

Therefore, unlike the doubly stochastic Poisson process, the FSPP model fits the pattern of 

mammalian nonsynonymous substitutions. 

Parameter Estimation 

In order to use Ohta's data in Table 3 [Oht95] to estimate the scaling exponent D of 

the FSPP, we assume a multiplicative error e, in Ohta's estimation y. of the index of 
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log[<N>] 

-percentile 

Figure 7: Normal Probability Plot for Weighted Nonsvnonymous log <N> 

Probability plot of the logarithm of the weighted mean number of nonsynonymous 

substitutions versus the ^-percentiles (A.l). Means are calculated from each of 49 

mammalian genes as per [Oht95]. As can be seen, the high and low points fit the line well, 

so the plot indicates that the distribution of log <N> is approximately normal. The sample 

correlation coefficient is 0.979, which implies that normality can be rejected at the 10% 

level but not at the 5% level using the test described in Appendix A. The line is the best 

regression to the data. [Taken from [Bic97d] with permission.] 
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log I(<N>) 

4 

^-percentiles 

Figure 8: Normal Probability Rot for Weighted Nonsvnonymous /og/(^V>) 

Probability plot of the logarithm of the weighted dispersion index of the number of 

nonsynonymous substitutions versus the z-percentiles (A.l). Dispersion indices are 

calculated from each of 49 mammalian genes as per [Oht95]. As can be seen, the points fit 

the line very well, so the plot indicates that the distribution of log I(<N>) is approximately 

normal. The sample correlation coefficient is 0.983, which implies that normality cannot be 

rejected at the 10% level using the test described in Appendix A. The line is the best 

regression to the data. [Taken from [Bic97d] with permission.] 
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dispersion of the number of substitutions (33), i. e., 

•Vi — î (*̂*i )^i1 (39) 

where Xt is her estimation in the mean number of substitutions in the zth gene, with i 

running from one to the number of genes in the sample n, which is 49 for Ohta's data. 

Combining (39) with (22) gives 

yi=(th% ( 4 0 ) 

where y is the harmonic mean of the random variables 

r „ y/» 

y = I I Y i \ > 

J (4!) 

and fi is a measure in the fluctuations in defined by 

f'-T'ty- (42) 

We define the overall error El by the product of the fluctuations f , and the estimation error 

e, to concisely express Vi as 

= ( 4 3 ) 

the logarithm of which yields the equation for a line of slope D and intercept log y plus an 

error term log Ec. 

logyt = Dlog xt +logy + logEr 

Parameters D and y are found by minimizing the sum of squared errors 

SSE = X(logE)2 = ^L[logyt-(Dlog x,+logy)]2. 
1=1 1=1 (45) 

Similar to the expression (43) for the estimated index of dispersion y;, this 

expression for the estimation v,1 of the variation coefficient Q(<Ni>) is suggested by (23): 

y'i = Y*?K ( 4 6 ) 
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where Ei is the overall error factor for the /th gene and where D and y' are parameters 

defined by 

D ' S - i - £ 

and 

f = Jy. 

(47) 

(48) 

Values of D and y' can be found that minimize the sum of squared error 

SSE'^bgE;)2 = i[bgy;-(D'Iogx, + l o g f j f . 
« (49) 

However, since yt is defined by (33) and since each v<' is defined by (34), the relation 

between v, and v,' is 

1 (50) 

which, when used with (47) and (48) in (49), provides 

SSE' = 7 ilfogyt - (Dlo§ xi + l°gy)]2 = 

4 , = 1 4 (51) 

which in turn implies that the values D and y that minimize SSE' (49) also minimize SSE 
(45). Therefore, the two quantities are not independent. 

Table 1 lists values of D and y for weighted and nonweighted, synonymous and 

nonsynonymous substitutions, as determined by minimizing (45) through standard linear 

regression. The 95% confidence intervals for D given in Table 1 depend on a ^-distribution 

which assumes the normality of the transformed standardized residuals (transformed for the 

logarithmic scale from Devore [Dev90]), 
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JogEj 

1 - - -

1 (x, -(x)) 

1 " 

1 (52) 

where <x> is the mean of all n x, values, and where s is the estimated transformed standard 

deviation of they, values, given by 

| X ( W 
S =«J=L 

n ~ 2 (53) 

Note that if the transformed standardized residuals et are normally distributed, then the 

errors in the indices of dispersion y, are lognormally distributed. If, on the other hand, the 

errors in the indices of dispersion are normally distributed, then the (untransformed) 

standardized residuals, 

l 

{ " I h - W ) 

1 /=1 (54) 

are normally distributed, where s"is the estimated standard deviation of the v, values, given 

by 

n ~ 2 (55) 

where is the difference between y* and the expected value for v* using standard linear 

regression to the data. I used the test described in Appendix A to determine whether the 

transformed standardized residuals (52) are normally distributed and whether the 

standardized residuals (54) are normally distributed, i. e., whether the error in the index of 

dispersion is lognormally or normally distributed. The test uses the probability plots labeled 
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Figures 9-16. In all cases except the weighted synonymous substitution case, which have 

neither normal nor lognormal statistics, the result is that assuming a normal distribution of 

transformed standardized residuals (lognormal error) is plausible and thus the confidence 

intervals of Table 1 hold. 

Distribution of Substitution Rates Across Proteins 

Although the evolution rate seems to be approximately constant in time for a given 

gene, genes appear to differ from one another in rate by orders of magnitude, a fact which 

Darwinian theory can "explain" only in terms of tautologies [Den85]. For example, many 

assert that those proteins with slower evolution rates must therefore be subject to more 

severe "functional constraints." An understanding of the statistics of rates across different 

genes may shed light on this problem. We herein study the evolution rates of mammalian 

proteins based on Ohta's [Oht95] recent estimates on numbers of nonsynonymous 

substitutions in 49 genes of humans, rodents, and artiodactyls, thus allowing for general 

conclusions about mammalian protein clocks. 

Let w, j, n\2, and denote Ohta's [Oht95] estimated numbers of nonsynonymous 

substitutions per nucleotide site occurring in the z'th gene of primates, artiodactyls, and 

rodents, respectively, since divergence from an assumed common ancestor. If molecular 

evolution is a linear additive process, then the expectation value of the number of 

substitutions per site is the arithmetic mean denoted by the A subscript on the bracket, 

estimated by 

' i k + i k + i h i 
\Wl W2 *3 

(56) 

where the weight of the y'th lineage wj, defined by (30), removes lineage-dependent effects 

on the mean such as the generation-time effect and the effect of branching from the 

common ancestor at different times. Then if the arithmetic mean number of substitutions is 

the sum of a sufficiently large number of independent and identically distributed random 

variables, it should follow a normal distribution according to the Central Limit Theorem. If, 
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Standardized Residuals 

Z-percentiles 

Figure 9t Plot of the standardized residuals (54) for nonweighted synonymous 

substitutions versus c-percentiles (A.l). The dots are the data and the straight line is the 

theoretical fit to residuals from a normal stochastic process. According to the test described 

in Appendix A, the normality of the residuals can be rejected at the 5% level but not at the 

1% level, since the sample correlation function is 0.9743. [Taken from [Bic97b] with 

permission.] 
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Standardized Residuals 

^-percentiles 

Figure 10: Plot of the transformed standardized residuals (52) for nonweighted 

synonymous substitutions versus ^-percentiles (A.l). The dots are the data and the straight 

line is the theoretical fit to residuals from a lognormal stochastic process. According to the 

test described in Appendix A, the normality of the residuals (lognormality of the index of 

dispersion error) cannot be rejected at the 10% level since the sample correlation function is 

0.9868. [Taken from [Bic97b] with permission.] 
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Standardized Residuals 

C-percentiles 

Figure 11: Plot of the standardized residuals (54) for weighted synonymous substitutions 

versus ^-percentiles (A. 1). The dots are the data and the straight line is the theoretical fit to 

residuals from a normal stochastic process. According to the test described in Appendix A, 

the normality of the residuals can be rejected at the 1% level since the sample correlation 

function is 0.9022. [Taken from [Bic97b] with permission.] 
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Standardized Residuals 

Z-percentiles 

Figure 12: Plot of the transformed standardized residuals (52) for weighted synonymous 

substitutions versus c-percentiles (A.l). The dots are the data and the straight line is the 

theoretical fit to residuals from a lognormal stochastic process. According to the test 

described in Appendix A, the normality of the residuals (lognormality of the index of 

dispersion error) can be rejected at the 1% level since the sample correlation function is 

0.9114. [Taken from [Bic97b] with permission.] 



32 

Standardized Residuals 

^-percentiles 

Figure 13: Plot of the standardized residuals (54) for nonweighted nonsynonymous 

substitutions versus c-percentiles (A.l). The dots are the data and the straight line is the 

theoretical fit to residuals from a normal stochastic process. According to the test described 

in Appendix A, the normality of the residuals can be rejected at the 1% level since the 

sample correlation function is 0.8936. [Taken from [Bic97b] with permission.] 
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Standardized Residuals 

Z-percentiles 

Figure 14: Plot of the transformed standardized residuals (52) for nonweighted 

nonsynonymous substitutions versus z-percentiles. The dots are the data and the straight 

line is the theoretical fit to residuals from a lognormal stochastic process. According to the 

test described in Appendix A, the normality of the residuals (lognormality of the index of 

dispersion error) can be rejected at the 10% level but not at the 5% level, since the sample 

correlation function is 0.9778. [Taken from [Bic97b] with permission.] 
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Standardized Residuals 

^-percentiles 
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Figure 15: Plot of the standardized residuals (54) for weighted nonsynonymous 

substitutions versus ^-percentiles (A.l). The dots are the data and the straight line is the 

theoretical fit to residuals from a normal stochastic process. According to the test described 

in Appendix A, the normality of the residuals can be rejected at the 1% level since the 

sample correlation function is 0.7021. [Taken from [Bic97b] with permission.] 
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Standardized Residuals 

^-percentiles 

Figure 16: Plot of the transformed standardized residuals (52) for weighted 

nonsynonymous substitutions versus z-percentiles (A.l). The dots are the data and the 

straight line is the theoretical fit to residuals from a lognormal stochastic process. 

According to the test described in Appendix A, the normality of the residuals (lognormality 

of the index of dispersion error) cannot be rejected at the 10% level since the sample 

correlation function is 0.9891. [Taken from [Bic97b] with permission.] 
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on the other hand, molecular evolution is a nonlinear multiplicative process, then the 

expectation value of the number of substitutions per site is the geometric mean denoted by 

the G subscript on the bracket, estimated by 

V V V VP73 

W c = - — I — • 
l w K A ^ J J ( 5 7 ) 

The geometric mean should follow lognormal statistics if there are a sufficient number of 

independent and identically distributed random variables whose product is the geometric 

mean number of substitutions. This fact can be demonstrated by noting that the logarithm 

of the geometric mean would in that case be the sum of large number of independent and 

identically distributed random variables, thus implying that log <ni>G is normally 

distributed by the Central Limit Theorem [Dev90]. 

We use a statistical test (Appendix A) to determine whether the mean number of 

substitutions follows normal or lognormal statistics. These tests are performed for Ohta's 

mammalian nonsynonymous data both with her weights w, and without her weights 

(setting wi=vv2=h'3=1). The probability plot displayed as Figure 17 demonstrates that the 

nonweighted numbers of substitutions deviate markedly from normality while Figure 18 

shows that the nonweighted numbers of substitutions are approximately lognormal. As 

seen in Figures 19 and 20, using the weights to remove lineage effects has little influence 

on the lognormality of the number of substitutions. Assuming protein clocks, this requires 

the rate of mammalian protein evolution to vary lognormally across proteins. This explains 

why the mean number of substitution are lognormally distributed, as found in the above 

subsection entitled "Confirmation of the FSPP Model." The lognormal distribution of rates 

indicates that the underlying process is multiplicative in some sense. Chapter III includes a 

discussion of possible implications of multiplicative molecular evolution. 
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<n>A 
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^-percentiles 

0 . 0 5 

Figure 17: Plot of the arithmetic mean number of the nonweighted nonsynonymous 

mammalian substitutions per nucleotide site versus z-percentiles (A.l). Each point is the 

mean for one gene and the straight line is the best regression to the data. The deviation of 

the points from the line indicates that the data is positively skewed rather than normally 

distributed. According to the test described in the text, the normality of the means can be 

rejected at the 1% level since the sample correlation coefficient is only 0.926. [Taken from 

{Bic97c] with permission.] 
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<n>r 

"-percentiles 

Figure 18: Plot of the logarithm of the geometric mean number of the nonweighted 

nonsynonymous mammalian substitutions per nucleotide site versus ^-percentiles (A.l). 

Each point is the logarithm of the mean for one gene and the straight line is the best 

regression to the data. The proximity of the points to the line indicates that the data is 

approximately lognormal. According to the test described in the text, the lognormality of 

the means cannot be rejected at the 10% level since the sample correlation coefficient is 

0.985. [Taken from [Bic97c] with permission.] 
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<n>A 

0 . 1 5 

z-percentiles 

Figure 19: Plot of the arithmetic mean number of the weighted nonsynonymous 

mammalian substitutions per nucleotide site versus z-percentiles (A.l). Each point is the 

mean for one gene and the straight line is the best regression to the data. The deviation of 

the points from the line indicates that the data is positively skewed rather than normally 

distributed. According to the test described in the text, the normality of the means can be 

rejected at the 1% level since the sample correlation coefficient is only 0.929. [Taken from 

[Bic97c] with permission.] 
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Figure 20: Plot of the logarithm of the geometric mean number of the weighted 

nonsynonymous mammalian substitutions per nucleotide site versus ^-percentiles (A.l). 

Each point is the logarithm of the mean for one gene and the straight line is the best 

regression to the data. The proximity of the points to the line indicates that the data is 

approximately lognormal. According to the test described in the text, the lognormality of 

the means cannot be rejected at the 10% level since the sample correlation coefficient is 

0.985. [Taken from [Bic97c] with permission.] 
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Fractional Diffusion Equation and Levy Stable Statistics 

The probability that the dynamical variable Ni(t) has a value in the interval (Wit+n, 

Wit+n+dn) at time t, independent of its initial values, is given bycr(n,t)dn, i. e., o{n,t) is 

the probability distribution of the zero-centered fluctuations in the number of substitutions: 

» - M ( r ) - W / . ( 5 g ) 

Assuming that n{t) is the integral of a stationary dichotomous process, the method of 

projection operators was used by West et al. [Wes97] and Allegrini et al. [A1196] to derive 

the equation of evolution for the probability density: 

- C)>|r 

The exact solution to (59) is a truncated Levy distribution. The truncation is a consequence 

of the finite speed with which the process can fill the available phase space; these solutions 

are discussed by Allegrini et al. [A1196]. The properties of the probability density are 

therefore intimately related to the way in which the fluctuations in the mutation rate are 

correlated in time. For example, if the fluctuations in the mutation rate have a finite time 

scale then for a time very much greater than this time scale the time integral over the 

correlation function in (59) can be replaced by the diffusion coefficient S , a measure of 

how rapidly something spreads over an area, so that (59) can be approximated by 

dt dn (60) 

Thus, for sufficiently long times the evolution equation reduces to the standard diffusion 

equation with the corresponding Gaussian distribution as its solution. This, however, is 

not the case of interest for molecular evolution. 

An exact fractional diffusion equation of evolution can be obtained from (59) by 

using the complete correlation function (10) and taking into account the fact that the 

parameter 5, in the denominator is not zero. The fact that the power-law index (5 in the 

correlation function (10) is less than unity indicates that the substitution rate has extremely 
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extended sojourn times in each of its two states. For this reason Allegrini et al. [A1196] 

make the substitution 

o(n,t) = — jdn'S^t' -|w -n'\p{n',t), 
2 ~ (61) 

since tying the number of substitutions to the time via the constant rate is equivalent to the 

Markov assumption. For times t such that \t\<T, where Tis the mean sojourn time in one of 

the two states, (61) is exact. The relation (61) becomes an approximation only for times 

much larger than T. 

Inserting (61) into the integro-differential equation (59) yields, with no 

approximation, 

rro(n,t) = Idn^i——— 
dt V ' 2Wi i ( Wt

 y h J (62) 

where the function *F(/) is the distribution of sojourn times in the two states and is defined 

in terms of the correlation function for the rate of substitution [A1195]: 

n o = l » . 
dt W 

' (63) 

Note that substituting (63) into (62), and using the inverse power-law correlation function 

(10) gives 

£ „ r „ ,1 - M + ' K f 
2 ( 6 4 ) 

The analysis of (64) for t»B leads to the fractional diffusion equation 

[A1196,Wes97] 

d , x b . (aK\„, > r oin',t) , 
o{n, t) = - sin — r ( a +1) I zsnrdn , 

K 2 J J-~\n-n\ dt ) •'•"In—n'l"4 

Y 1 (65) 

where a=l3+1 and p is the power-law index from the correlation function (10). Seshadri 

and West [Ses82] established that this is the integro-differential equation describing the 
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evolution of an a-stable Levy process for 0<a<2, which can be seen by taking the Fourier 

transform of the fractional diffusion equation (65) to obtain 

~-a(k, t) + b)jc\<j(k, t) = 0, 
A (66) 

where the characteristic function o(k,t) is the Fourier transform of the probability density: 

(j{k,t) = f e^ain, t)dn. 
' (67) 

The differential equation (66) can be integrated to obtain the characteristic function for the 

initial condition &(k,0) = 1: 

Since (67) implies that the probability density is given by the inverse Fourier transform of 

the characteristic function, so (68) provides 

a(n,t) = — 
231 (69) 

thus demonstrating that the dichotomous process having an inverse power law correlation 

function gives rise to a centro-symmetric a-stable Levy process in the Markov 

approximation. Therefore, the evolution of the probability density for the number of events 

produced by a dichotomous substitution rate is that of a Levy stable process. There is no 

simple analytic expression for Levy processes, but Montroll and West [Mon87], as well as 

others, developed the asymptotic series expansion 

a(n,i) = 2 ( - l ) ' * ' r^+JC X \ ' im(jaK/2)-~TT' 

" W (70) 

From this series expansion we obtain using the lowest order term that the asymptotic form 

of the Levy stable process is an inverse power law 

<j(n,t) ~ . p+1 bT(a + l)sin(oc7t/2). 
H (71) 
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In the asymptotic region where Ni»Wit we obtain from (58) and (71) 

a(n, t) ~ |—^fbr(a + l)sin(cm 12). 
\N,\ 

On the other hand for very long times, Wit»Nu we have from (58) and (71) 

o{n,t) - ~rrbr(a + l)sin(ccn/2) = 

(72) 

(73) 

Thus, in this case the asymptotic probability density is an inverse power law in time. 

Using the first order term in the expansion for the Levy stable process (70), we can 

calculate the variance of the number of substitutions, from the second moment of 

n{t). In the limit W{t»Ni but for finite time, the integration of n2 over the probability 

density (70) yields an expression that to first order is in complete agreement with (17) 

when the identification of 3-a with D+\ is made, that is, D-2-a or equivalently £>=1-/3. 

Thus, we see that the predicted Levy statistics for the fluctuations in the number of 

substitutions is consistent with the time dependence of the index of dispersion given by 

(13). 

Conclusions of Chapter II 

Although we have demonstrated that the FSPP model fits Ohta's mammalian 

nonsynonymous substitution data much better than does the doubly stochastic Poisson 

process model, the former model agrees with Gillespie's idea that protein evolution occurs 

in bursts of substitutions separated by periods of relative inactivity [Gil91]. This episodic 

property of FSPP is well known and is wholly described in terms of the clustering of 

events in time; see, e. g., West and Deering [Wes95]. Ohta notes that the apparent episodic 

nature of evolution is compatible not only with Gillespie's positive selection model but also 

with her own nearly-neutral model [Oht95]. 

In addition to a nondeterministic, Darwinian interpretation of the FSPP in terms of 

chance and selection, a deterministic, chaotic interpretation is also possible. It can be 
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shown [A1195] that the substitution rates generated as random variables satisfying the 

inverse power-law correlation function (10) are equivalent to the substitution rates 

generated by a low-dimensional deterministic map. A substitution pattern determined by 

that map is chaotic since it depends sensitively on initial conditions, making it as 

unpredictable as an ordinary stochastic process. Deterministic chaos in evolution would 

agree with completely deterministic evolution hypotheses such as those suggested by 

Grasse [Gra77] and Lima-de-Faria [Lim88], who criticize Darwinism for its failure to 

explain recent findings of molecular biology in terms of selection and drift. Appendix B 

describes the Darwinian selectionist and neutralist theories as well as the autoadaptive 

hypothesis of Grasse and Lima-de-Faria. 



CHAPTER III 

MULTIPLICATIVE EVOLUTION STATISTICAL HYPOTHESIS 

Introduction to Chapter III 

As noted in the previous chapter, the observed variance in the rate of molecular 

evolution is much higher than that of a Poisson process [Lan74]. Rather than criticizing the 

molecular clock hypothesis I argue in this chapter that the variance of an assumed linear 

additive deviation from the mean is not always an appropriate measure of error. 

Abandoning this definition of error implies that the statistics of the deviations in rate are not 

normal (Gaussian), i. e., that the error itself is not a linear additive process. In place of this 

traditional additive assumption we propose the multiplicative evolution statistical hypothesis 

(MESH), which assumes that the substitution rate has lognormal rather than normal 

statistics. 

In the following section I discuss the linear regression to globin data under both the 

assumptions of additive and multiplicative errors, and find that the latter assumption 

provides a statistically significant better fit to the data than does the former. Then I 

demonstrate that the errors in the regression to the data are better fit by a multiplicative 

process than by an additive one and that this is consistent with the molecular clock 

hypothesis. In the conclusions I discuss some of the implications of the deviations from 

linear regression being multiplicative rather than additive. 

Fit to Data 

Although many now believe the molecular clock hypothesis to be true [Pes91], it is 

still being tested (see e.g., [Eas95,Li92,Mus92,Taj93,Tak95,Uye95]) and it is not 

universally accepted. Tests of this hypothesis typically assume additive evolutionary 

distances. For example, if a test involves an additive variance in rates or a non-weighted 

least-squares approach, then that test rests on the assumption of additive errors in the 

evolutionary distances. 

46 
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Globin chains were chosen for comparison herein, because there is enough globin 

data for good statistical tests of the error distribution in evolutionary distances. In Figure 21 

the globin data from Dickerson and Geis [Dic83] is plotted. These authors assumed that 

molecular evolution follows the Poisson distribution 

Xmp~x 

p{m,X) = 
m ! (74) 

where p(m,X) is the probability of exactly m amino acid substitutions occurring at a site, 

and X is the average value of m. For two sequences being compared, the probability AQ of 

an observed amino acid difference at a site is the probability that more than one substitution 

occurred since the divergence of the two sequences, which is the probability that the 

number of substitutions per site m is not exactly zero: 

=l-p{0,X) = l-e'x (?5) 

neglecting the effect of back-substitutions. The expected number of amino acid 

substitutions per 100 amino acid sites, as plotted in Figure 21 is Ar=100A, and the expected 

number of observed amino acid differences per 100 sites is M>=100Ao, so using (75) N is 

calculatedfrom 

( N \ 
N = -I00ln\ 1-—2- . 

I 100j ( 7 6 ) 

Each N0 value used by Dickerson and Geis [Dic83] is an average over a number of 

particular sequence comparisons between two particular taxa. For example, N0=65.1 is the 

average number of observed amino acid differences for 33 a-hemoglobin comparisons 

between bony fish and land vertebrates. This corresponds to the uppermost data point in 

Figure 21, the coordinates of which are N=-100ln( 1-65.1/100)=105.2 amino acid 

substitutions per 100 residues and ?=450 million years since the time of the divergence 

between bony fish and land vertebrates, as estimated from the fossil record. The data used 

comes from 1043 sequence comparisons in all, consisting of comparisons within 12 pairs 
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Figure 21: The data points for the globin evolution distance versus time are denoted by 

the dots and are the arithmetic means given by Dickerson and Geis [Dic83] after applying 

the correction for multiple substitutions. The solid curve is the best linear fit of the data 

assuming additive error. [Taken from [Bic97a] with permission.] 
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of taxa using 3 globins (a-hemoglobin, {3-hemoglobin, and myoglobin), comparisons 

within 1 pair of taxa using 2 globins (a-hemoglobin and P-hemoglobin), and comparisons 

within 3 pairs of taxa using 1 globin (a-hemoglobin), for a total of 12*3+1*2+3*1=41 

data points of Figure 21. For each pair of taxa, the time of their divergence is estimated 

from the fossil record, and is given in Figures 21 and 22 in units of millions of years. 

Let t designate the independent variable (time) and N designate the dependent 

variable (number of substitutions), assuming the errors in N are independent from one 

another. Under the assumption of additive error we calculate the linear regression fit to the 

number of substitutions data by finding a slope or rate A and a N-intercept A that 

minimizes the error, i. e., the sum of squares error, 

SSE = %{Nr(At, + A f . 
/=i ( 7 7 ) 

Here Nj is the y'th N-value, tj is the time-value corresponding to the y'th A'-value, and Hn is 

the number of iV-values. The solution to the dynamical equation is 

Nj = Al j+A + £j (7g) 

where £, is a random variable. The assumption of additive error typically assumes that the 

statistics of the random deviations of the data from the linear regression curve, £), are 

described by a zero-centered, delta-correlated, Gaussian distribution of standard deviation 

<7: 

W-o 

where the brackets denote an average over an ensemble of realizations of the random 

deviations 

P{e)de = • 

£~ 
exp 

, de. 
<J2m ^ 
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Figure 22: The data points for the globin evolution distance versus time are denoted by 

the dots and are the geometric mean values estimated from the numbers of substitutions and 

variances given by Dickerson and Geis [Dic83]. The solid curve is the best linear fit of the 

data assuming multiplicative error. The geometric mean of a sample is estimated from its 

arithmetic mean and variance assuming lognormal error using the relations given by Wright 

[Wri68]. [Taken from [Bic97c] with permission.] 
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Since we can also determine £j directly from the linear regression equations, we have a 

Gaussian distribution for the linear regression terms as well: 

exp 

P(N;t)dN = 

_{AMA£+A])_ 
2c 2 

•JlTZG2 
dN. 

(81) 

Under the MESH assumption, on the other hand, these equations are modified. The 

best linear regression to the data is obtained by minimizing the error in the expression 

SSE = £ [ tog Nj - + 4 ) f 
M (82) 

rather than (77) [Rat90]. Note that both (77) and (82) require a linear fit to the data and 

therefore are consistent with the molecular clock hypothesis. The two fits differ in the 

statistics of the differences between the data and the fit. 

In the multiplicative case the linear regression equation (78) is replaced with 

jV,. = £ , (Ar+4) , 
y A J ' (83) 

where here again e( is a random variable, only now it is proportional to the random rate of 

substitution in the protein. If we take the logarithm of both sides of (83) we obtain 

logNj = log(Mj +A) + logEj, 

which is the dynamical solution corresponding to (82) and log £j is the random variable. 

Here we assume the statistics of the random deviations of the data in (84) from the linear 

regression curve are described by a zero-centered, delta correlated, Gaussian distribution 

(log£})= 0, 

(log £j log ef ) = 2o28jj,, (g5) 

where the brackets denote an average over an ensemble of realization of the random 

deviations 
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exp 

P(e)d£ = 

(foge)2 

2<t2 

V2 787 (86) 

Here again, since we can also determine log £j directly from the linear regression equation 

(84), we obtain the lognormal distribution function 

' " - T / M 
dN 

(87) 

exp 

P{N;t)dN= 

i log 
< A/ + A 

& TtXJ N 

for the statistics of the deviations away from the linear regression assuming multiplicative 

statistics. 

Quality of Fit 

The curve in Figure 21 is the best linear fit to the data assuming additive error (77), 

while the curve in Figure 22 is the best linear fit to the data assuming multiplicative error 

(82). Both curves are straight lines on the linear-linear scales of the figures and there is 

nothing we can see to choose one over the other. Devore [Dev90] provides the following 

statistical method for testing whether the true regression function for the sequence data is 

linear. Under the assumption of additive error, the pure error sum of squares is calculated 

using 

j=1 ;=1 (88) 

where <Nj> is the average of all values corresponding to the y'th time-value, ^ is the 

number of JV-values corresponding to the jth /-value, and nt is the total number of different 

time-values. The lack of fit as determined by the sums of squares is indicated by 

SSLF=SSE-SSPE, the difference between the expressions in (77) and (88) under the 

assumption of additive error. The mean square lack of fit is 

SSLF 

(89) 
MSLF = 

n. 
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where nr2 is the number of statistical degrees of freedom for SSLF and the mean square 

pure error is 

SSPE 
MSPE = 

nN nt (90) 
where nN.nt, the difference in the number of /V-values and the number of /-values, is the 

number of statistical degrees of freedom of SSPE. The test statistic / i s then computed by 

MSLF 
/ = 

MSPE (91) 

and is compared to Fa,n, -2.nN , which is the critical value of the F-distribution at 

confidence level a , the other parameters being the respective numbers of degrees of 

freedom in the numerator and denominator of (91) noted above. If / > K.n, - 2 , then the 

null hypothesis that the true regression function is linear is rejected at level a , in which case 

the true regression function must be nonlinear. Under the MESH each of these expressions 

is replaced with its logarithmic counterpart just was done in the previous section. 

Table 2 displays the results of the linear regression analyses and these statistical 

tests. In the table it can be seen that assuming additive error the true regression is not linear 

at the 1% level of significance, which is to say that there is less than a 1% chance that the 

deviation from linearity is due to chance. On the other hand, assuming multiplicative error 

the true regression is linear at the 1% level of significance. These results imply that the 

molecular clock hypothesis is rejected assuming additive errors, but is not rejected using 

multiplicative errors, at the 1% level of statistical significance. 

We note that Felsenstein does not recommend using the /-test for evolution 

distances derived directly from sequence data, since the error in the distances would not be 

independent [Fel88]. However, the data used here was obtained from a wide variety of 

different sequences using three different globin molecules, so the error is at least 

approximately independent. In addition, exact independence of error is not required in 
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Fitting parameters 
Slope A of linear fit 0.1786 
Intercept^ of linear fit 1.953 

Test of linearity (molecular clock) 
Error Sum of Squares 
Test statistic/ 
Degrees of Freedom (Vi, Va) 
Result of testing linearity 

Additive Error Multiplicative Error 

Test of error assumption 
Error distribution assumed 
Coefficient r of probability plot 
Number in sample 
Result of testing error assumption 

3339 
7.132 
10,29 
Reject at 1% level 

Normal 
0.9591 
41 
Reject at 1% level 

0.1558 
3.323 

4.771 
2.448 
10,29 
Do not reject at 1% level, 
reject at 5% level 

Lognormal 
0.9927 
41 
Do not reject at 10% level 

Table 2: Additive and Multiplicative Error Assumptions 

A comparison of the additive error assumption and the multiplicative error assumption, 

using the data of Figure 21. Although the evolutionary distances are not exactly 

independent and as a result the confidence levels displayed are not precise, the fact that the 

test statistic/ (91) of the additive error assumption is significantly greater than that of the 

multiplicative error assumption implies that the latter assumption is more favorable to the 

molecular clock hypothesis. Likewise, it can be seen from from a comparison of the 

sample correlation coefficients r that the data fits the multiplicative error assumption much 

better than it does the additive error assumption. (Taken from [Bic97a] with permission.] 
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regression analysis [Rat90]. Also, even if confidence levels are inaccurate due to a lack of 

independence, the /-test statistic assuming multiplicative statistics for the error is much less 

than that assuming additive statistics. Thus the MESH assumption is significantly more 

favorable for the molecular clock hypothesis. 

I found using the test described in Appendix A that, assuming a molecular clock, 

the hypothesis of additive normal error is rejected at the 1% level, while that of 

multiplicative lognormal error is not rejected at the 10% level. Therefore, the error in the 

data is significantly better described by the lognormal distribution than it is by the normal 

distribution. Figures 23-24 illustrate how close the errors approach normality and 

lognormality. 

Conclusions of Chapter III 

The globin sequence comparisons give evolutionary distances that, when compared 

to the times of divergence estimated from the fossil record, are better represented by a 

lognormal error distribution than they are by a normal error distribution. However, 

Dickerson and Geis [Dic83] have noted that three of the data points used were based on the 

uncertain time of bird-mammal divergence, and Nei [Nei87] has pointed out that when 

these points are neglected, a straight line fits the data well assuming additive error. Table 3 

presents the results of linear regression analysis and the statistical tests for the data without 

considering the points based on the time of the bird-mammal split. The table reveals that the 

molecular clock hypothesis still agrees better with the data when multiplicative error is 

assumed, although the sample correlation coefficient for the probability plots are too similar 

to discriminate between the additive error hypothesis and the multiplicative error 

hypothesis. On the whole the traditional assumption of additive error leads to results much 

less favorable for the molecular clock hypothesis. Under the MESH assumption the 

molecular clock hypothesis holds at a 1% significance level with the bird-mammal 

divergence data included, and at a 5% significance level with these data excluded. 

However, further tests of the multiplicative evolution hypothesis are needed. Namely, there 

must be tests employing different methods of computing evolutionary distances, employing 
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- 3 

Standardized 
Residuals 

-percentiles 

Figure 23: Here is depicted the probability plot of standard residuals versus ^-percentiles 

(A.l) assuming a normal distribution of the standard residuals. The data on which the 

points, the standard residuals, are based are taken from Figure 21. The high and low points 

do not lie along the diagonal straight line that intersects the origin, so the standard residuals 

are not close to their expected values and the plot indicates that the error distribution is non-

normal by the test of Appendix A (see also Table 2). [Taken from [Bic97a] with 

permission.] 
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Standardized 
Residuals 

Z-percentiles 

Figure 24: Here is depicted the probability plot of transformed standard residuals versus 

^-percentiles (A.l) assuming a lognormal distribution of the standard residuals. The data on 

which the points, the standard residuals, are based are taken from Figure 22. The data 

points lie along the diagonal straight line that intersects the origin, so the standard residuals 

are close to their expected values and the plot indicates that the error distribution is 

lognormal by the test of Appendix A (see also Table 2). [Taken from [Bic97c] with 

permission.] 
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Fitting parameters 
Slope A of linearfit 0.195311 
Intercept A of linear fit 1.41508 

Test of linearity (molecular clock) 
Error Sum of Squares 
Test statistic/ 
Degrees of Freedom (Vi, V2) 
Result of testing linearity 

Additive Error Multiplicative Error 

Test of error assumption 
Error distribution assumed 
Coefficient r of probability plot 
Number in sample 
Result of testing error assumption 

1534.17 
2.67541 
10,26 
Reject at 5% level, 
do not reject at 1% 
level 

Normal 
0.987988 
38 
Do not reject at 10% 
level 

0.1696 
2.795 

4.118 
1.790 
10, 26 
Do not reject at 5% level 

Lognormal 
0.9933 
38 
Do not reject at 10% 
level 

Table 3: Additive and Multiplicative Error Assumptions 

Same as Table 2, except that the three data points based on the time of bird-mammal 

divergence are excluded from the data set. [Taken from [Bic97a] with permission.] 
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different proteins and nucleic acids, employing more sequence data, and employing more 

accurate times of divergence from the fossil record. 

Molecular biologists typically assume additive error in evolution distances when 

they test the molecular clock hypothesis. Others, most notably Gingerich [Gin86], tested 

the molecular clock hypothesis assuming lognormal statistics, but without exploring the 

consequences emphasized herein. In addition, some methods of determining divergence 

times from phylogenies, such as the non-weighted least squares method, also rest on the 

additive error assumption. Since there is evidence that the error is multiplicative rather than 

additive, future tests of the molecular clock and future phylogenies should give the results 

based on the assumption of multiplicative error alongside those based on the assumption of 

additive error, until one error assumption is proven superior to the other in this context. 

If the error distribution of the amount of evolution is indeed lognormal, then 

molecular evolution is a multiplicative process, as opposed to an additive one. For this 

reason, the proposal of a lognormal evolution distance error distribution is called the 

multiplicative evolution statistical hypothesis (MESH). A multiplicative process is one in 

which a grand event will occur only if a number of sub-events take place, so that the 

probability of the grand event occurring equals the product of the probabilities of each of 

the sub-events occurring [Wes90,Wes95]. 

Darwinism considers macroevolution to be an additive process in which new 

organs form gradually by the slow natural selection of small successive random changes 

over long periods of time. Darwin [Dar59] faced the difficulty that his view had in 

explaining the origin of "organs of extreme perfection and complication" such as the eye in 

the following way: 

To suppose that the eye, with all its inimitable contrivances 
for adjusting the focus to different distances, for admitting different 
amounts of light, and for the correction of spherical and chromatic 
aberration, could have been formed by natural selection, seems, I 
freely confess, absurd in the highest possible degree. Yet reason 
tells me , that if numerous gradations from a perfect and complex 
eye to one very complex and simple, each grade being useful to its 
possessor, can be shown to exist; if further, the eye does vary so 
slightly, and the variations are inherited, which is certainly the case; 
and if any variation or modification in the organ be ever useful to an 
animal under changing conditions of life, then the difficulty of 
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believing that a perfect and real complex eye could be formed by 
natural selection, through insuperable by our imagination, can 
hardly be considered real 

If it could be demonstrated that any complex organ existed, 
which could not possible have been formed by numerous, 
successive, slight modifications, my theory would absolutely break 
down. 

Grasse [Gra77] criticizes the neo-Darwinian linear additive view of evolution, 

pointing out that a complex organ can only occur if a large number of changes occur 

simultaneously. He illustrates this nonlinear multiplicative view of evolution with the 

following discussion on the eye: 

Darwin considered only the eye, but today he would 
have to take into consideration all the cerebral connections to the 
organ... 

In fact, the picture we have just sketched is even more 
complex; we did not consider the molecular structure which shows 
as many peculiarities as the macrostructure.... 

In mammals all sense organs evolved almost simultaneously. 
If one considers the great number of simultaneous timely mutations 
satisfying existing needs involved in their genesis, one can not fail 
to be confounded by so much harmony, so many lucky 
coincidences, due entirely to omnipotent chance... 

If the formation of the crystalline lens of the retina had not 
been closely coordinated (the retina is the inducing agent of the 
anterior parts of the eye), the eye could not have formed. The 
necessary mutations could not have occurred independently. The 
influence of the organ extends to structures in its immediate vicinity; 
can one imagine an eye without eyelids or without lachrymal glands? 
Moreover, these accessories necessarily formed early in the course 
of evolution; the eye is indeed too fragile to be able to do without 
them. The chronology of phenomena in any ontogenesis is 
inflexible. The formation and the subsistence of the living being 
requires that successive transformations arise in an orderly manner 
and that its architecture be equally ordered. Randomness and chance 
have no place here. 

Thus, Grasse argues that since the evolution of complex organs is necessarily 

multiplicative in the sense that the probability of independent events occurring 

simultaneously is the product of the individual probabilities, and since the chance of several 

highly improbable random events occurring simultaneously is negligible, evolution must be 

deterministic. Lima-de-Faria also advocates a model of deterministic, auto-adaptive 

evolution for similar reasons [Lim88]. 
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The interpretation of the apparent multiplicative nature of evolution presented in this 

chapter seems to conflict with that of Grasse in that it views evolution in terms of 

multiplicative stochastic processes while he views evolution in terms of completely 

deterministic processes. However, scaling processes such as those described by lognormal 

statistics can be generated by low-dimensional, deterministic, nonlinear dynamical systems, 

so MESH is compatible with the conclusions of Grasse. Thus, viewing molecular 

evolution as a multiplicative process may provide help in discriminating between various 

competing evolutionary hypotheses such as those of Appendix B. Tests of the molecular 

clock hypothesis assuming multiplicative error have relevance in the selectionist-neutralist 

debate within Darwinism, and MESH might support the deterministic evolution hypotheses 

[Gra77,Lim88] over stochastic Darwinian evolution. Clearly, MESH poses a number of 

challenging problems. It must be further tested empirically, and it must be explained 

theoretically, since it has such far-reaching implications in evolutionary biology. 
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The following test from Devore [Dev90] determines whether a sample of n values «, 

follow a normal distribution, where / runs from 1 to n. Relabel the values w, such that they 

are in order from the smallest value U\ to the largest value un. For any p between 0 and 1, 

the (100p)th percentile of a distribution is that point on the horizontal axis of the 

distribution plot for which p is the fraction of the area under the curve that is to the left of 

that point, i. e., the percentile is the inverse of the cumulative distribution function. Then 

the ̂ -percentiles { z , } for n evenly spaced values of p for a standard normal distribution can 

be defined as 

* = 
/ - 3/8 

/i+ 1/4 
(A.l) 

where <P is the cumulative standard normal distribution function, defined by 

0(Z) = (7jtyV2\Ze-'dz. 

(A.2) 

A normal probability plot consists of a graph of the sample values m, versus the normally 

distributed values z,. Examples are displayed in Figures 5-20 and 23-24. Let r be the 

sample correlation coefficient for the n pairs (n, u,). The hypothesis that the «, values 

follow the normal distribution is rejected when r£ca, where ca is the critical value at 

significance level a. Otherwise, the error is normal at level a. Devore [Dev90] provides a 

list of critical values for various values of rand n at the 1%, 5%, and 10% significance 

levels which we use in our discussion. 

In order to test the lognormality of a sample of n values vv„ set each m, equal to log 

Wi and use the above test to determine whether the m, values follow the normal distribution. 

Then by the definition of lognormality, the distribution of the u>,'s is lognormal if and only 

if the distribution of the uCs is normal. 
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Introduction to Appendix B 

A number of evolutionary hypotheses will be discussed in this appendix with 

emphasis on their interpretations of biochemical data. The evolutionary hypotheses are 

divided between those that assume a single origin of life and those that assume many 

origins of life. Both variants of Darwinism, selectionism and neutralism, assume the 

common descent of all organisms from a common ancestor, as does the autoadaptation 

hypothesis. The hypotheses involving many origins of life are Blyth's conservative natural 

selection hypothesis, Schwabe's genomic potential hypothesis, and Hoyle and 

Wickramasinghe's panspermia hypothesis. The relationships between these various 

evolutionary hypotheses are depicted in Figure 25. 

Hypotheses of Evolution from a Single Origin 

A major reason that molecular biologists assume only one ancestor of all life is that 

under this assumption, biochemical differences between organisms can easily determine 

their evolutionary relationships, as illustrated in Figures 1 and 2. Without this assumption, 

biologists would have to face the difficult task of determining which organisms share a 

common ancestor before constructing evolutionary trees based on biochemical differences 

[Sch94J. For this reason, I assume evolution from a single origin as a working hypothesis 

in the discussions of Chapters I and II. A more thorough approach, beyond the scope of 

this dissertation, would be to test the hypothesis of evolution from a single origin before 

using it as the basis for evolutionary mathematical models. 

Darwinian Hypothesis of Evolution from a Single Origin 

The evolution by chance variations and natural selection envisioned by Darwin has 

been synthesized with a modern understanding of genetics and molecular biology to form 

the neo-Darwinian hypothesis of evolution, which most American and British biologists 

now hold to. According to this "synthetic theory," often called "Darwinism," the first cell 

arose by chance combinations of chemicals in a prebiotic pool. The probability of this 

occurring is around l/lCpOO^ s o tjje probability of life arising by chance twice is about 
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Figure 25: Relationships of some Evolutionary Hypotheses 
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1/10600 which is negligible, so biologists conclude that there is only a single origin of life 

[Sch94]. 

Once it has arisen, life evolves in the following way according to Darwinism. 

Chance mutations occur in the genes of organisms from time to time, and these mutations 

can be advantageous or disadvantageous to the survival and propagation of the organisms. 

Organisms with the harmful mutations tend to die out before passing their genes on to the 

lineage of their offspring, while those with helpful mutations tend to reproduce. This 

process of the natural selection of beneficial mutations ensures "the survival of the fittest." 

Over long periods of time, slight changes add up to large differences, so that new species, 

families, and even kingdoms are eventually produced from many random mutations guided 

by natural selection. Therefore evolution is understood in terms of the processes of 

mutation and natural selection, both of which are observed today. 

The traditional interpretation of Darwinism, now known as selectionism, is that 

nearly all biochemical differences between organisms are due to the selection of beneficial 

mutations. The sequencing of biochemical molecules gave rise to neutralism, which states 

in opposition to selectionism that most genetic differences between organisms are due to 

mutations which are neither beneficial nor deleterious. Neutralists are still Darwinian in that 

they believe that adaptations and speciation in organisms are the result of those few changes 

in proteins or nucleic acids that are beneficial; natural selection plays the major part in 

significant evolutionary changes, but is responsible for only a small portion of the 

biochemical differences. Arguments in support of each viewpoint are discussed below. 

Since mutations occur at an approximately constant rate in laboratories, neutral 

substitutions are expected to have accumulated at a nearly constant rate. Selectionists claim, 

however, that the calculated variations in evolutionary rates are far too large for a Poisson 

clock, but are compatible with episodic evolution driven by natural selection [Gi91 ]. Also, 

a substantial difficulty in the neutral theory is that laboratory mutation rates appear to be 

constant per generation, but that the rate of evolutionary substitutions from biochemical 

comparisons seem to be approximately constant on the average per year [H08I]; this is 
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especially significant since generation times of different organisms vary over several orders 

of magnitude [Oc87]. 

Since it is possible that mutation rates are constant per year [Ki87] or that the rate 

of evolutionary substitutions have a generation-time effect [Ki87], and since natural 

selection would not operate at the same rate in all lineages, neutralists argue that the 

approximate rate constancy of evolution is best explained in terms of neutral mutations 

rather than in terms of beneficial mutations [Ki83]. Occasional exceptions to rate constancy 

indicate those rare times when natural selection was causing nucleic acid change [Ea95]. 

Under Darwinian assumptions, a comparison of the a and /3 chains of hemoglobin in Port 

Jackson sharks and man indicates that the sharks have accumulated as many nucleic acid 

substitutions as the line leading to man since the origin of the a and f5 chains of 

hemoglobin about 500 million years ago. Those substitutions cannot be the result of natural 

selection, since today's sharks descended from sharks that lived 270-350 million years 

ago, which implies that there was little evolutionary change in that line since that time, 

while man descended from amphibians that existed about 350 million years ago, which 

implies that there was a great deal of evolutionary change during that time. The assumption 

that most of the substitutions were neutral accounts for this conclusion that a line that 

evolved extremely slowly had as many nucleic acid substitutions as a line that evolved very 

quickly [Ki93]. Similar reasoning applies to a number of other "living fossils" (organisms 

alive today that have not changed significantly in geologic time) besides the shark. 

After reviewing some of the arguments on both sides of the selectionist-neutralist 

debate, Denton remarks [De85], 

The devastating aspect of this controversy is that neither side 
can adequately account for the constancy of the rate of 
molecular evolution, yet each side fatally weakens the 
other...Both sides win valid points, but in the process the 
credibility of the molecular clock hypothesis is severely 
strained and the whole paradigm of evolution itself is 
endangered...The more deeply the problem is examined the 
less it appears amenable to solution in terms of chance and 
selection. 



69 

Swedish cytologist Lima-de-Faria also sites the constancy of protein evolution as evidence 

against Darwinism [Li88]. He offers an autoadaptive hypothesis of evolution in its place. 

Autoadaptive Hypothesis of Evolution from a Single Origin 

In general, continental European scientists are much more critical of Darwinism 

than are their Anglo-Saxon counterparts. Many European biologists prefer to view 

evolution as a deterministic process rather than as a stochastic one. They hold that 

organisms adapt themselves to their environments according to the deterministic laws of 

physics and chemistry. Although these investigators have not specified a mechanism for 

evolution, they are convinced that the natural selection of random mutations cannot be the 

mechanism. The distinguished French biologist Grasse presented the following reasons for 

favoring deterministic evolution over Darwinian evolution [Gr76]. 

Grasse draws a sharp distinction between mutations and evolution. Mutations are 

copy mistakes in the genetic code that cause slight changes in organisms, while evolution is 

a major change in an organism's structure and function. He points out that bacteria have 

experienced millions of mutations during the last billion years, and yet their fossils indicate 

that they are essentially the same today as they were a billion years ago. Similarly, 

cockroaches are the same as they were 250 million years ago in spite of all of their 

mutations since that time. The same can be said for other living fossils. This is because 

mutations are limited in the amount of change that even large numbers of them can cause; 

they "are merely hereditary fluctuations around a median position; a swing to the right, a 

swing to the left, but no final evolutionary effect" [Gr76]. Darwinism cannot explain why 

some lines of descent are unchanged by mutations while others evolve new structures and 

functions. 

According to Darwinian theory, the evolution of a single plant or animal requires 

thousands of fortunate mutations. The possibility that one bacterium could have evolved by 

chance might be believed, but the probability of all plants and animals evolving 

stochastically is essentially zero. Grasse concludes that the deterministic laws of physics 

and chemistry, not random mutations, are responsible for evolution. He quotes Poincare in 
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support of his idea that an explanation in terms of chance is really no explanation at all: 

"Chance is only the measure of our ignorance." 

DNA holds the information for all the structures and functions of an organism. That 

information could not come from the DNA itself, but had to come from some other part of 

the organism or from outside the organism. Therefore Darwinism is incorrect in supposing 

that the information of an organism resides solely in its DNA and that DNA copy mistakes 

create evolution. Also, this new information must be stored in the form of new genes, not 

as point mutations of old genes, as Darwinism allows. The exact origin of the information 

recorded in the DNA is unknown at the present time. 

Hypotheses of Evolution from Many Origins 

Many-origin evolution hypotheses, like the autoadaptive hypothesis, state that life 

could not have arisen from random processes. The above Darwinian argument for one 

origin of life from the improbability of the chance occurrence of multiple origins only 

applies when the origin of life is assumed to be a chance occurrence. Schwabe argues that 

evolution could not occur by chance, since even the evolution from a fruit fly into a hornet 

by random mutations is extremely unlikely, having a probability under 10"!®® [Sch94]. 

Hoyle and Wickramasinghe [Hoy81] also argue against Darwinism on the grounds of the 

extreme unlikelihood that organisms could evolve by random mutations. 

Hoyle and Wickramasinghe [Hoy93] point out that constructing evolutionary trees 

from biochemical differences, such as the trees illustrated in Figures 1 and 2, cannot prove 

any actual evolutionary relationships because such trees depend on the prior assumption of 

the evolutionary relationships, i. e., one cannot assume what one seeks to prove. They say 

that one could only observe evolutionary trees in the fossil record, which only records 

small changes such as those from one type of horse to another, but which has very large 

gaps without any transition fossils between major taxons such as species intermediate to 

horses and bears. Darwin's theory was based on evidence from minor changes such as 

changes from one order or species to another. His idea of evolution by small changes 

predicted that there would have been many more changes between higher-level taxons such 
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as kingdoms, phyla, and orders, but no such changes were found. If all of life is related 

and evolution only occurs in small steps, it would be highly improbable that transition 

fossils would be found linking closely related taxons without transitions linking more 

distant taxons, but the fossil record indicates that this is in fact the case. Therefore, 

Darwinism should be rejected as should any hypothesis that contradicts newly discovered 

facts although it may have accounted for certain facts available when the theory was 

formulated. 

Schwabe also bases his understanding of multiple origins of life on the biochemical 

differences between organisms and on the fossil record [Sch94], Several problems arise 

when reconstructing evolutionary trees from the biochemical differences of living 

organisms under the assumption that they share a common ancestor. First, the evolutionary 

trees constructed from one protein contradict those constructed from other proteins. 

Second, the evolutionary trees constructed from proteins contradict more traditional 

evolutionary trees based on other considerations. Third, the rate of evolution must speed up 

greatly in some lineages of the trees constructed in order to account for the biochemical 

differences observed. Rather than assuming a molecular clock to account for the sharp 

differences between taxons, it is more consistent with the data to see the divisions as 

evidence that each taxon has a distinct origin. This interpretation of multiple origins of life 

also agrees with the fossil record, which lacks transitions between major taxons. 

Conservative Natural Selection Hypothesis of 

Evolution from Multiple Origins 

Contrary to popular belief, Charles Darwin and Alfred Russel Wallace did not 

formulate the theory of evolution by natural selection: Blyth's seminal paper introducing the 

theory [Bly37] preceded Darwin's Origin of Species [Dar59] by twenty-two years [Eis59]. 

Blyth pointed out that hereditary changes in a species can be advantageous or 

disadvantageous to its survival in an environment. Organisms inheriting disadvantageous 

traits would die out while those inheriting traits well-adapted to the environment would 

survive and propagate their traits. 
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Blyth saw this natural selection as a means of keeping a species adapted to its 

environment, but he also considered the idea later popularized by Darwin that this evolution 

by natural selection was not limited to changes within a species but also gave rise to new 

species related by a common ancestor. Blyth rejected his concept of the origin of species by 

natural selection because in nature a species dwindles in number as the environment 

changes at the boundary of an area, which implies that the species cannot adapt itself to 

other environments as would be the case if species evolved into other species by natural 

selection. 

Therefore, Blyth held to only to a conservative natural selection which served to 

preserve a species by preventing it from changing into a form that could no longer survive 

in its environment. Like most scientists of his day, he believed each species was specially 

created and could only evolve within fixed limits. Although biologists today know that 

some species and even genera and families share common ancestors, the arguments of the 

previous section that higher-order taxons do not have common ancestors agrees with the 

predictions of Blyth's conservative natural selection hypothesis. Subscribing to Blyth's 

original hypothesis that natural selection keeps organisms from evolving beyond certain 

limits, Hoyle and Wickramasinghe [Hoy93] comment 

Blyth and Lyell were nearer to the truth than Darwin. When Darwin 
presented a paper (with Alfred Russel Wallace) to the Linnean 
Society in 1858, a Professor Haughton of Dublin remarked 'all that 
was new was false, and what was true was old', [sic] This, we 
think, will be the final verdict on the matter, the epitaph on 
Darwinism. 

Panspermia Hypothesis of Evolution from Multiple Origins 

Hoyle and Wickramasinghe [Hoy81,Hoy93] proposed a hypothesis of panspermia, 

the idea that life arrived on earth from space, to account for the fact that evolution cannot 

occur by chance mutations. Francis Crick, a Nobel Prize winner for his work on the 

double-helix model of DNA, suggested panspermia for similar reasons [De85]. 

According to the panspermia hypothesis of Hoyle and Wickramasinghe, intelligent 

beings from space began and directed the evolution of life on earth. They started by 

sending several billion microorganisms and eggs on meteorites, which continually enter the 
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earth's atmosphere. Each organism is a separate origin of life on earth, which accounts for 

the large scale order in the biochemical differences between taxons. The intelligent beings 

direct the evolution of life on earth by sending new genes which incorporate themselves 

into the DNA of the organisms on earth, much as viruses incorporate themselves into host 

DNA. The genes contain programs written by the intelligent beings that determine the 

evolutionary future of the organisms. When the programs help the organisms in their 

environments, the organisms survive and propagate their genes, but the deleterious genes 

are selected against. The variety of life on earth is due to the incorporation of different 

genes sent from space. Unlike Darwinism, this hypothesis of panspermia explains the 

origin of the information in the DNA, the large and orderly biochemical differences 

between organisms, and the lack of transition fossils. 

Genomic Potential Hypothesis of Evolution from Multiple Origins 

Schwabe's [Sch90,Sch90,Sch94] genomic potential hypothesis is similar to the 

autoadaptation hypothesis in that it views evolution as a process following the deterministic 

laws of chemistry rather than as a stochastic process such as that proposed by Darwinism. 

However, unlike the autoadaptation hypothesis, the genomic potential hypothesis proposes 

several independent origins of life. The genomic potential hypothesis states that in the 

prebiotic sea every chemically possible combination of life evolved, so that the entire 

genome of all life that would ever be on earth was present in the several billion simple 

organisms that arose abiotically as a result of the deterministic laws of chemistry. After 

some time, those organisms that had the genetic code for slightly more complex forms of 

life became able to use that code to its full potential and become the more complex forms. 

Later, the organisms with code slightly more complex than the code just described became 

able to use their code to its potential, and so on until recently those organisms with the 

highly complex code of hominid DNA became able to realize the potential of that code, 

which is when they became pro-humans and humans. This explains the progression in the 

fossil record from simple to complex forms while taking into account the multiple origins 
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of life as suggested by the orderly biochemical differences between taxons and by the lack 

of transition fossils. 

Conclusions of Appendix B 

Although none of the evolutionary hypotheses have been rigorously proven, the 

above arguments from biochemical data and the fossil record favor evolution from many 

origins of life as opposed to evolution of all of life from a single common ancestor. 

However, unlike Darwinian evolution from a single origin, none of the multiple-origin 

hypotheses of evolution state that life originated by understood natural causes. 



GLOSSARY OF BIOLOGICAL TERMS 

amino acid The building-block of a protein. Chemically, amino acids are organic 

compounds with an amine group (-NH2). 

amino acid substitution The substitution of one amino acid for another within a 

protein. See also "substitution." 

artiodactyl A hoofed mammal having an even number of functional toes on each foot. 

Examples include camels and oxen. 

cytochrome c A protein that plays a role in the respiration of an organism. 

DN A (deoxyribonucleic acid) The nucleic acid that can contain genes. 

DNA substitution The substitution of one nucleotide for another within a DNA 

molecule. See also "substitution." 

evolution 1. Any heritable change in an organism, including mutations and normal 

genetic variation. Both the single-origin hypothesis and the multiple-origin hypothesis 

are hypotheses of evolution in this sense (see Appendix B). This definition includes 

smaller evolutionary changes such as those observed (microevolution) and the 

theoretical larger changes required by the single-origin hypothesis (macroevolution). 

2. A major heritable change in the structure and function of organisms in a population 

usually resulting in a new higher-level taxon; also called "macroevolution." Evolution 

in this sense is necessary for the hypothesis of a single origin of life but not for the 

hypothesis of multiple origins of life. Grasse distinguishes between evolution and 

mutations (see Appendix B). 

family of proteins A set of proteins of similar structure that are thought to derive from 

the same ancestral protein under the assumption of a single origin of life (see 

Appendix B). 

gene The DNA sequence that codes for a specific protein. 

globin A family of proteins consisting of hemoglobin and myoglobin. 
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hemoglobin A protein of the globin family that plays a role in oxygen transport in an 

organism. 

macroevolution A major heritable change in the structure and function of organisms in a 

population usually resulting in a new higher-level taxon. See also "evolution." 

microevolution A minor heritable change of organisms in a population that does not 

result in a new higher-level taxon. See also "evolution." 

multiple-origin hypothesis The idea that major taxons of organisms each have their 

own ancestors so that the higher-level taxons are not related biologically. 

Conservative natural selection, some panspermia hypotheses, and the genomic 

potential hypothesis are based on multiple origins of life (see Appendix B). See also 

"single-origin hypothesis." 

mutation A change in an amino acid of a protein or a nucleotide of a nucleic acid caused 

by a genetic mistake. Mutations that do not replace the nonmutated form are not 

substitutions. See also "substitution." 

myoglobin A protein of the globin family that resembles hemoglobin. 

nearly neutral theory The Darwinian hypothesis that most amino acid substitutions are 

slightly deleterious to the survival of a population. Compare "selectionism" and 

"neutral theory." 

neutral theory The Darwinian hypothesis that most amino acid substitutions are neither 

beneficial nor deleterious to the survival of a population. Compare "selectionism" and 

"nearly neutral theory." Appendix B has arguments for and against the neutral theory, 

neutralism See "neutral theory." 

nonsynonymous substitution A substitution in a gene of one nucleotide for another 

that results in a substitution in a protein of one amino acid for another. See also 

"substitution." 

nucleic acid A polymer of nucleotides. An example is deoxyribonucleic acid (DNA). 

nucleotide The building-block of a nucleic acid. Chemically, nucleotides are compounds 

consisting of a purine or pyrimidine attached to a five-carbon sugar with a phosphate 

group. 
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nucleotide substitution The substitution of one nucleotide for another within a nucleic 

acid, for example, a DNA substitution. See also "substitution." 

phylogeny An evolutionary tree depicting the assumed ancestral relationships of various 

organisms. 

polymer A large molecule that consists of a sequence of smaller molecules (building-

blocks) of the same type. Examples are proteins and nucleic acids. 

protein A polymer of amino acids. Proteins often affect the structure or function of 

organisms. Examples are cytochrome c, hemoglobin, and myoglobin. 

protein substitution The substitution of one amino acid for another within a protein. 

See also "substitution." 

selectionism The Darwinian hypothesis that most amino acid substitutions are beneficial 

to the survival of a population. Compare "neutral theory" and "nearly neutral theory." 

Appendix B has arguments for and against selectionism. 

single-origin hypothesis The idea that all organisms descended from the same 

ancestor. Darwinism and autoadaptation assume this hypothesis (see Appendix B), as 

do FSPP (Chapter II) and MESH (Chapter III). Appendix B has arguments for and 

against this hypothesis. See also "multiple-origin hypothesis." 

site The position of an amino acid in a protein or of a nucleotide in a nucleic acid, 

substitution A lasting change in a building-block of a polymer. For example, an amino 

acid substitution is the lasting change from one amino acid to another within a 

protein, while a nucleotide substitution is the lasting change from one nucleotide to 

another within a nucleic acid. According to Darwinism (see Appendix B), a 

substitution is a mutation that has replaced the nonmutated form in a population, 

synonymous substitution A substitution in a gene of one nucleotide for another that 

does not result in a substitution in a protein of one amino acid for another. 

Synonymous substitutions are possible because the DNA code is redundant in that 

more than one combination of three nucleotides can code for the same amino acid. 

See also "substitution." 
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taxon A category of classifying organisms. The standard system has the higher-level 

taxons of kingdom, phylum, class, and order, as well as the lower-level taxons of 

family, genus, and species. 
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