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One longstanding question in reductionist biology asks whether particular in vitro 

behaviors of isolated proteins are physiologically relevant in complex living organisms. 

Natural selection is the only mechanism for obtaining function in biology, making this 

question equivalent to asking whether an in vitro behavior, if changed, would diminish 

the fitness of its host. This dissertation develops a strategy to identify in vitro behaviors 

relevant to new physiological function. It exploits the emerging field of experimental 

paleogenetics, which resurrects ancestral proteins from extinct organisms for laboratory 

study. This strategy is illustrated with the seminal ribonuclease (RNase) family of 

proteins from artiodactyls, the order that includes oxen, buffalos, and deer. Bovine 

seminal RNase (BS-RNase) constitutes 2% of the protein in bovine seminal plasma, and 

has unusual in vitro features, including dimeric structure, catalytic activity against duplex 

RNA, affinity for duplex DNA, immunosuppressivity, and tumor cytotoxicity.  These are 



xv 

absent from pancreatic RNase A.  We applied experimental paleogenetics to ask: Which 

of these behaviors is key to the emerging function of seminal ribonuclease? Phylogenic 

models were constructed for artiodactyl BS-RNase using Bayesian and Maximum 

Likelihood tools and paleontology data. The sequences of ancestral sequences were 

inferred, and the Akaike information criterion (AIC) was used to demonstrate that an 

episode of positive selection of BS-RNase occurred in the last 2 million years after oxen 

diverged from buffalo; seminal RNase must have then acquired a new function. The 

inferred ancestral sequences were resurrected and studied to show that 

immunosuppressivity, measured in vitro using the mixed lymphocyte culture assay, 

emerged at the same time as the episode of positive selection. This implies that 

immunosuppressivity is the in vitro behavior relevant to the new function. This may 

confer fitness by suppressing the female immune response against male sperm, possibly 

as primitive humans domesticated oxen. We also developed new tools exploiting 

homoplasy and crystallography to suggest that BS- RNase was not a pseudogene 

throughout much of its history, even though it is in most extant non-bovine ruminants.   

These findings illustrate the utility of experimental paleogenetics to interpret in vitro data 

from a systems, organismic, and planetary perspective. 
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CHAPTER 1 
MOLECULAR PALEOSCIENCE: SYSTEMS BIOLOGY FROM THE PAST 

Introduction  

A Role for History in Molecular Biology 

The physiology of life on Earth reflects natural selection acting on random 

variation as living systems respond to chance events in their environments. These 

responses are constrained by physical and chemical law, and further by the limitations of 

the linear process by which Darwinian processes search for solutions to biological 

problems. Darwinian processes need not deliver the best response to an environmental 

challenge; indeed, it may deliver no response that allows an organism to avoid extinction. 

The resulting physiology therefore reflects history as much as optimization. 

It is therefore not surprising that biology finds its deepest roots in natural history, 

including the fields of systematic zoology, botany, paleontology, and planetary science. 

Here, seemingly trivial details (such as the physiology of the panda's thumb) have 

enlightened naturalists as they attempt to understand the interplay of chance and necessity 

in determining the outcome of evolution(Glenner et al., 2004;Gould, 1980). 

These roots in natural history are not felt in molecular biology, the field that has 

emerged from the enormously productive alliance between biology and chemistry in the 

20th century. Today, we have the complete chemical structures of many biomolecules and 

their complexes, from systems as small as glucose to systems as large as the human 

genome(Venter et al., 2001). X-ray crystallography and NMR spectroscopy locate atoms 

with precisions of tenths of nanometers within biomolecular structures. Biophysical 
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methods time biomolecular phenomena on a microsecond scale (Buck and Rosen, 2001). 

These and other molecular characterizations, written in the language of chemistry, have 

supported industries from drug design to food manufacture, all without any apparent need 

to reference the history of the molecular components that have proven to be so useful. 

The success of this reductionist molecular biology has caused many to place a 

lower priority on historical biology. The archetypal molecular biologist has never had a 

course in systematics, paleontology, or Earth science, and may resent being compelled to 

take one. The combination of chemistry and biology has generated so much excitement 

that history seems to be no longer relevant, and certainly not necessary, to the practice of 

life science. 

Nearly overlooked in the excitement, however, has been the frequent failure of the 

molecular characterization of living systems, even the most extensive and detailed, to 

generate a comprehensive type of understanding. The human genome itself provides an 

example of this. The genome is itself nothing more (and nothing less) than the structures 

of some large natural products. Each structure indicates how carbon, hydrogen, oxygen, 

nitrogen and phosphorus atoms are bonded within the molecule being represented. It has 

long been known to natural product chemists that such structures need not make any 

statement about the function of a biomolecule in its host living system. Genomic 

scientists have come to realize this as well, but not without expressions of dismay. 

Genomic sequences do have certain advantages over other natural product 

structures when it comes to understanding their function, however. Gene and protein 

structures, when compared to each other, provide a model for their histories more 

transparently than other natural product structures (Hesse, 2002). As was recognized by 
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Pauling and Zuckerkandl nearly a half century ago (Pauling and Zuckerkandl, 1963), a 

degree of similarity between two protein sequences indicates, to a degree of certainty, 

that the two proteins share a common ancestor. Two homologous gene sequences may be 

aligned to indicate where a nucleotide in one gene shares common ancestry with a 

nucleotide in the other, both descending from a single nucleotide in an ancestral gene. An 

evolutionary tree can be built from alignments of multiple gene sequences to show their 

family relationships. The sequences of ancestral genes represented by points throughout 

the trees can be inferred, to a degree of certainty, from the sequences of the descendent 

sequences at the leaves of the tree. 

The history that gene sequences convey can be used to understand their function. 

Much understanding can come first by analyzing the sets of homologous sequences 

themselves. Thus, credible models for the folded structure of a protein can be predicted 

from a detailed analysis of the patterns of variation and conservation of amino acids 

within an evolutionary family, set within a model of the history of the family (Thornton 

and DeSalle, 2000). The quality of these predictions has been demonstrated through their 

application to protein structure prediction contests (Benner et al., 1997;Gerloff et al., 

1999;Rost, 2001), and the use of predicted structure to detect distant protein homologs 

(Benner and Gerloff, 1991;Dietmann and Holm, 2001;Gerloff et al., 1997;Tauer and 

Benner, 1997).  More recently, analysis of patterns of variation and conservation in genes 

is used today to determine whether the gross function of a protein is changing, and which 

amino acids are involved in the change (Bielawski and Yang, 2004;Gaucher et al., 

2002;Gaucher, Miyamoto and Benner, 2001). 
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These examples illustrate how sets of protein sequences can be manipulated 

computationally using an evolutionary perspective. Computational analysis of protein 

sequences from an evolutionary perspective has emerged as a major area of activity in the 

past decade. The purpose of this chapter is to review strategies that go beyond simple 

computational manipulation of protein sequences. This chapter will explore experiment 

as a way to exploit the history captured within the chemical structures of DNA and 

protein molecules. 

 Our focus will be the emerging field known variously as experimental 

paleogenetics, paleobiochemistry, paleomolecular biology and paleosystems biology. 

Practitioners of the field resurrect ancient biomolecular systems from now-extinct 

organisms for study in the laboratory. The field was started 20 years ago (Nambiar et al., 

1984;Presnell and Benner, 1988;Stackhouse et al., 1990) for the specific purpose of 

joining information from natural history, itself undergoing a surge of activity, to the 

chemical characterization of biomolecules, with the dual intents of helping molecular 

biologists select interesting research problems, and to generate hypotheses and models to 

understand the molecular features of the systems that they study. 

The field has now explored approximately a dozen biomolecular systems (Table 1-

1). These include digestive proteins (ribonucleases, proteases, and lysozymes) in 

ruminants to illustrate how digestive function arose from non-digestive function in 

response to a changing global ecosystem, fermentive enzymes from fungi to illustrate 

how molecular biology supported the adaptation of life as mammals displaced dinosaurs 

as the dominant large land animals, pigments in the visual system adapting as the system 

evolved to manage different environmental demands, evolution of steroid hormone 
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receptors, and proteins from very ancient bacteria, which is helping to define the 

environment where the earliest forms of contemporary life lived.  

In general, the understanding delivered by experimental paleogenetics was not 

accessible by standard methods. To date, approximately 20 narratives have emerged 

where specific molecular systems from extinct organisms been resurrected for study in 

the laboratory. After a brief introduction of the strategies and problems in experimental 

paleoscience, we will review each of these. 

The goal of this chapter is also to strengthen the awareness of molecular and 

biomedical scientists to the ability of experimental paleogenetics to provide meaning to 

biological data. We believe that current efforts falling under the rubric of "systems 

biology" has stopped short in this regard. Understanding will not, we suspect, arise from 

still more, and still more quantitative, molecular, chemical, and geometric 

characterization of cellular, organ, and organism-defined systems. At the very least, the 

analysis must go further, to include the organism, the ecosystem, and the physical 

environment, which extends from the local habitat to the planet and the cosmos (Feder 

and Mitchell-Olds, 2003). But we suspect that without an understanding of the history, 

efforts in reductive systems biology are likely to fall short of their promise to deliver 

understanding. 

The same applies to the broader scientific community. Reviewing the first 

paleomolecular resurrections (Jermann et al., 1995;Stackhouseet al., 1990) a decade ago, 

Nicholas Wade, writing in the New York Times Magazine (Wade, 1995), expressed 

displeasure. "The stirring of ancient artiodactyl ribonucleases", he wrote "is a foretaste of 

biology's demiurgic powers." He then suggested that biomolecular "resurrection [remain] 
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an unroutine event." Given the absence of hazard presented by paleomolecular 

resurrections (pace Jurassic Park), it seems unwise to forgo understanding that comes 

from bringing again to life biomolecules from times past. As the size of the genome 

sequence database grows, and the gap between chemical data compilations and biological 

understanding increases, we suspect that experimental paleogenetics will be the key tool 

to bridge the gap. 

Evolutionary Analysis and the "Just so Story" 

In the age of reductionist biology, evolutionary analysis must struggle to enter the 

mainstream of discussion within the molecular sciences. As Adey noted a decade ago, 

many scientists view evolutionary hypotheses as being inherently resistant to 

experimental test, and therefore fundamentally non-scientific (Adey et al., 1994). 

Certainly, neither the sequence nor the behavior of a protein from an organism that went 

extinct a billion years ago can be known with the same precision as the sequence or 

behavior of a descendent in an organism living today. But much in science is useful even 

though it is not known with certainty. Our job in paleogenetics, as with all science, is to 

manage the uncertainty. 

The arcane nature of the most prominent debates in molecular evolution has also 

not helped. It is not clear to many biomedical researchers how their view of biology will 

be different if it turns out that dog diverged from humans and rodents before or after 

humans and rodents themselves diverged. Likewise, those trained in chemistry know that 

it is unproductive to ask whether alterations in chemical structure generally have any 

specific impact on behavior; productive discussions in chemistry focus on specific 

chemical structures. Yet the neutralist-selectionist debate that consumed molecular 

evolution for nearly a decade did not incorporate this perspective (Hey, 1999). 
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Further, the accidents that shape molecular biology cannot be reproduced in the 

laboratory, and may in fact never be known in detail. Complex biological systems are 

chaotic. Small differences in input can have large impacts on the output. The notion that 

biology would be rather different had a fly flapped his wings differently in the Triassic is 

a compelling reason to marginalize historical narratives (Lorenz, 1963;Lorenz, 1969). 

Even when historical narratives are constructed, they are frequently viewed as "just 

so stories". This epithet is pejorative; it indicates that the narrative is constructed ad hoc 

to explain a specific fact (How the zebra got his stripes), makes no reference to facts 

verifiable outside of the fact being explained (we have no way to verify that an ancestral 

zebra took a nap under a ladder), and could easily be replaced by a different story, just as 

compelling, explaining a different observation (if modern zebra had spots, the story 

would be that the ancestral zebra took a nap beneath a Philodendron such as Monstera 

Friedrichsthalii).  

A narrative can be made more compelling by bringing many different types of data 

to bear on a single system. A recent example of this use of multiple lines of evidence 

attempted to bring biological meaning to the fact that modern swine have not one, but 

rather three, different genes for the enzyme "aromatase" (Gaucher et al., 2004). 

Aromatases use cytochrome P450 and molecular oxygen to convert androgenic steroids 

into estrogenic steroids. These steroids play roles throughout vertebrate reproductive 

biology.  

Most mammals (including humans) have only a single aromatase gene. Pigs, for 

some reason, have three. Here, a complete molecular characterization of the three pig 

aromatases (the sequences of all three are known) did not address the question: "Why do 
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pigs have three genes for an enzyme, all catalyzing approximately the same reaction?"  A 

historical narrative was needed. To build this narrative, a cladistic analysis was used to 

suggest that the two duplications that created the three paralogous aromatase genes in 

swine occurred after the suids diverged from oxen ca. 60 Ma (Arnason, Gullberg and 

Janke, 1998;Foote et al., 1999;Kumar and Hedges, 1998). A silent transition redundant 

clock (Benner, 2003) was then applied to date the duplications at 39 –26 Ma, in the late 

Eocene to mid Oligocene. To help define further the timing of the duplications, gene 

fragments were sequenced from other close relatives of the pig, including the peccary and 

the babirousa. 

Given the timing of the duplications that generated the three genes, it was 

concluded that the three aromatases in pig were not needed to manage the fundamental 

reproductive endocrinology of mammals, which arose very early in vertebrates (perhaps 

earlier than 400 Ma). Nor did the three aromatase genes arise in response to the 

domestication of pigs, which occurred only a few thousand years ago.  

Rather, the date of the duplication events correlated with the time in history when 

the size of pig litters increased. This timing was suggested by a cladistic analysis of 

reproductive physiology and litter size and the fossil record, which includes fossils of 

pregnant ancestral animals (Franzen, 1997;O'Harra, 1930). Since the period following the 

Eocene was a time of global cooling, it is possible that an increase in litter size was an 

adaptive change that contributed to the fitness of the pig lineage under changing climate.  

From this analysis, an explanatory narrative emerged. The narrative hypothesized 

that the gene duplications gave rise to functionally different isozymes of aromatase that 

played specific roles to establish and maintain large litter sizes in pigs.  
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At this point, most biologists would regard this as simply a "just so story". To avoid 

this epithet, structural biology was then recruited. A crystal structure was not available 

for aromatase. Nevertheless, an approximate homology model could be built from a 

homologous P450-dependent enzyme. The sites in the aromatase protein that changed 

immediately after the aromatase genes had duplicated were then mapped onto the 

homology model. This map showed that many of the amino acid replacements occurring 

shortly after the duplications were in or near the substrate-binding site. This, in turn, 

suggested that the substrate/product specificity of the aromatase enzyme changed at this 

time. This change was confirmed by experiment, where the ability of the different 

aromatases to catalyze the oxidation of different androgens was shown to differ (Corbin 

et al., 2004). 

The diverging catalytic properties of the aromatase proteins were then observed to 

be consistent with the different physiologies of the three enzymes. One aromatase is 

expressed in ovaries, as are aromatases in other mammals (including human).  

Another of the aromatases was expressed in the pig embryo, between day 11 and 

day 13 after conception. This is approximately the time of implantation. It was proposed 

that estrogen created by this aromatase isoform helped space multiple embryos around 

the uterine wall.  

The third aromatase duplicate was expressed primarily in the placenta. The 

estrogen that this aromatase releases was proposed to help the mother determine whether 

the pregnancy should be terminated, which happens in pigs if too few embryos 

successfully implant. 
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Together, the narrative combined sequencing data, molecular evolution and 

paleontology with the geological records, genomic sequence analysis, structural biology, 

experimental biochemistry, and reproductive physiology, to create an answer to the 

question: "Why do pigs have three aromatases?"  

Some commentaries view this use of many lines of evidence of many different 

types as able to elevate this narrative beyond a "just so story". One commentary even 

called the combination a "tour de force" [Faculty of 1000: evaluations for Gaucher EA et 

al BMC Biol 2004 Aug 17 2 (1) :19  Shelley Copley: Faculty of 1000, 5 Oct 2004 

http://www.f1000biology.com/article/15315709/evaluation ].   

Nevertheless, the argument embedded in the narrative remains correlative. 

Correlations do not compel causality. It would therefore be helpful to have an additional 

tool to expand such narratives further. 

Biomolecular Resurrections as a Way of Adding to an Evolutionary Narrative 

Experimental paleogenetics provides such a tool. Here, the sequences of ancestral 

DNA or protein sequences are inferred from the sequences of their descendents. Then, 

using molecular biological methods, an ancestral gene sequence is synthesized in the 

laboratory and delivered to a biological host where its behavior can be studied. If the 

interesting ancestral biomolecule is a protein, the gene is expressed to deliver the 

corresponding ancestral protein, which is then isolated for study. 

Biomolecular resurrections allow the scientist to partially re-live past events. By 

doing so, we hope to generate evidence to confirm or deny a hypothesis about past or 

current function. For example, we might hypothesize that lysozymes or ribonucleases in 

modern oxen function to support ruminant digestion. This hypothesis might be supported 

by arguments analogous to those used for aromatase if the ribonucleases and lysozymes 
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emerged at the time when ruminant digestion arose. But a paleobiochemical experiment 

with ribonucleases and lysozymes resurrected from an animal just beginning to create 

ruminant digestion may contribute more. If the experimental properties of these 

resurrected ancient enzymes show that particular digestive behaviors emerged in the 

ancient proteins at the time when ruminant digestion arose in the ancestral organisms, 

then the narrative is strengthened. 

Alternatively, we might suspect that ancestral bacteria lived at an elevated 

temperature. Resurrection of proteins from those ancestors, and determining the 

temperature at which they function best, might confirm or deny that hypothesis.  

Practicing Experimental Paleobiochemistry 

We next review the process of drawing inferences about the past and the present 

from information obtained from the contemporary times. More details surrounding the 

process can be found in the literature (Benner, 2003). 

Building a Model for the Evolution of a Protein Family 

Homology, alignments, and matrices 

The basic element of an evolutionary analysis is the pairwise sequence alignment. 

Here, two gene or protein sequences are written next to each other so that their 

similarities are the most perspicuous.  

While any two sequences can be aligned, an alignment makes evolutionary sense 

only if the two sequences themselves share a common ancestor, that is, if the two 

sequences are homologous. Indeed, the goal of sequence alignment is often to determine 

whether or not two sequences are homologous. To make this determination, all possible 

alignments of two sequences are made, each is given a score, and the alignment with the 

highest score is chosen and examined statistically to determine if the score surpasses a 
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threshold to answer the question: "Are these sequences related by common ancestry?" 

(yes or no). 

An alignment is "correct" if it accurately represents the history of individual 

aligned sites. If two sequences are homologous, and are descendents of a common 

ancestor, it should be possible to map the sites in the sequence of a descendent onto the 

sites in the sequence of the ancestor. Except for sites that are gained by insertions, each 

site in a descendent is mappable into a single site in the ancestral sequence. Except for 

sites that are lost by deletions, each site in an ancestor is mappable into a single site in the 

descendent sequence. A correct alignment involves a transitive mapping, aligning the 

sites in one descendent to sites in the other if the sites are mapped onto the same site in 

the ancestor. 

 We shall not review here the literature discussing the process of searching possible 

alignments to find the one with the best score. Calculating a score for a pairwise 

alignment requires, however, a theory of evolution that describes how biomolecular 

sequences divergently evolve naturally. The details of the theory often have an impact on 

the sequences that are inferred for ancestral proteins. It therefore becomes important 

conceptually to understand how inferences about ancestral sequences are made. Thus, it 

is useful to summarize the use of scoring functions.  

Nearly all strategies for scoring a pairwise alignment incorporate some notion of 

minimum motion. Thus, identities, where two biomolecules have the same nucleotide or 

amino acid at an aligned site, are considered to be stronger signals of homology than non-

identities.  
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Most theories also include parameters that permit some non-identities to be 

stronger indicators of homology than others, however. For example, two aligned 

hydrophobic amino acids (a Leu and a Val, for example) are presumed to be stronger 

indicators of homology than is a hydrophobic amino acid aligned with a hydrophilic 

amino acid (a Leu and a Glu, for example). Scores that incorporate such additional 

parameters are said to measure the "similarity" between two sequences. 

A 20 x 20 matrix (such as the matrix in Figure 1-2) is generally used to score 

identities and non-identities in an alignment. The diagonal elements of such matrices hold 

the scores for identities in the matched sites; the off-diagonal elements hold the scores for 

non-identities. The matrix itself is defined for a particular overall divergence of the pair 

of sequences being aligned. The more divergent the pair of proteins that the matrix is 

intended to score, the smaller the on-diagonal terms are relative to the off-diagonal terms. 

Because neither of the sequences in a pair being aligned is distinctive, a Leu matched 

against a Val is given the same score as a Val matched against a Leu. Thus, the alignment 

scoring matrix is symmetrical across the diagonal. 

A rate matrix, which describes the probability of each of the 20 amino acids of 

being replaced by each of the 20 amino acids, is different from a matrix that is used to 

score a pairwise alignment. The rate of replacement of one amino acid by another can be 

described as a pseudo first order process having the units of changes per site per unit 

time. Alternatively, the rate can be normalized to remove the time dimension. This 

provides a unitless rate parameter that describes the rate of replacement of one amino 

acid by another relative to the rate of replacement of all amino acids by all others. In 

either case, there is no reason for particular amino acid (Leu, for example) to be replaced 
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by another (Val, for example) with the same rate constant as a Val is replaced by a Leu. If 

the rate constant for the conversion of Leu to Val is higher than the rate constant for the 

conversion of Val to Leu, then the equilibrium ratio of Leu to Val will be higher in the 

descendent than in the ancestor. 

Trees and outgroups 

Given a family of proteins containing more than three members, it is possible to 

summarize their interrelationship using an evolutionary tree. The tree is a graphical 

model of the history of a family of proteins. The leaves of the tree represent modern 

sequences from contemporary organisms. The internal three fold nodes in the tree each 

represent a duplication in an ancestral gene to give rise to two descendant lineages. The 

lengths of the edges in the graph represent the distance between nodes, often expressed in 

the units of changes per site. Thus, the longer the branch, the more the sequences at the 

ends of the branch differ. This is exemplified in Figure 1-3 using four ribonucleases 

(RNases) from four closely related bovids, the eland, the ox, the river buffalo, and the 

swamp buffalo. 

The root of the tree is defined as the point on the tree that represents the oldest 

sequence. If the rate of sequence divergence has been constant through the period of 

divergent evolution, then the root is represented by a point at the middle of the tree, 

sometimes referred to as the center of gravity. In general, however, the rates of protein 

sequence divergence are not constant over time, meaning that the root of the tree cannot 

be easily placed if sequence data are the only input. 

 Fortunately, it is possible to use other, non-sequence information to identify the 

root of the tree. For example, in the tree in Figure 1-3, the root is placed along the branch 

connecting the eland sequence to the point on the tree representing sequence of the 
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protein from the last common ancestors of the oxen and buffaloes. This placement is 

based on information from cladistics, which suggests that the eland diverged from the 

lineage leading to oxen and buffaloes before buffaloes diverged from the oxen. Thus, the 

eland is an outgroup for the tree that contains the oxen, the river buffalo, and the swamp 

buffalo sequences. An outgroup, however obtained, can be used to root the tree of the "in 

group." 

Correlating the molecular and paleontological records 

Just as we might use cladistics to determine that the eland is the appropriate 

outgroup for a family of proteins obtained from the ox, the swamp buffalo, and the river 

buffalo, we might refer to the paleontological record to gain some insight into the animal 

that carried the ribonuclease that is represented by the threefold node in the tree 

connecting the branch to the ox ribonuclease and the branch to the RNases from the 

buffaloes. The paleontological record is incomplete. Therefore, one never can find in the 

paleontological record a fossil that truly corresponds to an individual, or even the 

population that held the individual, that generated two descendent populations that 

eventually evolved to give two descendent species.  

Therefore, any assignment of a specific fossil to a specific point in an evolutionary 

tree can be only an approximation. Such assignments are often useful approximations, 

however, as they allow us to draw upon the paleontological and geological records to 

interpret the molecular record. 

 In the case of the tree modeling the evolutionary history of the ribonucleases from 

eland, ox, swamp buffalo and river buffalo, the fossil record contains several bovids that 

might correspond approximately to the last common ancestor of ox, swamp buffalo and 

river buffalo. Stackhouse et al. chose Pachyportax (Figure 1-4) as the relevant genus 



16 

 

from the paleontological record to represent this node, this genus is known from a fossil 

record from the Indian subcontinent. The Pachyportax is represented on the tree using the 

scripted letter P.  

A Hierarchy of Models for Modeling Ancestral Protein Sequences 

Assuming that the historical reality arose from the minimum number of amino acid 
replacements 

In a world without knowledge, we would know nothing about sequence of any 

ancestral protein that lived in any ancient organism that went extinct millions of years 

ago. In particular, we would know nothing about the sequence of the ribonuclease that 

was biosynthesized by Pachyportax.  

But we have some knowledge about the ancient world. In particular, we know the 

sequences of some of the descendents of the ancient RNase, as well as the sequences of 

descendents of its relatives. Further, from sequence data generally, we might derive a 

theory describing the replacement of amino acids generally during the divergent 

evolution of protein sequences. We might assume that the general pattern of amino acid 

sequence evolution might be a good approximation of the pattern in the protein family of 

interest (Table 1-2). 

To understand how one can draw inferences about ancestral states from the 

sequences of descendents, let us consider a hierarchy of models that begins with just two 

homologous protein sequences, using ribonucleases as an example. We begin with the 

ribonucleases from the swamp and river buffaloes. These two homologs are represented 

by the leaves, or end points, of a simple tree consisting of a single line connecting the two 

end points. The points within the line represent evolutionary intermediates between the 

two sequences. Evolution is, of course, discreet, meaning that it is not represented 
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perfectly by a continuous line with an infinite number of points, but the approximation is 

serviceable.  

Consider now just two types of sites in the pairwise alignment of the two 

ribonucleases. In the first, the amino acids occupying the two aligned sites are identical. 

Site 39 is an example of such a site in these two ribonucleases. In the ribonuclease from 

both the swamp buffalo and the river buffalo, Site 39 holds a methionine (abbreviated 

Met, or the single letter M). Figure 1-5 shows the simple tree with a M at each leaves, 

represented by the points at the end of the line. 

If our theory of evolution holds that the absence of change is substantially more 

likely than change (and this site does not contradict that theory), a simple model infers a 

Met at Site 39 in all proteins that are evolutionary intermediates between the swamp and 

river buffalo RNases. This inference can be described using the language of probability. 

We simply say that the probability of finding a Met at Site 39 in every ribonuclease 

represented by each point in the tree is unity (Figure 1-5). 

The same is true if we root the tree. As an approximation, let us place the root 

midway between the two leaves of the tree, as in Figure 1-6. The oldest sequence is now 

at the top of the tree, with the direction of time being positive (towards the future) as one 

proceeds from node at the top of the tree to the leaves at the bottom on the tree. The 

inference that is now drawn is that the ribonuclease found in the last common ancestor of 

swamp and river buffalo had a Met at position 39. 

What if the amino acids occupying the two aligned sites are not identical in the two 

buffalo RNase sequences? This is the case for Site 38 in the pairwise alignment (Figure 

1-7). Here, the RNase from swamp buffalo holds a serine (Ser, or S), while the RNase 
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from river buffalo holds an asparagine (Asn, or N). At this site, no change is not an 

option. If the history that we are to narrate is to account for the presence of two different 

amino acids at this site in the contemporary sequences, at least one amino acid 

replacement must have occurred along the line connecting the two contemporary 

proteins.  

If we assume that one replacement is substantially more likely than two, then a 

simple model represents the amino acid at Site 38 as a linear function of the distance 

along the line connecting the two leaves. Thus, an ancestral protein represented by a point 

on the line near the swamp buffalo leaf is more likely to have a Ser than an Asn at Site 

38, while an ancestral protein represented by a point on the line nearer the river buffalo 

leaf is more likely to have a Asn than an Ser. The amino acid from the swamp buffalo 

sequence "morphs" into the sequence from the river buffalo (Figure 1-7). 

The same is true for the tree arbitrarily rooted at the midpoint of the line (Figure 1-

8). The rooted tree illustrates the inference from the model that the last common ancestor 

of the RNases from swamp and river buffalo has a 50% chance of holding a Ser at 

position 38, and a 50% chance of holding an Asn at position 38. 

This simple analysis introduces two concepts that are key when using information 

from modern sequences to make inferences about ancestral sequences. The first is the 

concept of a probabilistic ancestral sequence. Every site in a sequence at every point 

along the branch(es) of the tree can be represented as a 20 x 1 probability matrix, where 

each element is the probability that each of the 20 amino acids was found at that site in 

the ancestral protein represented by the point. These probabilities sum to unity. 
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The example also illustrates the application of the notion of "parsimony", or 

minimum change, when making inferences about ancestral sequences using information 

from modern sequences. Central to this model is that no amino acid replacement is more 

probable than one replacement, and that one replacement is more probable than two. 

Thus, if we can account for the contemporary sequences by a historical model that 

involves no changes, then no changes are inferred. If we can account for the 

contemporary sequences by a historical model that involves one change, then one change 

(not two changes) is inferred. These inferences are said to have been made using an 

evolutionary theory that is known as "maximum parsimony".  

Allowing the possibility that the history actually had more than the minimum 
number of changes required 

More sophisticated theories describing the divergence of protein sequences allow 

for the possibility that more amino acids replacements have occurred in the history of a 

site than the minimum required to account for the derived sequences. For example, we 

may incorporate into our theory the possibility that a site contained amino acids that are 

not found in any of the derived sequences, even though this requires some histories to 

have more than the minimum number of changes absolutely required to account for the 

amino acids in the derived sequences.  

Considering again Site 39 of the ribonucleases from the swamp and river buffaloes. 

Even though the sequences of both RNases hold a Met at this site, it is conceivable that 

another amino acid (let us say Ile) occupied Site 39 in the last common ancestor. If this 

had been the case, at least two independent events in the history of the protein family 

would be required to account for the fact that Met occupies Site 39 in both of the derived 

proteins. One Ile-to-Met replacement must have occurred at Site 39 during the evolution 
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of the modern swamp buffalo sequence from the common ancestor. Another Ile-to-Met 

replacement must have occurred at Site 39 during the evolution of the modern river 

buffalo sequence from the common ancestor. 

Because such a history requires two changes at Site 39, and because the probability 

of a change is assumed to be a small fraction of the probability of no change, the 

likelihood that this ancestor has an Ile at site 39 is considerably less than the likelihood 

that the ancestor had a Met there. But this likelihood is not zero.  

Further, we can build a theory that assigns a numerical likelihood based on this 

model. Specifically, we might consider empirical data or theoretical considerations to 

weight the probabilities that various other amino acids intruded at Site 39 during this 

history. For example, Lys is (on various grounds) chemically more dissimilar (compared 

to Met) than Ile. Thus, the theory might give a lower probability to a Lys-to-Met 

replacement than a Ile-to-Met replacement. Accordingly, the chances of Site 39 having 

suffered two Lys-to-Met replacements is considerably lower than the chances of Site 39 

having suffered two Ile-to-Met replacements. This means that the chance of the ancestral 

sequence having had a Lys is lower than the chance of it having had an Ile, given that the 

two derived sequences both have Met at Site 39. Here, a probabilistic ancestor might 

have non-zero values for all amino acids at Site 39. For example, here are the calculated 

occupancies for Site 39 for the 20 amino acids at the midpoint of the tree (Figure 1-9). 

This is illustrated graphically in Figure 1-10. Here, the probability of Met at Site 39 

does not remain unity, even though both leaves have Met at this site. Rather, the 

probability of Met at Site 39 drops linearly until the midpoint of the line, and then rises 

back to unity as the other leaf is approached. At the same time, the probability of all of 
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the other amino acids being present at Site 39 increases from zero at the leaves to a 

maximum number at the midpoint, and then drops back to zero as the other leaf is 

approached. 

This analysis is sometimes called "maximum likelihood", because it integrates 

features, including the distance of the node from the leaves (where the sequence is 

perfectly defined), into a probabilistic model. Thus, the probability of two changes 

occurring along a branch of a tree is lower if the line is shorter (that is, if the distance 

between the ends of the branch is shorter), and higher if the branch is longer. This follows 

directly from the fact that the length of the branch is the number of changes per site. For 

the tree holding two leaves, the ML formalism says that the certainty that a residue found 

in common at both leaves of a tree was present throughout the history of the site 

diminishes as the branch length becomes longer. 

Adding a third sequence 

Adding a third sequence to the original tree creates a trifurcated tree. The third 

sequence is tied into the line separating the first two sequences by a branch at the point 

where the probabilistic ancestral sequence along the line resembles the third sequence the 

most. In the example above, we use the oxen sequence as the third.  

We might say that the sequence of the RNase from oxen serves as an outgroup for 

the two RNase sequences from swamp and river buffalo. Alternatively, if we assume that 

the ox diverged from the lineage leading to the two buffalos before the buffalos 

themselves diverged, we may say that the ox sequence roots the swamp buffalo-river 

buffalo tree. The oldest point on the swamp buffalo-river buffalo tree, given this 

additional information, is the point where the oxen sequence is tied to that tree. The root 
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of the trifurcated is not known, but lies somewhere along the line from the central three-

fold node and the ox sequence. 

The third sequence contributes more prior information that can be used to infer the 

amino acids occupying various sites at points internal to the tree. Consider again Site 38 

(Figure 1-11), where the RNase from swamp buffalo holds a Ser, while the RNase from 

river buffalo holds an Asn. With just two sequences, the ancestral sequences morphed 

smoothly from Ser to Asn from left to right along the line. With the ox sequence, the 

available information has increased. Now, a simple parsimony analysis assigns an Asn at 

the central node, with the model for the history of Site 38 incorporating an Asn-to-Ser 

replacement along the branch leading from the central node to the RNase from swamp 

buffalo. The probabilities along the line are also dramatically changed by the introduction 

of the third sequence. This is illustrated in Figure 1-12. 

It requires no conceptual leap to extend this analysis to all of the sites in the three 

fold alignment of the ox, swamp buffalo, and river buffalo RNase sequences, or to trees 

that include the sequence of the RNase from eland, added to the tree as an outgroup. The 

eland sequence roots the (ox(swamp buffalo,river buffalo) tree, and allows us to infer the 

"maximum parsimony" sequence for the RNase from Pachyportax. This sequence was 

the first for an ancestral biomolecule to have been experimentally resurrected 

(Stackhouse et al., 1990). 

As an exercise, it might be useful to see how a parsimony analysis infers the amino 

acid replacements that occur along each branch of the tree. For example, in the time 

during which the RNase from ox evolved from the RNase in Pachyportax, the methionine 

at Site 39 was replaced by a leucine. In the time during which the RNase from the last 
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common ancestor of the swamp and river buffalos evolved from the RNase in 

Pachyportax, the Lys at Site 41 was replaced by a Ser. In the time during which the 

RNase from swamp buffalo evolved from the last common ancestor of the swamp and 

river buffaloes, the Asn at Site 38 was replaced by a Ser (Figure 1-13). 

Because the maximum likelihood analysis infers fractional residues at nodes, it also 

assigns fractional changes along branches. These are not different conceptually from 

integral changes. 

The relative merits of maximum likelihood versus maximum parsimony methods for 
inferring ancestral sequences 

In much of literature on experimental paleogenetics, it is argued that the maximum 

likelihood methods are preferred to infer ancestral sequences over maximum parsimony 

methods (Nielsen, 2002;Pagel, 1999a;Yang, Kumar and Nei, 1995;Zhang and Nei, 1997). 

While this argument is true, especially to the extent that maximum likelihood methods 

capture more of what we know about protein sequence evolution, it is important to realize 

that the impact of replacing a maximum parsimony analysis by a maximum likelihood 

analysis is small when the tree is highly articulated, the branching topology is secure, and 

the overall extent of sequence divergence is small. This is the case for the ribonucleases 

that we have just discussed.  

 Nevertheless, it is worth using this example to illustrate how the nature of an 

inferred ancestral sequence might change if elements of the evolutionary model were to 

change. In particular, the ancestral sequences inferred via a parsimony analysis are often 

extremely sensitive to changes in the topology of the tree. Consider, for example, how the 

sequence inferred for the ancestor P would change if the position of the eland on the tree 

were moved so that it was not an outgroup, but rather was a sister group of the oxen. This 



24 

 

change is illustrated in Figure 1-14. Here, the amino acid at a Site 41 is no longer defined 

by a parsimony analysis. Site 41 could hold with equal probability a Lys or a Ser. 

Because many trees inferred from sequence data are not known with certainty, 

where much of the ambiguity involves swapping around short branches, maximum 

likelihood inferences have significant advantages over maximum parsimony inferences. 

Here, maximum likelihood considers the lengths of branches when assigning 

probabilities for different amino acids being present. Changes in tree topology around 

short branches therefore does not change greatly the probabilities assigned by maximum 

likelihood tools.  

At the same time, because an experimental paleogeneticist cannot construct a 

protein having fractional occupancies of single sites, the uncertainty in the sequence 

represented by the probabilities of "all of the other" amino acids is generally ignored if 

the probability assigned to those other amino acids falls below a threshold. There is no 

consensus in the community for where that threshold should be. It is clear, however, that 

if the probability of Site 39 holding a Met is greater than 0.81, while the probability of 

any of the other amino acids at that site is 0.01, then one can make a convincing (to most) 

argument that the only ancestral protein that needs to be resurrected is the one holding a 

Met at Site 39. 

Computational Methods 

A variety of computer programs are now available to construct multiple sequence 

alignments, build trees, and infer ancestral sequences. Clustal W is widely used for the 

first, although nearly all practitioners adjust the multiple sequence alignments that Clustal 

W produces by hand. Further, most practitioners adjust the trees that are generated by 

automated computer tools by hand, with the goal of having the tree topology conform to 
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the topology expected based on information independent of the sequences in the family 

of interest. 

The identification of the optimal (best scoring and, we hope, corresponding best to 

the historical reality) of multiple sequence alignments and evolutionary trees is 

computationally expensive. The number of possible alternative trees scales severely with 

increasing numbers of sequences. A large literature, not reviewed here, discusses 

heuristics that generate trees with many leaves more efficiently (Huelsenbeck et al., 

2001). 

Once a multiple sequence alignment and a tree are in hand, several computer 

programs are available to infer ancestral sequences. Parsimony methods are implemented, 

for example, in programs such as MacClade and PAUP* (Maddison and Maddison, 

1989;Swofford, 2001;Swofford, 1996). MacClade allows a user to manually alter the tree 

interrelating the input sequences to find the most parsimonious tree. This is a powerful 

tool, as the interaction between the experimentalist and his/her intuition with the 

computational support provided by the program allows the user to ask "What if?" and 

"Why not?" questions with ease. 

PAUP* does not have this interactive feature. It has the advantage, however, of 

being able to calculate the maximum likelihood tree, as well as the most parsimonious 

tree. 

Maximum likelihood analysis for the inference of ancestral sequences is 

implemented in programs such as Darwin (Gonnet and Benner, 1991), PHYLIP 

(Felsenstein, 1989), MOLPHY (Adachi, 1996), PAML (Yang, 1997)and NHML(Galtier 

and Gouy, 1998). These all make accessible one or more formal models for evolution and 
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use a likelihood score as an optimality criterion (Felsenstein, 1981). Optimization of the 

likelihood score can be used to specify topology and parameters such as branch lengths, 

character state frequencies, and ancestral states(Cai, Pei and Grishin, 2004;Pupko et al., 

2000;Thornton, 2004;Zhang and Nei, 1997).  

In the examples discussed below, these and other methods are used to infer the 

sequences of ancient proteins that are to be resurrected. We will comment on the methods 

used throughout the discussion, to allow the reader to better understand the uncertainties 

that the methods generated, and the ambiguity of the resurrection achieved. 

How not to Draw Inferences About Ancestral States 

Each of the methods described above exploits the information in sequence 

according to the position of the sequence within a tree, which models the familial 

relationships of the protein sequences. The tree weights the sequences so that two nearly 

identical sequences do not contribute twice as much as one distant sequence to the 

inferences of the ancestral sequences.  

For this reason, consensus tools are not preferred as ways to infer ancestral 

character states. Consensus tools allow each member of the family to "vote", and build a 

consensus sequence by "majority rule". Thus, if 6 proteins hold a Met at Site 39, and 18 

hold a Leu at Site 39, the consensus holds a Leu at Site 39. This approach makes no sense 

if all of the 18 proteins holding Leu are from the same breed of ox, the 6 holding Met are 

from buffalo, eland, deer, sheep, impala and camel.  

Several groups, especially in the earliest literature in experimental paleoscience, 

used a consensus sequence to approximate an ancestral sequence. We include these in 

this review despite this defect. Even if a tree is not known precisely, an approximate tree 
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can better weight different sequences to give better inferred ancestral sequences than a 

consensus tool. 

Ambiguity in the Historical Models 

Sources of Ambiguity in the Reconstructions 

As with any inference about the past, ancestral sequences are not inferred with 

absolute certainty. Mistakes in the sequence database, failure of approximations built into 

the evolutionary theory, uncertainty in the multiple sequence alignment, and uncertainty 

in the tree topology, all contribute to the ambiguity, even though these contributions are 

not captured in the formalism of a maximum likelihood analysis based on a single MSA 

and a single tree. 

In addition to ambiguity in the database, theory, alignment, and tree, a measure of 

the uncertainty of the inferences is formally offered by a maximum likelihood analysis. 

The extent of this ambiguity is captured in the fractional probabilities of each of the 

amino acids inferred for each site. While different ML tools give different levels of 

ambiguity in any given case (and sometimes infer different preferred amino acids at a 

site), it is difficult to know which ML tool is most likely to capture the historical reality 

for any particular protein family. Methods for performing statistical tests on models, such 

as the likelihood ratio test and Bayes factors, may be used to identify the best model to fit 

the data (Huelsenbeck, Larget and Alfaro, 2004).   

Such tests do not, of course, capture the ambiguity that arises from defects in the 

underlying data or approximations in the theory. The principal source of formal 

ambiguity in the inference by ML tools of the amino acid at an ancestral site arises 

simply because the history of a site contains too many replacements relative to the degree 

of articulation of the tree. Further ambiguity arises if that history includes cases of 
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homoplasy (e.g., parallel or convergent evolution )where the same replacement occurs on 

different branches of a tree with a higher-than-random frequency. Such events are not 

captured within the formalism of the theory.  

These issues are illustrated by two sites, 168 and 211, from the alcohol 

dehydrogenases from various taxa of yeast (Figure 1-15). In this example, the topology of 

the tree was relatively secure, as were the sequences at the leaves, which were checked in 

many ways (Thomson et al., 2005). The sites had suffered too many replacements, 

however, for any method (parsimony or ML) to strongly infer the presence of one amino 

acid at a key node in the tree (the node at the right end of the red branch). The 

corresponding ML analysis gave posterior probabilities substantially less than 0.5 for all 

20 amino acids at that node, with no individual amino acid having a clear preference.  

Sites such as these are often discussed when different maximum likelihood tools 

are compared for their ability to infer ancestral sequences. ML tools generate 

significantly different inferences at such sites compared to parsimony tools. Different ML 

tools often generate considerably different probabilistic ancestral sequences (e.g., DNA-, 

codon-, or amino acid-based models). Extensive discussion is emerging as to which tool 

makes "better" inferences. In such discussions, it is important to recognize that the 

systematic errors introduced by incomplete evolutionary theories, including those arising 

from the assumptions that amino acid replacements at individual sites reflect 

replacements at the average site, might be more significant than the formal uncertainty 

expressed by ML probabilities. 

 The experience in experimental paleogenetics over the past 20 years suggests that 

even with abundant data and highly articulated trees, ambiguity will remain. In those 
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cases where it remains, the experimental paleogeneticist must consider how to manage 

any ambiguity in an ancestral sequence that remains. 

Managing Ambiguity 

Four ways are commonly used to manage the ambiguity in a set of input sequences. 

The first relies on statistical models of sequence evolution wherein ‘optimized’ 

parameters are used as input to estimate ancestral character states. Here, inferred 

character states are often ‘resolved’ from ambiguity using the branch lengths 

interconnecting nodes of the phylogenetic tree. The second involves collecting more 

sequences in the hope of eliminating the ambiguity. The third ignores the ambiguity 

based on an argument that the ambiguity occurs only at sites that are not critical for the 

biological interpretation. The fourth involves synthesizing and studying many candidate 

ancestral sequences to cover all plausible alternative reconstructions, or to sample among 

the plausible alternative reconstructions. 

Hierarchical models of inference 

Frequent ambiguity in the estimation of ancestral character states is a weakness of 

the parsimony approach (vide supra), and can be rampant even when the relationships 

among the sequences are known. Individual efforts to resolve this weakness have 

attempted to accommodate branch length information and empirical frequencies 

associated with amino acid replacements to infer ancestral states (Koshi and Goldstein, 

1996;Schluter, 1995;Yang, Kumar and Nei, 1995). A concerted effort to unite tools from 

various laboratories was made at a symposium entitled “Reconstructing Ancestral 

Character States” in 1999, which focused on phenotypic and ecological characters 

(Cunningham, 1999;Martins, 1999;Mooers and Schluter, 1999;Omland, 1999;Pagel, 

1999b;Ree and Donoghue, 1999;Schultz and Churchill, 1999).  
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This was followed up six years later by the inaugural conference on "Ancestral 

Sequence Reconstruction" (www.cbu.uib.no/asr), which focused on ancestral nucleic and 

amino acid states. A common discussion presented at both symposia addressed 

uncertainties in evolutionary models and their impact on inferred ancestral states 

(Huelsenbeck and Bollback, 2001;Krishnan et al., 2004;Schultz and Churchill, 

1999;Schultz, Cocroft and Churchill, 1996).  

Central in these discussions are "hierarchical Bayesian" approaches. A Bayesian 

analysis begins by constructing a formal relationship between an unknown, a data set, 

and one or more inference rules. Adding inference rules can create a hierarchy of 

analyses. These attempt to accommodate uncertainty in optimized parameters such as tree 

topology, branch lengths, and rate heterogeneity, inter alia, by adding stepwise 

sophistication to the models (Huelsenbeck and Bollback, 2001;Pagel, Meade and Barker, 

2004).  

The phylogenetic accuracy, consistency and congruence of these models remain to 

be determined. We expect that the more uncertainties in the estimates of the parameters 

accepted by a model, the more the ambiguous the ancestral states will appear. Thus, this 

approach does not solve the key problem in experimental resurrections: One needs to 

actually resurrect an ancestral sequence, not be paralyzed by the perception of ambiguity.  

The challenge will require a balance between acceptable uncertainty and acceptable 

parameter estimation. To this end, researchers at the Foundation for Applied Molecular 

Evolution and the University of Florida are currently using computer simulations to 

evaluate the performance of hierarchical Bayesian approaches. Nevertheless, for 
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practicing experimental paleogenetics, it is clear that purely mathematical tools may not 

resolve issues of ambiguity. 

Collecting more sequences 

The least controversial way to manage ambiguity in an ancient reconstruction is 

simply to collect more sequences. If strategically chosen, additional sequences can 

articulate a tree in a way that resolves ambiguity in a parsimony analysis, or alters the 

posterior probabilities in a maximum likelihood analysis to increase confidence of the 

inference.  

Depending on the taxa involved, collecting more sequences might be a simple task, 

requiring only that the scientist obtain biological tissue specimens of organisms that 

branch from the tree at the positions where further articulation of the tree might resolve 

ambiguities. Extinctions of lineages obviously can prevent this from being done, of 

course. To the extent that extinctions have removed information from the biosphere, it 

may be impossible to find an extant organism that branches from the tree at a strategic 

point useful to resolve an ambiguity in ancestral reconstruction. 

Of course, it is always possible that collecting additional sequences may not resolve 

ambiguities. Indeed, additional sequences might create new ambiguities, especially when 

long branches are being articulated. This is not bad, as it means that additional sequences 

have discovered ambiguities that exist, but were not revealed by the previous, smaller 

dataset. Although it is obvious, a general rule is worth stating: The more sequences in the 

dataset, and the more broadly the relevant history is sampled, the more reliable the 

reconstructed ancestral sequences will be. 

The biodiversity represented in the microbial world is only beginning to be 

explored, of course. This suggests that sequencing of the type that Venter performed will 
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add data, and make paleomolecular reconstructions, increasingly more reliable over the 

coming decades. The same is true for many metazoan phyla. The diversity of genetic 

information within, for example, the beetles, is largely unexplored, meaning that we do 

not know how far back in time we will be able to resurrect proteins from extinct 

arthropods. Here, the mass extinction at the Permian-Triassic boundary appears to be the 

first problematic event in Earth history that might have removed sufficient genetic 

information to cause problems. 

Unfortunately, this is not the case with mammals. Reconstructions in mammals can 

be well supported over the past 100 million years, given the number of radiant mammal 

orders that continue to leave descendents in the modern world. Even here, the loss of 

large eutheria remains a problem. Those interested in, for example, the molecular 

paleontology of the dawn horse will be disappointed in the number of descendent 

lineages that survive.  Here, the experimental paleomolecular biologist will likely to 

forever be constrained by the history of the terran biosphere.  

Select sites considered to be important and ignore ambiguity elsewhere  

If ambiguity cannot be resolved by additional sequencing, we might simply ignore 

the ambiguity at some sites by focusing on just a few where specific amino acids are 

believed to be critical to biological function, and where ambiguity is not observed. The 

strategy then involves ignoring the remaining ambiguity, in the hope that it does not 

influence the behavior of the protein that is the object of biological interpretation. A large 

number of the examples discussed below manage ambiguity in this way. 

This strategy is controversial, and for good reasons. The behavior of a protein is 

generally not a linear function of the amino acids in its sequence. It is impossible, 
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therefore, to say with certainty which sites are critical (indeed, that is often why the 

paleomolecular experiment is being done).  

Thus, examples are known from protein engineering where the impact of an amino 

acid replacement at Site i is different depending on the amino acid occupying Site j. This 

means that an amino acid replacement may have an impact on the behavior of a protein in 

some contexts that is different from its impact in others. Further, many examples are now 

known from protein engineering where the behavior of a protein at its active site is 

influenced by an amino acid replacement far from the active site.  

Thus, ignoring ambiguity is recommended only if there is no alternative, or if a 

relatively comprehensive examination of the sites in single mutagenesis experiments 

makes compelling the argument that ambiguity at these sites can be ignored. Confidence 

in this approach could be improved if the examined protein has multiple domains that 

have been experimentally shown to function independently and the reconstruction 

ambiguity is not in the domain of interest. 

Synthesizing multiple candidates ancestral proteins that cover, or sample, the 
ambiguity 

A relatively non-controversial strategy for managing ambiguity involves the 

synthesis of all of the candidate ancestral sequences that are plausible given the model. 

Thus, if the ancestor has one site that is ambiguous, and its ambiguity arises from the 

failure of the analysis to decisively choose one of two amino acids, then both sequences 

can be resurrected as candidate ancestral proteins. If the behavior to be interpreted is the 

same in both candidates, then the ambiguity has no impact on the biological 

interpretation. The biological interpretation is said to be "robust" with respect to the 

ambiguity.  
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If the number of sites holding ambiguities is large, this strategy may require the 

synthesis of a large number of candidate ancestral sequences. For example, if 10 sites are 

ambiguous with respect to the choice of two different amino acids at each site, a total of 

1024 (=210) different candidate ancestral sequences must be synthesized to cover all 

combinations of amino acids at the different sites. This can, of course, strain a laboratory 

budget. 

 An alternative is to sample among the candidate ancestral sequences. Here, a 

library is constructed that contains the candidate ancestral sequences, and a sample of 

these is studied. The library can be biased to reflect the fractional posterior probabilities 

in the inferred ancestral sequence, so that the sampling captures the Bayesian features of 

the analysis. If the behavior of all of the candidate ancestral sequences that are sampled is 

the same with respect to the phenotype that supports the biological interpretation, then it 

is possible to argue that the interpretation is robust with respect to the ambiguity. The 

extent to which the argument is persuasive will depend on the size of the sample, the 

extent of the ambiguity and the taste of the scientist. 

The Extent to Which Ambiguity Defeats the Paleogenetic Paradigm 

If the hypersurface relating protein behavior to protein sequence were extremely 

rugged, and if every amino acid replacement caused a significant change in behavior, 

then ambiguity would defeat the paleogenetic research approach in all but the most ideal 

cases. Fortunately, biochemical reality is different. For nearly all proteins, some amino 

acid replacements at some sites have large impacts on functional behaviors, replacements 

at other sites have modest impact on those behaviors, and replacements at still other sites 

have even less impact on most behaviors.  
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This fact tends to ameliorate the extent to which ambiguity compromises work in 

experimental paleoscience. Ambiguity generally is found at sites that have suffered the 

most amino acid replacements. Multiple amino acid replacements often (but not always) 

reflect "neutral drift" at a site. Neutral drift implies that the choice of a residue at the site 

does not have a significant impact on fitness. This generally (but not always) means that 

replacement of an amino acid at that site does not have any impact on the behavior of a 

protein that can be detected by an in vitro experiment.  

Stringing these logical premises together, we can expect (but not always) that 

biologically interpretable behavior will not differ greatly between ancestral sequences 

that differ only at ambiguous sites. To the extent that the premises are true, ambiguity in 

general will not limit our ability to draw inferences about the behavior of ancestral 

proteins by experimental analysis of ancestral sequences, even if our analysis does not 

capture all of the ambiguity in those sequences. This, in turn, means that we will 

generally be able to use those behaviors to generate interesting biological interpretations. 

In fact, this is the case, as is illustrated by approximately 20 examples of experimental 

paleogenetics to emerge over the past two decades.  

Examples 

Further discussion of the details of evolutionary theories and tools to build models 

for the history of protein sequences can be found in the literature. Below, we review the 

examples of experimental paleogenetics where these theories and tools have been 

applied. We present these in approximately the order in which they appeared in the 

literature. The presentation deviates from this order when it makes logical sense to group 

a series of studies together. 
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Ribonucleases from Mammals: From Ecology to Medicine 

The family of proteins related to bovine pancreatic ribonuclease A (RNase A) 

provided the first biomolecular system to be analyzed using experimental 

paleobiochemistry. These studies extended the long history during which RNase 

contributed to the development of tools in the biomolecular sciences. RNase was also the 

first protein to be observed by nuclear magnetic resonance methods (Saunders, Wishnia 

and Kirkwood, 1957), one of the first to be reconstituted from its parts (Richards and 

Logue, 1962), one of the first to be analyzed by protein sequencing (Moore and Stein, 

1973), the very first protein to be synthesized (Denkewalter et al., 1969;Hirschmann et 

al., 1969;Jenkins et al., 1969;Strachan et al., 1969;Veber et al., 1969), and the first 

enzyme for which a synthetic gene was prepared (Nambiar et al., 1984). 

Members of the RNase family of proteins are typically composed of a signal 

peptide of about 25 amino acids and a mature peptide of about 130 amino acids. Most 

members of the RNase family have three catalytic residues (one lysine and two histidines, 

at positions 41, 12 and 119 in RNase A). These come together in the folded enzyme to 

form an active site. In addition, RNases generally have six or eight cysteines that form 

three or four disulfide bonds. Except for these conserved residues, the sequences of 

RNases have diverged substantially in vertebrates, with sequence identities as low as 

20% when comparing oxen and frog homologs (for example). 

Before paleobiochemical experiments began, RNase was known simply as a 

digestive enzyme. In the subsequent 20 years, developments on many fronts have shown 

that the digestive function in the RNase family is a relatively recent innovation, and is 

important in only a few mammal orders (Benner, 1988). Behaviors ranging from 

immunosuppressivity and antitumor activity to duplex DNA binding and antiviral activity 
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are now known in RNase family members. Today, paleobiochemistry is arguably the 

most important tool being used to sort out the rich functional diversity in this family of 

protein; it is unlikely that this functional understanding of this family could have been so 

effectively developed without paleobiochemical studies. 

Resurrecting ancestral ribonucleases from artiodactyls 

In the early 1980's, the RNase A family was a practical choice to begin 

paleobiochemical work. Jaap Beintema and his coworkers had spent many years 

sequencing RNase homologs isolated from the pancreases of a variety of 

mammals(Beintema et al., 1985;Beintema, Gaastra and Munniksma, 1979;Beintema and 

Gruber, 1967;Beintema and Gruber, 1973;Beintema and Martena, 1982;Beintema et al., 

1984;Breukelman et al., 2001;Emmens, Welling and Beintema, 1976;Gaastra et al., 

1974;Gaastra, Welling and Beintema, 1978;Groen, Welling and Beintema, 1975;Jekel et 

al., 1979;Kuper and Beintema, 1976;Lenstra and Beintema, 1979;Muskiet, Welling and 

Beintema, 1976;Vandenberg, Vandenhendetimmer and Beintema, 1976;Vandijk et al., 

1976;Welling, Groen and Beintema, 1975;Welling, Mulder and Beintema, 1976) . Done 

before the "age of the genome", this work exploited classical Edman degradation of 

peptide fragments derived by selective cleavage of the protein. Such work required 

substantial amounts of protein, making convenient the large amount of RNase found in 

the digestive tracts of oxen and their immediate relatives.  

As expected for enzymes found in the digestive tract, RNases were themselves 

robust. For example, the first step in the purification of RNase A involved the treatment 

of an extract from ox pancreas with 0.25 M sulfuric acid. This procedure precipitates 

most other proteins and removes the glycosyl groups from RNase, but otherwise leaves 

the protein intact. Thus, by 1980, ca. 50 different RNase sequences were known. 
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At that time, few other protein families were so well represented in the protein 

sequence database. Other families that had been well sequenced included cytochrome C, 

which had been developed as a paradigm for molecular evolution by Margoliash 

(Margoliash, 1963;Margoliash, 1964), and hemoglobin, which was studied as a model for 

biomolecular adaptation (Bonaventura, Bonaventura and Sullivan, 1974;Riggs, 1959).  

Each of these alternative families was problematic as a system for developing 

paleobiochemistry as a field. The cytochromes are themselves substrates for other 

proteins, the cytochrome C oxidases. This suggested that studies on ancestral 

cytochromes would need to involve resurrected ancestral oxidases. As no U.S. Federal 

agency was willing to fund paleobiochemistry in the 1980's, resurrecting ancestral 

sequences in one family was likely to be difficult; resurrecting two sets of ancestors from 

two families was considered to be impossible. 

Hemoglobins remain a promising family for paleomolecular resurrections. To date, 

however, only one laboratory has explored them for this purpose (Benner & Schreiber, 

unpublished).  

RNases proved to present several opportunities for biological interpretation and 

discovery. As digestive enzymes, pancreatic RNases lie at one interface between their 

host organisms and their changing environments, and are expected to evolve with the 

environment.  Not all mammals, however, have large amounts of pancreatic RNase. In 

fact, RNase is abundant in the digestive systems primarily in ruminants (which include 

the oxen, antelopes, and other bovids, together with the sheep, the deer, the giraffe, okapi, 

and pronghorn) and certain other special groups of other herbivores (Barnard, 1969). 
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In 1969, Barnard proposed that pancreatic RNase was abundant primarily in 

ruminants because ruminant digestion created a special need for an enzyme that digested 

RNA (Barnard, 1969). Ruminant digestive physiology is considerably different from 

human digestive physiology (for example). The ruminant foregut serves as a vat to hold 

fermenting microorganisms. The ox delivers fodder to these microorganisms, which 

produce digestive enzymes (including cellulases) that the ox cannot. The microorganisms 

digest the grass, converting its carbon into a variety of products, including low molecular 

weight fatty acids. The fatty acids then enter the circulation system of the ruminant, 

providing energy.  

The ox then eats the microorganisms for further nourishment. According to the 

Barnard hypothesis, this digestive physiology creates a need for especially large amounts 

of intestinal RNase to digest microorganisms. The fermenting microorganisms are packed 

with ribosomes and ribosomal RNA, transfer RNA, and messenger RNA. Fermenting 

bacteria therefore deliver large amounts of RNA to the gastric region of the bovine 

stomach and the small intestine. Barnard estimated that between 10 and 20 percent of the 

nitrogen in the diet of a typical bovid enters the lower digestive tract in the form of RNA. 

Barnard's hypothesis was certainly consistent with the high level of digestive 

enzymes in the ruminant generally. For example, ruminants have large amounts of 

lysozyme active against bacterial cell walls in their digestive tracts.  

Was the Barnard hypothesis merely a "just so" story, based on correlations that did 

not require causality or functional necessity? The first experimental paleobiochemistry 

program set out to test this.  
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As discussed above, the available sequences were adequate to support the 

inference, with little ambiguity, of the sequence of the RNase represented 

(approximately) by the fossil ruminant Pachyportax (Figure 1-4) (Stackhouse et al., 

1990). This was also the case for the more ancient Eotragus, which lived in the Miocene 

(Figure 1-16). The available RNase sequences also permitted the inference, with only 

modest ambiguity, of sequences for RNases in the first ruminant, approximated in the 

fossil record by the genus Archaeomeryx (Figure 1-16). With slightly more ambiguity, 

the contemporary RNase sequences allowed the inference of the sequences of RNase in 

the first artiodactyl, the order of mammals having cloven hoofs that includes the true 

ruminants as well as the camels, the pigs, and the hippos. This ancestor is approximately 

represented in the fossil record by the genus Diacodexis (Figure 1-15). A collaboration 

between the Center for Reproduction of Endangered Species at the San Diego Zoo and 

the Benner laboratory yielded several additional sequences that assisted in these 

inferences (TrabesingerRuef et al., 1996). 

Once the ancestral sequences were reconstructed, the Benner group prepared by 

total synthesis a gene for RNase that was specially designed to support the resurrection of 

ancient proteins (Nambiar et al., 1984;Stackhouseet al., 1990). From this gene, 

approximately two dozen candidate ancestral genes for intermediates in the evolution of 

artiodactyls ribonucleases were synthesized, cloned, and expressed to resurrect the 

ancestral proteins for laboratory study (Jermann et al., 1995;Stackhouseet al., 1990).  

To assess whether reconstructions yielded proteins that were plausible as 

intermediates in the evolution of the RNase family, the catalytic activities, substrate 

specificities, and thermal/proteolytic stabilities of the resurrected ancestral RNases were 
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examined. Most of the resurrected proteins, and all of those corresponding to proteins 

expected in artiodactyls living after Archaeomeryx, behaved as expected for digestive 

enzymes. This was especially apparent from their kinetic properties (Table 1-4). Modern 

digestive RNases are catalytically active against small RNA substrates and single 

stranded RNA (Blackburn and Moore, 1982). The RNase from Pachyportax was also, as 

were many of the earlier RNases. Thus, if one assumes that these catalytic properties are 

indicative of a digestive enzyme, these ancestral proteins were digestive enzymes as well. 

This was also true quantitatively. Thus, the kcat/KM values for the putative ancestral 

RNases with the ribodinucleotide uridylyl 3'->5'-adenosine (UpA) as a substrate (Ipata 

and Felicioli, 1968)in many ancient artiodactyls proved not to differ more than by 25% 

from those of contemporary bovine digestive RNase (Table 1-4). With single stranded 

poly(U) as substrate, the variance in catalytic activity was even smaller (18%).  

Modern digestive RNases, like most digestive enzymes, are stable to thermal 

denaturation and cleavage by proteases. This suggested another metric for determining 

whether the ancestral proteins acted in the digestive tract. Using a method developed by 

Lang and Schmidt (Lang and Schmid, 1986), the sensitivity of the ancestral RNases to 

proteolysis as a function of temperature was measured (Table 1-5). Again, little change 

was observed in thermal stability of the ancestral RNases back to the ancestral 

artiodactyls approximated by Archaeomeryx in the fossil record. The mid points in the 

activity- temperature curves for these ancient proteins varied by only ± 1.1 °C when 

compared with RNase A. This can be compared with typical experimental errors of ± 0.5 

°C. 
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Had all of the ancestral RNases behaved like modern RNases, the resulting 

evolutionary narrative would have had little interest. The experiments in 

paleobiochemistry became interesting because the behavior of RNases resurrected from 

organisms more ancient than the last common ancestor of the true ruminants 

(Archaeomeryx and earlier) did not behave like digestive enzymes using these metrics.  

These more ancient resurrected ancestral RNases displayed a five fold increase in 

catalytic activity against double stranded RNA (poly(A)-poly(U)). This is not a digestive 

substrate. Further, the ancestral RNases showed an increased ability to bind and melt 

double stranded DNA. Bovine digestive RNase A has only low catalytic activity against 

duplex RNA under physiological conditions, and does not bind and melt duplex DNA; 

these activities are presumably not needed for a digestive enzyme. At the same time, the 

catalytic activity of the candidate ancestral sequences against single stranded RNA and 

short RNA fragments, the kinds of substrates that are expected in the digestive tract, was 

substantially lower (by a factor of 5) than in the modern proteins. Proposing that these 

phenotypes can be used as metrics, Jermann et al. (Jermann et al., 1995) concluded that 

RNases in artiodactyls that were ancestral to Archaeomeryx were not digestive enzymes.  

A similar inference was drawn from stability studies. The more ancient ancestors 

displayed a modest but significant decrease in thermal-proteolytic stability using the 

assay of Lang and Schmidt. Jermann et al. (Jermann et al., 1995) considered the 

possibility that the decrease in stability might reflect an incorrect reconstruction. A less 

stable enzyme, and a lower activity against single stranded RNA, for example, might 

imply simply that the incorrect amino acid sequence was inferred for the ancestral 
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protein. The fact that catalytic activity against double stranded RNA, and the ability to 

melt duplex RNA, was higher in the ancestors argued against this possibility.  

The issue was probed further by considering the ambiguity in the tree. The 

connectivity of deep branches in the artiodactyl evolutionary tree is not fully clarified by 

either the sequence data or the fossil record (Table 1-3) (Graur, 1993). This created a 

degree of ambiguity in the ancestral sequences. To manage this ambiguity, Jermann et al. 

synthesized a variety of alternative candidate ancestral RNase sequences. These 

effectively covered all of the ambiguity in the tree topology, and the resulting ambiguity 

in the sequences. The survey showed that the measured phenotype (and the consequent 

biological interpretation) were robust with respect to the ambiguity. 

Site 38 proved to be especially interesting. The variant of h1 (Figure 1-18) that 

restores Asp at position 38 (as in RNase A) has a catalytic activity against duplex RNA 

similar to that of RNase A (Jermann et al., 1995;Opitz et al., 1998). Conversely, the 

variant of RNase A that introduces Gly alone at position 38 has catalytic activity against 

duplex RNA essentially that of ancestor h. These results show that substitution at a single 

position, 38, accounts for essentially all of the increased catalytic activity against duplex 

RNA in ancestor h. 

The reconstructed amino acids at position 38 are unambiguous before and after the 

Archaeomeryx sequence. Thus, it is highly probable that the changes in catalytic activity 

against duplex RNA in fact occurred in RNases as the ruminant RNases arose. In one 

interpretation, catalytic activity against duplex RNA was not necessary in the descendent 

RNases, and therefore was lost. This implies that the replacement of Gly 38 by Asp in the 

evolution of ancestor g from ancestor h was neutral. Jermann et al. could not, however, 
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rule out an alternative model, that Asp 38 confers positive selective advantage on RNases 

found in the ruminants. 

Understanding the origin of ruminant digestion 

The experimental paleobiochemical data within the pancreatic RNase family 

suggested a coherent evolutionary narrative consistent with the Barnard hypothesis. 

RNases with increased stability, decreased catalytic activity against duplex RNA, 

decreased ability to bind and melt duplex DNA, and increased activity against single 

stranded RNA and small RNA substrates, emerged near the time when Archaeomeryx 

lived. The properties that increased are essential for digestive function; the properties that 

decreased are not. Archaeomeryx was the first artiodactyl to be a true ruminant. This 

implies that a digestive RNase emerged when ruminant digestion emerged.  

This converts the Barnard hypothesis (or, pejoratively, the Barnard "just so" story) 

into a broader narrative. This narrative became still more compelling when the molecular 

behavior is joined to the historical record as known from the fossil and geological 

records. These records suggested that the camels, deer, and bovid artiodactyl genera 

diverged ca. 40 million years ago (Ma), together with ruminant digestion and the 

digestive RNases to support it, at the time of global climate change that began at the end 

of the Eocene.  

This climate change eventually involved the lowering of the mean temperature of 

Earth by ca. 17 °C, and the drying of large parts of the surface (Janis et al., 1998). This, 

in turn, was almost certainly causally related to the emergence of grasses as a 

predominant source of vegetable food in many ecosystems. Tropical rain forests receded, 

grasslands emerged, and the interactions between herbivores and their foliage changed. 
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Grasses offer poor nutrition compared to many other flora, and ruminant physiology 

appears to have substantial adaptive value when eating grasses. 

This, in turn, may help explain why ruminant artiodactyls were enormously 

successful in competition with the herbivorous perissodactyls (for example, horses, 

tapirs, and rhinoceroses) as the global climate change proceeded. Today, nearly 200 

species of artiodactyls have displaced the ca. 250 species of perissodactyls that were 

found in the tropical Eocene. Today, only three species groups of perissodactyls survive. 

This is the principal reason why resurrection of enzymes from the dawn horse will remain 

outside of the reach of contemporary paleomolecular biologists. 

Ribonuclease homologs involved in unexpected biological activities 

The paleobiochemical experiments with pancreatic RNases suggested that RNases 

having digestive function emerged in artiodactyls from a non-digestive precursor about 

40 Ma. This implies, in turn, that non-digestive cousins of digestive RNases might remain 

in the genomes of modern mammals, where they might continue to play a non-digestive 

role there. 

This suggestion, generated from the first experiments in paleogenetics, emerged at 

the same time as researchers were independently discovering non-digestive paralogs of 

digestive RNase A. These were termed "RIBAses" (ribonucleases with interesting 

biological activities) by D'Alessio (D'Alessio et al., 1991). They include RNase homologs 

that display immunosuppressive (Soucek et al., 1986), cytostatic (Matousek, 1973), anti-

tumor (Ardelt, Mikulski and Shogen, 1991), endothelial cell stimulatory (Strydom et al., 

1985), and lectin-like activities (Okabe et al., 1991). These proteins all appeared to be 

extracellular, based on their secretory signal peptides and the presence of disulfide bonds. 
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Their existence suggested to some that perhaps a functional RNA existed outside of cells 

(Benner, 1988). 

These results suggested that the RNase A superfamily was extremely dynamic in 

vertebrates, with larger than typical amounts of gene duplication, paralog generation, and 

gene loss. In humans, for example, prior to the completion of the complete genome 

sequence, eight RNases were already known. These included the poorly named human 

pancreatic ribonuclease (RNase 1, and which does not appear to be a protein specific for 

the pancreas), the equally poorly named eosinophil-derived neurotoxin (EDN, or RNase 

2, which does not appear to have a physiological role as a neurotoxin), the eosinophil-

cationic protein (ECP, or RNase 3, aptly named in the sense that the name captures about 

all that we know about the protein), RNase 4, angiogenin (also questionably named, 

RNase 5), RNase 6 (sometimes known as k6), RNase 7 (Harder and Schroder, 

2002;Zhang, Dyer and Rosenberg, 2003), and RNase 8 (Zhang, Dyer and Rosenberg, 

2002).  

The in silico analysis of the human genome showed that the human RNase 1–8 

genes lie on chromosome 14q11.2 as a cluster of ~368 kb. In order from the centromere 

to the telomere, the genes are angiogenin (RNase 5), RNase 4, RNase 6, RNase 1, ECP 

(RNase 3), an EDN pseudogene, EDN itself (RNase 2), RNase 7, and RNase 8, separated 

from each other by a 6- to 90-kb intervals. The genome also identified two new human 

RNase homologs (RNase 9 and RNase 10) in this cluster preceding angiogenin. In 

addition, three new open reading frames sharing a number of common features with other 

RNases were found. Beintema therefore proposed to name these RNases 11, 12, and 13. 

RNase 11 and RNase 12 are located between RNase 9 and angiogenin. RNase 13 lies on 
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the centromere side of RNase 7, and has a transcriptional direction opposite to that of 

RNases 7 and 8. The human genome reveals no other ORFs with significant similarity to 

these RNase genes. Therefore, it is likely that all human RNase A superfamily members 

have been identified.  

As in humans, rat RNase genes are located on one chromosome (15p14) in a single 

cluster. The cluster in the rat genome contains the RNase family in the same syntenic 

order and transcriptional direction as in human, with only a few exceptions. The RNase 1 

family (RNase1h, RNase1g, and RNase1y), the eosinophil-associated RNase family 

(EAR) (R15-17, ECP, R-pseudogene, and Ear3), and the angiogenin family (Ang1 and 

Ang2) have undergone expansion in the rat (Dubois et al., 2002;Singhania et al., 

1999;Zhao et al., 1998). Further, orthologs of human RNases 7 and 8 are not present in 

the rat genome. This permits us to propose a relatively coherent model for the order of 

gene creation in the time separating primates and rodents, and a listing of the RNase 

homologs likely to have been present in the last common ancestor of primates and 

rodents.  

The dynamic behavior of this group of genes is shown by the differences separating 

the rat and mouse groups. In mouse, two RNase gene clusters are found, on mouse 

chromosome 14qB–qC1 (bcluster AQ) and chromosome 10qB1 (bcluster BQ). Cluster A 

is syntenic to the human and rat clusters and is essentially identical to the rat cluster in 

gene content and order except for substantial expansions of the EAR and angiogenin gene 

subfamilies. Cluster B emerged in mouse after the mouse–rat divergence, and contains 

only genes and pseudogenes that belong to the EAR and angiogenin subfamilies. It also 

includes a large number of pseudogenes.  
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This level of diversity presents many "Why?" questions that might be addressed 

using molecular paleoscience. To date, two of these have been pursued, one in the 

Rosenberg laboratory, the second in the Benner laboratory. 

Paleobiochemistry with eosinophil RNase homologs 

In an effort to understand more about the function of these abundant RNase 

paralogs, Zhang and Rosenberg examined the eosinophil-derived neurotoxin (EDN) and 

eosinophil cationic protein (ECP) in primates (Zhang and Rosenberg, 2002). These 

proteins arose by gene duplication some 30 Ma in an African primate that was ancestral 

to humans and Old World monkeys.  

 Zhang and Rosenberg first asked the basic question: Why do eosinophils have two 

RNase paralogs? Eosinophils are associated with asthma, infective wheezing, and eczema 

(Onorato et al., 1996); their role in non-diseased state remains enigmatic. Some textbooks 

say that eosinophils function to destroy larger parasites and modulate allergic 

inflammatory responses. Others suggest that eosinophils defend their host from outside 

agents, with allergic diseases arising as an undesired side effect. 

Earlier work by Zhang, Rosenberg and their associates had suggested that ECP and 

EDN might contribute to organismic defense in other ways. ECP kills bacteria in vitro, 

while EDN inactivates retroviruses (Rosenberg and Domachowske, 2001). In silico 

analysis of reconstructed ancestral sequences in primates suggested that the proteins had 

suffered rapid sequence change near the time of the duplication that generated the 

paralogs, a change that might account for their differing behaviors in vitro (Zhang, 

Rosenberg and Nei, 1998). This suggests that in primate evolution, mutations in EDN and 

ECP may have adapted them for different, specialized roles during the episodes of rapid 

sequence evolution.  
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To obtain a more densely articulated tree for the protein family, Zhang and 

Rosenberg sequenced additional genes from various primates. They used these sequences 

to better reconstruct ancestral sequences for ancient EDN/ECPs. They estimated the 

posterior probabilities of these ancestral sequences using Bayesian inference. Then, they 

resurrected these ancient proteins by cloning and expressing their genes(Zhang and 

Rosenberg, 2002). 

Guiding the experimental work was the hypothesis that the anti-retroviral activity 

of EDN might be related to the ability of the protein to cleave RNA. Studies of the 

ancestral proteins allowed Zhang and Rosenberg to retrace the origins of the anti-

retroviral and RNA cleaving activities of EDN. Both the ribonuclease and antiviral 

activities of the last common ancestor of ECP and EDN, which lived ca, 30 Ma, were 

low. Both activities increased in the EDN lineage after its emergence by duplication.  

Zhang and Rosenberg showed that two replacements (at sites 64 and 132) in the 

sequence were together required to increase the ribonucleolytic activity of the protein; 

neither alone was sufficient. Zhang and Rosenberg then analyzed the three dimensional 

crystal structure of EDN to offer possible explanations for the interconnection between 

sites suffering replacement and the changes in behavior that they created. 

Zhang and Rosenberg concluded that in the EDN/ECP family, either of the two 

replacements at sites 64 and 132 individually had little impact on behavior. Each does, 

however, provide the context for the other to have an impact on behavior. This provides 

one example where a "neutral" (perhaps better, behaviorally inconsequential) 

replacement might have set the stage for a second adaptive replacement. 
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This observation influences how protein engineering is done in general. Virtually 

all analyses of divergent evolution treat protein sequences as if they were linear strings of 

letters (Benner, Trabesinger and Schreiber, 1998). With this treatment, each site is 

modeled to suffer replacement independent of all others, future replacement at a site is 

viewed as being independent of past replacement, and patterns of replacements are 

treated as being the same at each site. This has long been known to be an approximation, 

useful primarily for mathematical analysis (the "spherical cow"). Understanding higher 

order features of protein sequence divergence has offered in silico approaches to some of 

the most puzzling conundrums in biological chemistry, including how to predict the 

folded structure of proteins from sequence data (Benner et al., 1997), and how to assign 

function to protein sequences (Benner, Trabesinger and Schreiber, 1998). The results of 

Zhang and Rosenberg provide an experimental case where higher order analysis is 

necessary to understand a biomolecular phenomenon. 

Another interpretive strategy involving resurrected proteins (Benner, 1997) was 

suggested from the results produced by Zhang and Rosenberg. This strategy identifies 

physiologically relevant in vitro behaviors for a protein where new biological function 

has emerged, as indicated by an episode of rapid (and therefore presumably adaptive) 

sequence evolution. The strategy examines the behavior of proteins resurrected from 

points in history before and after the episode of adaptive evolution. Those behaviors that 

are rapidly changing during the episode of adaptive sequence evolution, by hypothesis, 

confer selective value on the protein in its new function, and therefore are relevant to the 

change in function, either directly or by close coupling to behaviors that are. The in vitro 
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properties that are the same at the beginning and end of this episode are not relevant to 

the change in function. 

While the number of amino acids changing is insufficient to make the case 

statistically compelling, the rate of change in the EDN lineage is strongly suggestive of 

adaptive evolution (Zhang, Rosenberg and Nei, 1998). The antiviral and ribonucleolytic 

activities of the proteins before and after the adaptive episode in the EDN lineage are 

quite different. Benner (Benner, 2002), interpreting the data of Zhang et al., suggested 

that these activities are important to the emerging physiological role for EDN. This adds 

support, perhaps only modest, for the notion that the antiviral activity of EDN became 

important in Old World primates ca. 30 Ma. 

The timing of the emergence of the ECP/EDN pair in Old World primates might 

also contain information. The duplication occurred near the start of a global climatic 

deterioration that has continued until the present, with the Ice Ages in the past million 

years being the culmination (we hope) of this deterioration. These are the same changes 

as those that presumably drove the selection of ruminant digestion. If EDN, ECP, and 

eosinophils are part of a defensive system, it is appropriate to ask: What happened during 

the Oligocene that might have encouraged this type of system to be selected? Why might 

new defenses against retroviruses be needed at this time? If we are able to address these 

questions we might better understand how to improve our immune defenses against viral 

infections, an area of biomedical research that is in need of rapid progress.  

Paleobiochemistry with ribonuclease homologs in bovine seminal fluid  

The rest of the dissertation will discuss this project in much more detail. New 

biomolecular function is believed to arise, at least in recent times, largely through 

recruitment of existing proteins having established roles to play new roles following gene 



52 

 

duplication (Benner and Ellington, 1990;Ohno, 1970). Under one model, one copy of a 

gene continues to divergently evolve under constraints dictated by the ancestral function. 

The duplicate, meanwhile, is unencumbered by a functional role, and is free to search 

protein "structure space". It may, eventually, come to encode new behaviors required for 

a new physiological function, and thereby confer selective advantage. 

This model contains a well-recognized paradox. Because duplicate genes are not 

under selective pressure, they should also accumulate mutations that render them 

incapable of encoding a protein useful for any function. Most duplicates therefore should 

become pseudogenes (Lynch and Conery, 2000), inexpressible genetic information ("junk 

DNA" (Li, Gojobori and Nei, 1981)) in just a few million years (Jukes and Kimura, 

1984;Marshall, Raff and Raff, 1994). This limits the evolutionary value of a functionally 

unconstrained gene duplicate as a tool for exploring protein "structure space" in the 

search of new behaviors that might confer selectable physiological function. 

One of the non-digestive RNase subfamilies offered an interesting system to use 

experimental paleobiochemistry to study how new function arises in proteins. This 

focused on the seminal RNase, paralogs found in ruminants that arose by duplication of 

the RNaseA gene just as it was becoming a digestive protein. In ox, seminal RNase is 23 

amino acids different from pancreatic RNase A. As suggested by its name, the paralog is 

expressed in the seminal plasma, where it constitutes some 2% of total protein (D'Alessio 

et al., 1972). Seminal RNase has evolved to become a dimer with composite active sites. 

It binds tightly to anionic glycolipids (Opitz, 1995), including seminolipid, a fusogenic 

sulfated galactolipid found in bovine spermatozoa (Vos, Lopes-Cardozo and Gadella, 
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1994). Further, seminal RNase has immunosuppressive and cytotoxic activities that 

pancreatic RNase A lacked (Benner and Allemann, 1989;Soucek et al., 1986). 

Laboratory reconstructions of ancient RNases (Jermann et al., 1995) suggested that 

each of these traits was not present in the most recent common ancestor of seminal and 

pancreatic RNase, but rather arose in the seminal lineage after the divergence of these 

two protein families. To learn more about how this remarkable example of evolutionary 

recruitment occurred, RNase genes were collected from peccary (Tayassu pecari), Eld's 

deer (Cervus eldi), domestic sheep (Ovis aries), oryx (Oryx leucoryx), saiga (Saiga 

tatarica), yellow backed duiker (Cephalophus sylvicultor), lesser kudu (Tragelaphus 

imberbis) and Cape buffalo (Syncerus caffer caffer). These diverged approximately in 

that order within the mammal order Artiodactyla (Carroll, 1988). These complemented 

the known genes for various pancreatic RNases (Carsana et al., 1988), and seminal 

RNases from ox (Bos taurus) (Preuss et al., 1990), giraffe (Giraffa camelopardalis) 

(Breukelman et al., 1993) and hog deer. 

Seminal RNase genes are distinguished from their pancreatic cousins by several 

"marker" substitutions introduced early after the gene duplication, including Pro 19, Cys 

32, and Lys 62. By this standard, the genes from saiga, sheep, duiker, kudu, and the 

buffaloes were all assigned to the seminal RNase family. No evidence for a seminal-like 

gene could be found in peccary. Thus, these data are consistent with a analysis of 

previously published genes that places the gene duplication separating pancreatic and 

seminal RNases ca. 35 million years before present (Beintema et al., 1988), and the 

divergence of giraffe preceding the divergence of sheep, saiga, duiker, kudu, Cape 
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buffalo and ox, in this order, consistent with mitochondrial sequence data (Allard et al., 

1992) and global phylogenetic analyses of Ruminantia (Hassanin and Douzery, 2003).  

Sequence analysis shows that the seminal RNase gene from kudu almost certainly 

could not serve a physiological function as a folded stable protein. A single base deletion 

disrupts codon 114, creating a frame shift. Further, the seminal RNase gene from duiker 

was found to encode a substitution of the active site lysine by a proline. Thus, this protein 

was not likely to have catalytic activity. Lesions are also present in the seminal RNase 

gene from giraffe.  

To show that these seminal genes were indeed not expressed in semen, seminal 

plasmas from 15 artiodactyls were examined (ox, forest buffalo (Syncerus caffer nanus), 

Cape buffalo, kudu, sitatunga (Tragelaphus spekei,), nyala (Tragelaphus angasi), eland 

(Tragelaphus oryx), Maxwell's duiker (Cephalophus monticola maxwelli), yellow backed 

duiker, suni (Neotragus moschatus), sable antelope (Hippotragus niger), impala 

(Aepyceros melampus), saiga (Saiga tatarica), sheep (Ovis aries), and Elds deer). 

Catalytically active RNase was not detected in the seminal plasma in significant amounts 

in any artiodactyl genus diverging before the Cape buffalo, except in Ovis. Independent 

mutagenesis experiments showed that the proteins encoded by these genes, all carrying a 

Cys at position 32, should form dimers (Jermann, 1995;Opitz, 1995;Raillard, 

1993;Trautwein, 1991). By Western blotting, however, only small amounts of a 

monomeric, presumably pancreatic RNase, were detected in these seminal plasmas. In 

contrast, the seminal plasmas of forest buffalo, cape buffalo and ox all contained 

substantial amounts of Western blot-active RNase (Kleineidam et al., 1999). Only in the 
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seminal plasma of ox, however, is seminal RNase expressed. Even though the gene is 

intact in water buffalo, no expressed protein could be found in its seminal plasma. 

The seminal plasma from the Ovis genus (sheep and goat) was a notable exception. 

Sheep seminal plasma contained significant amounts of RNase protein and the 

corresponding ribonucleolytic activity. To learn whether RNases in the Ovis seminal 

plasma were derived from a seminal RNase gene, the RNase from goat seminal plasma 

was isolated, purified, and sequenced by tryptic cleavage and Edman degradation. Both 

Edman degradation (covering 80% of the sequence) and MALDI mass spectroscopy 

showed that the sequence of the RNase isolated from goat seminal plasma is identical to 

the sequence of its pancreatic RNase (Beintema et al., 1988;Jermann, 1995). This shows 

that the RNase in Ovis seminal plasma is not expressed from a seminal RNase gene, but 

rather from the Ovis pancreatic gene. To confirm this conclusion, a fragment of the 

seminal RNase gene from sheep was sequenced, and shown to be different in structure 

from the pancreatic gene.  

But what was this new function that was acquired by bovine seminal RNase? What 

is the molecular basis of the newly acquired function? To address these questions, the 

Benner group set out to reconstruct and resurrect the ancestral seminal proteins. The tree 

in Figure 1-19 shows the nodes where sequences were reconstructed using a likelihood 

method. These nodes include the evolutionary period where the new biological function 

might be arising. Three different evolutionary models, one amino acid based and two 

codon based, were used to make the reconstructions. Two outgroups were also 

considered, those holding the pancreatic RNases and brain RNases, as the data did not 

unambiguously force the conclusion that one of these two RNase subfamilies was the 
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closest outgroup. Uncertainty in the topology of the tree holding the seminal RNases (the 

relative placement of the okapi sequence) was also considered; two topologies based on 

molecular and paleontological data were chosen for the analysis (Figure 1-19). In an 

effort to manage ambiguities, all possible sequences were resurrected whenever the 

reconstructions disagreed.  

The distribution of ancestral replacements on the three-dimensional structure of 

seminal RNase followed a specific pattern. All of the active site residues remained 

conserved after the gene duplication. Moreover, the RNA binding site was also 

conserved. Most of the replacements were concentrated on the surface of the protein and 

away from the RNA binding site. This replacement pattern is consistent with an 

evolutionary path where the enzymatic function of the protein was conserved; it is not 

consistent with an inference that the ancestral seminal RNase genes were pseudogenes. 

Furthermore, the lesions causing the pseudogene formation in the different lineages are 

different. These two observations taken together imply that the ancestral seminal RNases 

were enzymatically active, and that independent inactivation events converted active 

genes in the different lineages into pseudogenes in many of the modern artiodactyls. 

Consistent with this model, the resurrected ancestral seminal RNases were all 

enzymatically active (hydrolyzing UpA and a fluorescent tetranucleotide). The enzymatic 

activity remained high and comparable to the contemporary activity levels of RNaseA 

and seminal RNase through out the evolutionary history of the seminal gene. This 

indicated that enzymatic activity was not the behavior under adaptive positive selection 

that lead to the seminal gene new function. 
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What then are the properties of seminal RNase that were the targets for natural 

selection over the past 30 million years? As noted above, there are many in vitro 

behaviors to choose from. For some (such as cytotoxic activity against cancer cells in 

culture), it is difficult to rationalize how such behaviors might be important for a protein 

that exists in seminal plasma. But the site of expression of a protein is changeable over 

short periods of evolutionary time, meaning that we cannot be certain where seminal 

RNase has been expressed over its history. 

We hypothesized that since this protein is expressed in the seminal fluid and it has 

immunosuppressive capabilities then it could have evolved to confer a selective 

reproductive advantage to bulls when the female reproductive tract mounts an immune 

response against the invading sperm. Indeed, it has been shown in reproductive biology 

that in many species sperm encounters a defensive immune response and that in many 

cases seminal plasma is capable of repressing this response (James and Hargreave, 

1984;Kelly and Critchley, 1997;Schroder et al., 1990).  

To test whether this is true, Sassi et al. exploited the paleogenetics strategy to 

identify the physiologically relevant in vitro behaviors for a newly emerging function.  

As noted above, the strategy examines the behavior of proteins resurrected from points in 

history before and after the presumed episode of adaptive evolution. The in vitro 

behaviors that are rapidly changing during this episode are inferred to be those relevant to 

adaptive change. The in vitro behaviors that are the same at the beginning and end of this 

episode are not relevant to the change in function. 

To apply this strategy, Sassi examined the immunosuppressivity of the resurrected 

proteins in lymphocyte proliferation assays. Consistent with the hypothesis, 
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immunosuppression increased dramatically in bovine seminal RNase compared with its 

immediate ancestors.  

This study presents an example where the evolutionary history of a gene and the 

physiological function of the protein were both unknown but the resurrection of the 

ancestral protein provided evidence for a hypothesis and hints on the evolutionary events 

shaping this gene’s history. 

Lessons learned from ribonuclease resurrections 

The ribonuclease family contains the best-developed example of the use of 

paleomolecular resurrections to understand protein function. It also demonstrates most of 

the key issues that must be addressed when implementing this paradigm.  

This includes the management of ambiguities. In all of the cases reviewed here, 

additional sequences were obtained from additional organisms to increase the articulation 

of the evolutionary tree, and thereby reduce the ambiguity in the inferred ancestral 

sequences. When ambiguities remained, multiple candidate ancestral sequences were 

resurrected to determine that the behavior subject to biological interpretation was robust 

with respect to the ambiguity. 

These examples also show the value of maximum likelihood tools in reconstructing 

ancestral sequences. The simplest parsimony tools, which minimize the number of 

changes in a tree, are easily deceived by swaps around short branches. Ancestral 

character states are less likely to be confused by incorrect detailed topology of a tree 

when they are constructed using maximum likelihood tools than by maximum parsimony 

tools. 

More important, however, these examples show the potential of molecular 

paleoscience as a strategy to sort out the complexities of biological function in complex 
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genome systems. Here, the potential of this strategy has only begun to be explored. In the 

long term, we expect that paleomolecular resurrections will allow us to understand 

changing biomolecular function in an ecological and planetary systems context. Margulis 

and others have referred to this as "planetary biology" (Margulis and Guerrero, 

1995;Margulis and West, 1993). 

Last, these examples show the value of paleomolecular resurrections in converting 

"just so" stories into serious scientific narratives that connect phenomenology inferred by 

correlation into a comprehensive historical-molecular hypothesis that incorporates 

experimental data and suggests new experiments. Thus, they offer a key example of how 

paleobiology might enter the mainstream of molecular biology as the number of genome 

sequences becomes large, and the frustration with their lack of meaning becomes still 

more widespread. 

Lysozymes: Testing Neutrality and Parallel evolution 

At approximately the same time as the first ancestral ribonucleases were being 

resurrected in the Benner laboratory in Zurich, Allan Wilson and his colleagues at the 

University of California were considering the history of the evolution of lysozymes from 

bird eggs (Malcolm et al., 1990). Their work focused on three positions (sites 40, 55, and 

91). A crystal structure showed that these lie just beneath the active site cleft inside the 

folded structure in a hinge between the two globular domains of lysozyme.  

Malcolm et al. (Malcolm et al., 1990) noticed that the pattern of divergence at these 

sites was peculiar when compared with the pattern of divergence at other sites in the 

lysozyme family. These sites show little variation in other bird lysozymes. In one branch 

leading to the lysozyme in the last common ancestor of the quail (Callipepla californica), 

northern bobwhite (Colinus virginianus), and guinea fowl (Numida meleagris) from the 
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next higher node in the tree, three amino acid replacements (T40S, I55V, and S91T) were 

inferred. The ancestor therefore had TIS at sites 40, 55, and 91 respectively, while the 

descendent had SVT at those sites. 

No other internal sites suffered replacement along this branch. Further, these sites 

are conserved in a variety of other birds, including the chachalaca, turkey, pheasant, 

chicken partridge, and Old World quail.  

 The evolutionary tree is insufficiently articulated to infer the order in which these 

three amino acids are replaced. Thus, Malcolm et al. asked if these three changes 

occurred in a specific sequence. A total of 6 paths (= 3 + 2 + 1) lead stepwise from the 

TIS to the SVT trio. Proteins representing all intermediates in each of these paths of 

amino acids (with reference to these three sites only) were prepared, with the amino acids 

at these sites varied within the background of the chicken lysozyme. They then asked 

whether all proteins had similar thermal stability.  

In this work, the thermal melting transition temperatures of the modern lysozymes 

were used to provide the upper and lower limits of "normal" stability. Transitions at 

temperatures higher or lower than these bounds were interpreted as being functionally 

significant.  

Some of the intermediates constructed in this work had transition temperatures that 

were outside of these bounds. This led the authors to suggest that these intermediates 

were less likely to be neutral variants than others. Further, evidence was obtained 

suggesting that the temperature of unfolding correlated with the total volume of the side 

chains of the residues at these three sites. 
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This experiment had only limited interpretive goals. Egg lysozyme is frequently 

viewed as functioning to protect the egg from microbial attack. It remains an open 

question why the North American birds would need to have a different set of residues in 

the hinge region of their lysozyme to perform a function distinctive with respect to North 

American microbial agents. The distinctiveness of the changes observed in the branch, 

and the unlikelihood that such distinctive changes represent neutral drift, suggest that this 

question might have an interesting answer. 

Transposable Elements and Their Ancestors 

A substantial fraction of the genomes of many organisms, including mammals, 

consists of interspersed repetitive DNA sequences. These are primarily degenerate copies 

of transposable elements, units of DNA that can migrate to different parts of the genome. 

Transposable elements include retrotransposons, which are derived from RNA molecules 

that are transposed to DNA via cDNA intermediates, and transposons, which move 

directly from DNA to DNA. These can be "short interspersed nuclear elements" (SINES, 

ca. 300 nucleotides long), "long interspersed nuclear elements" (LINES, a 6000-8000 

nucleotides long), both of which contain internal promoters for RNA polymerase III, 

transposable elements with long terminal repeats (which can contain a reverse 

transcriptase or its remnants), or DNA transposons that have an ORF (or its remnants) 

that encodes a transposase. 

Because transposable elements do not serve any known function except maybe as 

an evolutionary tool, it is expected that their functional elements will sustain mutations 

that render them inactive over extended periods of evolutionary time. By going 

backwards in time starting from inactive transposable elements in contemporary 

organisms, it should be possible to resurrect active ancestral transposable elements that 
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delivered those transposable elements to the modern genomes. This has now been done in 

several laboratories. 

Long interspersed repetitive elements of type 1 

Long interspersed repetitive elements of type 1 (LINE-1 or L1) are examples of 

retrotransposons that encode reverse transcriptase, lack long terminal repeats, and 

appeared to transpose via a polyadenylated RNA intermediate. The F-type subfamily of 

LINE-1 retroposons appeared to have begun to be dispersed throughout the mouse 

genome about 6 million years ago. The resulting paralogs are only ca. 75% sequence 

identical when compared pairwise. In this way, they differ from the A-subfamily of 

LINE-1 retrotransposons, which are over 95% identical in pairwise sequence 

comparisons. 

The A and F subfamilies of LINEs also differ in terms of their activity. Members of 

the A subfamily appear to be fully active as transcriptional promoters. Members of the F 

subfamily, in contrast, appear to be both transcriptionally and transpositionally inactive.  

Adey et al. (Adey et al., 1994) hypothesized that these F-type L1s are 

"evolutionarily extinct" descendents of an ancestral LINE-1 that was functionally active. 

The inactivation was caused by accumulation of mutations in the transcription initiation 

region. To test this idea, they analyzed an alignment of thirty F sequences to generate a 

consensus sequence of the promoter that approximated the sequence of the ancestral 

LINE promoter. They then resurrected that sequence, and demonstrated that it was indeed 

functional in that the resurrected promoter was able to drive transcription in promoter 

assays. 

The reconstruction did not follow a single evolutionary model based on a 

coherently defined tree, and therefore does not represent an example of precise 
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resurrection. Rather, a consensus of the F-type sequences was obtained using the program 

PRETTY from the University of Wisconsin's Genetics Computing Group. This was 

compared with a consensus of a subset of the sequences of elements that were believed to 

have diverged more recently. Next, positions that displayed CpG hypermutability within 

the younger subset of F-type sequences were converted back to CpG in the presumed 

ancestral sequence. At sites where no consensus was observed for all 30 sequences, the 

consensus nucleotide within the younger subset was placed at that site in the ancestral 

sequence. 

The authors recognized that this combination of analytical tools did not infer an 

ancestral sequence in a formally coherent way, but rather approximated the ancestral 

sequence. The sequence that resulted from this analysis differed at 11 positions from a 

previously reported consensus sequence that was based on a smaller set of data.  

The resulting consensus sequence was then resurrected by chemical synthesis. The 

consensus sequence was placed in front of a chloramphenicol transferase reporter gene, 

as were eight F sequences from modern mammals, which served as controls. Each 

construct was transfected into undifferentiated mouse F9 teratocarcinoma cells. There, 

the ability of the ancient and modern promoters to direct the expression of the reporter 

protein was determined.  

The resurrected ancestral promoter generated a high level of reporter expression, a 

level approximately equal to the level of expression generated by the most active A-type 

promoter known. In contrast, seven of the eight modern F-type promoters generated no 

detectable expression of the reporter. Thus, these results supported the hypothesis of 

Adey et al.(Adey et al., 1994). The currently inactive F-type transposable elements do 
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appear to be descendents of a promoter that was active approximately 6 million years 

ago. 

Sleeping Beauty transposon 

An analogous experiment was done by Ivics et al. (Ivics et al., 1997), who used a 

"majority rule" consensus strategy to approximate another ancestral transposon sequence. 

As with the F subfamily of LINEs discussed above, members of the Tc1/mariner 

superfamily of transposons in fish appear to be transpositionally inactive due to the 

accumulation of mutations following divergence of an active transposon. Ivics et al. 

analyzed a dozen sequences to infer a consensus sequence of an ancestral transposon, 

which they termed Sleeping Beauty. 

This sequence was then resurrected and studied. The consensus ancestral 

transposase was shown to bind to the inverted repeats of salmonid transposons in a 

substrate-specific manner, and mediate precise cut-and-paste transposition in fish as well 

as in mouse and human cells. This result suggested that the modern, inactive, 

transposable elements are descendents of a more ancient transposable element that 

dispersed itself in fish genomes some time ago, in part by horizontal transmission 

between species. 

Frog Prince 

Another member of the Tc1/mariner superfamily from the Northern Leopard Frog 

(Rana pipiens) was also resurrected in much the same manner as Sleeping Beauty (SB). 

In fact, SB does not show host dependent restrictions but it does show some transposition 

efficiency variability depending on the cell line derived from different species 

(Neidhardt, Ingraham and Schaechter, 1990). Consequently, Ivics and coworkers (Miskey 
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et al., 2003) set out to resurrect another vertebrate transposon in an effort to have another 

genomics tool with different characteristics.  

R. pipiens genome was estimated to contain 8000 copies of transposable element, 

closely related to Txr elements in Xenopus laevis. In order to clone few uninterrupted 

transposase open reading frames (ORFs) from this collection, the authors designed a 

method to trap them. This method selected for the uninterrupted transposase ORFs. They 

used the cloned sequences to generate a consensus of the transposase gene and along with 

the inverted repeats from Rana pipiens they obtained all the necessary components for 

the transposon system Frog Prince. Frog Prince (FP) transposons were shown to be 

phylogenetically closer to the Txr elements than to the Sleeping Beauty/Tdr1 

transposons.  In order to test its transposition activity and compare to that of Sleeping 

Beauty (SB), the same assay developed for SB was used on HeLa cells. Indeed, FP was 

active in these cells and it was shown to cross-mobilize with Xenopus laevis transposon 

but not with Sleeping Beauty. This indicates that the transposon families in Xenopus 

laevis and Rana pipiens have diverged recently, in contrast with SB transposons where 

the divergence is more distant. Of course, phylogenetically it is not surprising since FP 

originated from amphibians and SB from fishes.  

FP was tested in different cell lines and compared to SB activity. The transposons 

systems overlapped and differed in their levels of activity in the tested cell lines, 

achieving the authors goal of obtaining a new active transposon system that had some 

different characteristics from SB, increasing the number and application of genomics 

tools. In fact, FP was more active than SB in Zebrafish demonstrating the advantage of 

using a phylogenetically distant transposon if higher activity was the goal. This is 
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possibly due to the presence of SB like transposons (Tc1 Transposons) and the 

corresponding inhibitory mechanisms in Zebrafish. These mechanisms would be 

ineffective against the phylogenetically distant FB. 

In all cases, the study is worth repeating using ancestral sequences inferred in light 

of specific evolutionary trees. This would provide an example of whether consensus 

reconstructions differ in outcome when compared to rigorous reconstructions. Of course 

using just the salmonid sequences used for the Sleeping Beauty resurrection or just the 

paralogous sequences used for Frog Prince would not be enough to get a reconstruction 

where the phylogenetic inference produces a different sequence than the consensus 

approach. In fact, the SB salmonid sequences and certainly the FP sequences do not have 

enough phylogenetic variation for the inference to necessarily be any different from the 

consensus. On the other hand if one were to include more sequences from more divergent 

organisms the phylogentic inference would most certainly be more useful than a 

consensus approach.  

Biomedical applications of transposons 

The active ancestral transposon Sleeping Beauty became an intense focus of 

research as other research groups succeeded in improving its activity by site directed 

mutagenesis (Yant et al., 2004). The SB system became a tool in gene therapy generating 

a large number of publications and a biotechnology company, Discovery Genomics.Inc , 

with a goal to develop a gene therapy delivery system based on this resurrected 

transposon (Hermanson et al., 2004;Ivics et al., 2004). This is yet another example of a 

novel application of paleobioscience where resurrected biomolecules are being used as 

biomedical tools to combat human disease. 



67 

 

Alternatively, transposons could be used as a tool to identify genes involved in 

cancer by monitoring their ability to disrupt open-reading frames or regulatory regions 

with a genome. SB has recently been used as such a tool to identify cancer related genes 

(Collier et al., 2005;Dupuy et al., 2005;Weiser and Justice, 2005). Identifying cancer 

genes today often involves random mutagenesis through the use of radiation, chemical 

agents or viruses. These approaches raise serious concern, as it is difficult to separate the 

cancer-causing mutations from the benign mutations. On the other hand, Sleeping Beauty 

presents a way to tag cancer genes because it is a transposon with a known sequence and 

one that is very divergent from its mouse homolog. As an example, Collier et al. (Collier 

et al., 2005) designed a way to identify oncogenes using SB (altered regulation by SB 

when integrated upstream of the gene) or tumor suppressor genes (disrupted by SB when 

integrated in the middle of the sequence). This resurrected transposon will enable 

researchers not only to identify new cancer genes but also to dissect the unknown 

pathways for cancer formation in different types of tumors, tissues, and developmental 

stages. Oncogenesis is indeed a very complicated process with many possible pathways 

involving a large number of genes. Paleobioscience presents a powerful tool to shed light 

on the darkness of this disease. 

Chymase-Angiotensin Converting Enzyme: Understanding Protease Specificity 

As with the ribonucleases, proteases in modern organisms present a baffling 

diversity of paralogs that have arisen from gene duplication throughout the history of 

vertebrates. Many proteases have been studied to determine their substrate specificities, 

where a parallel diversity in their behavior is also observed. 

The serine proteases offer one example of this. As with ribonucleases, the classical 

serine proteases, such as trypsin and chymotrypsin, are digestive enzymes isolated from 



68 

 

the digestive tract of oxen. These proteases are paralogs of non-digestive proteases that 

are found in many tissues. For example, chymases form a clade of serine proteases 

homologous to trypsin and chymotrypsin. These are secreted from mast cells. Once 

secreted, the chymases help process peptide hormones, are involved in the inflammatory 

response, and may aid in the expulsion of parasites (Knight et al., 2000;Miller, 1996). 

True physiological function remains unclear but pathologically these enzymes have been 

involved in vascular disease and might be attractive drug targets (Doggrell and Wanstall, 

2004).  

Proteases carrying the name "chymase" from different species differ in the details 

of their substrate specificity. For example, human chymase cleaves angiotensin I between 

the Phe8-His9 residues to give angiotensin II, but does not then further cleave the Tyr4-

Ile5 bond in angiotensin II. In contrast, the chymase from rat does degrade the Tyr4-Ile5 

bond in angiotensin II, leading to inactivation of the peptide hormone. This has many 

implications, not the least of which being that the pharmacology of hypertension 

management targeted at the angiotensin system is expected to differ in rats and humans. 

 The fact that these homologs in humans and rat display different substrate 

specificities raises the question: What was the specificity of the chymase in the last 

common ancestor of humans and rats? To answer this question, Chandrasekharan et 

(Chandrasekharan et al., 1996) applied parsimony analysis (using PAUP) to two dozen 

homologous serine proteases to reconstruct the last common ancestral chymase of 

modern chymases in humans and rats. In doing so, they used the kallikrein proteases as 

an outgroup (Figure 1-20).  
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The tree that emerged was supported at a 95 percent level by bootstrap analysis. 

There was, however, considerable ambiguity in the ancestral sequence inferred using 

parsimony. The analysis did not identify a specific amino acid to occupy 15 sites in the 

ancestor. To generate the sequence to be resurrected, amino acids at seven of these sites 

were assigned arbitrarily. Amino acids at the remaining eight sites were chosen to ensure 

that the net positive charge of the ancestral chymase was + 18. The candidate for the 

ancestral chymase differs from the modern chymase from 52 to 100 sites, depending on 

the modern descendent, corresponding to a difference of 23 to 34%.  

A gene encoding the ancestral protein was then resurrected and expressed, and the 

ancestral chymase studied in the laboratory. The ancestor was shown to efficiently 

convert angiotensin I to angiotensin II, with a turnover number of about 700 per second. 

This kinetic performance was consistent with the hypothesis that the parsimony analysis 

generated a functionally active ancestor.  

Relevant to the hypothesis, the ancestral chymase did not degrade angiotensin II 

further by cleavage of the Tyr4-Ile5 bond. In this respect, the behavior of the ancestor 

resembled the behavior of the more specific modern human chymase, not the less specific 

rat chymase. This provided a case where protease specificity decreased over time. 

Chandrasekharan et al. (Chandrasekharanet al., 1996) noted that this contrasted with a 

common view of the evolution of protease specificity, where the protease begins with 

broad specificity that narrows over time as the role of the protease becomes narrower. 

Is not clear exactly how to date the divergence of these enzymes. At the time that 

the experiments were done, only a single chymase gene was known to be present in 

humans and baboons, and only a single chymase was known in dogs. In contrast, at least 
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five alpha and beta chymases-isozymes have been identified in mice and rats as of 1995. 

Correlation with the species tree suggests that the alpha and beta forms of chymases 

emerged long before mammals branched from the rapsids. This implies that the non-

rodent mammals lost some of the extra paralogs. 

The narrative for the chymase family provides another interesting example where 

the biological information generated by an experiment in paleobiochemistry could not 

have been obtained in any other way. The narrative would, of course, be improved by 

resurrecting a sample of the alternative ancestral protease sequences to demonstrate that 

the inference is robust with respect to the reconstruction ambiguity. This would make it 

unnecessary to assume that the sites whose residues were assigned randomly have no 

impact on the interpreted phenotype. 

Indeed, the abundance of genome sequences available today would make this 

system, as well as many protease systems, worth revisiting. It would be interesting to 

follow through paleogenetics the co-evolution of these proteases as well as the 

angiotensin protein. The number of paralogs of different proteases in mammalian 

genomes, and the diversity of protease types, and the complexity of the biological 

functions that they perform, all suggest that molecular paleoscience should be a key part 

of any program to understand their biology. 

Resurrection of Regulatory Systems: The Pax System 

The difference in the morphology of different metazoans arises, in part, not from 

changes in the sequences of encoded proteins, but rather from changes in the regulation 

of expression of those proteins. Regulation of expression, in turn, often involves the 

specific binding of transcription factors to specific target DNA regulatory elements. 

Many of these factors are homologous. Thus, the divergence of specificity of the DNA 
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binding protein and the DNA element-binding partner is a historical process that can be 

examined using paleomolecular resurrections. 

To explore one such history, Sun et al. (Sun et al., 2002) examined the Pax system. 

Pax genes encode a well-conserved DNA-binding domain of 128 amino acids. In 

mammals, nine Pax genes (Pax-1 to Pax-9) were known in 2002. These all play roles in 

the embryonic development of tissues and organs. Thus, Pax genes are implicated in 

human congenital defects (Pax-2, 3, 6, 8, 9), in the development of cancers (Pax-3, 5, 7), 

and in the development of the central nervous system (Pax-2, 3, 5, 6, 7, 8), the eye (Pax-

2, 6), the pancreas (Pax-4, 6), and B-lymphocytes (Pax-5) (Dahl, Koseki and Balling, 

1997;Engelkamp and van Heyningen, 1996;Underhill, 2000). 

Sequence analysis classifies Pax genes into five groups within two supergroups: 

Pax-2, Pax-5, Pax-8, Pax-B, poxn/Pax-A, and Pax-6/ey in supergroup I, and Pax-1/Pax-

9/poxm and Pax-3/Pax-7/gsb/gsbn in supergroup II (Sun et al., 1997). Pax genes within 

each group often display similarities in their expression patterns; this may imply 

analogous roles in development (Chalepakis et al., 1993).  

The process by which Pax genes and their binding sites duplicated and functionally 

diversified presents an example of the "transitional form conundrum" in divergent 

evolution. Briefly, this conundrum arises because incompletely specialized biomolecules 

that are intermediates in this evolution are expected to display cross-reactivity that might 

confuse their functional distinctiveness. Some of the amino acid changes between the 

duplicates are important to making these distinctions; others, however, reflect instead 

neutral evolution. 
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As was shown with ribonucleases, deliberate resurrection of ancestral forms can 

help distinguish amino acid replacements that are key to functional diversification from 

those that are neutral. More classical methods, including making hybrid structures that 

are widely used in molecular biology, do this less efficiently and might miss important 

functional residues. Two residues that come together in the folded structure of the 

protein, but are remotely placed in the primary structure would be difficult to detect by 

classical molecular biology deletion analysis. In the Pax family, for example, hybrid 

constructs suggested that only three of the 30 amino acid differences between Pax-5 and 

Pax-6 paired domains are important for their observed differences in DNA-binding 

specificity (Czerny and Busslinger, 1995). These studies do not show, however, how this 

diversification actually occurred. 

To address this issue in the Pax family, Sun et al. (Sun et al., 2002) reconstructed a 

set of ancestral Pax sequences using the Distance-based method developed by Zhang and 

Nei (Zhang and Nei, 1997). The ancestral proteins were then resurrected by expression of 

the gene in the in vitro reticulocyte -translation system. The expressed proteins were then 

assayed based on their ability to bind to various DNA sequences (as detected by gel 

mobility shifts), as well as a biological assay in Drosophila. For the DNA binding assay, 

seven sequences were selected identified as Pax-5 binding sites and are representative of 

the Pax binding domain generally (Czerny, Schaffner and Busslinger, 1993). 

Two of the resurrected ancestral sequences stand at the head of the two supergroups 

(Figure 1-22). Ancestor I (AnI) bound strongly to all test sequences except H2A2.2 (one 

of the seven binding sequences), which was bound less strongly. Pax-2 and Pax-A, 

descendents of AnI showed the same broad specificity as the ancestor, although overall 
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they bound less strongly than ANI. In contrast, AN6, another descendent of AnI, showed 

the narrower binding specificity as it descendent, Pax-6. These experiments suggest that 

the fundamental binding features of this supergroup were already established in the 

ancestor ANI. 

The ANII showed almost no binding with the test sequences. The mouse Pax-1 

paired domain (MPD1) showed modest binding with all of the test sequences (except for 

as H2A2.2), in contrast to the mouse Pax-3 paired domain (MPD3) that showed little or 

no binding to the tested sequences.  

Therefore, within the two supergroups, functional diversification during evolution 

appears to have involved changes from broad to narrow specificities in binding within the 

test sequences (ANI to AN6 and human Pax-6), and changes in binding affinities either 

across multiple binding sequences (e.g., ANI to mouse Pax-2 and sea nettle Pax-A, and 

ANII to mouse Pax-1) or across a few sequences (ANII to mouse Pax-3). Further, 

changes in binding specificity can occur independent of the changes in binding affinity.  

The next phase of the analysis is to sequence a wider diversity of Pax genes to 

better articulate the tree, segment the branch leading to Pax-4 so that it is not so long, and 

so that its information can contribute to the resurrection. 

Sun et al. (2002) then applied their analysis to identify two amino acid changes that 

might dominate the differences in the DNA-binding properties of ANI and ANII. As 

there are 7 amino acid differences between ANI and ANII, and 19 between AN6 and ANI 

the authors used the difference in the evolutionary rates of these sites as a guide to select 

a more manageable subset of sites to test. They calculated the relative rates of amino acid 

substitution at the differing sites and selected the ones that show a relative low rate as this 
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suggests importance for the binding. Paleobioscience in this case combines ancestral 

reconstruction and site-specific evolutionary rates to select a functionally important set of 

sites. Testing of the resurrected proteins and the ones with specific replacement in the 

selected sites is an efficient way to shed light on the functionally important residues. Of 

course one has to be careful when comparing site-specific rates and deciding which are 

important as deciding the cutoff for the “fast” and the “slow” could be challenging. 

However, the synergy between the reconstruction and the relative rates could make this 

problem manageable. The authors selected three differing sites between ANI and ANII to 

investigate (sites 121, 22 and 20) and three others to investigate the difference between 

AN6 and ANI (sites 44, 47, and 66). 

No single mutation changed the binding properties of ANI significantly, as shown 

in the binding patterns of ANI-NVN (D20N), ANI-DVS (N121S), and ANI-DIN (V22I). 

Changes at positions 20 (N20D, ANII-DIS) and 121 (S121N, ANIININ) in ANII greatly 

increased the binding strength of ANII to the test sequences, however. The binding 

properties of ANI and ANII with combined mutations in positions 20, 22, and 121 were 

then examined. The hybrid ANI-NVS (D20N and N121S) had substantially decreased 

binding to test sequences relative to ANI, whereas the ANII-DIN (N20D and S121N), 

unlike ANII, bound efficiently to several sequences. When the binding strengths of ANI-

NVS and ANII-DIN to test sequence 5S2A were compared using serially diluted 

concentrations of 5S2A, the binding of ANI-NVS was visibly weaker than that of ANII-

DIN at every concentration tested. When the ratios of intensity of the shifted band versus 

the free band of 5S2A are calculated for ANI-NVS and ANII-DIN, the ratio for ANII-

DIN ranges from 2- to 11-fold higher than that for ANI-NVS (five independent replicate 
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assays). This range is rather larger than that expected from experimental error, suggesting 

that different preparations of the proteins differ in the specific activity of their total 

binding affinity. Nevertheless, ANII-DIN clearly had a higher affinity to the test 

sequences than ANI-NVS.  DNA-binding properties of ANI and ANII are strongly 

influenced by the amino acid occupying sites 20 and 121, although replacements at all 

seven sites that separate the ANI and ANII sequences have some effect.  

Next they repeated the above approach to evaluate the importance of the three 

selected sites (sites 44, 47, and 66) between AN6 and ANI. They tested R44Q, H47N, 

and G66R in ANI and the reciprocal changes in AN6. This series of experiment showed 

that only the amino acid change in site 47 is sufficient to cause a near complete 

specificity swap between ANI and AN6, although the other two sites (44 and 66) have 

minor effects. Next Sun et al. investigated the importance of site 47 in an in vivo 

drosophila assay. Their rationale for this assay is that a difference in affinity, caused by a 

mutation in site 47, would result in an ectopic eyes phenotype in drosophila. This is based 

on previous studies showing that ectopic expression of Pax-6 homologs and eyeless 

(homolog to the vertebrate Pax-6 in drosophila) result in the formation of supernumerary 

eyes in the fly (Brand and Perrimon, 1993;Halder, Callaerts and Gehring, 1995). In 

addition, another study(Czerny et al., 1999) showed that ectopic eye phenotype is also 

observed when the second Pax-6 homolog, twin of eyeless (toy), is ectopically expressed. 

The two Pax-6 paralogs in drosophila eyeless and toy were also shown to produce 

proteins with different DNA binding properties.  

In the in vivo assay the size and the frequency of the ectopic eyes were evaluated as 

well the pigment concentration in thoraces with ectopic eyes. These measurement were 
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used to compare the overexpression of the wild-type Eyeless transgene (EU transgene),  

Eyeless-N47H (DP6M3 transgene with a mutation at site 47), Eyeless-Pax2 (M2 

transgene replacing the paired box domain with mouse Pax2) and Eyeless-Pax2-H47N 

(M2M3 transgene with a mutation at site 47 in the introduced mouse Pax2). As a result 

the in vivo experiments showed that a change toward the Pax-6 specific N at position 47 

of the paired domain leads to larger and more ectopic eyes (or both). Smaller or fewer 

ectopic eyes were observed when the change was toward H47 present in Pax-2, 5, 8. An 

interesting result is that a complete replacement of the Eyeless paired domain for the Pax-

2 paired domain did not abolish ectopic eye induction entirely but led instead to the 

induction of fewer and smaller ectopic eyes. This result strongly suggests that specificity 

can be conveyed by a single amino acid change but that the interaction of paired domains 

and their in vivo binding sites may be more flexible than expected. 

Sun et al analyzed these changes in light of the crystal structure of the protein to 

further make sense of their paleoscience result regarding functional residues (Xu et al., 

1999;Xu et al., 1995). As with all experimental resurrections, certain simplifying 

assumptions were made. Thus, some Pax proteins contain a homeodomain, which may 

interact with the paired domain during DNA-binding (Fortin, Underhill and Gros, 

1998;Underhill, Vogan and Gros, 1995). By not considering this interaction in detail, this 

experiment represents a simplified approach to recapitulate the evolution of DNA-

binding properties of regulatory proteins.  

That this approximation is serviceable is shown by the insights into the evolution of 

Pax domains that these studies produced. The ancestors of supergroups I and II have very 

different binding properties to the panel of test sequences used in this study, and two 



77 

 

amino acid substitutions have dominant effects on swapping their binding properties. And 

only one amino acid was enough to do the same for An6 and ANI. Because there is no 

reliable root to the phylogenetic tree of Pax genes, we cannot predict the sequence of the 

common ancestor of all Pax genes and its binding properties to complete the whole 

picture of early Pax evolution. However, it is intriguing to speculate that gene duplication 

of a common ancestor gave rise to the two ancestors of supergroups I and II, and these 

two ancestor genes mutated at positions 20 and 121 and acquired different DNA-binding 

properties to initiate the differentiation of the two supergroups. Within supergroupd one a 

similar result was observed as site 47. Although the paired domains of the Pax-2, 5, 8 and 

the Pax- 6 group differ by 19 amino acids, their distinct DNA-binding properties are 

determined almost completely by a single amino acid change. Thus, a small number of 

amino acid changes can account in large part for the divergence in binding properties 

among the known paired domains. 

As with ribonuclease, Sun et al. (Sun et al., 2002) proposed that this evolutionary 

approach is an efficient strategy to select candidate sites responsible for the functional 

divergence between genes. In this example, they used this approach to identify candidate 

amino acid changes responsible for the differences in binding properties between 

different groups of paired domains. The candidate changes were then tested, individually 

or in combination, by in vitro binding and in vivo functional assays. 

Visual Pigments 

Vertebrates see light using visual pigments that, upon absorption of light, trigger a 

biochemical cascade using standard G protein pathways. The pigment itself consists of a 

protein (an opsin) that binds to a chromophore, generally 11-cis retinal, via a protonated 

imine linkage. A simple model for the protein-chromophore pair is the protonated imine 
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formed via reaction of a simple amine with retinal. This imine absorbs light maximally at 

440 nm (blue violet) in organic solvents. This absorption maximum is sensitive to the 

environment, however. 

The opsin protein that binds the retinal provides the environment, which it can 

change by placing different amino acids around the chromophore. Thus, within one 

homologous family of visual pigments, the absorption maximum can be tuned within the 

range of 360 to 600 nm, that is, from the ultraviolet to red. For example, the four opsins 

in humans absorb at 414 (violet), 497 (blue-green), 530 (green-yellow), and 560 (yellow) 

nanometers. 

Vertebrate opsins are classified into five subfamilies, known as RH1 (rod opsin, 

also known as rhodopsin), RH2 (RH1-like, or green, cone opsin), SWS1 (short 

wavelength –sensitive type 1, or UV-blue, cone opsin), SWS2 (short wavelength–

sensitive type 2, or blue, cone opsin), and M/LWS (middle to long wavelength–sensitive, 

or red-green, cone opsin). Some species (such as goldfish and chicken) have 

representatives of each. Humans, with the four mentioned above, lost the SWS2 and RH2 

genes, but gained an additional member of the M/LWS family.  

As with the digestive enzymes, visual pigments stand between an organism and its 

environment. Thus, the wavelength of absorbance is presumably driven by adaptive 

pressures. The coelecanth, for example, a fish that lives in the deep sea where ultraviolet 

light is absent, does not have a visual pigment that responds to UV. For scotopic vision 

(seeing in dim light), for example, pigments need to have a very high quantum efficiency, 

generate an extremely low level of noise in darkness, and absorb with an absorption 

maximum at about 500 nm (Menon, Han and Sakmar, 2001).  
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The demands on vision have changed frequently through the history of vertebrates. 

It is therefore expected that an evolutionary narrative will help expand our understanding 

of the evolving function of vision. Not surprising in this light, three fascinating 

paleogenetics studies have been done in this area. 

Rhodopsins from archaeosaurs, an ancestor of modern alligators and birds 

Chang et al. (Chang et al., 2002) began work with visual pigments by seeking to 

understand how vision might have evolved in the ancestors of modern birds. Their focus 

was the visual pigment of the primitive archosaur, an ancestor that gave rise to the 

modern alligator, as well as to birds such as the pigeon, chicken, and zebra finch. The 

sequences of rhodopsins from all of these species was known when their work began, and 

this clade was rooted by the sequence from the green anole (Figure 1-23).   

A multiple sequence alignment for these rhodopsin genes, together with genes from 

two dozen other vertebrates, was built using Clustal W. The alignment was then adjusted 

by hand to ensure that amino acids believed to be structurally important were aligned, 

and to remove gaps within codons. The amino acids at the ends of the rhodopsin genes 

(encoding the first 21 amino acids and the 25 amino acids following a palmitoylation site) 

were difficult to align, and could not generate an ancestral sequence with a manageable 

level of ambiguity. These segments were therefore excluded from the alignment, with the 

exclusion justified by the observation that these segments are believed not to be 

important in determining the features of photon absorption or activation of transducin. 

Bovine rhodopsin provided the sequence for these regions of the putative archosaur 

protein.  

A phylogenetic tree was chosen to reflect the accepted relation between the taxa 

providing the rhodopsin genes, as supported by cladistic and paleontological data. Amino 
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acids in the ancestral archosaur sequence were then computed using the maximum 

likelihood methods as implemented in PAML (Yang, 1997). This implementation 

calculated marginal probabilities at each site using an empirical Bayesian approach. 

Pairwise likelihood ratio tests were also used to select the models with the best fit for the 

data (Navidi, Churchill and von Haeseler, 1991). A gene for the ancestral archosaur 

rhodopsin was prepared by chemical synthesis and expressed in COS cells. The protein 

was regenerated with 11-cis retinal, purified, and assayed for function in the laboratory.  

Especially interesting in this work was its exploration of different models for 

reconstructing ancestral rhodopsins. Phylogenetic reconstructions using model-based 

methods may be sensitive to the assumptions underlying the particular model used in the 

analysis (Cao et al., 1994;Huelsenbeck, 1997) and may also be problematic when 

reconstructing ancestral states (Chang and Donoghue, 2000).  

Chang et al. (Changet al., 2002) used several different models for nucleotide-based, 

amino acid–based, and codon-based reconstruction strategies, and compared the results 

using likelihood ratio tests (see Chang et al. in ref. (Changet al., 2002) for the details of 

the comparison). In particular, for all models tested, eliminating the gamma distribution, 

which accounts for different rates of change at different sites, resulted in a significantly 

worse fit to the data.  

For the three best-fitting models from the three strategies, reconstructions of the 

ancestral archosaur rhodopsin were in agreement at all but three sites (213, 217, and 218). 

At these sites, two of the three models agreed with each other, permitting a "majority 

rule" principle to be applied in inferring the ancestral residue at these sites. Given that 

these sites lie in a helix facing the lipid bilayer lipid, the behavior of the pigment was not 
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expected to be influenced by this ambiguity. To demonstrate this, Chang et al. 

synthesized alternative candidate ancestral rhodopsin variants that contained the various 

amino acids at the three sites. 

The ancestral rhodopsin had an absorption maximum in the visible at 508 nm. This 

maximum is at a longer wavelength than the rhodopsin from most mammals and fish; it 

lies within the higher end of the range of absorption maxima in reptiles and birds. Chang 

et al. then demonstrated that the ancestral rhodopsin was able to activate the G-protein 

transducin.  

Rhodopsin, which is found in rods, is essential for vision at low light intensities. 

The paleogenetic evidence for an active rhodopsin in the archosaur might therefore also 

be interpreted as evidence that the archaosaur could see in dim light, and therefore may 

have been nocturnal.  

The history of short wavelength sensitive type 1 visual pigments 

The detection of light in the violet and near ultraviolet is key to the survival 

strategy of many vertebrates, who may detect light in these regions while foraging, 

selecting a mate, and communicating. The extent to which UV vision is distributed across 

the vertebrate tree (even though it is lacking in humans) suggests that perhaps the 

ancestral vertebrate also had UV vision. Inferences from such an analysis are notoriously 

insecure, of course, and even more so given the ability of opsin evolution to generate 

different absorbance spectra. To understand better the evolution of these pigments, Shi 

and Yokoyama (Shi and Yokoyama, 2003) inferred the sequences of various ancestral 

SWS1 pigments throughout the tree interconnecting a varity of mammals (including 

rodents, artiodactyls, and primates), birds, reptiles, and fish (Figure 1-25). This tree 
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topology was based on the amino acid sequences of SWS1 pigments as well as some 

DNA–DNA hybridization data, and represented sequences as old as 400 million years.  

The sequences of ancestral SWS1 pigments were then inferred at seven nodes in 

the tree using likelihood-based Bayesian methods implemented in PAML (Yang, 

1997;Yang, Kumar and Nei, 1995) and resurrected. Various hybrid pigments were also 

designed and constructed by swapping different SWS1 cDNAs. 

This ambiguity was managed through the resurrection of a variety of hybrid 

pigments. In addition, for the most ancient pigment, if the probability of a residue at a site 

was less than 0.9, it was replaced individually by the "second best" residue to emerge 

from the inference. 

These studies showed that nearly all of the ambiguity had no impact on the 

absorption maximum of the candidate ancestral sequences. This type of analysis assumes, 

of course, that the impact of amino acid replacements at individual sites is independent of 

each other. While such an assumption is always open for dispute (see above), it can be 

evaluated by sequencing more opsin genes to better articulate the tree. This will 

undoubtedly be done in the future. 

Shi and Yokoyama (Shi and Yokoyama, 2003) also considered whether alternative 

tree topologies might compromise biological inferences based on the absorption maxima 

of candidate ancestral proteins. The three avian sequence groups are represented in 

Figure 1-25 as branching as a "starburst" from ancestor f. Alternative tree topologies at 

this node influenced the oldest opsin sequence (represented by a in Figure 1-25) at three 

of the 20 variant sites, exchanging the order of likelihood of the two most likely residues. 

For ancestor f (which has the high absorbance maximum), the probability of the preferred 
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amino acid increased. This included an increase in the probability of Ala at site 118, a site 

where ambiguity did have an impact on the absorbance maximum. For the remainder of 

the sites, the changes in the reconstructions created by changing the tree topology did not 

have an impact on the phenotype of the ancestors that generates the biological 

interpretation. 

 Two biological interpretations were drawn. First, most vertebrate ancestors could 

see in the ultraviolet. As the numbers on the trees show, most resurrected ancestral 

pigments were sensitive to ultraviolet light (absorbance maxima at 360 ± 1 nm).  

In the emergence of the last common ancestor of the avian sequences, however, the 

absorbance maximum evolved from 360 nm to 393 nm. Further, in a variety of modern 

vertebrates, evolution to longer wavelength occurred. 

 The most curious aspect of the resurrected history of SWS1 is that after evolving 

from a UV-sensitive to a violet-sensitive pigment in the last common ancestor of the 

birds, it regained UV sensitivity (homoplasy) in some of the lineages leading to modern 

birds, including in the canary, the budgerigar, and the zebra finch. This behavior provides 

an example showing that the behaviors of ancestral proteins are not necessarily the 

behaviors expected by averaging the behaviors of the descendents.  

The SWS1 pigment narrative also provides another example illustrating how 

resurrections lead to the discovery of specific amino acids that have particular impact. 

Thus, just as the ribonuclease resurrection identified Site 38 as being important to 

substrate specificity, comparison of ancestral pigments e and f led to the discovery of 

previously sites for tuning the spectrum of SWS1 that were not among the eight known 

sites (46, 49, 52, 86, 90, 93, 114, and 118). Three of these sites are suffering replacement 
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along this branch (49, 86, and 118), but replacements at these sites proved to be 

insufficient to account for the evolution of the spectrum. To account for the rest of the 

shift in the absorbance maximum, a quadruple change including an L116L replacement 

was required. Thus, site 116 was discovered as a new site involved in the tuning of the 

spectrum of SWS1. 

To explain the UV sensitivity in zebra finch, a cysteine at position 90 was the focus 

of classical studies that focus on leaf-leaf comparisons (Wilkie et al., 2000;Yokoyama, 

Radlwimmer and Blow, 2000). When S90C was introduced into a candidate ancestral 

pigment e, the absorbance of the variant pigment dropped to 360 nm. Thus, the S90C 

change by itself is sufficient to produce UV-sensitivity. However, in the lineage leading 

from ancestor e to the last common ancestor of finch and canary, the S86C replacement 

also occurred. Individually, this also shifts the absorbance maximum down by 360 nm. 

Changing S86C and S90C together does not result in an additive shift; these two changes 

also create a pigment having an absorbance at 360 nm. Thus, both the S86C and S90C 

replacements, either separately or jointly, decrease the absorbance by ca. 30 nm, 

providing a textbook example of non-additivity of phenotype-sequence relationships. 

The SWS1 case illustrates the use of paleobiochemistry to manage a family that has 

seen a relatively large amount of sequence divergence, homoplasy, and functional 

adaptation. Approximately 43 amino acid replacements have occurred in the history at 

the nine sites now believed to be important in tuning the absorption wavelength of the 

pigment. Given 21 sequences and a reasonable effort to study hybrid and alternative 

ancestral candidates, the associated ambiguity can be managed, and interesting 

information can be extracted. 
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Shi and Yokoyama then extended the analysis to ask planetary biology questions. 

Clearly, the life styles and the need for UV vision changed dramatically during the 

divergent evolution of vertebrates. Indeed, life style, including the exposure to ultraviolet 

light, is different within vertebrates classes and individual orders. In cases such as the 

coelacanth and dolphin, where ultraviolet light is assumed to be absent in deep ocean 

water, the SWS1 gene appears to be non-functional. 

Shi and Yokoyama also noted that ultraviolet light can damage the retina. 

Therefore, yellow pigments in the lenses or corneas of many species, including humans, 

filter out ultraviolet light to prevent it from reaching the retina. Therefore, especially in 

animals exposed to bright sunlight, the switch from ultraviolet vision to violet vision 

might be driven adaptively. Other factors might include the use of ultraviolet vision in 

migratory birds, the detection of rodents tracks, or they selection of food by larval fishes. 

The planetary biology of visual pigments has only begun to be explored. As it is explored 

using paleobiochemistry, more and more of these cases will advance from just so stories 

to serious scientific narrative's that join biochemistry to the cellular phenotype, and from 

there to the ecosystem and the changing planetary environment. 

Green opsin from fish 

The question of ecological function in the visual pigments has recently been 

examined further by, Chinen et al (Chinen, Matsumoto and Kawamura, 2005a). These 

authors analyzed the difference between visual pigments in goldfish and the zebrafish. 

Zebrafish have four paralogous green (RH2) opsin genes, designated RH2-1, RH2-2, 

RH2-3, and RH2-4. These have different absorption maxima when reconstituted with 11-

cis retinal at 467, 476, 488, and 505 nm. Goldfish have two pigments that diverge 
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somewhere in the time when the four zebrafish pigments were diverging (Figure 1-26). 

Both are diurnal freshwater species belonging to the same family, the Cyprinidae. 

To understand the diversity of paralogs and their different numbers in these two 

fish, Chinen et al (Chinen, Matsumoto and Kawamura, 2005a) reconstructed the amino 

acid sequences of ancestral zebrafish RH2 opsins by likelihood-based Bayesian statistics. 

They then resurrected the ancestral pigments and measured their photophysical 

properties.  

The pigment ancestral to the four zebrafish RH2 pigments (termed A1, see Figure 

1-26) and the pigment ancestral to RH2-3 and RH2-4 (A3) both absorbed maximally at 

506 nm. In contrast, the pigment ancestral to RH2-1 and RH2-2 (A2) absorbed 

maximally at 474 nm. This indicates that the RH2-3 and RH2-4 modern pigments display 

the ancestral photophysics, while the RH2-1 and RH2-2 pigments have the derived 

phenotype, with the derived phenotype emerging along branch A (Figure 1-22).  

Hybrid pigments were then constructed to show that a large contribution of the 

spectral tuning (ca. 15 nm) arose by a substitution of a glutamate by a glutamine 

substitution at site 122. The remaining spectral differences appeared to arise from 

complex interactive effects of a number of amino acid replacements, each of which has 

only a minor impact (1–3 nm). Thus, the four zebrafish RH2 pigments cover nearly an 

entire range of absorbance found in vertebrate RH2 pigments. 

Blue opsins 

Chinen et al. then continued these studies by examining the blue opsins (Chinen, 

Matsumoto and Kawamura, 2005b). In a separate study, the sequence of the ancestral 

SWS2 pigment of the two species was inferred by applying likelihood- based Bayesian 

statistics. The ancestral protein was then resurrected by site-directed mutagenesis on a 
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cloned gene. The reconstituted ancestral photopigment had a λmax of 430 nm, indicating 

that zebrafish and goldfish achieved short wavelength (14 nm) and long wavelength (13 

nm) spectral shifts, respectively, from the ancestor. Unexpectedly, the S94A mutation 

resulted in only a 3-nm spectral shift when introduced into the goldfish SWS2 pigment. 

Nearly half of the long wavelength shift toward the goldfish pigment was achieved 

instead by T116L (6 nm). The S295C mutation toward zebrafish SWS2 contributed to 

creating a ridge of absorbance around 400 nm and broadening its spectral sensitivity in 

the short wavelength direction. These results indicate that the evolutionary engineering 

approach is very effective in deciphering the process of functional divergence of visual 

pigments. 

Among the amino acid differences between the two pigments, only one (alanine in 

zebrafish and serine in goldfish at residue 94) was previously known to cause a difference 

in absorption spectrum (14-nm  (λmax shift in newt SWS2). In their study, the ancestral 

SWS2 pigment of the two species was reconstructed by applying likelihood- based 

Bayesian statistics and performing site-directed mutagenesis. The reconstituted ancestral 

photopigment had a l max of 430 nm, indicating that zebrafish and goldfish achieved 

short wavelength (14 nm) and long wavelength (13 nm) spectral shifts, respectively, from 

the ancestor. Unexpectedly, the S94A mutation resulted in only a 3-nm spectral shift 

when introduced into the goldfish SWS2 pigment. Nearly half of the long wavelength 

shift toward the goldfish pigment was achieved instead by T116L (6 nm). The S295C 

mutation toward zebrafish SWS2 contributed to creating a ridge of absorbance around 

400 nm and broadening its spectral sensitivity in the short wavelength direction.  
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Among the amino acid differences between the two pigments, only one (alanine in 

zebrafish and serine in goldfish at residue 94) was previously known to cause a difference 

in absorption spectrum (14-nm λmax shift in newt SWS2).  

Zebrafish and goldfish are both diurnal freshwater fish species belonging to the 

Cyprinidae family. Their ecological surroundings differ considerably with respect to their 

visual needs, however.  Zebrafish are surface swimmers in conditions of broad and 

shortwave-dominated background spectra. Goldfish are generalized swimmers whose 

light environment extends to a depth of elevated short wavelength absorbance with 

turbidity. The peak absorption spectrum (λmax) of the zebrafish blue (SWS2) visual 

pigment is consistently shifted to short wavelength (416 nm) compared with that of the 

goldfish SWS2 (443 nm). 

Planetary biology of the opsins 

In due course, we will be able to tie the molecular and biophysical history of these 

visual pigments to historical changes in the environment of the organisms that carried 

them. The formation of paralogous visual pigments in zebrafish (Danio rerio) occurred 

well after the divergence of the medaka (Oryzias latipes) from the Otophysi, which 

includes the mexican cavefish (Astyanax mexicanus), the goldfish (Carassius auratus), 

and the zebrafish (Danio rerio). Further, they appear to have diverged after the 

divergence of the Otophysi to separate the Cypriniphysi (which includes the zebrafish and 

goldfish) from the Characiphysi (which includes the Mexican cavefish). Rather, the 

paralogs arose via a duplication that occurred near the time of divergence of the goldfish 

(the family Cyprininae) from the zebrafish (the family Rasborinae). 
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 Limits have been put on the dates of divergence of various families (Kruiswijk et 

al., 2002). For example, the family Rasborinae (which includes the zebrafish) is estimated 

to have diverged 50 million years ago from the lineage leading to the family Cyprininae 

(Cavender, 1991;Dixon et al., 1996;Ohno et al., 1967;Stroband et al., 1995). These, in 

turn, are events that occurred in a time when the fossil and geological records are strong. 

These dates are obtained primarily using molecular clocks. Many of these fish are 

known from the lakes in the Rift Valley of central Africa, however, the same area where 

primate evolution was to generate Homo sapiens. The area is associated with multiple 

lava flows and ash beds, including a lava flow dated 5 Ma that blocked Lake Tana (in 

Ethiopia), which is home to the Barbus intermedius, believed to branch from the lineage 

leading to carp and goldfish at 30 Ma. A coherent narrative will combine the geological 

and paleontological records to explain what was happening in the environment of these 

fish that caused them to change their lifestyle, which in turn made the changes in the 

photophysical properties of the visual pigments adaptive.  

At What Temperature Did Early Bacteria Live? 

By the end of the last decade, the most ancient paleomolecular resurrections had 

traveled back in time only ca. 200-300 million years. This has left untouched many of the 

most widely discussed questions about the nature of early life on Earth. One of these 

relates to the role of thermophily in the early history of terran life.  

The issue has been confused somewhat by contradicting analytical strategies. This, 

various authors, observing that thermophilic organisms are placed at deep branches of a 

tree, suggested that the last common ancestor of all organisms should be a thermophile. 

Others inferred the G + C content of an ancestral ribosomal RNA gene, and noted that 

this was inconsistent with the ancestor being a hyperthermophile (Galtier, Tourasse and 
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Gouy, 1999). Various models for environments deep in the Archaean suggest that the 

Earth was hot (Knauth, 2005), and covered with snow (Runnegar, 2000). Other models 

suggest that early bacteria may have been thermophiles, or possibly extreme 

thermophiles. Arguments based on indirect evidence, such as the lengths of branches of 

various trees (Woese, 1987), the G+C content of reconstructed ancestral ribosomal RNA 

(Galtier, Tourasse and Gouy, 1999), and the distribution of thermophily in contemporary 

taxa (Hugenholtz, Goebel and Pace, 1998), have generated contradictory inferences. 

Elongation factors. 

Gaucher et al. conjectured that an experiment in paleogenetics might shed light on 

this question(Gaucher et al., 2003). If the sequences of ancestral proteins from bacteria 

that lived in the Archaean could be resurrected and their properties over a range of 

temperatures could be studied, we might be able to obtain direct evidence for the 

temperature(s) at which the ancestral bacteria lived.  

Elongation factor Tu (from Bacteria) and elongation factor 1A (from Archaea and 

Eukarya) proved to be suitable for such a study. EFs are G-proteins that present charged 

aminoacyl-tRNAs to the ribosome during translation. Because of their relatively slow 

rates of sequence divergence, most character states of ancient EF sequences can be 

robustly reconstructed for proteins from bacteria deep in the eubacterial tree. Further, the 

optimal thermal stabilities of EFs correlate with the optimal growth temperature of the 

host organism. Thus, EFs from mesophiles, thermophiles, and hyperthermophiles, 

defined as organisms that grow at 20-40, 40-80, and >80 ºC, respectively, and 

represented by species of Escherichia, Thermus, and Thermotoga, have temperature 

optima in their respective ranges (Arai, Kaziro and Kawakita, 1972;Nock et al., 

1995;Sanangelantoni, Cammarano and Tiboni, 1996). This is consistent with a previous 
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study based on a large set of proteins in which a correlation coefficient of 0.91 was 

calculated between environmental temperatures of the host organisms and protein melting 

temperatures (Gromiha, Oobatake and Sarai, 1999).  

To infer the sequences of EFs deep within the bacterial lineage, Gaucher et al. 

collected amino acid sequences of 50 EF-Tu’s from various bacterial lineages. Because 

saturation at silent sites in the DNA sequence had occurred, amino acid sequences were 

used to build a multiple sequence alignment and candidate trees. The differences in the 

rates of amino acid replacement at different sites in the sequence was captured using a 

gamma distribution (Gaucher, Miyamoto and Benner, 2001).  

Ambiguity was immediately encountered in constructing a tree to interrelate these 

proteins. Thus, two trees were used. The first was constructed from EF-Tu sequences 

alone using a combination of phylogenetic tools. The second was constructed from the 

literature, which contains various views of bacterial phylogeny. These trees were largely 

congruent. Where they differed, a tree was extracted that captured those differences 

(Hugenholtz, Goebel and Pace, 1998) (Figure 1-27).  

Candidate ancestral sequences were then reconstructed at the most basal node of 

the bacterial domain in each tree, using archaeal and eukaryotic EF sequences as 

outgroups. Marginal reconstructions, opposed to joint reconstructions, were calculated to 

compare probabilities of multiple character states at a single interior node and selecting 

the character with the highest posterior probability (Yang, Kumar and Nei, 1995). The 

“most probabilistic ancestral sequence” (MPAS) was then reconstructed by accepting at 

each site the amino acid with the highest posterior probability. 
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The MPASs for the two trees were found to be surprisingly similar to sequences 

from modern day Aquifex; only 4-6 amino acid replacements out of ca. 400 residues were 

inferred to have occurred from the most recent common ancestor of bacteria to the 

modern Aquifex. The placement of the branch leading to Aquificaceae at the base of the 

tree appeared, however, to be due to long-branch attraction (Brochier and Philippe, 

2002;Cavalier-Smith, 2002). To test this, the 23 sites that displayed no variation within 

the outgroup subfamily, the Aquificaceae subfamily, and the subfamily containing all 

other bacteria, but not conserved between the subfamilies, were removed from the 

analysis. The resulting analysis no longer places Aquificaceae at the base of the bacterial 

lineage. This is consistent with the working of long-branch attraction. To eliminate bias 

due to this artifact, ancestral sequences were recalculated from a dataset that excluded 

Aquifex sequences. 

Figure 1-27 shows the two topologies used to reconstruct ancestral sequences at the 

node representing the hypothetical organism lying at the stem of the bacterial tree. The 

number of sequences in the outgroup, 3-20, did not affect the amino acid reconstructions 

at these nodes, ML-stem (maximum likelihood stem bacteria) and Alt-stem (Alternative 

stem bacteria). The ancestral sequence at the node representing the most recent common 

ancestor of only mesophilic bacterial lineages was reconstructed, and named the ML-

meso (maximum likelihood mesophiles only). This node captures one feature of models 

that have concluded that the last common ancestor of Bacteria was mesophilic (Brochier 

and Philippe, 2002). In all, these reconstructed ancestral sequences did not appear to be 

influenced by long-branch attraction or non-homogeneous modes of molecular evolution, 

such as changes in the mutability of individual sites in different branches of the bacterial 
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subtree (Gaucher, Miyamoto and Benner, 2001). Table 1-6 shows the sequence identity 

relating the reconstructed putative ancestral sequences and their descendants. ML-stem 

and Alt-stem are most similar to the sequences of EFs from Thermoanaerobacter 

tengcongensis (a thermophile) and Thermotoga maritima (a hyperthermophile), 

respectively, and differ from each other by 28 amino acids. ML-meso is most similar to 

the sequence of EF from Neisseria meningitides (a mesophile).  

If we assume that similarity in sequence implies similarity in thermostability, it 

might have been predicted that the stem bacterium was thermophilic or 

hyperthermophilic, while the ancestral node constructed without considering 

thermophiles was a mesophile. To test these predictions based on this assumption, genes 

encoding the ancestral sequences were synthesized, expressed in an E. coli host, and 

purified. The thermostabilities of these ancestral EFs, and three representative EFs from 

contemporary organisms, were then assessed by measuring the ability of each to bind 

GDP across a range of temperatures.  

Each resurrected protein behaved similarly. Both ML-stem and Alt-stem bound 

GDP with a temperature profile similar to that of the thermophilic EF from modern 

Thermus aquaticus, with optimal binding at ca. 65 ºC. Although the sequence similarity 

was higher between Alt-stem and the modern hyperthermophilic Thermotoga maritima, 

the temperature profile of Alt-stem was not similar to that from maritima, which is 

maximally active up to at 85 ºC. The observation that the amino acid sequences of ML-

stem and Alt-stem shared only 93% identity, but display the same thermostability 

profiles, suggest that inferences of this ancestral property are robust with respect to both 

varying topologies and ancestral character state predictions. This suggests, based on these 
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given evolutionary models, that the paleoenvironment of ancient bacterium was 

approximately 65 °C. 

Inferences were then drawn from a resurrected elongation factor whose sequence 

was reconstructed from the last common ancestral sequences of contemporary organisms 

that, for the most part, grow optimally at mesophilic temperatures. The temperature 

profile of the ancestral protein, which displayed a maximum at 55 °C, suggests that the 

ancestor of modern mesophiles lived at a higher temperature than any of its descendants 

(Figure 1-28). This result shows that the behavior of an ancestor need not be an average 

of the behaviors of its descendants.  

The observation that a tree-based ancestral sequence reconstructions can give 

results different from consensus sequence reconstructions may be general (Gaschen et al., 

2002). It underscores a fact, well known in protein chemistry, that physical behavior in a 

protein is not a linear sum, or even a simple function, of the behavior of its parts. This, in 

turn, implies that an experiment in paleobiochemistry can yield information beyond that 

yielded by analysis of descendent proteins alone.  

The resurrection is made still more complicated by the incomplete fossil record of 

microorganisms (Figure 1-29). As the sequence, geological, and paleontological records 

improve, we may expect the overall historical model to improve as well. 

Isopropylmalate and isocitrate dehydrogenases 

A similar approach was exploited by the Yamagishi group (Iwabata et al., 

2005;Miyazaki et al., 2001) using the 3-isopropylmalate and isocitrate dehydrogenases as 

the test systems to address questions regarding the origins of archaebacteria. Although 

the authors’ methodology raises serious concern, a summary of their conclusions is 

valuable nonetheless. These two classes of enzyme proteins appear to be related by 
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common ancestry. In their first study in 2001, ancestral residues were inferred using the 

PROTPARS program in the PHYLIP package. These were introduced into an enzyme of 

a strain of extreme thermophiles of the genus Sulfolobus. Of the seven-engineered 

proteins, five displayed a thermal stability higher than was displayed by the modern 

enzyme. This result was interpreted as being consistent with the hypothesis that the 

universal ancestor was a hyperthermophile. 

The study was very recently extended (Iwabataet al., 2005). Here, a total of 18 

sequences of isocitrate dehydrogenases and isopropylmalate dehydrogenases were 

aligned with CLUSTAL X, and well-aligned regions were selected using the program 

Gblock. Composite trees were constructed using a neighbor joining heuristic, and a most 

probable tree was selected. The PAML program was used to construct ancestral 

sequences, using a gamma distribution and the WAG amino acid substitution matrix. A 

parallel analysis permitted these inferences to be compared to those inferred using 

maximum parsimony. One or two ancestral residues were then introduced into the 

isocitrate dehydrogenase from Caldococcus noboribetus, and the thermostability of the 

resulting protein assayed to discover variants that had altered thermal stabilities. In the 

first pass, 4 ‘sets’ of mutations representing ancestral states were introduced individually 

and assayed for their thermostability (variants Y309I/I310L, I321L, A325P/G326S, and 

A336F). The half-inactivation temperatures were 88.4, 88.9, 91.3 and 74 °C, respectively, 

compared to 87.5 °C for the wild-type. The authors then synthesized a construct 

consisting of mutations Y309I/I310L, I321L, and A325P/G326S to yield a variant with a 

half-inactivation temperature of 90 °C. Curiously, the authors failed to synthesize (or at 

least report) a variant consisting of all inferred ancestral states. It would appear that the 
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authors attempted to accommodate their concepts of ancient life while presenting the 

data, rather than presenting a priori reasons to dismiss results that do not conform to 

those concepts. 

With that said, the results were interpreted as evidence for the hyperthermophilic 

hypothesis for the last universal common ancestor (LUCA). However, it is possible that 

the last common ancestor of Archaea (tested here) did not inhabit an environment similar 

to the environment that hosted LUCA. It was also noted, however, that the results were 

not additive. In some cases, an individual change that increased thermostability relative to 

the wild type enzyme did not further enhance the thermal stability of an enzyme already 

stabilized by one of the putative ancestral states. 

Conclusions from these two studies 

These studies push the experimental paleogenetics research strategy back in time 2 

to 3 billion years, to the most primitive ancestors from which descent can be traced. 

Accordingly, the ambiguity encountered is substantial, and available sequence data are 

not sufficient to manage it convincingly. Here, the ambiguities do not depend primarily 

on the details of the model used to infer ancestral states. They seem to arise rather from 

the uncertainty of the phylogenetic tree joining the protein family members. 

The fact that reconstructions can be made at all is therefore noteworthy. Further, if 

the large scale sequencing of random bacterial genomes, as undertaken by Venter and his 

group (Venter et al., 2004), continues, there is good reason to hope that the 

reconstructions become better. Indeed, the temperature history of eubacteria is already 

beginning to be defined (Gaucher, personal communication) by studies throughout that 

kingdom.  
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The preliminary results (Gaucher et al., 2003) suggest that the temperature 

environment of more recent bacterial is still higher than the descendents that presently are 

characterized as mesophiles. The work of Lowe, Knauth and others extracting 

information from the geological record about the temperature history of Earth will soon 

be tied to this molecular record using experimental paleomolecular biology. 

Alcohol Dehydrogenase: A Changing Ecosystem in the Cretaceous 

The ultimate goal of molecular paleoscience is to connect the molecular records for 

all proteins from all organisms in the modern biosphere with the geological, 

paleontological, and cosmological records to create a broadly based, coherent narrative 

for life on Earth. Because much of natural selection is driven by species-species 

interactions, developing this narrative will require tools that broadly connect genomes 

from different species, as well as interconnect events within a single species. It remains 

an open question, of course, how much of the record has been lost through extinction, 

erosion, and poor fossil preservation. 

The first paradigms of this broad interconnection are now beginning to emerge. As 

might be imagined, they feature paleomolecular resurrections. One recently published 

study concerns the interaction between yeast, fruits, and other forms of life near the age 

of the dinosaurs. It appears that this was the time when the first yeast developed the 

metabolic strategy to make and consume ethanol in fleshy fruits. 

 Today, modern yeast living in modern fleshy fruits rapidly convert sugars into 

bulk ethanol via pyruvate (Figure 1-30). Pyruvate then loses carbon dioxide to give 

acetaldehyde, which is reduced by alcohol dehydrogenase 1 (Adh 1) to give ethanol, 

which accumulates. Yeast later consumes the accumulated ethanol, exploiting Adh 2 and 

Adh 1 homologs differing by 24 (of 348) amino acids.  



98 

 

Generating ethanol from glucose in the presence of dioxygen, only to then re-

oxidize the ethanol, is energetically expensive (Figure 1-30). For each molecule of 

ethanol converted to acetyl-CoA, a molecule of ATP is used. This ATP would not be 

“wasted” if the pyruvate that is made initially from glucose were delivered directly to the 

citric acid cycle.  

This implies that yeast has a reason, transcending simple energetic efficiency, for 

rapidly converting available sugar in fruit to give bulk ethanol in the presence of 

dioxygen. One "just so" story to explain this inefficiency holds that yeast, which is 

relatively resistant to ethanol toxicity, may accumulate ethanol to defend resources in the 

fruit from competing microorganisms(Boulton et al., 1996). While the ecology of wine 

yeasts is certainly more complex than this simple hypothesis implies,(Fleet and Heard, 

1993) fleshy fruits offer a large reservoir of carbohydrate, and this resource must have 

value to competing organisms as well as to yeast. For example, humans have exploited 

the preservative value of ethanol since prehistory (McGovern, 2004). 

The timing of Adh expression in Saccharomyces cerevisiae and the properties of 

the expressed proteins are both consistent with this story. The yeast genome encodes two 

major alcohol dehydrogenases (Adhs) that interconvert ethanol and acetaldehyde (Figure 

1-30)(Wills, 1976). The first (Adh 1) is expressed at high levels constitutively. Its kinetic 

properties optimize it as a catalyst to make ethanol from acetaldehyde(Ellington and 

Benner, 1987;Fersht, 1977). In particular, the Michaelis constant (KM) for ethanol in Adh 

1 is high (17000–20000 µM), consistent with ethanol being a product of the reaction. 

After the sugar concentration drops, the second dehydrogenase (Adh 2) is derepressed. 

This paralog oxidizes ethanol to acetaldehyde with kinetic parameters suited for this role. 
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The KM for ethanol for Adh 2 is low (600–800 µM), consistent with ethanol being its 

substrate. 

Adh 1 and Adh 2 are homologs (Ellington and Benner, 1987) differing by 24 of 

348 amino acids. Their common ancestor, termed ADHA, had an unknown role. If ADHA 

existed in a yeast that made, but did not accumulate, ethanol, its physiological role would 

presumably have been the same as the role of lactate dehydrogenase in mammals during 

anaerobic glycolysis: to recycle NADH generated by the oxidation of glyceraldehyde-3-

phosphate (Figure 1-30)(Stryer, 1995). Lactate, in human muscle, is removed by the 

bloodstream; ethanol would be lost by the yeast to the environment. If so, ADHA should 

be optimized for ethanol synthesis, as is modern Adh 1. The kinetic behaviors of ADHA 

should resemble those of modern Adh 1 more than Adh 2, with a high KM for ethanol. 

To add paleobiochemical data to convert this "just so" story into a more compelling 

scientific narrative, a collection of Adhs from yeasts related to S. cerevisiae was cloned, 

sequenced, and added to the existing sequences in the database (Thomson et al., 2005). A 

maximum likelihood evolutionary tree was then constructed using PAUP*4.0 (Figure 1-

31)(Swofford, 1998). Maximum likelihood sequences for ADHA were then reconstructed 

using both codon and amino acid models in PAML(Yang, 1997) . When the posterior 

probability that a particular amino acid occupied a particular site was > 80%, that amino 

acid was assigned at that site in ADHA. 

When the posterior probability was <80% and/or the most probabilistic ancestral 

state estimated using the codon and amino acid models were not in agreement, the site 

was considered ambiguous, and alternative ancestral genes were constructed. For 

example, the posterior probabilities of two amino acids (methionine and arginine) were 
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nearly equal at site 168 in ADHA, three amino acids (lysine, arginine, and threonine) were 

plausibly present at site 211, and two (aspartic acid and asparagine) were plausible for 

site 236. To handle these ambiguities, all twelve (all 2 x 2 x 3 combinations) candidate 

ADHAs were resurrected by constructing genes that encoded them, transforming these 

genes into a strain of S. cerevisiae (Thomson, 2002)  from which both Adh 1 and Adh 2 

had been deleted, and expressing them from the Adh1 promoter. All of the ancestral 

sequences could rescue the double deletion phenotype,  

Table 1-7 collects kinetic data from the candidate ancestral ADHAs. To assess the 

quality of the data, Haldane values (= Keq = VfKiqKp/ VrKiaKb) (Segel, 1975), where Vf 

and Vr are forward and reverse maximal velocities, Kia and Kiq are disassociation 

constants for NAD+ and NADH, and Kb and Kp are Michaelis constants for ethanol and 

acetaldehyde, respectively) were calculated from the experimental data. These 

reproduced the literature equilibrium constant for the reaction to within a factor of two. 

One variant, termed MTN, had very low catalytic activity in both directions. This 

suggested that this particular candidate ancestor was not present in the ancient yeast. 

Significant to the hypothesis, the kinetic properties of the remaining candidate 

ancestral ADHAs resembled those of Adh 1 more than Adh 2 (Table 1-7). From this, it 

was inferred that the ancestral yeast did not have an Adh specialized for the consumption 

of ethanol, like modern Adh 2, but rather had an Adh specialized for making ethanol, like 

modern Adh 1. This, in turn, suggests that the ancestral yeast prior to the time of the 

duplication did not consume ethanol. This implies that the ancestral yeast also did not 

make and accumulate ethanol under aerobic conditions for future consumption, and that 
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the make-accumulate-consume strategy emerged after Adh 1 and Adh 2 diverged. These 

interpretations are robust with respect to the ambiguities in the reconstructions. 

Several details are noteworthy. For modern Adh 1, reported KM values for ethanol 

range from 17000 to 24000 µM, from 170–240 µM for NAD+, from 1100–3400 µM for 

acetaldehyde, and from 110–140 µM for NADH (Ganzhorn et al., 1987). These 

comparisons, together with the Haldane analysis, provide a view of the experimental 

error in the kinetic parameters reported here. Thus, the interpretations are based on 

differences well outside of experimental error. 

Further, when paralogs are generated by duplication, the duplicate acquiring the 

new functional role is often believed to evolve more rapidly than the one retaining the 

primitive role (Kellis, Birren and Lander, 2004). If this were generally true, one might 

identify the functionally innovative duplicate by a bioinformatics analysis. While this 

may be true for many genes, chemical principles do not obligate this outcome, and it is 

not manifest with these Adh paralogs. Here, the rate of evolution is not markedly faster in 

the lineage leading to Adh 2 (having the derived function) than in the lineage leading to 

Adh 1 (having the primitive function). Thus, a paleobiochemistry experiment was 

necessary to assign the primitive behavior. 

Further, the Haldane ratio relates various kinetic parameters (kcat, KM, Kdiss) that 

can change via a changing amino acid sequence to the overall equilibrium constant, 

which the enzyme (being a catalyst) cannot change. Thus, if a lower KM for ethanol is 

selected, other terms in the Haldane must change to keep the ratio the same. This is 

observed in data for the ancestral proteins prepared here and the natural enzymes. 
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The assignment of a primitive function to ADHA raises a broader historical 

question: Did the Adh1/Adh 2 duplication, and the "accumulate-consume" strategy that it 

presumably enabled, become fixed in response to a particular selective pressure? 

Connecting molecular change to organismic fitness is always difficult (Kreitman and 

Akashi, 1995), but is necessary if reductionist biology is to move through systems 

biology to a planetary biology that answers "Why?" as well as "How?" questions (Benner 

et al., 2002).  

Hypothetically, the emergence of a make-accumulate-consume strategy may have 

been driven by the domestication of yeast by humans selecting for yeast that accumulate 

ethanol. Alternatively, the strategy might have been driven by the emergence of fleshy 

fruits that offered a resource worth defending using ethanol accumulation. We might 

distinguish between the two by estimating the date when the Adh 1/2 duplication 

occurred. Even with large errors in the estimate, a distinction should be possible, as 

human domestication occurred in the past million years, while fleshy fruits arose in the 

Cretaceous, after the first angiosperms appeared in the fossil record 125 Ma (Sun, 2002), 

but before the extinction of the dinosaurs 65 Ma (Collinson and Hooker, 1991;Fernandez-

Espinar, Barrio and Querol, 2003). 

The topology of the evolutionary tree in Figure 1-31 suggests that the Adh 1/2 

duplication occurred before the divergence of the sensu strictu species of Saccharomyces 

(Fernandez-Espinar, Barrio and Querol, 2003), but after the divergence of 

Saccharomyces and Kluyveromyces. The date of divergence of Saccharomyces and 

Kluyveromyces is unknown, but might be estimated to have occurred 80 ± 15 million 

years ago (Berbee and Taylor, 1993). This date is consistent with a transition redundant 
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exchange (TREx) clock (Benner, 2003), which exploits the fractional identity (f2) of 

silent sites in conserved two fold redundant codon systems to estimate the time since the 

divergence of two genes. Between pairs of presumed orthologs from Saccharomyces and 

Kluyveromyces, f2 is typically 0.82, not much lower than the f2 value (0.85) separating 

Adh 1 and Adh 2 (Benner et al., 2002), but much lower than paralog pairs within the 

Saccharomyces genome that appear to have arisen by more recent duplication (ca. 0.98) 

(Lynch and Conery, 2000). 

Interestingly, Adh 1 and Adh 2 are not the only pair of paralogs where 0.80 < f2 < 

0.86 (Benner et al., 2002). Analysis of ca. 350 pairs of paralogs contained in the yeast 

genome (considering pairs that shared at least 100 silent sites, and diverged by less than 

120 point accepted replacements per 100 sites) identified15 pairs having 0.80 < f2 < 0.86 

(Figure 1-32). These represent eight duplications that occurred near the time of the Adh 1 

and Adh 2 duplication, if f2 values are assumed to support a clock.  

These duplications are not randomly distributed within the yeast genome. Rather, 

six of the eight duplications involve proteins that participate in the conversion of glucose 

to ethanol (Table 1-8). Further, the enzymes arising from the duplicates are those that 

appear, from expression analysis, to control flux from hexose to ethanol (Pretorius, 

2000;Schaaff, Heinisch and Zimmerman, 1989). These include proteins that import 

glucose, pyruvate decarboxylases that generates the acetaldehyde from pyruvate, the 

transporter that imports thiamine for these decarboxylases, and the Adhs (the red proteins 

in Figure 1-30). If the f2 clock (within its expected variance) is assumed to date paralogs 

in yeast, this cluster suggests that several genes other than Adh duplicated as part of the 
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emergence of the new make-accumulate-consume strategy, near the time when fleshy 

fruit arose.  

The six gene duplications proposed to be part of the emergence of the make-

accumulate-consume strategy (in the 0.80 < f2< 0.86 window) are not associated with one 

of the documented blocks of genes duplicated in ancient fungi, possibly as part of a 

whole genome duplication (WGD)(Kellis, Birren and Lander, 2004;Wolfe and Shields, 

2001). Two duplications in genes that are not associated with fermentation that fall in the 

0.80 < f2< 0.86 window are part of a duplication block (see Table 1-8). The silent sites 

for most gene pairs associated with blocks are nearly equilibrated (with the prominent 

exception of ribosomal proteins), and therefore suggest that most blocks arose by 

duplications more ancient than duplications in the 0.80 < f2< 0.86 window. Therefore, the 

hypothesis that a set of six time-correlated duplication (Figure 1-32, Table 1-8) generated 

the make-accumulate-consume strategy in yeast near the time when fermentable fruit 

emerged is not inconsistent with the WGD hypothesis. 

The ecology of fermenting fruit is complex. In rotting fruits, cerevisiae become 

dominant after fermentation begins, while osmotic stress and pH, as well as ethanol, 

appear to inhibit the growth of competing organisms (Pretorius, 2000). Nevertheless, the 

emergence of bulk ethanol may not be unrelated to other changes in the ecosystem at the 

end of the Cretaceous (Figure 1-33), which include the extinction of the dinosaurs and the 

emergence of mammals and fruit flies (Ashburner, 1998;Barrett and Willis, 2001;Baudin 

et al., 1993). Thus, this paleogenetics experiment is an interesting step to connect the 

chemical behavior of individual enzymes operating as part of a multi-enzyme system, via 

metabolism and physiology, to the ecosystem and the fitness of organisms within it.  
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Resurrecting the Ancestral Steroid Receptor and the Origin of Estrogen Signaling 

Another narrative to be supported by paleomolecular resurrection focused on 

receptors for steroid hormones by Thornton and his coworkers (Thornton, Need and 

Crews, 2003). Steroid receptors are widely distributed throughout the chordates.  In the 

pre-genomic age, steroid receptors were not known in invertebrates, either by analysis of 

fully sequenced invertebrate genomes or by classical biochemical studies. Because of 

this, steroid receptors were thought to have arisen early in the divergence of chordates, 

perhaps some 400 to 500 million years ago, presumably via the duplication of a more 

ancient receptor gene (Baker, 2003;Escriva et al., 1997;Giguere, 2002).  

Vertebrate type steroids appear to be involved in the reproductive endocrinology of 

certain mollusks, however (Di Cosmo, Di Cristo and Paolucci, 2001;Di Cosmo, Di Cristo 

and Paolucci, 2002). Further, arthropods and nematodes, where the most intensive studies 

had been done to suggest that steroid receptors are absent, both use ecdysone as a molting 

hormone (Peterson and Eernisse, 2001), making it conceivable  that steroid receptors 

were lost in the lineage leading to ecdysozoa. Further, analysis of receptor sequences, the 

ancestral sequence of steroid receptor (AncSR1) and structure mapping studies indicated 

that the ancient progenitor of this protein class was most similar to extant estrogen 

receptors (Thornton, 2001).  

Guided by these hints, Thornton and his coworkers used degenerate PCR and rapid 

amplification of cDNA ends to isolate putative estrogen receptor sequence from the 

mollusk Aplysia californica. The protein sequence of the Aplysia receptor’s DNA-

binding domain (DBD) was found to be more similar to that of the vertebrate estrogen 

receptors, compared to those of other nuclear receptors. This suggested that Aplysia 

might have a true estrogen receptor. 
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To characterize the molecular function of the Aplysia estrogen receptor, Thornton 

separately analyzed the activity of its DNA binding domain (the DBD) and its ligand 

binding domain (LBD) by expressing them in fusion constructs in a cell culture system 

(Green and Chambon, 1987). The Aplysia DBD was fused with a constitutive activation 

domain (AD) and the construct was cotransfected with an estrogen response element 

(ERE) luciferase reporter gene into CHO-K1 cells. The Aplysia estrogen receptor-DBD 

fusion protein activated luciferase expression approximately 10-fold above control levels, 

which is slightly more than that produced by the analogous construct using the human 

estrogen receptor DBD.  

The identification of a putative estrogen receptor from the mollusk suggested that 

steroid receptors might be more ancient in metazoa than it had been thought. Barring 

lateral transfer, the presence of an estrogen receptor in both mollusks and chordates 

suggested that steroid receptors arose prior to the divergence of bilaterally symmetric 

animals. This gene was, according to this hypothesis, lost in the lineage leading to 

arthropods and nematodes. 

The existence of a receptor family in chordates and mollusks does not, of course, 

require that the ligand specificity be the same throughout the family history. In order to 

use a paleobiochemical experiment to determine this, Thornton et al. analyzed 74 steroid 

and related receptors, including the putative Aplysia estrogen receptor, using maximum 

parsimony and Bayesian Markov Chain Monte Carlo (BMCMC) techniques. Both 

methods suggested that the Aplysia sequence is an ortholog of the vertebrate estrogen 

receptors, with a BMCMC posterior probability of 100%, a bootstrap proportion of 90%, 

and a decay index of 6. Although BMCMC probabilities can overestimate statistical 
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confidence (Hillis and Bull, 1993;Suzuki, Glazko and Nei, 2002), the result suggests that 

the steroid receptors originated ca. 600 to 1200 million years ago as the major metazoan 

phyla were just beginning to diverge (Benton and Ayala, 2003).  

To characterize the functionality of the LBD, a fusion of the Aplysia ER-LBD with 

a Gal4-DBD was co-transfected with a luciferase reporter driven by an upstream activator 

sequence, the response element for Gal4-DBD. The Aplysia ER-LBD activates 

transcription constitutively, and none of a set of vertebrate steroid hormones, including 

estrogens, androgens, progestins, and corticoids, further activated or repressed this 

activation, even at micromolar doses.  

Thornton et al. then resurrected the conserved functional domains of the ancestral 

steroid receptor (AncSR1) from which all extant steroid receptors evolved. A maximum 

likelihood joint reconstruction algorithm in PAML (Yang, 1997) was used to obtain the 

protein sequences of the ancestral AncSR1 DNA binding domain and ligand binding 

domains using a sequence matrix (Gonnet, Cohen and Benner, 1992), the Jones model for 

amino acid replacement, a gamma distribution of evolutionary rates across sites with for 

rate categories, and a tree determined by maximum parsimony methods. Although 

support for the AncSR1 node is not strong in a parsimony context, it has 100% posterior 

probability, and the best tree with this node has a likelihood 4.7 million times greater than 

the best tree without this node.  

The matrix included broadly sampled representatives of both ligand-regulated and 

ligand-independent receptors. The maximum likelihood sequence inferred for the 

AncSR1-DBD had a mean probability of 81% per site; the AncSR1-ligand binding 

domain had a mean probability of 62%.  
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The amino acid chosen for each position in the ancestral (AncSR1 DBD and LBD) 

sequences was the one amino acid preferred at each site. The appropriate gene was 

synthesized and subcloned into fusion constructs. When the constructs containing 

AncSR1 domains were expressed in CHOK1 cells, their activity was consistent with the 

prediction that the ancestral receptor would function like an estrogen receptor (Thornton, 

2001). For example, the AncSR1-DNA binding domain fusion increased transcription 

from an estrogen response element ca. 4-fold, which is slightly less than the human ER-

DNA binding domain but significantly greater than that seen in controls. Other extant 

steroid receptors do not activate effectively on EREs (Zilliacus et al., 1994).  

The AncSR1-ligand binding domain activated transcription in a dose-dependent 

fashion in the presence of estradiol, estrone, and estriol. The magnitude of hormone-

induced activation was smaller than that effected by the human ER-ligand binding 

domain with estradiol. Similar results were obtained with a radio-ligand binding assay. 

Here, the concentration to the midpoint was in the 10-100 nM range; the corresponding 

range in human ER-LBD construct was in the 1-3 nM range.  

To assess specificity, other steroids, including androgens, progestins, and 

corticoids, were examined. These gave still smaller maximal activation of the AncSR1, 

ranging from 1 to 45% of that observed with estradiol. Further, dose-response analysis 

shows that the ancestor was 30,000 fold less sensitive to these ligands than to estradiol. 

This suggests a high level of estrogen specificity.  

It is unlikely that the specificity of estrogen activation is an artifact. Of the 26 sites 

in the ligand-binding pocket, 22 were identical to a human estrogen receptor. Thornton et 

al. argued that because random mutation impairs function more frequently than 
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enhancing it in estrogen receptors, error in the reconstruction is more likely to reduce the 

efficiency of steroid binding and activation than to create it de novo.  This is analogous to 

the argument used in resurrecting ancestral digestive ribonucleases. 

These findings provide empirical support for the hypothesis that the ancient 

ancestral SR functioned a billion years ago as an estrogen receptor. This result is also 

consistent with the hypothesis that this ancient steroid receptor gene was lost along the 

lineage leading to ecdysozoa. Thornton et al (Thornton, Need and Crews, 2003), 

suggested that in the lineage leading to the Aplysia ER, ligand regulation was lost.  

This narrative indicates how paleomolecular resurrections can open up biological 

understanding in a way that is difficult to do in any other way. First, the narrative 

suggests a previously unrecognized degree of functional and genomic lability in steroid 

receptors. The existence of a primitive steroid receptor also suggests that many other non-

ecdysozoan metazoans, including echinoderms, annelids, and platyhelminthes, will also 

have steroid receptors. Given limited experimental evidence for a reproductive role of 

steroid hormones in cephalopod and gastropod mollusks (Di Cosmo, Di Cristo and 

Paolucci, 2001;Di Cosmo, Di Cristo and Paolucci, 2002;Oberdorster and McClellan-

Green, 2002), Thornton et al. suggested that the loss of estrogen-dependent activation in 

the Aplysia system is recent and unique to the Opisthobranchs.  

Thornton et al. did not take the next step, to place their work within a planetary 

context. It is possible to do so in many ways. For example, the biosynthesis of estrogen 

requires molecular oxygen. This is not only because of the conversion of squalene to 

squalene oxide, an early step in lanosterol biosynthesis, or in the conversion of lanosterol 

to cholesterol, all very basic to eukaryotic biology. Estradiol also requires aromatase, the 
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enzyme discussed in the first section of this review. This enzyme also requires dioxygen, 

and is part of a cytochrome P450 family of proteins that underwent explosive divergence 

near the time of the origins of the metazoans, relatively late compared with the dioxygen-

utilizing enzymes that make squalene oxide and oxidatively decarboxylate lanosterol. 

It would be helpful to revisit the problem of the steroid receptors as more metazoan 

genomes become available. This would include sampling a larger number of candidate 

ancestral estrogen receptors to demonstrate the robustness of the inferences with respect 

to the ambiguity inherent in this analysis. The emergence of the metazoan endocrine 

system is a fascinating theme in the emergence of multicellularity in animals. Molecular 

paleoscience will undoubtedly play a key role in the development of our understanding of 

this important event in the history of life on Earth, and generate a deeper understanding 

of developmental biology in the process. 

Ancestral Coral Fluorescent Proteins 

Some experiments in paleobiochemistry are exceptionally elegant in their 

execution. For example, proteins homologous to the green fluorescent protein (GFP) 

from Aequorea victoria exploit two autocatalytic consecutive reactions to complete the 

synthesis of the chromophores that generate the green and cyan emissions. Red 

fluorescent proteins and purple-blue chromoproteins require a third reaction to prepare 

the emitter. By this criteria, the red and purple-blue chromoproteins are more "advanced" 

(Ugalde, Chang and Matz, 2004).  

Neverthless, the natural world contains several examples of red/green color 

diversification within this superfamily (Shagin et al., 2004). This may reflect convergent 

evolution of molecular complexity. To examine this issue, Ugalde et al. (Ugalde, Chang 

and Matz, 2004) studied the historical event that gave rise to the color diversity exhibited 
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by the great star coral, Montastraea cavernosa. This coral has several genes coding for 

fluorescent proteins that generate cyan, shortwave green, longwave green, and red 

emissions (Kelmanson and Matz, 2003).  

The sequences were inferred and synthesized for the common ancestor of all M. 

cavernosa colors ("ALL ancestor"), the common ancestor of red proteins ("Red 

ancestor"), and two intermediate nodes corresponding to the possible common ancestors 

of red and long-wave green proteins ("Red/Green ancestor" and "pre-Red ancestor") 

(Figure 1-34). Three models of evolution based on different types of sequence 

information: amino acids, codons, and nucleotides(Yang, 1997), were used. The 

reconstructions of all four ancestral sequences were largely robust under these models, 

with average posterior probabilities at a site ranging from 0.96 to 0.99. Still, the models 

were in disagreement at between 4 and 8 sites (out of a total of 217).  

Ugalde et al. therefore designed codons corresponding to these sites to be 

degenerate. Bacteria were transformed with plasmids carrying the genes encoding the 

ancestral proteins. This permitted a library to sample alternative predictions. For each 

type of the ancestral gene, the protein products were found to display identical 

fluorescent phenotypes regardless of the amino acid at the ambiguous site. 

Green color at any of the ancestral nodes would indicate that red proteins from 

other parts of the phylogeny were the result of convergent evolution. In contrast, if red 

fluorescent arose only once, then all ancestors would emit red fluorescence. The ALL 

ancestor turned out to emit in the shortwave green. The two possible common ancestors 

of red and green proteins (Red/Green and pre- Red) showed an intermediate longwave 

green/red emission. Although most of the protein remained longwave green, a small 
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fraction was able to complete the third autocatalytic step in the chromophore synthesis, 

resulting in a small amount of red emission.  

Clones of the Red ancestor showed an “imperfect red” phenotype. Although the red 

emission dominated, the conversion of green to red was still less efficient than in modern 

reds, resulting in a prominent peak of green fluorescence. 

These results suggested that because the ALL ancestor was green and not red, the 

red emission color within the superfamily of GFP-like proteins has originated more than 

once. This establishes the convergent evolution of this complex molecular system. The 

red emitting system evidently evolved from the green emitting system through a stepwise 

accumulation of amino acid replacements. 

The most elegant part of this report was undoubtedly the presentation of the results. 

Here, a phylogenetic tree was traced onto the growth medium in a Petri dish, with the 

ancestral and modern sequences appropriately placed. When observed under ultraviolet 

light, the dish gives a visual image of the evolution of fluorescent colors. 

The planetary biology of this system was not discussed by Ugalde et al (2004). It 

remains a subject of open discussion why these taxa fluoresce. Clearly, however, the 

emission of light is a way of interacting with an environment, which is changing. While 

the visual pigments of the organisms intended to receive the light are not, to our 

knowledge, a parallel evolutionary history must exist with these. As the post-genomic age 

develops, there is little doubt that these will be found and understood. 

Isopropylmalate Dehydrogenases 

Evolutionary analysis indicates that eubacterial NADP-dependent isocitrate 

dehydrogenases (IDH) first evolved from an NAD-dependent precursor about 3.5 billion 

years ago. Various authors have suggested that selection in favor of utilizing NADP was 
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a result of an expansion of an ecological niche during growth on acetate, where isocitrate 

dehydrogenase provides 90% of the NADPH necessary for biosynthesis.  

Dean and his coworkers (Zhu, Golding and Dean, 2005) used experimental 

paleobiochemistry to explore the divergence of cofactor specificity in this system starting 

from the NADP-dependent IDH (NADP-IDH) (Hurley et al., 1989) and the NAD-

dependent isopropylmalate dehydrogenase (NAD-IMDH) (Imada et al., 1991). This 

example illustrated the limits of an analysis when overall amino acid composition was 

low. The degree of divergence here is very high, only 17% to 24% of the sites are 

identical across the system.  Therefore, the sequence alignments obtained using 

CLUSTAL W (Thompson, Higgins and Gibson, 1994) misaligned residues that were 

independently known to be critical to substrate binding and catalysis. Therefore, the 

multiple sequence alignment modified using the crystallographic structures of 

Escherichia coli NADP-dependent IDH (NADP-IDH) (Hurleyet al., 1989) and Thermus 

thermophilus NAD-dependent isopropylmalate dehydrogenase (NAD-IMDH) (Imada et 

al., 1991) as guides. 

Three amino acids responsible for differing coenzyme specificities were identified 

from x-ray crystallographic structures of NADP bound to Escherichia coli isocitrate 

dehydrogenase and the distantly related Thermus thermophilus NAD-dependent 

isopropylmalate dehydrogenase bound to NAD (An enzyme that is homologous to IDH’s 

and use NAD) (Hurley and Dean, 1994;Hurley et al., 1991;Yasutake et al., 2003). In a 

previous study (Dean and Golding, 1997) the authors determined, using a maximum 

likelihood ancestral reconstruction, that the six conserved residues binding NADP in IDH 

were introduced very early in evolution. The complementation of the structural and the 
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ancestral reconstruction studies revealed that the three residues responsible for binding 

the cofactor (NADP) were ancestral. The other residues were not conserved in the NAD 

binding enzymes and are therefore not involved in binding NAD. Based on these results, 

site directed mutagenesis targeting these sites in the binding pocket has been used to 

invert the coenzyme specificity of Escherichia coli IDH from NADP to NAD. The 

specificity was confirmed with kinetic experiments. 

Having determined the ancestral residues responsible for cofactor specificity the 

authors set out to test the hypothesis that NADP use is an adaptation to growth on acetate 

(Dean and Golding, 1997). When bacteria grow on highly reduced (energy-rich) 

compounds such as glucose, NADPH (the reduced form of NADP) for biosynthesis is 

obtained by diverting energy-rich carbon from glycolysis into the oxidative branch of the 

pentose phosphate pathway (Neidhardt, Ingraham and Schaechter, 1990). During growth 

on acetate, which is a highly oxidized (energy-poor) compound, there is no energy-rich 

carbon to divert into the oxidative branch, and therefore alternative sources of NADPH 

are required. A competition study of genetically identical bacterial strains, except for the 

gene coding for NADP dependent IDH, was undertaken. One strain had the wild-type 

NADP-IDH and the second had the IDH with the ancestral NAD binding residues 

obtained from the first part of the study. The chemostat competition experiments were 

conducted on either glucose or acetate as the only limiting factor. The ancestral NAD 

binding IDH was strongly selected againt when grown on acetate, yet it was favored over 

the NADP binding wild-type when grown on glucose. These results supported the 

hypothesis. 



115 

 

To further show that selection on actetate is truly acting and not some other factor, 

like altered kinetics or less efficient regulation of the ancestral enzyme by IDH 

kinase/phosphatase, the authors devised a test to confirm their finding. If the selection at 

the IDH gene is truly caused by cofactor specificity then if other sources of NADPH were 

removed, selection for the IDH-NADP gene should increase. Conversely, if this effect is 

independent of coenzyme use then no such increase should be observed. Indeed 

competition studies on strains with deletion background in genes contributing NADPH 

(maeB, pntAB, and udhA encoding a soluble transhydrogenase, UdhA) showed that 

selection, on acetate, against the ancestral NAD-IDH increases as the sources of NADPH 

decline. These results further support the hypothesis. 

Genomic comparisons also supported the plaeoscience results. It was found that 

isocitrate lyase (ICL), an essential enzyme for growth on acetate, was always found in all 

of the 46 genomes that also encode NADP-dependent IDH. Further, no ICL is found in 

the 12 genomes encoding NAD-dependent IDH. Members of both groups represent 

highly diverse phylogenies, including archaea, bacilli, and α- and γ- proteobacteria, and 

with variable metabolic lifestyles and habitats. The genomic studies in isolation would 

have been merely a hint, but when added to the paleobochemical experimental results 

they become part of a sophisticated scientific narrative that not only shows evolutionary 

adaptation but also clarifies the structural and mechanistic basis for such selection. 

Global Lessons 

The results of these 20 examples provide the first glimpse of the power of a field 

that is just beginning. These examples also provide rejoinders to some of the objections 

that are frequently raised by those who criticize the paradigm. 
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First, the resurrected sequences provide more information than consensus models, 

single residue swapping, or simply comparing ancestral sequences. In many cases, the 

properties of the ancestral proteins are not simply an average of the properties of the 

descendent proteins (Axe, 2000). This is a consequence of a very fundamental principle 

of organic chemistry; the whole is not a linear sum of the parts in most molecules, and 

certainly not in proteins.  

The implication of this generalization is that selective reconstruction might not be 

sufficient to draw accurate inferences. The more complete the resurrection, the more 

likely the result is to give a reliable result. 

These examples show a wide range of tactics for managing ambiguities. With the 

exception of those who chose to use consensus sequences to approximate an ancestral 

sequence, the degree to which ambiguity was managed reflected in large part the extent 

to which the data allowed the ambiguity to be managed. Sequence data are adequate to 

ensure that if the target for resurrection lived in the past 100 million years, the ambiguity 

could be comprehensively sampled. In more ancient resurrections, limitations from the 

dataset meant that the sampling was less comprehensive. 

One outcome of these studies was how infrequently it was found that ambiguities 

compromised the biology. In general, when the ambiguity was comprehensively sampled, 

a few of the proteins appeared to be defective to an extent that that particular sequence 

was deemed to be unlikely to be a true ancestor. Otherwise, it was difficult to find an 

example where ambiguity caused a biological interpretation to be uncertain. 

This observation is, of course, good news for those working in the area. It may, as 

suggested in the second section of this review, reflect the fact that ambiguity is generally 
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at sites that have suffered a large amount of neutral amino acid replacement, and that 

neutral drift generally means that replacement of an amino acid at that site does not have 

any impact on a functionally significant behavior of a protein. Further work is required to 

explore the generality of this observation. 

It is clear that functionally significant in vitro behaviors for a protein where new 

biological function has emerged can also be identified by paleomolecular resurrections.  

Several examples now exist of a strategy that examines the behavior of proteins 

resurrected from points in history before and after the episode of adaptive evolution, as 

indicated by a high rate of sequence change. Those behaviors that are rapidly changing 

during the episode of adaptive sequence evolution, by hypothesis, confer selective value 

on the protein in its new function, and therefore are relevant to the change in function, 

either directly or by close coupling to behaviors that are. The in vitro properties that are 

the same at the beginning and end of this episode are not relevant to the change in 

function. 

 

 

Figure 1-1. An Old World fossil suid shortly after the emergence of large litter sizes. 
(from the S. A. Benner collection: Photo courtesy of Steven Benner). 
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C 11.5 
S  0.1  2.2 
T -0.5  1.5  2.5 
P -3.1  0.4  0.1  7.6 
A  0.5  1.1  0.6  0.3  2.4 
G -2.0  0.4 -1.1 -1.6  0.5  6.6 
N -1.8  0.9  0.5 -0.9 -0.3  0.4  3.8 
D -3.2  0.5  0.0 -0.7 -0.3  0.1  2.2  4.7 
E -3.0  0.2 -0.1 -0.5  0.0 -0.8  0.9  2.7  3.6 
Q -2.4  0.2  0.0 -0.2 -0.2 -1.0  0.7  0.9  1.7  2.7 
H -1.3 -0.2 -0.3 -1.1 -0.8 -1.4  1.2  0.4  0.4  1.2  6.0 
R -2.2 -0.2 -0.2 -0.9 -0.6 -1.0  0.3 -0.3  0.4  1.5  0.6  4.7 
K -2.8  0.1  0.1 -0.6 -0.4 -1.1  0.8  0.5  1.2  1.5  0.6  2.7  3.2 
M -0.9 -1.4 -0.6 -2.4 -0.7 -3.5 -2.2 -3.0 -2.0 -1.0 -1.3 -1.7 -1.4  4.3 
I -1.1 -1.8 -0.6 -2.6 -0.8 -4.5 -2.8 -3.8 -2.7 -1.9 -2.2 -2.4 -2.1  2.5  4.0 
L -1.5 -2.1 -1.3 -2.3 -1.2 -4.4 -3.0 -4.0 -2.8 -1.6 -1.9 -2.2 -2.1  2.8  2.8  4.0 
V  0.0 -1.0  0.0 -1.8  0.1 -3.3 -2.2 -2.9 -1.9 -1.5 -2.0 -2.0 -1.7  1.6  3.1  1.8  3.4 
F -0.8 -2.8 -2.2 -3.8 -2.3 -5.2 -3.1 -4.5 -3.9 -2.6 -0.1 -3.2 -3.3  1.6  1.0  2.0  0.1  7.0 
Y -0.5 -1.9 -1.9 -3.1 -2.2 -4.0 -1.4 -2.8 -2.7 -1.7  2.2 -1.8 -2.1 -0.2 -0.7  0.0 -1.1  5.1  7.8 
W -1.0 -3.3 -3.5 -5.0 -3.6 -4.0 -3.6 -5.2 -4.3 -2.7 -0.8 -1.6 -3.5 -1.0 -1.8 -0.7 -2.6  3.6  4.1 14.2 
    C    S    T    P    A    G    N    D    E    Q    H    R    K    M    I    L    V    F    Y    W 

 
Figure 1-2. A 20 x 20 matrix whose elements are 10 times the logarithm of the 

probability of the index amino acids being aligned by reason of common 
ancestry, divided by the probability of their being aligned by random chance, 
collected from aligned protein sequence pairs having ca. 0.15 amino acid 
replacements per site, and extrapolated to protein pairs having 2.5 amino acid 
replacements per site, based on the assumption that accumulation of accepted 
point mutation is a Markovian process, where subsequent point mutations are 
not influenced by predecessor point mutations. 

 
 

Figure 1-3. (left) A part of the multiple sequence alignment relating the sequences of the 
ribonucleases from the eland, the ox, and the swamp and river buffaloes, 
covering sites 37-43. Note that the full sequence alignment has ca. 130 sites. 
Thus, the topology of the tree (right) is determined by the analysis of all of the 
sites, not just the seven sites shown here. This evolutionary tree (right) 
relating the sequences of the ribonucleases from the eland, the ox, and the 
swamp and river buffaloes. The eland sequence is, from paleontological and 
cladistic studies, chosen to be the outgroup. As such, it can provide a root for 
the tree containing just the sequences of the RNases from the ox, the swamp 
buffalo, and the river buffalo. 
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Figure 1-4. A fragmentary specimen of Pachportax latidens, from (presently) Pakistan, 
representing part of the horn core and skull of a bovid that approximates the 
ancestor of the buffaloes and modern oxen (From the British Museum of 
Natural History. This is a photo courtesy of Steven Benner. 

 

 
 

Figure 1-5. The amino acid at a site 39 is methionine (Met, or M) in the RNase from both 
the swamp and the river buffalo. Therefore, a simple theory of evolution that 
holds that no change is substantially more likely than one change can account 
for the commonality of the amino acid residues by assuming that site 39 held a 
Met in all of the evolutionary intermediates between swamp and river buffalo. 
The probability that site 39 holds a Met is unity at every point along the line. 

 

 
 

Figure 1-6. The inferences drawn from the RNAse sequences drawn from the sequences 
of swamp and river buffalo does not differ if the tree is rooted. The probability 
of Met being at position 39 in the last common ancestor of the buffalos is still 
unity. 
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Figure 1-7. The probabilistic values for the amino acid residue at site 38 of the RNase 
system morph smoothly along an evolutionary tree from 1.0 (for Ser) at the 
swamp buffalo leaf to 1.0 (for Asn, N) at the river buffalo leaf. 

 

 
 

Figure 1-8. A rooted tree for site 38 shows probabilistic changes down each branch, with 
the change in  time being positive as one proceeds from nodes higher in the 
tree to nodes lower in the tree. Thus, in the branch leading from the last 
common ancestor to the modern swamp buffalo, there is 0.5 change of an 
ancestral Asn to a Ser. In the branch leading from the last common ancestor to 
the modern river buffalo, there is 0.5 change of an ancestral Ser to an Asn. 

 

 
 

Figure 1-9. A probabilistic model for site 39 in the last common ancestor of swamp and 
river buffalo. Note how the values sum to unity. Note also that the likelihood 
of different amino acids reflects the alignment probabilities of the scoring 
matrix in Figure 1-2. 

 

 
 

Figure 1-10. In a maximum likelihood model, the probability of finding a Met at site 39, 
which is unity at the ends of the line (as we know that Met occupies site 39 in 
the sequences from modern swamp and river buffalo) decreases towards the 
middle, with the probability of all other amino acids being present at that site 
increasing from zero to a maximum at the midpoint of the tree.  
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Figure 1-11. A parsimony analysis infers an Asn at site 38, as this inferences permits the 

occupancy of site 38 in all of the proteins to be accounted for by a single 
change. Any other inference for site 38 would require our evolutionary model 
to assume more changes than the minimum absolutely required to account for 
the amino acids observed at site 38. 

 

 
 
Figure 1-12. A maximum likelihood analysis infers an Asn at site 38 as the post probable 

residue. Note how the additional "prior" information alters the probabilities 
assigned to different amino acids at points throughout the tree. Note that the 
sum of the probabilities of Ser, Asn, and all other amino acids is unity at all 
points in the tree. 

 

 
 
Figure 1-13. The ancestral residues inferred for specific sites at internal nodes in the tree 

also assign changes along individual branches in the tree. 
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Figure 1-14. With a different tree, the amino acid inferred at site 41 changes in a 

parsimony analysis. The ancestral amino acid at position 41 is a Lys for the 
Ox and the Eland, and a Ser for the two buffaloes. The ancestral amino acid at 
position 41 for ancestor P could be a Lys or Ser in this tree.  

 
 
Figure 1-15. The distribution of amino acids at site 168 (left) and site 211 (right) in a set 
of 19 fungal alcohol dehydrogenases. The node of interest is at the right end of the red 
branch, marked with a *. Note the difficulty in reconstructing the amino acid at these 
sites at the node at the right end of the red branch. 
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Figure 1-16. Fossils of Eotragus (from the Musee d'Histoire Naturelle; the photograph is 

courtesy of Steven Benner). 

 
 
Figure 1-17. Fossils of Leptomeryx, a primitive ruminant from the North American 

Oligocene (from the S. A. Benner collection, photograph courtesy of Steven 
Benner) 
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Figure 1-18. The evolutionary tree used in the analysis of ancestral RNases. Lower case 

letters in the nodes in the graph designate putative intermediates in the 
evolution of the protein family (see Table 1-3). Upper case letters (D and G) 
indicate the residue at position 38 in the contemporary and reconstructed 
RNases. The time scale is approximate. The tree was adapted from Beintema 
et al. with a single alteration to join the pig and the hippopotamus together in 
a separate subfamily that branches together from the main line of descent. In 
the Beintema-Fitch tree, the pig and the hippopotamus diverge from the main 
line at separate points.  
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Figure 1-19. A tree showing the divergence of seminal ribonucleases from ruminants. 

Two topologies are shown. The numbers in red next to the nodes indicate the 
number of different candidate ancestral proteins prepared to ensure that the 
ambiguity in the ancestral sequences was covered. 

 
 
Figure 1-20. Tree showing relationship of a variety of serine proteases. Chy with the 

prefix letters h, b, d, and m indicate the human, baboon, dog, rat, and mouse 
chymases, respectively.  Ψ indicates the ancestral chymase that was 
resurrected by Chandrasekharan et al. Bootstrap values are shown at the 
nodes.  
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Figure 1-21. Eomaia, a primitive placental mammal, and Sinodelphys, a primitive 

marsupial, at the Jurassic/Cretaceous boundary, ca. 125 Ma, one of the best 
representative fossils at the time when mammalian protease systems were 
being developed  (from the S. A. Benner collection; photograph courtesy of 
Steven Benner). 

 

 
 
Figure 1-22. A tree relating the Pax genes. Note that Pax-4 is not included in the analysis. 

The resurrected ancestral sequences are donted by ANI, ANII, and AN6, at 
the indicated nodes.  
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Figure 1-23. Visual pigments from vertebrates analyzed by Chang and her coworkers. 
 

 
 
Figure 1-24. A fossil of Confuciusornis sanctus from the Jurassic/Cretaceous boundary, 

ca. 125 Ma. This represents the ealiest bird known with a beak, and a taxa that 
lived after the archosaur whose visual pigment was resurrected by Chang and 
her coworkers. 
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Figure 1-25. An evolutionary tree of 21 vertebrate SWS1 pigments. The tree was inferred 

from both the sequence data and DNA-DNA hybridization data. The seven 
ancestral sequences that were resurrected (circled) were inferred by a 
likelihood-based Bayesian method from Yang. FFTFSTALS refers to the 
amino acids at the critical sites 46, 49, 52, 86, 90, 93, 114, 116, and 118 for 
the ancestral pigment. The UV pigments are boxed. The numbers after P and 
those at the nodes a–g refer to λmax values. The numbers next to nodal arrows 
indicate the total numbers of amino acid changes introduced in constructing 
ancestral pigments. 
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Figure 1-26. The phylogenetic tree of the vertebrate RH2 opsins. In vitro absorption 

maximum values (in nm) are indicated in parentheses. The values of the 
ancestral opsins at nodes A1 (Ancestor 1), A2 (Ancestor 2), and A3 (Ancestor 
3), constructed using the JTT model are also indicated. The branches A, B, 
and C denote the branches A1-A2, A2–zebrafish RH2-1, and A3–zebrafish 
RH2-3, respectively, and are emphasized with thick lines. The absorbance 
shifts that occurred along the branches A, B, and C are indicated. Adapted 
from Chinen et al. 
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Figure 1-27. The two un-rooted universal trees used to reconstruct ancestral bacterial 
sequences. Archaea and Eukarya serve as outgroups for Bacteria, and thus provide a 
point at the base of the bacterial subtree from which ancient sequences can be inferred. 
Thermophilic lineages are highlighted in bold. a, maximum likelihood topology used to 
reconstruct the stem bacteria (ML-stem), or most recent common ancestor of bacteria, 
and the ancestral sequence for mesophilic lineages only (ML-meso). b, alternative 
topology used to reconstruct the stem bacteria (Alt-stem). 
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Figure 1-28. GDP binding assay to test thermostability of ancestral and modern EF 

proteins. The amount of tritium labelled GDP bound at zero degrees was 
subtracted from all other temperature values for a given protein. Shown is the 
relative amount of GDP bound compared to the amount bound at the optimal 
temperature for each protein. 
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Figure 1-29. Evidence of stromatolites in the geologic record.  A, Salt Lake of Uyuni, 

South America, ca. 2.7 Ga (from the E. A. Gaucher collection, Photograph 
courtesy of Eric Gaucher). B, Dutch Creek dolomite from the Proterozoic 
Wyloo Group in the Ashburton basin, Western Australia. Age is 2 ca. Ga 
(from the S. A. Benner collection: Photograph courtesy of Steven Benner). 
The morphology of the structures and the apparent place of deposition 
suggests that these organisms lived after the eubacteria whose protein was 
resurrected by Gaucher et al. 
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Figure 1-30. The pathway by which yeast makes, accumulates, and then consumes, 

ethanol. Enzymes in red are associated with gene duplications that, according 
to the TREx clock, arose nearly contemporaneously. The make-accumulate-
consume pathway is boxed. Note that the shunting of the carbon atoms from 
pyruvate into (and then out of, arrows in blue) ethanol is energy-expensive, 
consuming a molecule of ATP (green) for every molecule of ethanol 
generated. This ATP is not consumed if pyuvate is oxidatively decarboxylated 
directly to give acetyl-CoA to enter the citric acid cycle directly (dotted arrow 
to the right). If dioxygen is available, the recycling of NADH does not need 
the acetaldehyde-to-ethanol reduction. 
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Figure 1-31. Maximum likelihood trees interrelating sequences determined in this work 

with sequences in the publicly available database. Shown are the two trees 
with the best (and nearly equal) ML scores using the following parameters 
estimated from the data: Substitutions A<->C, A<->T, C<->G, G<->T = 1.00, 
A<->G = 2.92, and C<->T = 5.89, empirical base frequencies, and proportion 
of invariable sites and the shape parameter of the gamma distribution set to 
0.33 and 1.31, respectively. The scale bar represents the number of 
substitutions/codon/unit evolutionary time. Single, double, and triple asterisks 
represent bootstrap values greater than 50%, 70%, and 90%, respectively. 

 

  
 
Figure 1-32. A histogram showing all of the pairs of paralogs in the Saccharomyces 

cerevisae genome, dated using the TREx tool. 
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Figure 1-33. Right. Cretaceous fruit from Patagonia showing insect damage. Left: a 

similar example in extant fruit. From Jorge F. Genise (Museo Paleontológico 
E. Feruglio, Trelew, Argentina)  (www.ub.es/dpep/meganeura/ 
53ichnology.htm). 

 
 

 
 

Figure 1-34.  Phylogeny of GFP-like proteins from the great star coral M. cavernosa and 
closely related coral species. The red and cyan proteins from soft corals 
(dendRFP and clavGFP) represent an outgroup. The highlighted nodes (All, 
Red/Green, pre-Red and Red) were resurrected in the study reviewed here. 
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Table 1-1. Examples of molecular resurrections 
Extant genes  Ancestral gene resurrected Approximate age References 
         (million years) 
Digestive ribonucleases Ancestor of buffalo and ox  5  Benner, 1988; Stackhouse et 
al. 1990 
Digestive ribonucleases Digestive RNases in the first ruminants 40 Jermann et al., 1995 
Lysozyme Ancestral bird lysozyme 10 Malcolm et al., 1990 
L1 retroposons in mouse Ancestral rodent retrotransposon 6 Adey et al., 1994 
Chymase proteases Ancestral ortholog in LCA of mammals  80 Chandrasekaran et al., 1996 
Sleeping Beauty Transposon Active ancestral transposon from fish 10 Ivics et al., 1997 
Tc1/mariner transposons  Ancestral paralog genomes of 8 salmonids  10 Ivics, Hackett et al. 1997 
Immune RNases  Ancestral ortholog LCA of higher primates 31 Zhang and Rosenberg 2002 
Pax transcription factors  Ancestral paralog  600 Sun, Merugu et al. 2002 
SWS1 visual pigment Ortholog in LCA of bony vertebrates 400 Shi and Yokoyama 2003 
Vertebrate rhodopsins  Archosaur opsins 240 Chang, Jonsson et al. 2002 
Fish opsins (blue, green) Fish opsins 30-50 Chinen, Matsumoto et al. 2005 
Steroid hormone receptors  Ancestral paralog  600 Thornton et al., 2003 
Yeast alcohol dehydrogenase Enzyme at origin of fermentation 80 Thomson et al., 2005 
Green Fluorescent proteins Ancient fluorescent proteins ca. 20? Ugalde, Chang et al. 2004 
Isopropylmalate synthase Ancestral eubacteria 2500 Zhu et al., 2005 
Isopropylmalate dehydrogenase Ancestral archaebacteria 2500 Miyazaki et al., 2001 
Isocitrate dehydrogenase Ancestral archaebacteria 2500 Iwabata et al., 2005 
Elongation factors LCA of eubacteria  3500 Gaucher et al., 2003 
LCA: Last common ancestor. Ages are approximate, and in some cases conjectural. 

 

Table 1-2: Axioms commonly incorporated into theories of protein sequence evolution 
Site i suffers replacement independently of site j 
Future replacements at site i are independent of past replacements 
The rate of replacement at each site is the same 
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Table 1-3. Sequence changes in reconstructed ancient ribonucleases 
Bovine      Ancestral Sequences 
RNa
se  a b c d e f g h1 h2 i1 i2 j1 j2 

3 Thr Thr Thr Ser Ser Ser Ser Ser Ser Ser Ser* Thr* Ser 

6 Ala Ala Ala Ala Ala Ala Ala Ala Ala Ala Glu Glu Lys 

15 Ser Ser Ser Ser Ser Pro Ser Ser Ser Ser Ser Ser Ser 

16 Ser Ser Ser Ser Ser Ser Ser Ser Gly* Gly* Gly* Gly* Gly 

17 Thr Thr Thr Thr Thr Thr Thr Thr Ser* Thr* Ser Ser Ser 

19 Ala Ser Ser Ser Ser Ser Ser Ser Ser Ser Ser Ser Ser 

20 Ala Ala Ala Ala Ala Ala Ala Ala Ser Ser Ser Ser Ser 

22 Ser Ser Ser Ser Ser Ser Ser Ser Ser Ser Asn* Asn* Asn 

31 Lys Lys Lys Lys Lys Gln Lys Lys Lys Lys Lys Lys Lys* 

32 Ser Ser Ser Ser Ser Ser Ser Ser Ser Ser Arg Arg Arg 

34 Asn Asn Asn Asn Asn Asn Asn Asn* Lys* Lys* Lys* Lys* Asn 

35 Leu Met Met Leu Leu Leu Leu Leu* Met Met Met Met Met 

37 Lys Lys Gln Gln Gln Gln Gln Gln Gln Gln Gln Gln Gln 

38 Asp Asp Asp Asp Asp Asp Asp Asp Gly Gly Gly Gly Gly 

59 Ser Ser Ser Ser Ser Phe Ser Ser Ser Ser Ser Ser Ser 

64 Ala Ala Ala Ala Ala Ala Ala Ala Thr Thr Thr Thr Thr 

70 Thr Thr Thr Thr Thr Ser Thr Thr Thr Thr Thr Thr Thr 

76 Tyr Tyr Tyr Tyr Tyr Asn Tyr Asn Asn Asn Asn Asn Asn 

78 Thr Thr Thr Thr Thr Ala Thr Thr Thr Thr Thr Thr Thr 

80 Ser Ser Ser Ser Ser His Ser Arg* Arg* Arg* His His His 

96 Ala Ala Ala Ala Ala Val Ala Ala Ala Ala Ala Ala Ala 

100 Thr Thr Thr Thr Thr Thr Thr Thr Thr Thr Ser Ser Ser 

102 Ala Ala Ala Ala Ala Ala Ala Ala Val Val Val* Val* Val* 

103 Asn Lys Lys Lys Glu Glu Glu Glu Glu Glu Gln Gln Gln 
 

Reconstructed ancient sequences are designated by lower case bold letters. Amino acids marked with * indicate positions where 
assignment depends on ambiguous parsimony reconstructions, or might be changed by plausible reorganization of the tree. In several 
of these cases, multiple sequences were reconstructed; subscripts indicate alternative sequence reconstructions for one node in the tree.  
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Table 1-4. Kinetic properties of reconstructed ancestral ribonucleases 
RNase Ancestor of kcat/Km kcat/Km poly(U) poly(A)fpoly(U) 
  UpA as % of  relative to relative to
  
  x 106 RNase A RNase A RNase A
  
RNase A  5.0  100 100 1.0
  
a  ox, buffalo, eland 6.1 122 106 1.4 
b  ox, buffalo, eland, nilgai 5.9 118 112 1.0 
c  b and the gazelles 4.5 91 97 0.8 
d  Bovids 3.9 78 86 0.9 
e   Deer 3.6 73 77 1.0 
f  Deer, pronghorn, giraffe 3.3 67 103 1.0 
g   Pecora 4.6 94 87 1.0 
h1  Pecora and seminal RNase 5.5 111 106 5.2 
h2  Pecora and seminal RNase 6.5 130 106 5.2 
i1  Ruminata 4.5 90 96 5.0 
i2  Ruminata 5.2 104 80 4.3 
j1   Artiodactyla 3.7 74 73 4.6 
j2   Artiodactyla 3.3 66 51 2.7 
RNase names refer to nodes in the evolutionary tree shown in Figure 1-18. All assays were performed at 

25°C 

 

Table 1-5. Thermal transition temperatures for reconstructed ancient ribonucleases 
 Enzyme Tm [°C] ∆ Tm [°C] 
 RNase A* 59.3 0.0  
 RNase A† 59.7 +0.4  
 a  60.6 +1.3  
 b  61.0 +1.7  
 c  60.7 +1.4  
 d  58.4 -0.9  
 e  61.1 +1.8  
 f  58.6 -0.7  
 g  59.1 -0.2  
 h1  58.9 -0.5  
 h2  59.3 0.0  
 i1  58.2 -1.1  
 i2  58.7 -0.6  
 j1  56.5 -2.8 
 j2  57.1 -2.2  
Thermal unfolding-proteolytic digestion temperatures (± 0.5 °C) were determined incubating the RNase ancestor in 100 mM NaOAc 
(pH 5.0) in the presence of trypsin. 

• expressed in E. coli† Boehringer Mannheim 
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Table 1-6. Percent sequence identity between ancestral and modern proteins 
 
 
 
 
 
 

T.m. = Thermotoga maritima 
T.a. = Thermus aquaticus 
E.c. = Escherichia coli 
G.s. = Geobacillus stearothermophilus 
 
Table 1-7. Kinetic properties of ADH 1, ADH 2, and candidate ancestral ADHAs 

Sample1 KM KM KM KM 

 EtOH NAD+ acet. NADH 

 µM µM µM µM 
Adh1  20060  218  1492 164 
MKD  17280  511  1019 144 
MKN  13750  814  1067 1106 
MRD  11590  734  1265 287 
MRN  10960  554  1163 894 
MTD  10740  467  959  190 
MTN  N/A  N/A  N/A  N/A 
RKD  8497  449  1066 142 
RKN  7238  407  1085 735 
RRD  7784  400  1074 203 
RRN  8403  172  1156 1142 
RTD  6639  254  1083 316 
RTN  7757  564  1158 477 
Adh12  24000  240  3400 140 
Adh13  17000  170  1100 110 
Adh22  2700  140  45  28 
Adh23  810  110  90  50 
Adh33 12000 240 440 70 
Adh13 (pombe) 14000 160 1600 100 
Adh1(M270L)3 19000  630  1000 80 
KlP203694 27000 2800 1200 110 
KlX643974 23000 2200 1700 180 
KlX627664 2570 310 100 20 
KlX627674 1560 200 3100 30 
 
1 The three letters designate the amino acids at positions 168, 211, and 236; thus MKD = Met168 Lys211 
Asp236. The remaining residues were the same as in Adh 1, except for the following changes (using 
sequence numbering of Adh1 from S. cerevisiae) Asn15 Pro30 Thr58 Ala74 Glu147 Leu213 Ile232 Cys259 
Val265 Leu270 Ser277 Asn324. 
 
 
 
 
 

 Alt-stem ML-meso T.m. T.a. E.c. G.s. 

ML-stem 93 87 85 84 79 84 

Alt-stem  89 84 80 80 83 

ML-meso   74 78 82 84 
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Table 1-8.  Duplication in the Saccharomyces cerevisiae Genome where 0.80 < f2 < 0.86 
 

SGD  gi trivial annotation and comments 
name  number name  
 

Inosine-5'-monophosphate dehydrogenase family (3 paralogs, 3 pairs, 2 duplications)1 
f2 = 0.8033 Pair associated with Wolfe duplication blocks 1& 44 
YAR073W gi|456156  IMD1 nonfunctional homolog, near telomer, not expressed 
YLR432W  gi|665971  IMD3 inosine-5'-monophosphate dehydrogenase 
f2 = 0.8253 
YLR432W gi|665971  IMD3 inosine-5'-monophosphate dehydrogenase 
YHR216W gi|458916 IMD2 inosine-5'-monophosphate dehydrogenase 
Subfamily pair: YHR216W:YAR073W f2 = 0.93 (proposed recent duplication creating a pseudogene) 
 

Sugar transporter family A (4 paralogs, 4 pairs, 3 duplications)2 
f2 = 0.8053  Pair not associated with any duplication block 
YJR158W gi|1015917 HXT16 sugar transporter repressed by high glucose levels  
YNR072W gi|1302608 HXT17 sugar transporter repressed by high glucose levels  
 
f2 = 0.8063  Pair not associated with any duplication block 
YDL245C gi|1431418 HXT15 sugar transporter induced by low glucose, repressed by high glucose 
YNR072W gi|1302608 HXT17 sugar transporter repressed by high glucose levels  
f2 = 0.8093  Pair not associated with any duplication block 
YJR158W gi|1015917 HXT16 sugar transporter repressed by high glucose levels 
YEL069C gi|603249 HXT13 sugar transporter induced by low glucose, repressed by high glucose 
f2 = 0.8103  Pair not associated with any duplication block 
YEL069C gi|603249 HXT13 sugar transporter induced by low glucose, repressed by high glucose  
YDL245C gi|1431418 HXT15 sugar transporter 
Subfamily pair: YEL069C:YNR072W f2 = 0.932 (proposed recent duplication)  
Subfamily pair: YJR158W:YDL245C f2 = 1.000 (proposed very recent duplication) 
 

Chaperone family A (2 paralogs, 1 pair, 1 duplication)1 
f2 = 0.81 Pair associated with Wolfe duplication block 48 
YMR186W gi|854456 HSC82 Cytoplasmic chaperone induced 2-3 fold by heat shock 
YPL240C gi|1370495 HSP82 Cytoplasmic chaperone , pheromone signaling, Hsf1p regulation  
 

Phosphatase/thiamine transport family A (2 paralogs, 1 pair, 1 duplication)2 
f2 = 0.818  Pair not associated with any duplication block 
YBR092C gi|536363 PHO3 acid phosphatase implicated in thiamine transport 
YBR093C gi|536365 PHO5 acid phosphatase One of three repressible phosphatases 
 

Pyruvate decarboxylase family A (2 paralogs, 1 pair, 1 duplication)2 
f2 = 0.835  Pair not associated with any duplication block 
YLR044C gi|1360375 PDC1 pyruvate decarboxylase , major isoform 
YLR134W gi|1360549 PDC5 pyruvate decarboxylase, minor isoform 
By ortholog analysis, S. bayanus (gi|515236) diverged from cerevisiae after the f2 = 0.835 duplication, 
Kluyveromyces diverged before,  
 

Glyceraldehyde-3-phosphate dehydrogenase family (3 paralogs, 3 pairs, 2 duplications)2 
f2 = 0.8453 Pair not associated with any duplication block 
YJL052W  gi|1008189 TDH1 glyceraldehyde-3-phosphate dehydrogenase 
YGR192C gi|1323341 TDH3 glyceraldehyde-3-phosphate dehydrogenase 
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Table 1-8 (continued).  Duplication in the Saccharomyces cerevisiae Genome where 0.80 
< f2 < 0.86 

 
f2 = 0.8453 Pair not associated with any duplication block 
YJL052W gi|1008189 TDH1 glyceraldehyde-3-phosphate dehydrogenase 
YJR009C gi|1015636 TDH2 glyceraldehyde-3-phosphate dehydrogenase  
 

Subfamily pair: YJR009C YGR192C f2 = 0.991 Proposed very recent duplication 
 

Alcohol dehydrogenase family (2 paralogs, 1 pair, 1 duplication)2 
f2 = 0.848  Pair not associated with any duplication block 
YMR303C gi|798945 ADH2 alcohol dehydrogenase , glucose-repressible 
YOL086C gi|1419926 ADH1 alcohol dehydrogenase , constitutive 
 

Spermine transporter family (2 paralogs, 1 pair, 1 duplication)1 
f2 = 0.86 Pair associated with Wolfe duplication block 34 
YGR138C gi|1323230 TPO2 spermine transporter activity 
YPR156C gi|849164 TPO3 spermine transporter activity 
 

Sugar transporter family B (3 paralogs, 3 pairs, 2 duplications)2 
f2 = 0.8473  Pair not associated with any duplication block 
YDR343C gi|1230670 HXT6 sugar transporter, high-affinity high basal levels 
YDR345C gi|1230672 HXT3 sugar transporter, low affinity glucose transporter 
f2 = 0.8543  Pair not associated with any duplication block 
YDR342C gi|1230669 HXT7 sugar transporter, high-affinity, high basal levels 
YDR345C gi|1230672 HXT3 sugar transporter, low affinity  
Subfamily pair: YDR342C:YDR343C f2 = 0.994 Proposed very recent duplication 
 

1. Not associated with fermentation. These are associated with duplication blocks within the yeast genome, where the 
high value of f2 (typically equilibrated in block paralog pairs) may reflect either variance, or selective pressure to 
conserve silent sites in individual codons. 

2. Associated with the pathway to make-accumulate-consume ethanol. Genes involved in the fermentation pathway that 
are not rate-limiting, generally do not have duplicates in the yeast genome by (e.g. hexokinase, glucose-6-phosphate 
isomerase, phosphofructokinase, aldolase, triose phosphate isomerase and phosphoglycerate kinase are all present in 
one isoform). Enolase has two paralogs (ENO1 and ENO2), where f2 = 0.946. These are distantly related to a homolog 
known as ERR1, with the silent sites equilibrated. Phosphoglycerate mutase has three paralogs, GM1, GM2 and GM3, 
with silent sites that are essentially equilibrated. 
3. These pairs represent a family generated with a single duplication with 0.80 < f2 < 0.86, and subsequent 
duplication(s) in the derived lineages. Paralog pairs are considered only if they have with at least 100 aligned silent 
sites, and are not separated by more than 120 point accepted mutations per 100 aligned amino acid sites (PAM units). f2 
= fraction of nucleotides conserved at two-fold redundant codon sites only, and only at sites where the amino acid is 
identical. 
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CHAPTER 2 
INTRODUCTION AND HYPHOTHESIS 

Introduction 

A fundamental goal of biologists is to understand the physiological function of 

their favorite biomolecular systems. Many researchers study their biomolecules as well as 

their relationships with other molecules in vitro in the hope of reaching this goal. 

However, this goal is generally challenging, as the behaviors of a macromolecule, 

measured in vitro, need not be relevant to the physiological function.  

In vivo studies could take the researcher one step closer to physiological relevancy. 

These are not, however, guaranteed to do so. Even if the bar is set lower, in vivo studies 

are often constructed to focus on a behavior (a mouse jumping off a hot plate) that is easy 

to measure, and has some logical connection to a physiological role. Even here, these 

have no guarantee to be physiological. 

Connecting biomolecular behaviors that are easily measured in vitro to 

physiological roles and biological function is still more difficult. Ultimately, "function" is 

a Darwinian concept, and requires a measure of the fitness of an organism in an 

environment. A biological function is evolutionarily selected because it confers upon its 

host organism an advantage that contributes to its reproductive success. Obviously, most 

in vivo experiments rarely place the organism in a natural ecological setting. Further, the 

connection between biomolecular behavior and fitness is rarely known.  

The central point of this dissertation is that a combination of a bioinformatic 

analysis of the history of a biomolecule with experiments that resurrect ancestral 
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biomolecular forms helps us connect biomolecular behaviors to physiological function, in 

the Darwinian sense of the term.  

Here is the idea. In the course of the divergent evolution of a protein family, many 

in vitro biomolecular behaviors are gained, lost, or remain unchanged. In general, if 

biomolecular function is not changing, no change is the norm. If biological function is 

changing, however, some of the amino acids in an ancestral protein must be replaced by 

others to create different biomolecular behaviors to support new function. Many of these 

are, of course, measurable in vitro. 

The nature, tempo, and position in the three dimensional structure are all signatures 

that indicate the acquisition of new biomolecular function. Alternatively, the emergence 

of new physiology is often recorded in the fossil record, or in a cladistic analysis of the 

physiology of contemporary species. We propose that the new in vitro biomolecular 

behaviors that emerge at the same time as the acquisition of a new biomolecular 

function, as indicated by the bioinformatics analysis, are those most closely related to the 

new physiological biological function. 

In general, we do not have in hand proteins that represent intermediate stages in the 

history of the evolution of a modern protein. We can, however, exploit recombinant DNA 

technology to resurrect these, based on a bioinformatics analysis. This allows researchers 

to get, in the laboratory, historical forms of their favorite molecule as it acquired new 

function. There, in the laboratory, they can analyze the accumulating changes 

distinguishing functionally relevant biomolecular in vitro behaviors from irrelevant 

behaviors. The fundamental premise of this project is this idea.   
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The Phenomenology of Seminal RNase and the Proposed Hypothesis 

Bovine seminal ribonuclease (BS-RNase) is an archetypal protein in the post 

genomic age. We know it exists. It is abundant in a tissue (2% of bovine seminal plasma). 

We have no idea what it does. 

BS-RNase was first isolated as an antispermatogenic factor by D'Alessio and 

coworkers by grinding up bull testes in an effort to purify such agents (D'Alessioet al., 

1972). Matousek independently also isolated this protein (Matousek, 1973). Surprisingly, 

the sequence analysis showed that it was a homolog of pancreatic RNase (Over 80% 

identical), whose function has been well explored and believed to be well known.  

Up to this time, members of the pancreatic RNase family were thought to play 

purely digestive roles. The role of seminal ribonuclease could not be digestive, yet it was 

found that it had a high catalytic activity against RNA substrates. Further, this protein 

was found to exhibit other in vitro behaviors that were novel. 

A gene duplication of an ancestral ribonuclease gene that is thought to have had a 

digestive role gave rise to seminal ribonuclease (Jermannet al., 1995). This protein 

exhibits many in vitro behaviors that distinguish it from its closest homolog, pancreatic 

ribonuclease.  

Seminal RNase has ribonuclease activity but exhibits also unusual characteristics 

like the natural occurrence of dimers. The seminal RNase dimer is joined by two 

intersubunit disulfide bonds (Figure 3-12), while RNase A is a monomer. In the dimer, 

seminal RNase exchanges residues 1-20 to form composite active sites, where key 

residues for catalysis come from both subunits (Ciglic et al., 1998)(Figure 3-12); in 

pancreatic RNase, the active site is built from residues that are all contained in the same 

polypeptide chain. Seminal RNase cleaves duplex RNA some 25 fold better than 
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pancreatic RNase. Seminal RNase shows in vitro immunosuppressivity in the mixed 

lymphocyte culture assay (Filipec et al., 1996;Soucek et al., 1983;Soucek et al., 

1996;Tamburrini et al., 1990) and is cytotoxic against many transformed cell lines in 

culture (Cinatl et al., 2000;Laccetti et al., 1992;Laccetti et al., 1994;Michaelis et al., 

2002;Michaelis et al., 2000;Vescia et al., 1980). Pancreatic RNase shows little of these 

activities.  

In the absence of evolutionary insight, seminal RNase is a perplexing collection of 

in vitro phenomena, similar to those encountered frequently in the biomedical literature. 

It is not clear which of the in vitro behaviors measured for seminal RNase, different from 

pancreatic RNase, are relevant to its new physiological function.  

There are many conceivable hypotheses, however, for the physiological function of 

these in vitro behaviors. For example, immunosuppressive substances in the seminal 

plasma might confer selective value by protecting spermatozoa from the female immune 

surveillance. This protection is expected to confer a reproductive advantage for the males 

who have this protein and generally for the whole species.  

We used a paleogenetics approach to shed light on this problem. The evolutionary 

history of seminal ribonuclease shows a rapid phase of evolution detected by high ratio of 

non-synonymous to synonymous mutations. This phase starts at the ancestral node of the 

Bovidae including kudu, buffalo and bovine lineages and continues specifically down the 

bovine lineage. Based on the molecular evolutionary analysis, we postulated that the 

acquisition of a new function happened along this branch.  

We used ancestral reconstruction and resurrection of ancestral ribonucleases that 

surrounded the episode of rapid sequence evolution to investigate the physiological 
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function of seminal ribonuclease. Different in vitro biomolecular behaviors of seminal 

RNase were assayed to test the hypothesis that immunosuppression is the physiologically 

selected new function. These assays included the enzymatic activity, structural features of 

dimerization, and immunosuppression. From this, we shall conclude that 

immosuppresivity directly, and dimeric S-peptide swap indirectly, are the features of the 

protein important for the new biological activity in bovine seminal plasma. 
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CHAPTER 3 
BIOINFORMATIC ANALYSIS OF THE SEMINAL RNASE GENE SEQUENCES 

Building Evolutionary Models 

A basic model for the evolutionary history of a family of proteins comprises of a 

tree, multiple sequence alignment, and reconstructed ancestral sequences at nodes 

throughout the tree. This is a model about a historical reality that is in principle 

unknowable, but undoubtedly exists. That is, for mammalian evolution, there is little 

doubt that each of the species that we consider had a small breeding population as their 

last common ancestor, that a binary tree is an excellent representation of the actual 

history, and that subsequent to speciation, the transfer of genetic information rapidly 

became negligible. Nevertheless, the historical sequence information is not randomly 

related to the sequence data that are knowable because they can be extracted from 

organisms living today. Therefore, given a theory about protein evolution, we can draw 

inferences about the ancestral states with a level of uncertainty that is in part statistical, 

and in part systematic, especially to the extent that the theory is wrong. 

Inferences captured in the model are constructed under an evolutionary theory. We 

use the words "evolutionary theory" to comprise all parameters that are used to construct 

the models. The theory can be simple (for example, assuming that every amino acid is 

replaced by any other at the same rate) or complex (different substitution frequency and 

rates). The theory can choose different numbers of parameters, which it can estimate 

from the data themselves, or from input from other sources. Each of these is an 

approximation for an individualized process. 
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A particular model, including a particular tree, alignment, or set of ancestral 

sequences is chosen over another because it meets better an optimality criterion. A 

particular theory is likewise chosen because it frequently is observed to generate models 

that are better, by the optimality criterion, over those generated by other theories. 

The optimality criterion is itself arbitrary, however. Common criteria based on 

sequence data alone include parsimony and maximum likelihood. Other criteria 

incorporate non-sequence data, including cladistic analysis of contemporary physiology 

of extant organisms that provide the modern sequences, and paleontological data, for 

example. 

Maxmimum likelihood (ML) analyses are central to the work here. It should be 

noted that many theories with different parameters fall within the ML rubric. These are 

described briefly here. 

Maximum Likelihood 

The concept behind a maximum likelihood analysis recognizes that one can 

calculate the most likely values of parameters in a theory that are not themselves directly 

accessible, but which generate observable outcomes. ML analyses work backwards from 

these observables to these parameters. 

A simple example, not terribly relevant to sequence analysis (adapted from a 

Joseph Felsenstein lecture, after minor mistakes were removed), illustrates this using the 

tossing of a coin with an unknown weighting. The coin has a probability p of coming up 

heads, and a probability (1-p) of coming up tails. We do not know the value of p, but it 

can be estimated from the outcome of a finite number of tosses. 

For example, suppose 12 tosses generate the following exact sequence of outcomes 

HHTHTTTTHTTH (where H means that the coin comes up "heads", and T means the 
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coin comes up "tails"). The likelihood L of getting this sequence of outcomes, expressed 

in terms of the unknown parameter p, is: 

L = pp(1 − p)p(1 − p)(1 − p)(1 − p)(1 − p)p(1 − p)(1 − p)p  = p5 (1 − p)7 

Thus, if p is exactly equal to 0.5, then L = 0.000244. If the parameter p is chosen so 

that the coin is assumed to be weighted preferring tails slightly, however, then a slightly 

higher likelihood is obtained for the outcome. Figure 3-1 shows a plot of L against p 

shows the maximum L is achieved when p is 0.454. By calculation, if p = 0.454, then 1-p 

is equal to 0.546, p5 = 0.0192876, (1-p)7 = 0.014466 , and L = 0.000279. 

Obviously, the same maximum value can be obtained analytically, by 

differentiating the expression of L with respect to the variable p and equating the 

derivative to 0.  

 

The value of p at the peak is again found to be 0.454.  

This illustrates how to find the probability p of obtaining a head with the highest 

likelihood based on the data. In other words, given the model (probability of tossing a 

head is p), the value of p with the highest likelihood based on the data (the results of coin 

toss) is 0.454.  

This example can serve as an analogy to a process to find the parameters of an 

evolutionary model (here, the parameter is the lengths of branches between nodes and 

leaves in a tree). If one were to optimize the branch length in a tree, the x axis in Figure 
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3-1 (coin toss figure) would be replaced with branch length. The branch length with the 

highest likelihood is picked for the corresponding branch. 

Of course the exercise becomes much more complicated when solving complex 

problems, like finding the best tree or detecting adaptive protein evolution, will require 

the optimization of multiple parameters at the same time. For example, if only two 

parameters such as the lengths of two different branches in a tree were to be optimized 

the plot becomes three-dimensional where the x and z axes are the branch lengths and the 

y axis is the likelihood (figure 3-2) 

The calculation of the likelihood for a tree is equal to the product of the likelihoods 

of all sites in the data given the ancestral state and the branch length (both components of 

the evolutionary model) linking the ancestral state to the examined site. Consequently, 

the likelihood of the tree is as follows: 

lnL = lnPr(D | T) =
i=1

sites

∏ Pr(D[ i] | T) 

L is the likelihood, D represents sites in the alignment, D[i] represents one site (i), 

and T is the Tree. This formula is rendered into a sum by taking the natural log of all 

parts of the equation: 

lnL = lnPr(D | T) = lnPr(D[ i]

i=1

sites

∑ | T)  

For example the log likelihood of the tree in figure 3-3 is calculated by the 

following formula: lnL =
z

∑
w
∑ Pr(z)Pr(w | t3,z)Pr(A | t1,w)Pr(C | t2,w)Pr(G | t4,z) 

Sources of Data 

The maximum likelihood formalism allows, of course, for only certain kinds of 

data. Other sources of data are possible. Classical methods for modeling the historical 
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relationship of taxa, for example, combined a cladistic analysis of characters in the 

physiology of extant organisms, supported by a fossil record that is more or less 

incomplete.  

These methods could be used in isolation or in combination with sequence data to 

try to capture as much signal as possible in order to find the best phylogeny. The seminal 

ribonuclease family of genes comes from a family of animals with rich paleontological 

record and sequence data allowing us to use the full range of the available approaches.  

Sources of Ambiguity 

ML tools provide probabilistic ancestral sequences, where each site carries each of 

the 20 standard amino acids associated with a number, from zero to unity, that represents 

the likelihood that that amino acid will be found at that site in the particular ancestor. 

In an evolutionary analysis where the most representative ancestral protein 

sequences are sought, one has to consider all of the sources of ambiguity that can bias the 

results.  

Building the multiple sequence alignment can be a source of significant ambiguity 

especially when the sequences are highly divergent and vary in lengths and the 

evolutionary history contains multiple insertions/deletions that require the placement of 

gaps in the multiple sequence alignment.  

Another source of ambiguity arises from uncertainty in connectivity of the 

phylogenic tree. This ambiguity comes from several sources. First, different evolutionary 

theories can generate different trees. Thus, maximum parsimony, minimum distance, and 

maximum likelihood methods need not generate the same trees. In general, differences in 

trees have different orders of branching around short branches in the tree. It is well 
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known that maximum parsimony reconstructions are very sensitive to these different 

topologies, while ML reconstructions are not and are consequently considered superior. 

Building an Evolutionary Model for the Seminal RNase 

With these thoughts in mind, we set out to build an evolutionary model for seminal 

RNase. Here, specific characteristics of the collection of sequences means that certain 

problems are more severe, and certain are less severe. 

For example, the multiple sequence alignment itself was not a source of ambiguity 

in the case of seminal RNase. The seminal RNase genes have equal or very similar 

lengths, indicating a history that is largely free of events where segments of the gene 

suffered insertions or deletions (indels).  Thus, the multiple sequence alignment (Figure 

3-4) has few gaps. This implies that we can ignore a problematic multiple sequence 

alignment as the source of ambiguity in this work. 

The low overall sequence divergence within the seminal RNase family also has a 

disadvantage. This means that the multiple sequence alignment contains few sites that are 

informative about the topology, implying that different trees with different topologies 

have similar scores. 

To manage this problem, we returned to the fossil record, and to sequences from 

other proteins that help establish the species tree. The fossil record of artiodactyls is 

rather complete starting about 40 million years ago. The most primitive artiodactyl, 

Diacodexis, was described by Rose, and is believed to antedate the divergence of pigs 

and hippopotamuses as non-ruminant artiodactyls. By the early Oligocene, however, 38 

Ma, the pigs and the ruminants are clearly distinct in the fossil record, with genera such 

as Archaeomeryx and Mericoidon representing the first and second suborder 

(respectively) in the Oligocene record from the Nebraska badlands (Schmidt, 1989). 
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Many years ago, Beintema (Beintema et al., 1988), Miyamoto (Allardet al., 1992) 

and others have combined molecular sequence data for proteins, including RNase genes 

to generate a consensus view for the relationship of various artiodactyl genera. This work 

influenced the initial design of this project. Earlier this year, however, these and other 

analyses were subsumed within two major publications, both in Biological Reviews, that 

provide combined (and purportedly the last word) analyses of the divergent evolution of 

ruminant artiodctyls, and the proposed Cetartiodactyla order that includes the cetaceans, 

hippopotamuses, the pigs and their relatives, and the ruminant artiodactyls(Hernandez 

Fernandez and Vrba, 2005;Price, Bininda-Emonds and Gittleman, 2005). As discussed 

below, the various trees differ depending on the data available when they were 

constructed, and four alternative trees that score closely were considered in this analysis. 

The seminal RNase is part of a larger superfamily of proteins that has at least 8 

paralogs in the bovine genome, and perhaps 11 in the human genome. This requires us to 

chose an outgroup when building an evolutionary model for the seminal RNase family. 

Two families of RNAases, brain and pancreatic, are the only true plausible outgroups.  

It should be noted that the fossil record does not help here. One possibility is that 

we can infer the outgroup by examining the order of the paralogs on the relevant 

chromosomes. Beintema has begun this analysis for humans, but data are at present 

inadequate for the artiodactyl families. For this reason, we relied on classical approach to 

identify the outgroup, and systematically considered both pancreatic RNase (our 

preference for an outgroup) and brain RNase as alternative outgroup. 

Inferring Trees 

Four methods (Bayesian analysis as implemented by the program Mr. Bayes, and 

three versions of ML implement on PAUP) that were applied to generate trees gave the 
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same three trees as being the highest scoring. Different methods chose to rank these trees 

in a different order of preference. Although the precise ranking based on the scores 

delivered by these methods are different, the scores of the three trees differ among 

themselves only slightly.  

We term these the "top three topologies". These were: 

1. Topology 1. Preferred by us when the work began, and the highest scoring via a 

full-blown Bayesian analysis. Topology 1 groups the okapi with the deer, and 

representing the saiga and duiker as diverging separately from the lineage leading to ox 

after the divergence of deer (Figure 3-5).  

2. Topology 2. This topology is preferred today (Hernandez Fernandez and Vrba, 

2005;Price, Bininda-Emonds and Gittleman, 2005) based on a global analysis of all 

available sequence and paleontological data. It places the okapi as an outgroup separate 

from the deer and diverging before the deer diverges from oxen. It also groups the saiga 

and the duiker (Figure 3-6) 

3. Topology 3. This topology places the okapi together in a clade with the deer, and 

places the saiga and duiker together in a clade (Figure 3-6). 

In addition, we explored Topology 4 (Figure 3-5), which was considered 

reasonable when this work began, but less so now in light of data that have subsequently 

emerged. Here, the okapi is in a clade separate from the deer, but diverges from the 

lineage leading to oxen after the deer diverge. The duiker and saiga again were 

represented as diverging separately from the lineage leading to ox after the divergence of 

deer. 
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We can view the different reconstructions as the products of 2 trees x 2 outgroups x 

3 models of the seminal RNase data. The two topologies in question are Topology 1 and 

Topology 4. 

We then explored the origin of the differences between the trees. First, we 

examined ten sites that displayed variation within the seminal lineage that is 

consequential to the branching of the tree. These offer interesting, sometimes textbook, 

cases of homoplasy, which are summarized briefly in Table 3-1.  

Inferring Ancestral Sequences 

Given this level of homoplasy, there is no "correct" answer within the standard 

maximum likely methods that examine each site individually.  Rather, we must manage 

this level of ambiguity in the topology of the trees when we construct the ancestral 

sequences. As might be expected, the most serious impact of the homoplasy, and the 

subsequent ambiguity in the precise topology of the trees, on the sequences of ancestral 

proteins, is seen in ancestral proteins that are deep in the tree.  In particular, we were 

concerned about the sequence inferred for the founder seminal ribonuclease (An19), the 

protein that stands at the head of the first divergence within this family.  As different 

trees represent this ancestor differently, as the last common ancestors of the okapi RNase 

and all of the other seminal RNases in one case (Topology 2, for example), versus the last 

common ancestor of the (okapi-deer) seminal RNases and the remaining seminal RNases, 

we expect the ambiguity to be most severe here. Before we discuss the specifics of the 

seminal RNase reconstructions, we briefly review alternative approaches to constructing 

ancestral sequences. 
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Constructing the Ancestral Sequences 

When constructing ancestral sequences, even when a specific tree has been chosen, 

different inferences for different ancestral character states can arise depending on the 

model that is used to infer the ancestral character state from the derived sequences. 

In this study, approaches based on maximum likelihood tools were used to 

reconstruct the ancestral sequences to be resurrected. Three different evolutionary 

theories were used in this exercise, one based on the amino acid sequence and two on 

codon models based on the DNA sequence. Chapter 1 introduced these approaches in 

general. In this section more details of the likelihood method is presented. 

As for ML approaches to estimate branch lengths (discussed above), ML 

approaches to infer ancestral character states follow a statistical principle that given the 

data at a site, the conditional probabilities of different reconstructions can be evaluated. 

The reconstruction having the highest conditional probability is then selected to be the 

best inference for that site. This likelihood method generates a probability associated with 

each character with the purpose to evaluate the accuracy of the ancestral inference. This 

approach was first introduced by Yang and coworkers (Yang, Kumar and Nei, 1995).  

To illustrate this method we will consider a simple tree as an example shown figure 

3-7. Here, x represents the amino acid at the extant sequences and xi represents a specific 

amino acid at extant sequence i (extant sequences on the tree range from 1 to 4). y 

represents the ancestral nodes and yi is the specific amino acid at the ith node (the 

ancestral nodes on the tree are 5 and 6). In a likelihood analysis an evolutionary model is 

used. For example an empirical model of amino acid substitutions (Benner, Cohen and 

Gonnet, 1992;Jones, Taylor and Thornton, 1992;Kosiol and Goldman, 2005) can be used. 

In this case Pi is the amino acid frequency of amino acid i and Pij(t) is the transition 
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probability from amino acids i to j during time t. The other parameters in this empirical 

amino acid model are the branch lengths Θ=[t1, t2, t3, t4, t5]. The tree is rooted 

arbitrarily at interior node 5. 

The first calculation is the probability of obtaining the data x as a sum over all the 

possibilities of y. 
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××××Π=Θ=Θ ∑∑∑
f(y) is the prior probability of y and f(x|y; Θ) is the conditional probability of observing x 

given y. f(x; Θ) means that f is a function of x with parameters Θ. 

To estimate y (the ancestral state) we need to calculate the conditional probability 

of y given the data x (the known sites in the extant sequences). 

f (y | x;Θ) =
f (y) f (x | y;Θ)

f (x;Θ)
 

We can estimate y by maximizing this conditional probability. In order to estimate 

the accuracy of an inferred ancestral state the posterior probability f ( ˆ y | x;Θ) is 

calculated of ˆ y  at sites with amino acids x. This calculation is as follows: 

Pr( ˆ y − correct) = f (x) f ( ˆ y | x;Θ)
x

∑  

In this way we can estimate the ancestral states and calculate a corresponding 

probability representing the accuracy of the inference. In this example the only 

parameters are branch lengths since the model is an empirical amino acid model with 

replacement probabilities between amino acids. In the case where a codon model is used 

other parameters such as transition/transversion rates, equilibrium nucleotide frequencies 

and relative rate parameters for the different base substitutions are also optimized in the 

analysis. 
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Empirical Amino Acid Model: 

Chapter 1 described the empirical replacement model. It was used in the 

reconstruction of seminal ribonuclease. This model is based on a replacement calculated 

from a large empirical data set. In this case it was JTT 92 matrix (Jones, Taylor and 

Thornton, 1992). 

Codon Models 

The early models in molecular evolution were based either on nucleotides or amino 

acids as the evolutionary unit, where theses units are assumed to evolve independently. 

There is, of course, more data present at the DNA level. This level of information is most 

valuable when the level of divergence between sequences is low. When evolutionary 

distances increase, the information at the DNA level could become noisier as the 

saturation of silent mutation sites increases. In this case the protein sequence could serve 

as a better source of data as the noise is removed in the translation process, but some 

information is lost.  

The obvious compromise treats the evolutionary unit as the codon where both 

sources of information the nucleotide and the amino acid are joined to provide a more 

complete data set. For this purpose the codon evolutionary models were developed by 

Goldman and Yang (Goldman and Yang, 1994) and implemented in the program package 

PAML (Yang, 1997), a program used extensively in this part of the project. These models 

make full use of the non-synonymous and synonymous mutations information in 

sequence data, moreover codon models take into account the evolutionary dependence 

within the three positions in codons. This co-evolutionary side is largely ignored in the 

pure nucleotide models. 
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The codon model used in the analysis assumes that only single-nucleotide 

mutations can occur at a time as the probabilities of more than two occurring 

simultaneously are minute and can be ignored. It follows that each codon can change to 9 

possible other codons via a single mutation. The rate of each change to each of these 9 

possible codons is proportional to their calculated equilibrium frequency (Pj) of codon j.  

This parameter introduces base frequency and codon usage in the evolutionary 

model. The codon equilibrium frequencies can be calculated in different ways. In this 

ancestral reconstruction we used two separate ways, as a variation of the model, to test 

the robustness of the reconstruction. The first codon-frequency calculation method (1X4), 

where it is estimated from the sequence data as the average nucleotide frequencies. The 

second method, 3X4, the frequencies are estimated from the average nucleotide 

frequencies at the codon positions. In the last method, the nucleotide frequencies in the 

first, second and third positions in a codon are estimated separately and the frequency of 

a specific codon becomes the product of three estimated base frequencies.  

Another parameter, κ, in the model represents the different mutational rates of 

transitions versus transversions. This factor accounts for the higher occurrence of 

mutational transitions versus transversions. The physico-chemical properties of each 

amino acid were included in the original version of the model based on the matrix 

generated by Grantham (Grantham, 1974) but this apparent positive addition hurt the 

performance of the model rather than helped. This is clearly a situation of 

overparametrization, where adding more parameters to describe reality can enhance the 

weight of noise in the data to the detriment of the weight of real signal. Accordingly, it 

was omitted from the applied model as was suggested by Ziheng Yang in the description 
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of his software package PAML. The last parameter in the model is ω which describes the 

selective constraint on mutations causing non-synonymous mutations versus synonymous 

mutations. The parameter ω will be discussed in more detail in the section of this chapter 

covering detection of adaptive evolution. The parameters of the codon model are related 

by the instantaneous rate matrix, Q={qij}. qij is the substitution rate from codon i to codon 

j. The codon substitution model is described by the following conditions where m is the 

rate. 

 
 

Sources of Ambiguity in Ancestral Sequence Inference 

Even given a tree with a defined topology, various features of a dataset can 

generate ambiguity in the amino acids inferred at specific sites. One source of ambiguity 

is rapid sequence divergence. Here, if the tree is insufficiently articulated with respect to 

the number of amino acid replacements at a site, the historical information at that site is 

lost. In seminal RNase, this was a negligible problem relative to the homoplasy discussed 

above. This homoplasy also created far greater ambiguity than that arising from different 

inferences from different theories. Once a tree and an outgroup were chosen, the resulting 

ambiguities were few. Those that existed were captured within ancerstral sequences 

generated from different trees. This is just another way of saying that ambiguity in the 
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precise topology of a tree ended up moving an amino acid replacement to an adjacent  

branch of the tree, not removing it from the tree entirely. 

The robustness of ancestral sequences at critical nodes in the seminal RNase family 

contrasts with other recent examples from this laboratory, in particular the resurrection of 

ancestral alcohol dehydrogenase by Mike Thomson, where a 3 x 2 x 2 ambiguity created 

critical issues at one node of interest. 

The Ancestral Sequences for Seminal RNase 

The ambiguity in the tree topology created by the homoplasy discussed above 

(Table 3-1) most dramatically shifts the detailed branching of the okapi, and deer, and 

subsequently diverging ruminants near the roots of the tree representing the archetypal 

seminal RNase. Therefore, the ambiguity in the ancestral sequence inferences are most 

severe at that sequence, which we refer to generically as An19. 

To manage this ambiguity in An19, we constructed a list of all possible ancestral 

sequences for this archetypal seminal RNase drawn from all of the trees (4), with the two 

outgroups (brain  and pancreatic) and both theories (codon and amino acid) for 

reconstructing ancestral sequences.  

A representation of the neighbor joining distance tree, generated by the program 

PAUP* (Swofford, 1998), interrelates these candidate ancestral sequences is shown in 

Figure 3-8. Of the 17 leaves in the tree, a total of 12 were prepared in this work. Further, 

this tree represents the "sequence space" of this root seminal RNase. Thus, we have 

sampled a substantial fraction of this space in this work, even if we assume that all of the 

inferred ancestral sequences are equally probable. Of course, they are not, and our choice 

of the 12 to sample is biased by what we believe to be the most likely, or what the 

methods generate as a partial consensus. But as is indicated above, the dynamics of new 
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data, sequence and paleontological, means that any preference may not be time invariant 

for some period in the future, until the last genome is sequenced and the last fossil is 

discovered. 

As is discussed in depth in the next chapter, various properties of the ancestors did 

not differ substantially in many of the in vitro assays applied. This suggests that any 

interpretation of the behavior of the ancestral protein will be robust with respect to the 

ambiguity in the ancestral sequences as created by ambiguity in the precise branching 

order, and the variation in the evolutionary theory used to infer sequences. 

The final sets of sequences were actually examined, where the choice reflects 

Topology 1 (where all ancestors were specifically resurrected) and Topology 4 (where all 

ancestors were specifically resurrected). The ancestors (An19) for Topologies 2 and 3 

were sampled as a consequence of these explicit resurrections. 

For the more derived nodes, none of the ambiguities had significant consequences 

for the ancestral sequences inferred. Only two candidates ancestral sequences needed to 

be considered for An24, and only three needed to be considered for An25. 

Interpreting the Evolutionary Model 

The inference of ancestral sequences was made as the starting point for a study in 

experimental paleogenetics.  The results of these experimental studies are collected in the 

next chapter. It is well known, however, that certain inferences can be drawn about 

function in a protein family by examining the details of the molecular evolution itself, 

without needing to resurrect the ancestral forms for study in the laboratory.  We discuss 

here the inferences that can be drawn from the details of molecular evolution independent 

of any experimental data collected on ancestral forms. 



163 

 

Seminal RNase in Oxen is the Product of a Recent Episode of Adaptive Evolution 

Axiomatic in the Darwinian model for molecular evolution is the notion that 

changes in the structure of a gene accumulate randomly. The rate at which they are fixed 

in the population depends, however, on whether they confer selective advantage, or 

disadvantage, or neither, on the host organism. If the last, then they accumulate in the 

population in a process known as "drift", at a rate that is (under neutral theory of 

evolution) independent of the size of the breeding population. 

In contrast, mutations that confer positive Darwinian advantage or disadvantage 

accumulate in a population faster or slower than the rate of drift, in processes known as 

positive adaptation and negative purifying selection, respectively.  

In principle, it is possible to distinguish episodes where a gene was evolving under 

purifying selection, adaptive positive selection, and neutral drift reconstructing the 

historical rates at which mutations accumulated in a lineage. In practice, one cannot 

determine a rate at a single site or at a single moment in geological time. Therefore, rates 

are generally analyzed over the entirely length of the protein sequence over a branch 

between two explicitly reconstructed ancestors. This in itself is problematic, as the 

signature of a brief episode of adaptive evolution can easily be lost in a long branch of an 

evolutionary tree.  Further, it is clear that many individual amino acids must be 

conserved, even in a protein that is undergoing functional change, to preserve the core 

fold and other core functional behaviors. Thus, rapid evolution of a few sites may be lost 

as a signature for adaptive evolution in a longer protein sequence. 

 These problems are intrinsic in any analysis based purely on sequence data.  

Complicating the analysis is the fact that time is rarely known directly from an analysis 
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of sequence data. Therefore, it is not trivial to determine the rate of protein sequence 

change in units denominated by geological time.  

 Fortunately, the structure of the genetic code provides an opportunity to solve the 

second problem. For example, the third position of a codon can frequently be changed 

without changing the sequence of the encoded protein. Therefore, substitutions at these 

silent sites cannot be removed by natural selection, at least if it operates at the level of the 

protein behavior. Likewise, natural selection cannot favor silent nucleotide substitutions 

by exerting pressure at the level of the encoded protein. Only if selection pressure 

operates before the completion of translation will there be any pressure. This is believed 

to be minimal in higher organisms. 

Therefore, silent substitutions are often taken as a proxy for nearly neutral changes. 

They are generally believed to accumulate at the rate of neutral drift. In analyzing 

genomics, the rate of neutral drift is calculated by reconstructing the rate of nucleotide 

sequence change at silent sites. 

Once the rate of neutral change is known, then the rate of non-synonymous change 

can be compared with it on any particular branch. If it is higher, then adaptive selection is 

concluded. If it is lower, then this constitutes evidence for purifying selection. A 

pseudogene will have the same rate at all sites, regardless of whether the site is formally 

silent or not. 

 For this reason, we analyzed the rates of synonymous and non-synonymous 

substitutions separately, and take their ratio, after normalizing for the number of sites of 

each type. Episodes of evolution with a low non-synonymous number of substitutions 

compared to the number of synonymous substitutions, normalized for the number of sites 
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of each kinds, is a sign that purifying selection is removing the non-synonymous 

mutations that, by Darwinian axiom, must be occurring in the non-silent sites randomly.  

Conversely, episodes of evolution with a large number of non-synonymous 

substitutions compared to the number of synonymous substitutions, normalized for the 

number of sites of each kinds, suggest that mutant forms of the protein conferred more 

fitness than non-mutant forms, and that these are accumulating by positive selection. 

Last, episodes of evolution where the number of non-synonymous substitutions is the 

same as the number of synonymous substitutions, after normalizing for the number of 

sites of each kinds, suggest that the entire gene is drifting with neither positive selection 

nor purifying selection; it is expected for a pseudogene. 

The normalization is managed using simple mathematical transformations. First, 

one determines the number of synonymous mutations per synonymous site (rs) and the 

number of non-synonymous mutations per non-synonymous site (rn). The time (t) and 

number of generation also need to be considered, but since it is generally difficult to have 

this information it is more useful to write these rates in following form: dN=rN x t , dS=rS 

x t  and the ratio dN/dS eliminates the time parameter. The ratio of dN and dS is a measure 

of selective pressure (ω=dN/dS). 

Maximum Likelihood Model for Adaptive Evolution 

When ω is less than unity, non-synonymous mutations are deleterious and the gene 

is under purifying selection. When ω is equal to unity, both types of mutations are 

equally likely and neutral evolution is inferred. For the purpose of this discussion, 

pseudogenes are expected to have ω values of unity. Finally, should ω be higher than 

unity, then we conclude that the gene is under positive (adaptive) selection.  
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The likelihood model governing this ratio is the same as described earlier when 

codon model for ancestral reconstruction was discussed. Several ways exist to implement 

the ω calculation, however. To name a few, the ratio can be calculated separately for each 

branch of the tree, for a one group of branches clustered in one unit, or for each site in the 

sequence. The choice of the method depends largely on the dataset. A more powerful 

calculation of a separate ω, for example, demands a large amount of sequence data and a 

certain level divergence. 

Unfortunately, the trifurcation (purifying, neutral, adaptive) is not clean, for reasons 

mentioned above. Because some sites are important to intrinsic function, a dN/dS of 0.8 

may actually indicate an episode of adaptive positive evolution; it is not higher than unity 

simply because the sites rapidly suffering amino acid replacement are lost in a large 

number of sites that are not changing because they are conserved to maintain intrinsic 

fold or core function. 

Seeking Signatures of Adaptive Evolution in the Seminal Ribonuclease Gene Family 

To use this metric to detect adaptive change in the seminal RNase family, the 

phylogenetic data were first analyzed to calculate ω (ω=dN/dS) separately for each branch 

of the tree, and for Topology 1 and Toplogy 4 with both the pancreatic and brain 

outgroup. Figures 3-10 and 3-11 show the ω values for each branch in the tree calculated 

using PAML. In these analyses, κ (the transition to transversion ratio, which is a 

parameter that can be set) was estimated from the sequence data and incorporated into the 

theory. 

As seen in the Figures 3-10 and 3-11, the values of ω for individual branches are 

generally below unity. However, a few branches (indicated in red and blue) have ω 
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values greater than unity. This would normally indicate that these branches represent 

episode of positives selection.  

One difficulty constrains this conclusion. First, as a ratio, ω is uninformative if dS is 

a small number, even if dN is also a small number. This is equivalent to saying that the 

time represented by the branch is short. A small value for dS creates artificially high (and 

imprecise) ω values that are easily recognized (ω = 999 or 551, for example in Figures 3-

10 and 3-11). In the divergence of ruminants, several branch lengths do indeed reflect 

short times, making the appearance of such artificial value not surprising.  

Using PAML, ω can be different for each separate branch of the tree. PAML uses 

ω as a parameter, however, meaning that to allow ω to differ on each branch of the tree 

would involve introducing, in this case, 28 parameters into the theory. This is 

problematic, as one can easily model noise with this many parameters. 

Based on the results obtained in the first analysis that calculated a separate w for 

each branch, a set of simpler models were designed to test the robustness of the episodes 

of adaptive evolution that appeared on the model due to high w values. The branches with 

w higher than unity were placed in groups. When two adjacent branches qualified, they 

were placed in the same group (Figures 3-10 and 3-11). These groups are designated G1, 

T1PG2, T2PG3, T2PG2, and T2PG3. 

Depending on the topology and the choice of outgroup, we used four trees derived 

from Topology 1 and Topology 4.  Here, 3 or 4 groups of branches (designated G1, 

T1PG2, T2PG3, T2PG2, and T2PG3), depending on the choice, had ω values greater 

than unity for each tree. Simpler models, where the ω values were not allowed to freely 

vary, were built to include all combinations of the suspected adaptive evolution branches, 
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again from Topology 1 and Topology 4. These had a single ω imposed on each group of 

branches.  

Tables 3-2 and 3-3 illustrate the resulting models. Using PAML, each dataset 

(specific topology and outgroup) was analyzed by all of the corresponding models. These 

analyses resulted in ω values and likelihood scores representing the goodness of fit of 

each model. The ω values are shown in Tables 3-2 and 3-3. 

Assessing the Significance of the Output 

The Akaike Information Criterion (AIC) was used to evaluate the best model and 

the robustness of the episodes of adaptive evolution that might be detected in this 

analysis. The AIC is a formalism to determine which of n models best approximates an 

unknown truth (Posada and Buckley, 2004). It is an unbiased estimator of the expected 

relative Kullback-Leibler information distance (K-L distance). This distance represents 

the amount of information lost when model A is used to approximate a model B. 

This distance does not tell us where the truth is. Rather, it only evaluates which of 

the compared models is closer to the truth, and whether one model is better at describing 

the data than others. Of course, any model with more parameters will have a better 

likelihood score (describing how well the model fits the data); merely comparing theses 

scores ignores whether there is merit to include more parameters. The AIC includes a 

penalty for added parameters, and uses this penalty to evaluate whether the addition of 

parameters are beneficial or detrimental. It evaluates whether we are getting closer to the 

truth or getting farther away from the truth as we add parameters. The addition of 

parameters not warranted by the amount of data could be distracting from the truth as 

noise is modeled and presented as real signal.  
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The AIC is represented by the following formula: AIC = −lnL + 2K . In this 

equation ln L is the logarithm of the likelihood, and K is the number of estimated 

parameters. 

Another way to look at the AIC is as a measure of the amount of information lost 

when we use a particular model to describe the data. The preferred model is with the 

smallest AIC. As more parameters are added to the model, the first term (likelihood) 

becomes smaller, representing an improved fit of the model, while and second term (the 

number of parameters) increases acting as the penalty term.  

Computing the AIC is not enough to finish the comparison, as it is a relative scale 

and the AIC differences (between compared models) are more meaningful. The AIC 

difference is represented by the following formula: ∆AICi = AICi − min AIC . In this 

equation the AICi is the AIC for model i, and minAIC is the smallest AIC in the group of 

models compared. 

These AIC differences permit quick ranking of the compared models. Another way 

to evaluate the difference between the studied models based on the AIC is through the 

Akaike weights (wi). The weights change the sacle of the AIC differences to be compared 

on a scale of 1. The Akaike weights are represented by the following formula: 

wi =
exp(− 1

2∆ i

)

exp(− 1
2∆ r

)
r=1

R∑
 

In this equation wi is the Akaike weight for the ith model, and r is the number of 

models compared. The AIC, ∆AIC and wi were applied to the compared w models. 

Tables 3-4 and 3-5 show the AIC results.  
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As suspected, in all cases the more complex model, which allowed each branch of 

the tree to have a different ω, performed much worse than all of the simpler models 

where fewer ω values were allowed than the number of branches on the tree. In the 

analyses using the pancreatic outgroup, the best model among those compared had a 

single ω for the two branches from An24 to An26 (G1 representing 24..25..26 branches) 

and one ω for the remaining branches of the tree (G1+0). The models capturing the G1 

branches within a single group and all having the same ω, performed better than if they 

did not include branch 24-26 (leading to the seminal RNase in the modern ox).  

In the analyses with the brain outgroup, the best performing models (G1+T1BG3+0 

and G1+T2BG3+0) also consistently included the branch grouping designated as G1. In 

the analyses with the brain outgroup G3 (T2BG3 and T1BG3) does have a robust signal 

as well, without being supported by the analyses where pancreatic RNAses serve as an 

outgroup. 

The Only Branch with Significantly High ω Values Leads to Modern Seminal 
Bovine RNase 

The "take home lesson" from these analyses is that regardless of the model, the 

outgroup or the tree, the outcome of the AIC analysis is that molecular evolutionary 

theory requires the conclusion of adaptive evolution in the branch leading to the modern 

seminal RNase in ox, in its three forms (gaur, Brahman, and the ox), and requires it in no 

other branch of the tree. 

It is important to note that this conclusion is robust with respect to every issue of 

ambiguity that is discussed above. The model testing exercise spanning different adaptive 

evolution models and different phylogenetic models (outgroups and topologies) leads to 

the conclusion, that an episode of adaptive evolution connects ancestor An24 to An26 
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and to bovine seminal RNase, is robust to any variation in all models. In other words the 

ω>1, representing a phase of adaptive evolution, proved to be the strongest signal in the 

analysis. Prior to any experimental data, the evolutionary analysis predicts a change in 

function that spans this period. If we are successful in selecting the right assayed activity, 

the one relevant to the physiological activity, we should observe a change in function in 

the ancestral proteins present in this period. 

Gene Duplications 

The existence of a branch of positive adaptation in the An24-An26 branch is 

curious when set within the larger context of the history of the seminal ribonuclease gene. 

Many studies acknowledge the possibility that gene duplication might be followed by an 

episode of adaptive evolution, which leaves it signature as an episode with a high omega 

value. Indeed, starting with Haldane (Haldane, 1932) and Muller (Muller, 1935) and later 

elaborated by Ohno (Ohno, 1970), it has occasionally been postulated that gene 

duplication is the only way for new gene function to arise.  

There might be few exceptions (e.g. alternative splicing and gene shuffling), but the 

molecular record provides ample support for the Ohno hypothesis in metazoans in 

particular. Duplication may also serve simply to produce more of a single gene product 

when needed. The duplication of genes could also be partial, creating several domains 

within a protein and, in doing so, increasing the functional complexity of a protein. Gene 

duplications evidently also occur in large blocks (Wolfe and Shields, 2001), and perhaps 

cover a whole genome.  What is clear in any case that duplications are key to the 

diversity of functional adaptation with in specific gene families, and these adaptations are 

central to metazoan biology. 
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 What is curious about the episode of rapid sequence evolution, and the inference of 

the emergence of new function in this case is that it occurred so long after the gene 

duplication that separated the seminal lineage from the pancreatic lineage. The 

Fernandez-Vrba analysis (Hernandez Fernandez and Vrba, 2005) suggested that the 

divergence of chevrotains (the most primitive ruminants) from the remaining ruminants 

occurred 50 million years ago. The An24-An26 branch occured only 1 million years ago.  

What was seminal RNAse as a gene family doing in the meantime? 

 Every model for Darwinian evolution suggests that this amount of time is more 

than sufficient for the seminal gene to have rotted in to suited genes status. Benner and 

Trabesinger-Ruef estimated that this would occur with a half time of 14 million years for 

a protein the size of RNAse, with the residues known to be essential for function 

occurring. The more standard number, not generated for RNase specifically, is 10 million 

years (Lynch and Conery, 2000). 

Indeed, considerable evidence suggests that many of the seminal RNase genes are 

pseudogenes in extant ruminants. All of the ruminant artiodactyl genomes that have been 

examined in the Benner, Beintema, and Breukelman laboratories have contained a 

seminal RNase gene (Kleineidamet al., 1999;TrabesingerRuefet al., 1996). Inspection of 

seminal plasma reveals, however, no seminal RNase or its associated catalytic activity. 

The sole exception to this is the seminal plasma from sheep, where classical protein 

chemistry showed that the RNase present was the digestive RNase, not a protein derived 

from the seminal RNase gene. 

This suggested that the seminal RNase genes are pseudogenes, although no studies 

have strictly ruled out their expression in another tissue, except in the case of buffalo 
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(Kleineidamet al., 1999). Consistent with this model are defects in the coding regions of 

the genes for seminal RNase from various artiodactyls. These include frame-shifts, 

premature stop codons, and (in general, but not in seminal RNase) lesions affecting the 

splicing site or regulatory elements. As it is known from wet biochemistry that amino 

acids 119-124 at the end of the protein are essential for folding, virtually any stop/frame 

shift at any point in the gene necessarily creates a non-functional protein. Indeed, in this 

dissertation work, one of these genes was accidentally created by an unintentional frame 

shift at codon 114; the protein precipitated. 

Many defects are found in seminal RNase genes from the extant ruminants studied. 

In the seminal RNase gene from lesser kudu, a single base deletion in codon 114 creates a 

frame shift. In Cape buffalo, an eleven base deletion in codons 54 to 57 results in a 

frame-shift in the rest of the gene. In giraffe, a 16 base deletion from nucleotide 32 to 48 

also causes a frame shift, as well as the loss of important amino acids. 

In one case, a deletion can be placed on an ancestral branch of the tree. The genes 

for seminal RNase from both the hog and the roe deer have, in nucleotides 83 to 85, a 

five-nucleotide insertion that creates both a frame shift and a stop codon. The 

commonality of this deletion suggests that it occurred before the hog and roe deer 

diverged, but after the deer lineage diverged from the bovid lineage. This observation is 

quite significant, as the last common ancestor of hog and roe deer lies deep in the cervid 

tree, dated by Fernandez and Vrba to have lived ca. 19.4 million years ago, in the 

Miocene. We can be confident that the seminal RNase gene in cervids was a pseudogene 

ever since Hydropotes inermis (Chinese water deer, the most primitive deer) diverged 
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19.7 Ma. Obviously, inspection of the H. inermis genome would allow us to decide 

whether the lesion that caused the deer gene to become a pseudogene was older. 

Other features of the contemporary seminal RNase genes in ruminants suggest that 

the encoded protein could not have catalytic or binding activity against RNA. For 

example, the sequence from giraffe has suffered the replacement of His 12, an active site 

residue that has been shown in the Benner group to be essential for both binding to RNA 

and catalysis, is replaced by a leucine. In the hog deer encoded sequence, the same 

histidine is replaced by a tyrosine. The active site Lys 41 is replaced in both hog deer and 

roe deer seminal RNase with an arginine. Last, Cys 72, which usually forms a disulfide 

bridge with Cys 65, is replaced in the hog deer protein by a Ser.  

Other ruminant seminal RNase sequences (forest buffalo, water buffalo, duiker, 

saiga and okapi) are free from lesions in the coding region. The protein is not found in 

their seminal plasmas (TrabesingerRuefet al., 1996). 

 The lack of common lesions in contemporary artiodactyls prevents us from using 

molecular evolutionary analysis to establish a pseudogene status for the protein along 

the lineage leading to the modern ox 

 If the pseudogenes for seminal RNase proteins from extant ruminants all have the 

same lesion, then simple rules of molecular analysis would allow us to place that lesion 

deep within the seminal RNase tree, and drive the inference that through much of the 

history of the seminal RNase gene family, the gene was a pseudogene.  This would then 

lead to the remarkable conclusion that a gene that went inactive 40 million years ago was 

resurrected with in the past 1 million years to deliver a functioning protein.  
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This is not the case, however. All of the lesions detected within coding regions of 

the seminal RNase genes from extant ruminants are different.  While the common gene 

lesion in the hog and roe deer allows us to date the lesion event at between 19 and 20 

million years ago in that specific lineage, no other region discussed above is held in 

common between the various proteins.  Even the loss of histidine 12 in the giraffe and the 

deer cannot be placed in a less common ancestor of these two taxa, as the amino acid 

replacement is different in the two species.  

 This has left open one of the longer standing conundrums in the molecular 

evolution of the RNase family.  The molecular evolutionary analysis makes nearly 

indisputable the conclusion that the protein presently found in modern oxen has a 

function different from the protein in the last common ancestor of Bovidae and buffalo. 

Sequence analysis makes nearly indisputable the conclusion that the seminal RNase gene 

has no function in any other modern ruminant, and it did not have any function near the 

time of divergence of the major species of cervids.  Yet the molecular evolutionary 

analysis implies that no lesions damaged the RNase gene in the 50 million years since the 

time that it was created and the time that it underwent recruitment for new function in the 

modern ox. 

Tests for Pseudogeneness Based on Non-Markovian Features of Sequence Evolution 

Research in various laboratories has suggested more specific tests for gene function 

than dN/dS. These include higher order analyses of molecular evolution, which relax the 

first order Markovian features of the standard models for sequence evolution, which 

include the notion that future mutations are independent of past mutations.  The fact that 

individual sites do not samples randomly from all 20 amino acids is captured in the 

obvious homoplasy observed at 10 sites in the protein sequence.  As noted above, this 
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homoplasy created significant problems in identifying a preferred topology for the 

evolutionary tree. 

While the statistical analysis of homoplasy remains an unsolved problem, such 

homoplasy is a sign of selection pressure, as it indicates the fixation of amino acid 

replacements that does not reflect the random selection from all 20 possible amino acids, 

but rather a constraint to consider just two (or a few). For example, the K/Q homoplasy at 

site 55 involves the interversion of codons for Lys (AAG and AAA) and Gln (CAA and 

CAG). Of the 9 single nucleotide substitutions that are possible starting with (for 

example) the AAG codon for Lys, only one of these generates a Gln codon (CAG). The 

remaining 8 generate two Asn codons (AAT, AAC), one stop signal (TAG), one Met 

codon (ATG), one Thr codon (ACG), one Glu codon (GAG), one Arg codon (AGG), and 

one codon (AAA) that leaves the encoded amino acid unchanged. For K and Q to have 

interconverted at least three times (each with probability 0.11) without having nucleotide 

substitutions that generate the other amino acids suggests selective pressure operating at 

that site, is significantly unlikely by any 95% confidence limit test. 

Structural and Evolutionary Analysis Combined: A Test for Pseudogeneness 

An alternative approach to analyzing molecular function, developed by Gaucher 

and Benner for proteins such as elongation factors and alcohol dehydrogenase and 

modified by Sassi for this project, involves the coupling of information from structural 

biology and chemistry to molecular evolution.  

Pseudogenes, by definition, must accumulate mutations anywhere in the sequence. 

The lack of selective pressure gives all mutations (with the exception of factors such as 

differential rates between transitions and transversions) an equal opportunity. A common 

ancestral pseudogene would therefore be expected to have mutations randomly 



177 

 

distributed in the three dimensional crystal structure of the protein. Failure to observe 

such a distribution during an episode of sequence evolution would be an indicator that a 

gene family is not a pseudogene during that episode. 

To test this idea, the replacements introduced along the lineage connecting An19 to 

An25 were mapped onto the three dimensional structure of seminal ribonuclease (Figure 

3-12). From a first look, it seemed that all of the ancestral replacements are on the surface 

of the protein. The hydrophobic core of the protein, important to proper folding, is free of 

mutations. Also, two enzymatically important structural units, the active site (His12, 

His119 and Lys41) and the RNA binding region (Thr45, Phe120, Ser123, Gln69, Asn71, 

Lys1, Lys7, Arg10, His12, Lys41, His119, and Lys66) are free of replacements. As noted 

above, this is not the case in the deer lineages, which are known to be pseudogenes. 

Statistical Support for the Distribution of the Ancestrally Replaced Amino Acids on 
the Structure of RNase 

DSSP (Definition of Secondary Structure of Proteins) is a program designed to 

standardize secondary structure assignment and extract other data like solvent 

accessibility from x-ray coordinates generated from the structure of proteins. We applied 

this program to two different x-ray structures of seminal RNase, the monomoer and the 

dimer. Using another program, written in the Benner group, we used the DSSP results to 

classify the residues as solvent accessible or inaccessible using 10% as the cutoff to 

distinguish between the two classes of residues (buried when accessibility <10% and 

exposed when accessibility > or = to 10%). Figure 3-13 shows the DSSP analysis.  

Seminal RNase has 124 amino acids of which 18 are ancestrally replaced. Table 3-

6 shows the buried versus exposed structural distribution of all of the amino acids in BS-
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RNase and the ancestrally replaced amino acids (residues in play). The classification was 

obtained from the DSSP output. 

To test the statistical significance of the observed surface distribution of the 

ancestrally replaced residues a Chi square test was performed. 

H0: The null hypothesis to be rejected by the Chi-square test holds that p1=p1,0 and 

p2=p2,0 ,where p1,0 and p2,0 are the hypothesized fractions of buried and exposed amino 

acids based on the calculated buried and exposed fractions of the amino acids not in play, 

and p1 and p2 are the calculated fractions of  buried and exposed amino acids in play. 

Ha: The alternative hypothesis is that at least one of the fractions (amino acids in 

play that are buried and exposed) does not equal its hypothesized value. 

Χ2 =
[n1 − E(n1)]

2

E(n1)
+

[n2 − E(n2)]2

E(n2)
 where E(ni) = npi,0 , n is the total sample 

number, and n1 and n2 are the number of buried and exposed amino acids in play, 

respectively. 

Chi-square calculation based on BS-RNase monomer crystal structure  

X 2 = 9.6437
χ0.005

2 = 7.87944
X 2 ≥ χ0.005

2

 for one degree of freedom 

Chi-square calculation based on BS-RNase dimer crystal structure  

X 2 = 6.47725
χ0.025

2 = 5.02389
X 2 ≥ χ0.025

2

 for one degree of freedom 

The null hypothesis (H0) can be rejected in both cases, the monomer and the dimer 

crystal structures. This statistical test supports that the distribution of the amino acids in 
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play (ancestrally replaced amino acids) is different from the rest of the amino acids in the 

protein with a 99.995% (dimer structure) and 99.975% (monomer structure) confidence.  

Conclusion for Derived Pseudogenes: 

Taken together, the comparison of pseudogene lesions, the ancestral replacement 

structural mapping and the patterns of non-synonymous and synonymous mutations build 

a strong case for recent gene inactivation of seminal ribonuclease occurring recently and 

separately in the different lineages (with the exception of the deer lineage where we 

estimate the lesions occurring at least 20 million years ago). Further, these results and 

more specifically the structural mapping predicts that the ancestral proteins will be 

enzymatically active. These predictions will be validated by the experimental data. 

 
Figure 3-1. Coin toss example illustrating the principle of Maximum Likelihood. The 

value of p (the probability to obtain heads) corresponding to the maximum 
likelihood of the data (sequence of coin tosses) is 0.454. This figure was taken 
from the lecture of Joseph Felsenstein (Woods Hole, Summer 2004). 
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Figure 3-2. Three-dimensional plot representing the likelihood distribution for two 

parameters (two branch lengths in phylogenic tree) in an evolutionary model. 
The chosen values of the branch lengths correspond to the maximum 
likelihood value for both parameters. 

 

 
 
Figure 3-3. A hypothetical phylogenetic tree relating nucleotide site (A, C, and G). 

Branch lengths are represented by the parameters t1, t2, t3, and t4. Ancestral 
states sites are represented by w and z. 
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Figure 3-4. The multiple sequence alignment of the protein sequences of the seminal 

genes and sequences of the RNase genes used as outgroups in this study 
(pancreatic and brain RNases). This alignment was generated by the program 
Clustal X. 

 

 
 
Figure 3-5. This figure represents two tree topologies of the seminal RNase gene family 

(Topology 1 and Topology 4) that were considered in this study to infer 
ancestral sequences. Topology 1 is the preferred topology by a Bayesian 
analysis. The ancestral nodes studied in this project are indicated on Topology 
1 (An19, An22, An23, An24, An25, An26 and An28). The numbers in red 
below the ancestral nodes indicate the number of ancestral candidates 
considered. The outgroup shown includes three RNase sequences. 
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Figure 3-6. This figure represents two tree topologies (Topology 2 and Topology 3) 

representing the phylogenentic relationship of the seminal RNase gene family. 
These topogies were among the three best selected by the bioinformatics 
analysis. The outgroup shown includes three RNase sequences. 

 

 
 
Figure 3-7. Hypothetical phylogenetic tree used as example to illustrate ancestral states 

reconstructions. Numbers 1,2,3 and 4 represent the extant characters. 
Numbers 5 and 6 represent the ancestral states. t1, t2, t3, t4 and t5 represent 
branch lengths. 
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Figure 3-8. A distance tree represents the differences between all 17 inferred ancestral 

candidates for node An19. The difference arises from different trees, 
outgroups and inference models. The leaves in red boxed represent the 
candidates sampled in this study. T1, T2, T3 and T4 correspond to the 4 
topologies discussed earlier in the chapter. The letters B and P in the 
designations refer to the outgroups (Brain and Pancreatic). The letter AA refer 
to the amino acid model. The numbers 3 and 1 at the end of the designations 
refer to the codon models. The length of the branches represent the difference 
between the ancestral candidate sequences, for example, An19_T4B1 and 
An19_T4B3 (upper right hand corner) are different by one amino acid. 
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Figure 3-9. Multiple sequence alignment showing the ancestral sequences considered in 

this study. The ancestral nodes are An19, An22, An23, An24, An25, An26, 
and A28. An26 is the ancestral protein of the ox lineages and is incidentally 
the same as the BS-RNase. The ancestral nodes where ambiguity in the 
reconstruction was found are represented by more than one ancestral 
candidate sequence. 

 

 
Figure 3-10. The values of ω for each branch in Topology 1 under the pancreatic and 

brain outgroups are shown. The branches on the tree highlighted in red and 
blue show branches with ω values higher than unity for the pancreatic (red) 
and brain outgroups (blue). 
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Figure 3-11. The values of ω for each branch in Topology 4 under the pancreatic and 

brain outgroups are shown. The branches on the tree highlighted in red and 
blue show branches with w values higher than unity for the pancreatic (red) 
and brain outgroups (blue). 
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Figure 3-12. The dimeric structure with swapped domains (amino acids 1-20) of BS-

RNse. Only of the side chains of the relevant amino acids is shown. The active 
site residues are represented in grey, and the ancestrally replaced amino acids 
are in red. The RNA binding site is shown. The pdb accession code for this 
structure 1bsr. 
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        10        20        30        40        50        60 
BS-RNase sequence KESAAAKFERQHMDSGNSPSSSSNYCNLMMCCRKMTQGKCKPVNTFVHESLADVKAVCSQ 
 
BS-RNase struct(D1) KESAAAKFERQHMDSGNSPSSSSNYaNLMMc RKMTQGKdKPVNTFVHESLADVKAVeSQ 
Secondary struct(D1) CCCHHHHHHHHHBCCCCCCCCGGGHHHHHHH CCCCCCCCCCEEEEECCCHHHHHGGGGC 
Solvent access (D1) 9464234042100254960133530031001 2601676025400001242650430082 
 
BS-RNase struct(D2)  KESAAAKFERQHMDSGNSPSSSSNYgNLMMc RKMTQGKhKPVNTFVHESLADVKAViSQ 
Secondary struct(D2) CCCHHHHHHHHHBCCCCCCCCGGGHHHHHHH CCCCCCCCCCEEEEECCCHHHHHGGGGC 
Solvent access (D2)  9465234042100149110635710030001 2302766025300000242650430082 
 
Monomer struct(M) KESAAAKFERQHMDSG     SSNYaNLMM  RKMTQGK KPVNTFVHESLADVKAVcSQ 
Secondary struct(M)  CCCHHHHHHHHHBCCC     CCCHHHHHH  CCCCCCC CCEEEEECCCHHHHHGGGGC 
Solvent access (M)  9454234042100259     986103410  2502776 24500001142550420182 
 

70        80        90       100       110       120 
BS-RNase sequence KKVTCKNGQTNCYQSKSTMRITDCRETGSSKYPNCAYKTTQVEKHIIVACGGKPSVPVHFDASV 
 
BS-RNase struct(D1) KKVTfKNGQTNfYQSKSTMRITDaRETGSSKYPNdAYKTTQVEKHIIVAeGGKPSVPVHFDASV 
Secondary struct(D1) EEECCCCCCCCEEECCCCEEEEEEEECCCCBCCBCCEEEEEEEECEEEEEECCCCEEEEEEEEC 
Solvent access (D1)  6616086665302207650500004339918467220612426320100028974201612226 

 
BS-RNase struct(D2)  KKVT KNGQTN YQSKSTMRITDgRETGSSKYPNhAYKTTQVEKHIIVAiGGKPSVPVHFDASV 
Secondary struct(D2) EEEC CCCCCC EECCCCEEEEEEEECCCCBCCBCCEEEEEEEECEEEEEECCCCEEEEEEEEC 
Solvent access (D2)  6518 669375 2107540200207339918567120624636330000029974201510126 

 
Monomer struct(M) KKVTdKNGQTNdYQSKSTMRITDaRETGSSKYPN AYKTTQVEKHIIVAcGGKPSVPVHFDASV 
Secondary struct(M) EEECCCCCCCCEEECCCCEEEEEEEECCCCBCCB CEEEEEEEECEEEEEECCCCEEEEEEEEC 
Solvent access (M)  6516077665301208640400004339817468 10623737320000037973102411136 

 

Figure 3-13. DSSP solvent accessibility classification of the monomeric (pdb 1N3Z ) and 
dimeric (1BSR) structures of BS-RNase. The upper sequence is the complete 
sequence of BS-RNase. Struct(D1), struct(D2), and struct(M) are the 
crystallographically determined sequence of the first monomer of the dimer 
(1BSR), second monomer of the dimer (1BSR)  and the structural 
monomer(1N3Z), respectively. The solvent accessibility is noted below each 
amino acid with a number between 0 and 9. 0 represents 0% solvent 
accessibility and 9 represents 90% solvent accessibility. 

 
Table 3-1. Sequence summary for sites influencing seminal RNase tree* 
 
 Brain/ Okapi Deer Subsequent sequences/  
 Pancreas   homoplasy  
Site 9 R/E E W saiga R/bovid E  
Site 19 S P S all P  
Site 22 N/S N S saigakudubuffN.OxS  
Site 53 D/N/S N N D 
Site 55 K/Q Q K/N saigaQ/remainder K 
Site 64 T/A T A saigaT,duikerA, remainder T 
Site 70 P/ST S S T 
Site 80 NS/HS H H R 
Site 101 Q R R duikerR/rest Q 
Site 113 N/N N K saigaN/rest K 
*See multiple sequence alignment (Figure 3-4) for primary data 
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Table 3-2. This table shows the different models used to detect adaptive episodes of 
evolution for both topologies (Topology 1 and Topology 4) for the pancreatic 
outgroup. The column under ‘Models’ shows the different combination of 
branch grouping used in the respective model. Calculated values of w are 
shown for each branch grouping and respective model. Under models, the 
designation 0 represents the rest of the branches, excluding the branches in the 
listed branch grouping, where one w value was calculated for all of these 
branches. 
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Table 3-3. This table shows the different models used to detect adaptive episodes of 
evolution for both topologies (Topology 1 and Topology 4) for the brain 
outgroup. The column under ‘Models’ shows the different combination of 
branch grouping used in the respective model. Calculated values of w are 
shown for each branch grouping and respective model. Under models, the 
designation 0 represents the rest of the branches, excluding the branches in the 
listed branch grouping, where one w value was calculated for all of these 
branches. 
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Table 3-4. This table shows the ∆AIC and Akaike weights (wi) given all models and both 
topologies (Topology 1 and Topology 4) for the pancreatic outgroup. 
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Table 3-5. This table shows the ∆AIC and Akaike weights (wi) given all models and both 
topologies (Topology 1 and Topology 4) for the brain outgroup. 
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Table 3-6. Buried versus exposed crystallographic distribution of total and ancestrally 
replaced amino acids in BS-RNase. The data has been obtained from the 
DSSP output describing the monomeric structure (pdb 1N3Z) and dimeric 
structure (pdb 1BSR). Resiudes in play are the ancestrally replaced amino 
acids. Residues not in play are the rest of residues in the protein. 

Dimer crystal structure 
    Total  Buried   Exposed 
All residues   248  88   160 
Residues not in play  212  83   129 
Residues in play  36(n)  5(n1)   31(n2) 
 
      % Buried  % Exposed 
All residues     35.5   64.5 
Residues not in play    39.2 (p1,0)  60.8 (p2,0) 
Residues in play    13.9 (p1)  86.1 (p2) 
 
Monomer crystal structure 
    Total  Buried   Exposed 
All residues   124  45   79 
Residues not in play  106  43   63 
Residues in play  18(n)  2(n1)   16(n2) 
 
      % Buried  % Exposed 
All residues     36.3   63.7 
Residues not in play    40.6 (p1,0)  59.4 (p2,0) 
Residues in play    11.1 (p1)  88.9 (p2) 
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CHAPTER 4 
PRODUCTION AND BIOCHEMICAL CHARACTERIZATION OF RESURRECTED 

RIBONUCLEASES 

The phylogenetic analysis outlined in Chapter 3 generated candidate sequences of 

the proteins that were the ancestors of contemporary ribonucleases (RNases). These are 

represented by individual nodes throughout the evolutionary history of seminal RNase 

gene (Figure 3-5 in Chapter 3). This Chapter describes the production, purification and 

biochemical characterization of these ancestral proteins.  

Production of Ancestral Proteins 

Site Directed Mutagenesis Method 

Genes encoding various ancestral RNase proteins were obtained from an original 

ribonuclease gene cloned in a bacterial expression vector (pET23b). This original gene 

(An35) was derived from the gene synthesized in the Benner laboratory in 1984. Its 

development was done by a variety of workers in the Benner laboratory prior to the start 

of this project, including Dr. Joseph Stackhouse, Dr. Katrin Trautwein-Fritz, Dr. Mauro 

Ciglic, Dr. Jochen Opitz, and Dr. Lee Raley. The dissertation of Dr. Ciglic, written in 

English, was especially helpful. 

This original gene was then changed to create genes that encoded individual 

candidate ancestral RNases. To minimize the number of mutation steps needed to prepare 

these, it was recognized that the various ancestral genes differed from the original gene at 

many points in common. Therefore, a plan was to strategically mutate the original gene 

(Figure 4-1). 
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Site directed mutagenesis was used to introduce the needed mutations into the gene. 

The starting plasmid had 5 ́-Gm6ATC-3 ́ sequences throughout. These are susceptible to 

specific cleavage by Dnp I endonuclease.  

Mutations were introduced using forward and reverse primers that are 

complementary, with one or two nucleotide mismatches, to sites in the starting gene that 

were to be changed. The mismatches introduce the nucleotide substitutions needed to 

create the desired amino acid replacement. From 10 to 15 correctly matched nucleotides 

were placed in the primers on either side of the mismatch that introduces the mutation.  

The primers then support a polymerase chain reaction (PCR) that replicates the 

entire plasmid, and delivers a product plasmid that incorporates the desired mutations. 

The PCR used the thermostable Pfu DNA polymerase. The parental plasmid strands were 

then digested with Dnp I endonuclease. After digestion, a fraction of the PCR product is 

used to transform competent E. coli cells (XL-1 blue). Transformed clones were then 

grown, and the plasmid DNA purified and sequenced to confirm success of the 

mutagenesis. Sequence of the starting ribonuclease sequence and the list of primers is in 

the Appendix. 

Protein Expression 

Ribonuclease toxicity in expression 

The ancestral proteins were expressed in a prokaryotic system (E. coli) using the 

pET23b bacterial expression vector. This system places the RNase gene behind the T7 

bacteriophage promoter, and places the T7 RNA polymerase gene behind the lacUV5 

promoter, making the latter (and therefore indirectly, the former) inducible with 

isopropylthiogalactoside (IPTG). The selection marker is a beta-lactamase gene on the 

plasmid that renders the host cell resistant to ampicillin and carbenicillin. 
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Unfortunately, in first expression attempts, addition of IPTG did not lead to the 

expression of cloned ancestral RNase genes in the desired large amounts. To troubleshoot 

this problem, we considered the possibility that the beta-gal system had a low level of 

leakiness. We speculated that the seminal RNase might be toxic to the cells. This would 

not be surprising if the RNase were folded and active and in the cytoplasm. We did not 

expect this to be the case, however, as heterologously expressed RNases are usually 

produced as inclusion bodies (aggregates of denatured proteins). Further, in the reducing 

environment of the cytoplasm, disulfide bonds important to its proper folding and activity 

of RNase variants are not formed. However unlikely the scenario, it was necessary to rule 

it out. 

Usually pET vectors are retained even in the absence of antibiotic selection for a 

long period (Pan and Malcolm, 2000). This, however, can change dramatically if the 

expressed protein is toxic. As our cells were grown for an extended period of time, and 

are multiply propagated, we hypothesized that the plasmid might have evolved under 

selection pressure that reduced its ability to deliver an expressible gene.  

A plasmid stability test was first performed to determine whether the plasmid itself 

was lost, if the RNases were expressed, and if these proteins were indeed toxic to 

bacteria. Cells were plated under the following four conditions: 

(a) Carbenicillin: Only cells retaining plasmid should grow with this more 

chemically stable analog of ampicillin. 

(b) Media without antibiotic: all cells should grow. Comparing the number of cells 

here with the number obtained under condition (a) will indicate the proportion of cells 

retaining the plasmid. 
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(c) IPTG: Cells with plasmid but without expression and cells without plasmid will 

grow. 

(d) IPTG and Carbenicillin: Cells with plasmid and without expression will grow. 

Cells that are expressing and that retain plasmid will not grow. 

If the same number of colonies were to be observed on plates with and without 

carbenicillin, then we would infer that the plasmid (at least the part that carries the 

lactamase) is present and stable. In addition, if no colonies are observed on the IPTG 

plates (condition (c)), this suggests that the gene is expressible, and that the expression 

stops further division of the cells. In fact, when this expression strain (BL21DE3 strain) 

of E. coli is induced for expression with IPTG, its rate of division slows dramatically.  

Similar numbers of colonies were observed when plating E. coli containing genes 

encoding RNase variants in the presence and absence of carbenicillin. This suggests that 

the plasmid is stable. Unfortunately, a comparable number of colonies also grew in the 

presence of IPTG. This suggested that the gene for the RNase variant was unexpressible 

(Figure 4-2).  

Only one RNase variant plasmid stability test gave results supporting a stable and 

expressible gene (Figure 4-3). This RNase variant (An21) was expected to be 

enzymatically inactive because it had an Arg in position 41 instead of a Lys. Lys41 is an 

important active site amino acid; without it, the degradation of RNA is greatly slowed. 

This suggests that a low level of toxic protein was being generated from the cloned 

RNase gene even in the absence of IPTG, and was creating a non-expressible gene. 

We are able to only incompletely reconcile this observation with conventional 

wisdom, which hold that proteins requiring disulfide bonds to fold cannot fold correctly 
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inside of a cell. Carrio et al, observing similar results with different proteins, reported that 

disulfide-containing proteins can retain some activity and might in a dynamic equilibrium 

between solubility states, even when they are predominantly in inclusion bodies (Carrio, 

Cubarsi and Villaverde, 2000). Further, the Eisenberg group was able to show that fibrils 

formed by the apparent precipitation of pancreatic RNase form organized structures 

where monomers swap domains to form a large non-soluble aggregate that retains 

activity (Sambashivan et al., 2005). 

Solutions to expression problem 

As another approach to deal with expression difficulties, a phage induction system 

was tested. An E. coli strain (BL21) lacking the chromosomal copy of the T7 RNA 

polymerase gene was used. This allows the bacterial clone with the plasmid containing 

the RNase variant gene to be propagated indefinitely in the absence of RNAse toxicity, as 

this E. coli strain is incapable of expressing genes controlled with the T7 promoter. The 

cells are grown to the appropriate density, and then infected with a phage (CE6) 

containing the T7 RNA polymerase gene.  Within 3 to 4 hours after infection, the cultures 

should express large amounts of protein.  

This method was quite successful (Figure 4-4). This method was not practical, 

however, as it required preparation of large amounts of phage in high densities to induce 

expression. We therefore attempted to solve the problem by changing the handling of the 

origin strain. Here, a bacterial colony is picked immediately after transformation, and 

directly used to inoculate liquid culture for expression, without intermediate propagation. 

The idea here was to reduce the chance of mutations and loss of expression by reducing 

the culture time and number of divisions of the expressing clone. Surprisingly this 

method worked quite well (Figure 4-5). 
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Purification of Ancestral Ribonucleases 

Method 1 

After induction with IPTG for 3 hours, the cells were recovered by centrifugation. 

The cells were then suspended in buffer, and lysed. The lysis was best achieved using a 

French press, but similar results are obtained by using a cocktail of non-ionic detergent 

(BugBuster) supplied by Novagen. With BugBuster, an enzyme (Benzonaze, Novagen) is 

added to the lysis cocktail. Benzonase is a genetically engineered endonuclease from 

Serratia marcescens that degrades all forms of DNA and RNA.  

Since the RNase was present in inclusion bodies (Figure 4-6), the lysis suspension 

was centrifuged at high speed to recover the insoluble protein and other cell debris in a 

pellet. The pellet was washed 2 to 3 times with a wash buffer to reduce contaminating 

proteins and cell wall debris.  

The cleaned pellet was solubilized using a saturated or nearly saturated urea 

solution. This dissolved the RNase. The protein solution was centrifuged at high speeds 

to remove the insoluble lipophilic debris. The supernatant is filtered and loaded on a 

strong cation-exchange SP (Sulphopropyl) column. The proteins were eluted with a salt 

(0-2 M NaCl) gradient (Figure 4-7). At this point the RNases were soluble but not 

properly folded.  

The RNase variant was folded in a folding buffer containing both reduced and 

oxidized forms of glutathione to stimulate disulfide bond formation. The solution was 

incubated at room temperature for 24-48 hours. The protein solution was then 

concentrated, the buffer is changed by dialysis to sodium acetate (50 mM , pH 5), and the 

dialyzate was loaded on a pUp (5’-(4-Aminophenyl-phosphoryl)- uridine-2(3’)- 

phosphate) affinity column. pUp is a competitive inhibitor of the pancreatic ribonuclease 
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family of proteins. Pure RNase is eluted with a salt gradient (0-2 M NaCl). Figure 4-8 

shows purified RNase by this method on a silver stained SDS-PAGE gel. 

Method 2 

Another method was developed to increase the purification yield. The 

solubilization agent was changed from urea to guanidinium hydrochlride, which proved 

to be more efficient than urea for solubilizing the inclusion bodies. Also, the cation-

exchange step was replaced by a dialysis step. The protein solubilized in aqueous GnHCl 

is dialyzed against aqueous acetic acid (20 mM, 4 °C). In this step, most of the 

contaminant proteins precipitate, while RNase variants remain in solution. This dialysis 

step proved to be superior to the cation-exchange column step in removing impurities. 

Further, it allows guanidinium, itself a cation, to be used as a denaturant.  

The dialyzed solution is then centrifuged and filtered to remove insoluble proteins. 

RNAse is then folded as described in Method 1. The folded protein in sodium acetate 

buffer (20 mM, pH 5) is ready to load on to an affinity column. 

The described modifications improved the yield of purified RNAse, but further 

modifications were required to enhance the performance of the affinity chromatography 

step. The quality of the commercially available pUp affinity resin, used in Method 1, 

evidently declined as this project progressed. In particular, the agarose provided by the 

manufacturer (Sigma) after the first year of this project had less than 50% of the pUp 

attached. This lower amount of RNase ligand caused the affinity column to be 

ineffective.  

Ribonucleases could be purified by other classical chromatography methods, of 

course. An affinity step based on a competitive inhibitor serves a dual role, however, by 

ensuring that the purified protein is properly folded. Competitive inhibitor binding to the 
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enzyme active site is dependent on proper folding. Consequently, a new affinity step was 

developed to complete the purification.  

Ribonuclease A is well known to preferably bind to a pyrimidine-purine 

recognition dinucleotide. Based on this preference, a DNA oligonucleotide (5'-amino C6-

dAdAdUdAdAdAdUdAdA where dA is deoxyadenosine and dU is deoxyuridine) 

containing this dinucleotide was designed to be the affinity ligand. A 6 carbon spacer and 

a primary amine was appended at the end of the tail were added to the 5' end of the DNA 

oligonucleotide to enable accessibility and conjugation to chromatography resin.  

This modified oligonucleotide was purchased from Integrated DNA technology 

(IDT) and an NHS- activated sepharose from Amersham Biosciences. The resin is 

acidified using an ice cold HCl (1 mM). The oligonucleotides is dissolved in the coupling 

buffer containing a 0.2 M NaHCO3 and 0.5 M NaCl at pH 8.3. This solution is then 

added to the acidified resin replacing the HCl solution and incubated at room temperature 

for 4 hours. The unreacted NHS groups in the resin are then blocked with a solution of 

0.5 M ethanolamine. 

As expected, RNase bound to the home-synthesized column and was successfully 

eluted with high concentration of salt (1 M NaCl). We noticed that some contaminating 

proteins also bound, perhaps via coulombic interactions with the affinity oligonucleotide. 

To achieve better purification and ensure that the purified RNase is binding the column 

through the active site, a different elution scheme was devised.  

Here, a series of known competitive inhibitors of RNase A were tested to 

selectively elute RNase. Competitive inhibitors are thought to compete for the active site 

with the DNA oligonucleotides, causing the column-bound RNase to elute. Adenosine 
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diphosphate (ADP), an RNase competitive inhibitor (Leonidas et al., 1997), used at a low 

concentration (0.5 mM), performed best compared to other inhibitors tested. Unfolded 

RNase bound to the column was eluted only at high salt concentration; it did not, 

however, not elute with ADP (Figure 4-9). This observation confirms that this affinity 

chromatography method yields not only the RNase variant, but the variant in the correctly 

folded form. 

Ancestral Protein Characterization 

The primary structure of a protein determines its folded structure, which in turn 

determines characteristics that confer the ability of a protein to confer fitness upon a host 

organism. Not all characteristics that can be measured in vitro are directly linked to 

fitness, however. It remains a puzzle as to what sequence changes confer new function. 

The bioinformatics analysis of the last chapter used a rate criterion to do this, identifying 

not only an episode where positive selection must (within limits of statistical uncertainty) 

have operated to create new behaviors in RNase, but also the individual residues that 

were selected to do so. 

Unfortunately, a similar analysis does not identify in vitro behaviors that are 

important for function.  We describe here a series of assays to measure the behaviors of 

the ancestral proteins. 

Enzyme Kinetic Activity of Ancestral Ribonucleases 

The degradation of RNA catalyzed by RNase A (the closest homologue, with 80% 

identity to BS-RNase) is a two-step process. In the first step, the enzyme catalyzes the 

transphosphorylation reaction from the 5’ position of one nucleotide to the 2’ position of 

the adjacent nucleotide forming a 2’,3’-cyclic phosphate (Figure 4-10). In the second 

step, RNAse catalyzes the hydrolysis of the cyclic phosphate intermediate. This second 
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step is essentially the reverse of the first reaction step, with water substituting the leaving 

group. A free 3’- phosphate monoester product is formed (Blackburn and Gavilanes, 

1982).  

The second step (hydrolysis of the cyclic phosphate) does not necessarily directly 

follow the first. RNase A tends to cleave the 3’,5’-phosphodiester bonds to create a 

population of products that are, on average, 6 nucleotides in length, because the 

hydrolysis of the cyclic intermediate becomes dominant (Raines, 1998).  

The transphosphorylation of single stranded RNA reaction has an acid-base 

catalytic mechanism. His12 acts as a base and His119 as an acid directing the 

intramolecular attack of the 2’-hydroxyl on the phosphorus atom and the subsequent 

cleavage of the P-5’-O bond (Figure 4-10). Lys41 stabilizes the intermediate. This 

mechanism is supported by many studies. RNase A has a degree of specificity caused by 

the presence of discriminating subsites (Figure 4-11). For example, the base at the 3’-side 

of the cleavable phosphodiester bond is strongly preferred to be a pyrimidine. 

A purine does not fit easily in the B1 subsite. In addition to the active site P1 and 

the subsite B1, a series of other sites are involved in the guiding of the RNA molecule 

(Figure 4-11) (Raines, 1998). All of these subsite amino acids, including the active site, 

are conserved in all of the ancestral RNAse candidate proteins indicating that all the 

necessary elements are present for a successful RNase reaction. 

Regardless of whether these proteins have interesting biological activity or not, 

they are primarily ribonucleases. In fact it was shown that without the enzymatic activity 

the otherwise cytotoxic RNases become inert (Jo Chitester and Walz, 2002). For these 

and other reasons, changing catalytic activity might be an important part of the adaptive 
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response of seminal RNase proteins, meaning that the level of activity of the purified 

ancestral RNases must be measured. 

Assaying RNase catalytic activity using UpA as the substrate 

The UpA (uridylyl-3'->5'-adenosine) assay monitors a two-step reaction. In the first 

step, the dinucleotide UpA is cleaved by an RNase to yield a uridine 2',3'-cyclic 

monophosphate and adenosine. In the second step, the enzyme adenosine deaminase 

(ADA) converts adenosine into inosine. The RNase-catalyzed step itself produces an 

absorbance shift that is too small to accurately monitor the reaction. The second step in 

this assay is associated with a large difference in the absorption at 265 nm, however 

(Warshaw and Tinoco, 1966). ADA is selective for adenosine, leaving oligonucleotides 

unaffected.  

The assay was performed by equilibrating the reaction mixture (25 °C) in a quartz 

cuvette containing sodium acetate buffer (100 mM, pH 5.0), ADA (units adjusted so that 

this step is not rate determining), and the substrate in varying concentrations (30, 50, 75 

and 100 mM). The reaction was initiated by adding RNase. The absorbance (265 nm) was 

measured for 90 seconds. The slope for the decrease in absorbance was determined from 

the first 5 values measured. The measurements were performed four times for each 

substrate concentration in three experiments. The initial rates measured as the slope of the 

linear part of each progress curve (Figure 4-12) were plotted against the corresponding 

substrate concentration. The resulting curves were fitted to Michaelis-Menten equation 

(below) using non-linear regression curve fitting software (PRISM). In this equation v0 is 

the reaction initial velocity at substrate concentration [S]. Vmax is the maximum velocity 

of the reaction and KM is the Michaelis-Menten constant. 
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v0 =
Vmax[S]

KM + [S]
 

All of the ancestral proteins tested were enzymatically active. This is an important 

basic observation, as this was predicted by the analysis, described in the previous chapter, 

that showed that the residues replaced in the lineage leading directly to BS-RNase were 

not located in the active site. This distribution of ancestral replacement is consistent with 

the maintenance of enzymatic activity. The second observation is that KM for the tested 

proteins is similar to that observed for wild type BS-RNase (KM= 137 mM), determined 

by Trabesinger-Ruf (Trabesinger-Ruef, 1997). The ancestral proteins An19 (KM =154 

mM), An22E (KM=282 mM), and An28 (KM =135 mM) have values that are quite close 

to this value. The most distant KM is that of AN23, roughly 13 fold higher. This 

difference, if we assume that this value is accurate, is relatively close in kinetic terms 

where an order of magnitude difference is not surprising in two similar enzymes. 

However, this result is probably not very accurate, as the 95% confidence interval for this 

value is quite large (Table 4-1). On the other hand, when this interval is much tighter, 

suggesting a more robust measurement, the values become much closer to BS-RNase 

(An19EK, An22E, An28) (Table 4-1).  

This trend suggests that the ribonuclease enzymatic activity did not extensively 

change over the evolutionary history of this protein. However, because the manufacturer 

(again Sigma) ceased to provide the UpA substrate, we were unable to collect enough 

data to complete the kinetic analysis.  

Assaying RNase catalytic activity using a fluorescent tetranucleotide as a substrate 

Because of the loss of a commercial source of UpA, a second substrate was sought. 

Several researchers (Kelemen et al., 1999) had develop a more sensitive assay than the 
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UpA assay. Here, at least one ribonuclease-cleavable bond is present in an 

oligonucleotide that joins two fluorescent molecules attached to both ends (5' and 3'). 

When the oligonucleotide is intact, there is a small level of fluorescence released, as the 

two fluorescent moieties quench each other at short distances. When the substrate is 

cleaved, however, the quenching is relieved and fluorescence increases upon excitation at 

the right wavelength.  

The most sensitive substrate available is 6-FAM-dArUdAdA-6-TAMRA 

(Kelemenet al., 1999), where FAM is 6-carboxyflorscein, TAMRA is 6-carboxy-

tetramethylrhodamine, dA is deoxyadenosine and rU is uridine. This substrate has only 

one RNase-cleavable bond in the molecule, the bond linking rU and dA. Figure 4-13 

shows this substrate and the cleavable bond. The assay is monitored using a high 

precision spectrofluorometer. This substrate has a maximum emission at a wavelength of 

515nm when excited at 490 nm. Figure 4-14 shows an emission scan at an excitation 

wavelength of 490 nm. The enzyme concentration ranged from 80pM to 700 pM. The 

reaction progress is monitored for a 1000 sec for every assay in order to reach or 

approach maximal substrate cleavage. Figure 4-15 shows progress curves for 

ribonucleases. 

 
To calculate Kcat/KM, the progress curve data is fitted to the following equation 

using the mathematical program PRISM. 

I = I f − (I f − I0)e
−(

kcat

K M
)[E ]t
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I is the fluorescence intensity at time t, If  is maximum fluorescence at complete 

cleavage, I0 is the background fluorescence before enzyme addition and [E] is the enzyme 

concentration. This kinetic equation is derived from a first-order rate equation. 

Figure 4-16 show Kcat/KM values for the ancestral proteins that were tested, BS-

RNase and RNaseA. 

Results and interpretations 

The catalytic activity of ancestral seminal RNases, as measured by kinetic assays, 

does not significantly change over their evolutionary history. The active ancestral 

enzymes reveal that the catalytic activity of seminal RNase is conserved. In particular, 

the catalytic activity does not change dramatically during the episode when positive 

selection pressure operates. 

This implies two conclusions. First, changing catalytic activity is not important to 

the changing functional role of this protein in oxen over the past 2 million years. Second, 

the conservation of catalytic activity in the earlier history of seminal RNase suggests that 

these proteins were in fact expressed, and their sequence drift constrained by purifying 

selection pressures. 

Incidentally, there is not a strong correlation between catalytic activity, as 

measured in these in vitro assays, an immunosuppressivity or other biological activities. 

There might be a small increase in activity as An24 evolves to give An25 and An26 (BS-

RNase), but this increase is not significant enough to correlate with the rapid phase 

evolution (An24..An25..An26). Indeed, An25A, with the highest catalytic activity, does 

not have the highest biological activity (See Chapter 5). The catalytic activity might be 

essential to the new biological function but it is not the primary selected character during 

the rapid evolutionary phase.  
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Dimerization 

Seminal ribonuclease is the only known member of the family that naturally occurs 

as a dimer. Bovine seminal RNase has two intersubunit disulfide bonds (linking Cys31 

and Cys 32) forming the dimer.  

This dimer has another unusual structural feature: Residues 1-20 are exchanged 

between the two monomeric folds, with residues 1-20 from one subunit folding with 

residues 21-124 of the other. This swap results in the two active sites of the dimer being 

composite, where the catalytically important His12 from one subunit His-12 working 

with the catalytically important Lys41 from the other subunit (Figure3-12 from Chapter 

3). This unique structural feature has attracted the attention of many researchers, who 

have related the swap and dimerization to various behaviors that they measure in vitro 

and in vivo, including cytotoxicity.  

For example, Raines and coworkers postulated that proteins that form dimer with 

residues 1-20 swapped might be cytotoxic because the swap would hold the dimer 

together even if intersubunit disulfide bonds are reduced. In this model, RNase needs to 

be localized in the cytoplasm to kill cells, the presence of ribonuclease inhibitor (a 50kD 

protein) might inhibit the RNase activity, and RNase inhibitor binds only to monomeric 

RNases. As this may be important to the evolution of biological function in the seminal 

RNase lineage, this structural feature was investigated. 

Disulfide Based Dimerization 

All of the inferred ancestral seminal RNases lack Cys32, which participates in one 

of two intersubunit disulfide bonds in modern BS-RNase. All have Cys31, however, a 

residue that was introduced immediately after the formation of the seminal RNase 

lineage. Cys 31 also participates in an intersubunit disulfide bond.  
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The purified ancestral proteins were allowed to dimerize after reduction and 

removal of reducing agent. The reduction of the proteins breaks disulfide bonds and 

removes any glutathione groups from the unreacted cysteine groups (intersubunit cysteine 

31). The protein is then left at room temperature in the presence of air, which provides 

the dioxygen needed to allow the re-formation of the disulfide bonds. The formation of 

dimers linked by disulfide bonds is verified by SDS-PAGE electrophoresis (Figure 4-17). 

All of the ancestral proteins, including the recombinant BS-RNase, readily formed 

dimers where the monomers are linked by a disulfide bond (presumably a Cys31-Cys31' 

disulfide bond). Treatment of the proteins with a reducing agent (DTT) was shown to 

convert these RNase variants to monomers, again as shown in the SDS-PAGE in Figure 

4-17. 

Cys31 is sufficient to ensure the covalent dimerization of seminal ribonucleases. 

This result does not tell us if the dimer has residues 1-20 swapped, but it does show that 

dimerization of this protein is an early ancestral trait that is dependent only on the 

presence of cysteine 31.  

This dimerization is a character that has existed in most of the evolutionary history 

of this protein. Because it does not emerge during the episode of rapid sequence 

evolution, we conclude that dimeric structure is not an in vitro character important for the 

selection of new biological function. Because this protein character has been shown to be 

important to its in cell activities, the evolution of the new function might require its 

preexistence but it has not been selected in the adaptive evolutionary phase. 

Domain Swap with a Divinylsulfone (DVS) Assay 

When the two monomers swap domains, they exchange the peptide (1-20 sites) and 

form composite active sites. This structural feature of the dimer is part of the Raines’ 
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model mentioned above, which requires BS-RNase to be a dimer to evade the cytosolic 

RNase inhibitor. The reducing environment of the cytosol might break the intersubunit 

disulfides. The domain swap (by hypothesis) stabilizes the dimeric structure, however,  

and allows BS-RNase to evade the RNase inhibitor.  

The DVS assay is a covalent crosslinking method that exploits a very specific 

structural feature of the swapped dimer to measure the extent of this swap. Each active 

site is made of parts of each monomers, where His12 is part of the swapped peptide, 

while His119 is part of the monomer. These two residues come to high proximity to form 

an active site. The two histidines can react with cross-linking agents that contain two 

electrophilic sites.  

Divinylsulfone (DVS) is ideal to cross link the active site histidines because the 

sulfone unit mimics the reactive phosphate in the RNA backbone. Further, based on the 

crystal structure of BS-RNase the electrophilic CH2 groups in DVS are at an appropriate 

distance to react with the two histidines when they are in the active site (Figure 4-18). 

When DVS reacts with a dimer containing the composite active site it crosslinks 

His-12 from one monomer with His-119 from the second monomer, yielding a covalently 

linked dimer. In contrast, DVS reacting with unswapped dimer and monomers will result 

in free monomers when reduced. The extent of dimer swap is determined by a reducing 

the samples and separation with SDS-PAGE. 

Figure 4-19 shows three SDS-PAGE gels with ancestral RNases taken at three time 

points in the DVS cross-linking reaction, 24 hours, 72 hours and 92 hours. A significant 

amount of recombinant BS-RNase is crosslinked in the dimer form. This result supports 

what has been observed with wild-type and recombinant BS-RNase. The protein has been 
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shown to be a dimer in a dynamic equilibrium between the swapped and the unswapped 

forms. RNaseA, as expected, remained as a monomer since it does not naturally form a 

swapped dimer.  

None of the ancestral proteins formed swapped dimers to the extent as is observed 

in BS-RNase. The earliest resurrected seminal ancestral protein (An19) showed a small 

level of dimeric swap. The following ancestral proteins, An23, A24, An25 and An28, 

showed no detectable dimeric swap.  

If the swap is a biomolecular behavior that contributes to the newly evolving 

physiological function after An24, then it is expected to increase during the adaptive 

episode of evolution. It does. Thus, we conclude that the swap is important to the new 

function. The principal caveat is that the extent of swap may not be independent of the 

conditions of folding and storage of the protein. These cannot in the laboratory reproduce 

those in the animal.  

We doubt that the swap per se is the selected behavior, of course. More likely, the 

swap contributes to a behavior that is selected, and thereby indirectly contributes to 

fitness. 

Materials and Methods 

Site-Directed Mutagenesis 

The mutagenesis PCR reaction contains PfuTurbo DNA polymerase buffer, 5 to 50 

ng of dsDNA plasmid template, 125 ng of each oligonucleotide (20-25 nucleotides in 

length), 10 nM of dNTP and 2.5 units of PfuTurbo DNA polymerase per 0.050 mL 

reaction. At the of the PCR cycles, 0.001 mL of DpnI(10U/ mL) is added to the reaction 

and incubated at 37°C for 4 hours. At the end of the DpnI digestion, 5 mL of the reaction 

mix is used to transfor XL-1 Blue competent cells, which are then plated on Carbenecillin 
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plates. Few colonies are grown and plasmid DNA isolated. The RNase gene is then 

sequenced to verify the success of the mutagenesis reaction. 

CE6 Phage Induced Expression 

A fresh culture of ED8739 E. coli strain (Novagen) is grown in LB supplemented 

with 0.2% Maltose and 10mM MgSO4 to saturation (1 mL /ml of LB from 1M MgSO4 

stock and 20% Maltose stock). Top agarose (LB media plus 7.2 g agarose per liter) is 

melted and placed at 45-50°C in water bath. 0.1 mL of a 3x107 plaque forming units per 

mL (pfu/mL) of CE6 phage is rapidly mixed with 0.3 mL of top agarose. The suspension 

is rapidly and evenly plated onto 37°C warm LB/agar plates. The plates are incubated at 

room temperature for 20 min, then transferred to 37°C for an overnight incubation. The 

next day a confluent lawn of bacteria is completely lysed by the phage. The CE6 phage is 

harvested from the plates by adding 5 ml of SM (0.01% gelatin, 85mM NaCl, 8 mM 

MgSO4 .7H2O, 50 mM Tris pH 7.5) and gently swirled on a shaker for 4 hours. The phage 

containing SM is collected. The titer of the phage is determined by mixing serial dilutions 

and plating in the same way described. The plaques are counted to determine the titer 

which should be higher than 7x109 pfu/mL.  

To induce expression, the bacterial clone with the RNase variant gene is grown to 

an OD600 of 0.6-1. Magnesium sulfate is added to a concentration of 10 mM, then the 

phage is added to final concentration of 2-4x109 pfu/mL. The culture is grown at 37°C 

for 3 to 4 hours. The cells are centrifuged and the pellet placed at -80°C to facilitate lysis. 

Induction of Expression With IPTG 

The day before expressing RNase proteins, fresh competent E. coli (BL21 DE3 

pLys) is transformed with 50-100 ng of plasmid DNA. For transformation, the plasmid 

DNA is incubated with the competent cells for 30 minutes in ice, 45 seconds at 42°C, 2 
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min on ice then LB is added and the culture is placed in a shaking incubator at 37°C for 1 

hour. Finally, the cells are plated on a carbenecillin plate at 37°C. A colony from the 

transformation plate is picked and used to directly inoculate the expression culture. The 

culture is then grown to an OD600 between 0.4 and 0.7, at which point IPTG is added to a 

final concentration of 0.4 mM. After 3 to 4 hours the cells are harvested as described 

before. 

Cell Lysis and Inclusion Bodies Purification 

To lyse the cells, 10 to 20 mL of non-ionic detergent cocktail (Bugbuster, 

Novagen) and 3 mL (25 U/mL) of Benzonase (Novagen) is added to the cell pellet and 

shaken at room temperature until the cell pellet dissolves completely. The suspension is 

then centrifuged for 25 minutes at 15000xg. The supernatant is discarded and the pellet is 

resuspended in freshly made wash solution (100 mM Tris·Cl, pH 7.0, 5 mM EDTA, 5 

mM, 2 M urea, 2% (w/v) Triton X-100) and then centrifuged for 20 minutes at 15000xg. 

This wash step is repeated twice. The pellet is then washed once with water. 

Solubilization of Inclusion Bodies 

In Method 1, the inclusion bodies are solubilized in a freshly made urea based 

solubilization solution (9-10 M Urea, 50 mM NH4OAc pH 6.8, PMSF 1 mM, 10 mM 

sarcosine, 100 mM DTT). The pellet is vortexed or solubilized using a homogenizer. The 

solution is then centrifuged at for 30 min at 50000xg to remove any impurities. The 

supernatant is filtered and is ready to be loaded onto cation exchange column. 

In Method 2, the inclusion bodies are solubilized in guanidinium hydrochloride 

based solubilization solution (10 mM Tris-HCl pH 8, 6 M GnHCl, 10 mM sodium 

EDTA, 100 mM DTT). The pellet is vortexed and incubated for 3 hours in a shaking 
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incubator at 37°C. The solution is then centrifuged for 30 min at 15000xg. The 

supernatant is filtered and is ready for the dialysis step. 

Purification of RNase 

In Method 1, the solubilized protein in urea solution is loaded on a cation-exchange 

column (SP). The resin is then washed with 10 column volumes of buffer (20 mM 

NH4OAc, pH7). The bound protein is eluted with a salt gradient (0-2 M NaCl over 30 

minutes at 2 mL/ min). Protein elution is monitored using UV280 light absorbance. The 

collected fractions are further checked with SDS-PAGE. The fractions containing RNase 

are pooled and diluted in the folding glutathione buffer (100 mM Tris pH 8.4, 3 mM 

GSH/ 0.3 mM GSSG). The protein solution is incubated at room temperature for 24-48 

hours. The protein solution buffer is then changed with dialysis against 50 mM sodium 

acetate, pH5. The solution is then concentrated and loaded on the pUp affinity column. 

The resin is washed with 10 column volumes of sodium acetate buffer. The protein is 

then eluted with a salt gradient (0-2 M NaCl over 30 min at 2 mL/min). Protein purity is 

verified with silver stained SDS-PAGE gel. 

In Method 2, the solubilized protein in the GnHCl based solution is dialyzed 

against 20 mM acetic acid at 4°C. The dialysis buffer is changed twice. The protein 

solution is then centrifuged to remove the precipitate. The supernatant is filtered and 

concentrated. The protein is folded ih the same way described in Method 1. The buffer is 

then changed with dialysis against 50 mM sodium acetate pH5, and then concentrated. 

The RNase solution is then loaded onto oligonucletide affinity column. The bound 

protein is washed with 10 column volumes of buffer (50 mM NaAc, pH5). Folded RNase 

is then eluted with 0.5 mM ADP. The column is purged with 2 M NaCl and regenerated 

with 50 mM NaOAc, pH 5. Purity is verified with silver stained SDS-PAGE of the ADP 
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eluted protein fractions. The protein is dialyzed again to remove ADP, if it is to be used 

in kinetic assays. 

Dimerization 

Affinity purified RNase is treated for one hour with 200 mM DTT. The reducing 

agent is then removed by dialysis or desalting column. The protein solution is then placed 

at room temperature for 7-10 days. Extent of disulfide based dimerization is then verified 

on SDS-PAGE with and without reducing agent. 

DVS Swap Crosslinking Assay 

The RNase variant (13 mg, 1 nM per subunit) in NaOAc buffer (100mM pH 5, 100 

mL) and DVS (1 ml of a 10% solution) were incubated at 30°C. Aliquots were taken over 

a period of 96 hours. The samples are reduced with DTT and loaded on SDS-PAGE to 

assess extent of dimeric swap 

UpA Kinetics Assay 

Five solutions of UpA with different concentrations (30, 40, 50, 75 and 100 mM) 

were freshly prepared containing NaOAc (0.1 M) and ADA (5 mL of a 2 mg/mL solution 

per 10 mL reaction volume). The enzymes to be measured were diluted in NaOAc (100 

mM) to a final concentration of 5ng/mL. An aliquot of the enzyme solution was added 

and the cuvette quickly inverted 3 times. The absorbance was measured every 6 sec at a 

wavelength of 265 nm during 90 sec. The slope of the decrease in absorbance was 

determined from the first 5 values. The measurements were repeated 4 times for assay 

Fluorescent Tetranucleotide Kinetics Assay 

The substrate (IDT, Coralville IA) was prepared in 3 concentrations (30, 50 and 

100 nM) in 0.1 M MES/NaOH pH 6 buffer containing 0.1 M NaCl (2 mL). 

Concentrations ranging from 80 – 700 pM of enzyme were used in the various assays. 
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The progress of the reaction is monitered using high precision spectroflurometer with an 

excitation wavelength 490nm and an emission wavelength 515 nm. The reaction is 

followed for 1000 sec or until maximum substrate cleavage is reached. 

 
 
Figure 4-1. Site directed mutagenesis strategic plan to produce the various RNase 

ancestral candidate genes. The labels that start with AN designate the various 
genes. The introduced mutations are in rectangles. The starting sequence is 
An35. 
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Figure 4-2. Plasmid stability test indicating that the plasmid for expressing RNase was 

retained but abilty to express was lost. The condition is indicated under the 
respective plate. Similar number of colonies observed in both Carbenecillin 
and the plate with only media (0). Similar number of colonies was observed in 
the IPTG plates (Carbenecillin and no Carbenecillin). 

 
Figure 4-3. Plasmid stability test indicates that the plasmid for expressing AN21 RNase 

(enzymatically inactive) was retained. The lack of colonies on the IPTG plates 
indicate that the gene can be expressed. The condition is indicated under the 
respective plate. Similar number of colonies observed in both Carbenecillin 
and the plate with only media (0). No colonies were observed in the IPTG 
plates (Carbenecillin and no Carbenecillin). 
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Figure 4-4. A coomassie stained SDS-PAGE gel separating E. coli cell lysate after 

inducing expression with IPTG and CE6 phage. Lane B shows BL21 cells 
successfully expressed RNase after infection with the phage CE6, containing 
the T7 polymerase gene. Lane A shows very weak or no expression of RNase 
by BL21(DE3)pLys induced with IPTG.  

 
 
Figure 4-5. A coomassie stained SDS-PAGE gel showing equally successful expression 

in both IPTG and CE6 phage induced expressions. Lane A shows a lysate of 
BL21(DE3)pLys cells induced to express RNase with IPTG. Lane B shows 
the lysate of BL21 cells induced to express RNase with CE6 phage. 
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Figure 4-6. Coomassie stained SDS-PAGE showing that the expression of RNase is in 

inclusion bodies. After lysis and centrifugation of BL21(DE3)pLys expression 
RNase, the proteins in the supernatant and the pellet were separated by SDS-
PAGE. 
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Figure 4-7. SDS-PAGE gel separates proteins in several purification fractions from a 

cation-exchange chromatography of RNase. Lanes (3-6) separate proteins 
eluted in the wash after loading impure RNase sample onto the column. Lanes 
(8-17) separate proteins from fractions collected during salt elution gradient. 
The migration level of pure RNaseA in the middle lanes show where the 
RNase in chromatography fractions should migrate. Lane 11 has the highest 
level of RNase.  
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Figure 4-8. Silver stained SDS-PAGE gel (right) and a Western blot (left) of affinity 

(pUp) purified RNase. Lanes 1 shows a “pure” Rnase A (Sigma). Lanes 2-7 
represent affinity chromatography fractions collected during a salt-gradient 
elution. RNase becomes pure in lanes 5 and 6. A polyclonal antibody against 
RNase is used in Western blot. 
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Figure 4-9. Silver stained SDS-PAGE of purified RNase on the newly developed DNA 

oligonucleotide column. Gel on the left shows that the unfolded RNase does 
not elute with ADP but elutes with salt. The gel on the right shows that folded 
RNase eluted with ADP (0.5 mM). 
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Figure 4-10. The transphorylation step in the RNase mechanism of RNA cleavage. His12 

and His119 are the residue catalyzing the reaction in the active site. Lys41 
stabilyzes the intermediate. 
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Figure 4-11. Active site amino acids of RNase are shown in relation to a 3 nucleotide 

RNA chain. The indicated sites are involved in the catalysis and RNA 
binding. 
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Figure 4-12. The progress curves of UpA cleavage by RNase (An28) are shown. The x 

axis shows substrate concentrations in mM. The y axis shows the initial 
kinetic rate. The two progress curves correspond to two enzyme 
concentrations. 

 
 
Figure 4-13. The structure of the fluorescent tetranucleotide used in the RNase kinetic 

assay. 
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Figure 4-14. Emission-scan of the cleavage of the fluorescent tetranucleotide by RNase A 

is shown. The flat curve represents an uncleaved substrate. The cureve with 
highest counts (emitted light) represents complete cleavage. 

 

 
Figure 4-15. A typical progress curve of the tetranucleotide cleavage reaction by RNase 

is shown. The first part of the curve is a flat line showing background 
fluorescence before the addition of the enzyme. After the enzyme is added the 
fluorescence increases until maximum cleavage of substrate. The x axis is 
time and y axis is counts per seconds. 
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Figure 4-16. This histogram compares the different kcat/KM of the ancestral RNase 

candidate proteins, BS-RNase and RNaseA 
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Figure 4-17. Non-reducing (A) and reducing (B) gels with the various purified RNases 

and RNaseA are shown. All of the seminal type RNases are dimers in the non 
reducing gel and RNaseA is monomer. The reducing gel shows all of the 
RNases are monomers. 
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Figure 4-18. Divinyl sulfone cross-linking reaction in the active site of RNase. 
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Figure 4-19. Three SDS-PAGE reducing gels showing RNases reacted with DVS taken at 

three time points (24, 72 and 92 hours). The arrow shows the level at which 
the dimer migrates. 
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Table 4-1. UpA assay results 
RNase Variant KM (µM)  95% Confidence interval 
An19EK  154   -25.25 to 671.4 
An22E   282   175.2 to 388.9 
An23   1894   -3676 to 7464 
An25A   1150   -5215 to 7515 
An28   135.5   54.51 to 216.4 
 
BS-RNase  137* 
RNaseA  240* 
These measurements were made in the Benner laboratory by Nathalie Trabesinger-Ruef. 
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CHAPTER 5 
SEMINAL RIBONUCLEASE AND THE IMMUNE SYSTEM 

Immune Response in the Reproductive Tract and Sperm 

The mucous membranes lining the digestive, respiratory, and urogenital systems 

are the major sites of entry for most pathogens, and the vulnerability of these membranes 

drove the evolution of the mucosal-associated lymphoid tissue. The functional 

importance of this lymphoid tissue in the body’s defense is affirmed by its large 

population of antibody-producing plasma cells that exceeds the combined number of 

these same cells in the spleen, lymph nodes, and bone marrow. The endometrial mucosa 

lining the uterus is part of this system and is potently armed with the same immune 

defenses. This mucosa is supplied with large lymphatic drainage and includes a wide 

array of lymphohaemopoietic cells and molecular regulators responsible for an adaptive 

immune response. The endometrial mucosa differs from other mucosal tissues in that it 

lacks highly organized secondary lymphoid nodules (e.g., Peyer’s patches of the 

intestinal mucosa). This is probably due to a lower exposure to pathogens relative to 

other mucosal membranes. The endometrial based humoral (antibody mediated) and cell-

mediated immune response remains, however, an important reaction against invading 

antigens, including sperm . 

In a quick response to the entry of sperm, the leukocytes populating the mucosal 

layers of the cervix and the uterus undergo an important change and redistribution 

(Robertson, Bromfield and Tremellen, 2003). This response has been observed in all 

mammals in which this phenomenon was studied (Pandya and Cohen, 1985). The 



232 

 

response is initiated when components of seminal plasma interact with uterine epethilial 

cells. This immune response induces the production of pro-inflammatory cytokines that 

include Granulocyte-Macrophage colony stimulating factor (GM-CSF)(Tremellen, 

Seamark and Robertson, 1998), interleukin-6 (Robertson et al., 1996) and an array of 

chemokines. Subsequently, the cytokine cascade recruits and activates antigen-presenting 

cells (APC’s) that include macrophages and dendritic cells into the endometrium where 

they engulf and process male antigens, including sperm. These APC’s then travel to para-

aortic lymph nodes and the spleen. At this location, lymphocytes are recruited and 

activated against paternal antigen. In fact, in mice the para-aortic lymph nodes become 

enlarged upon insemination and T lymphocytes start proliferating and expressing 

cytokines. T-cells reactive to paternal antigens are among the primary responders 

(Johansson et al., 2004). In mice and rats, it has also been shown that responder 

lymphocytes show signs of suppression after an initial aggressive activation (Kapovic 

and Rukavina, 1991;Piazzon et al., 1985). Such experiments are not possible in humans; 

however, some evidence related to infiltration of the reproductive tract with immune cells 

(Robertson and Sharkey, 2001)has been supportive of the mouse and rat observations. 

Immune Suppressive Factors in Mammalian Seminal Plasma 

Seminal plasma constituents have several essential roles in a successful 

fertilization. The complex range of organic and inorganic constituents (metal and salt 

ions, sugars, lipids, steroid hormones, enzymes, prostaglandin hormones, amino acids and 

basic amines) all have one primary goal: to facilitate fertilization. They provide a 

nutritive and protective medium for the spermatozoa during their journey through the 

female reproductive tract. These sperm supporting agents are necessary because the 
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normal environment of the vagina is one that is hostile for sperm cells, as it is very 

viscous and patrolled by immune cells.  

To some extent, the components of the seminal plasma compensate for this hostile 

environment. Naturally, if the described aggressive immune response were the whole 

story, reproduction and sustenance of mammalian life would be endangered. It is clear 

that sperm does not cause a hypersensitive immune reaction that incapacitates 

fertilization. In fact, immune suppressive and regulatory agents have been found in many 

mammals seminal plasma. Two major candidates in human and mice that have been the 

subject of some investigations are prostaglandin E2 (PGE2) and TGFβ, both present in 

high concentrations in human and mice semen(Kelly and Critchley, 1997). TGFβ is 

recognized as an inhibitor of the immune response at other mucosal surfaces (Robertson, 

Bromfield and Tremellen, 2003).  

These two factors are not the only ones identified to be immune suppressive; other 

factors spanning several species (Drosophila, mouse, rat, swine, horse, cow and human) 

share the same biological function. For example, the Fas system, a mechanism where the 

ligand (FasL) expressing cells induce apoptosis in target cells with Fas receptors, has 

been proposed (Riccioli et al., 2003) to play an immune-suppressive role in mice. The 

Fas L/Fas ligand/receptor system is expressed in mice spermatozoa and mice 

lymphocytes.  

Further, males with nonfunctional FasL result in decreased litter size in females. In 

another mammalian species, the equine seminal plasma was also shown to reduce binding 

of sperm to neutrophils, an important early step in the immune response (Alghamdi, 

Foster and Troedsson, 2004). In boars, an immune suppressive component (ISF) was 
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isolated (Dostal et al., 1995) and shown to exihibit a suppressive effect on lymphocytes. 

Lastly, the central protein of this project, bovine seminal ribonuclease, was shown to 

have many in-vitro biological activities including immunosuppressivity. This biological 

function was also demonstrated to be present during in-vivo experiments (Filipecet al., 

1996).  

 Immune regulation during reproduction (fertilization and during pregnancy) is 

also regulated by female physiology. The evolutionary pressures for successful 

reproduction are, obviously, present on both sexes to transmit their genes to the next 

generation. It is thought that the development of immune tolerance and desensitization 

against paternal antigen are influenced by the hormonal regulation of the female 

reproductive system, the cell type and composition of the local immune network of the 

reproductive tract. For example, there is evidence that hormonally regulated endometrial 

cells can exhibit some immunosupression in their proliferative phase (Prabhala et al., 

1998). 

 In this section, we provide data supporting the hypothesis that 

immunosuppressivity was the selected biomolecular behavior in seminal ribonuclease 

during the time that the gene evolved under positive Darwinian selection.  

Immunological Assays 

Mitogen Induced Lymphocyte Proliferation Assay 

Leukocytes isolated from peripheral blood contain T-lymphocytes that can be non-

specifically induced to proliferate in response to a mitogen such as plant 

Phytohemagglutinin (PHA).  Inhibiting or promoting this lymphocyte response is used as 

an assay to evaluate immunoregulatory agents. The immunosuppression activity of 

ancestral RNase candidates was measured by this method. 
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The purified recombinant BS-RNase produced by at least two different purification 

methods were cytotoxic to isolated bovine lymphocytes (Figure 4-1 and Figure 5-2) as 

was reported in prior literature (Soucek et al., 1981). The patterns of cytotoxicity in the 

ancestral proteins are similar when different methods of purification are used (Figure 5-1 

and Figure 5-2). The method of purification used early in the project was mainly based on 

a cation exchange chromatography step and a pUp affinity step. pUp is a competitive 

inhibitor for ribonuclease. The second method of purification that was predominately 

used is based on a dialysis of the solubilized proteins against acetic acid and an affinity 

step where ADP is used as competitive inhibitor to elute the pure protein. This indicates 

that the purification methods did not influence the behavior of the purified RNases. 

In this mitogen-induced proliferation assay, some of the ancestral candidates for 

node An19 show a moderate level of cytotoxicity towards bovine lymphocyte (Figure 5-

2). The rest of the ancestral candidates for node An19 show no inhibitory effect on the 

proliferating cells. The next ancestral proteins covering nodes An23 and An24, 

chronologically following the earliest ancestor tested (An19), seem to show no effect on 

lymphocytes. With An25, the ancestral protein of the buffalo and oxen, the cytotoxic 

effect on bovine lymphocytes , in two of the three possible ancestral candidates, is 

exhibited by a modest but real level of cytotoxicity.  This inhibition is accentuated in BS 

RNase. 

Mixed Lymphocyte Assay (MLR) 

The MLR is an in vitro immunological assay that has many applications, 

including the assessment of AIDS patients’ immune response (Clerici et al., 1989), 

prediction of transplant rejection (Kerman et al., 1997), and as a tool to assess 

immunosuppressive drugs (Dos Reis and Shevach, 1981). 
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In an MLR, T lymphocyte populations from two different individuals undergo 

rapid and radical transformation and cell proliferation. The assay measures the degree of 

proliferation under the tested conditions through the incorporation of 3H- thymidine, 

added to the culture medium, into DNA of dividing cells. Both populations of 

lymphocytes proliferate, unless one population is rendered unresponsive in an attempt to 

have a one-way MLR where the immuno-competence of only one individual is evaluated. 

In this project, both lymphocyte populations are responsive because the goal is to 

measure the degree of immuno-suppression of the tested ancestral proteins, and not to 

investigate the immune reaction of any particular individual.  

Within 24 to 48 hours, the responder T cells begin proliferating in response to the 

alloantigens of the stimulator cells, and by 72 to 96 hours a group of cytotoxic T 

lymphocytes is produced. T helper lymphocytes (TH) have a significant role in this assay, 

as proliferation could be blocked if TH cells are rendered inactive by specific antibodies 

anti- CD4 marker. In this assay, TH cells recognize allogenic class II MHC (Major 

histocompatibility complex) on the second individual stimulator cells and proliferate due 

to the differences. In addition to TH cells, accessory cells like macrophages are necessary 

for a successful MLR response. When adherent cells (mostly macrophages) are omitted 

from this reaction there is a lack of response. In this reaction the role of macrophages is 

to activate TH cells, without which proliferation does not take place. 

Relatively few studies examine the detailed leukocyte population of the 

endometrium before and after fertilization, with the exception of a few centered on mouse 

reproduction. In these studies, the cell population of the para-aortic lymph node shown 

previously to drain into the uterus and respond to antigen in the reproductive tract was 
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analyzed (Johanssonet al., 2004). Both T and B lymphocytes were discovered in these 

nodes. The activated cells appear to be predominately CD4+ and CD8+ T lymphocytes, 

in addition to other types of leukocytes. These observations further support the choice of 

the MLR assay as a method to test the level of immuno-suppression associated with the 

tested ancestral ribonucleases. 

RNase A is the closest homlog to BS-RNase (over 80% identity), but does not have 

a cytotoxic effect on lymphocytes. This protein was used as control in the MLR assays 

and as expected it does not exibit immunosuppression (Figure 5-3. All of the ancestral 

proteins in the MLR reaction show various levels of cytotoxicity. Ancestral candidates 

for the oldest studied node (An19) reduce the proliferation to about 60% of the control 

level. The intermediate ancestors An22 and An23 show a smaller effect compared to 

An19. The level of cytotoxicity starts increasing with the following ancestral RNases in 

an incremental way starting with An24, then An25, and finally to the highest level of 

inhibition with BS-RNase.  The An24 ancestral proteins show a proliferation of 60-70% 

of control. An25 ancestral candidates show a proliferation level 50-60% that of control 

and finally BS-RNase show ~30% level. 

The first basic observation is that different ancestral candidates for an ancestral 

protein representing one time point (An19, An24 and An25) in the evolutionary history of 

the seminal gene behave very similarly. This is interpreted to mean that the ancestral 

reconstruction is robust in respect to the ambiguity in the evolutionary analysis. 

More importantly, we observe an increase in the level of cytotoxicity as measured 

by a reduction in the incorporation of tritiated thymidine in the DNA of the devisinf 



238 

 

lymphocytes. This in vitro biomolecular behavior correlates directly with the detected 

episode of adaptive evolution (see Chapter 3). 

Both the mitogen proliferation assay (MPA) and the MLR were consistent with the 

results of previous studies in demonstrating that BS-RNase exhibits a cytotoxic effect on 

proliferating lymphocyes. The extant of cytotoxicity is higher in the MLR assay than in 

the MPA assay. MLR mimics the physiological conditions more closely than MPA, 

however, because it relies on immune cells to recognize foreign antigen on cells from a 

genetically different individual. Further, the mechanism of the MLR reaction includes 

communication between phagocytic cells (macrophages and dendritic cells) and T 

responder cells. The proliferation of these cells is measured by the MLR assay. The same 

cells and a similar mechanism were found in immunological responses to sperm and 

seminal plasma in the mouse reproductive tract. This makes the MLR an appropriate in 

vitro assay to measure immunosuppression of seminal proteins. The combination of the 

MLR and the use of bovine lymphocytes to evaluate the ancestral ribonuclease 

immunosuppression effect is an effort to make these series of experiments as 

physiologically relevant as possible.  

The results of immunological proliferation assays (MLR and MPA) show an 

incremental increase in cytotoxicity effect, interpreted as an immunosuppressive effect, 

starting with An25 and leading to the contemporary BS-RNase. Interestingly, these 

proteins are represent stages in the evolutionary history of the seminal gene where the 

evolutionary analysis indicated a rapid phase of evolution (chapter3). An24 ancestral 

candidates are without immunosuppressive activity, which is followed by a branch of 

positive Darwininan evolution and leads to An25. An25 has more immunosuppressive 
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activity than the preceding ancestral nodes. The branch linking An25 and BS-RNase also 

exhibits adaptive evolution ending in the contemporary BS-RNase with the highest level 

of immunosuppression.  

The AIC analysis (Chapter 3) gave the strongest support for an episode of rapid 

adaptive evolution to the branches linking the ancestor of the Bovidae to the 

contemporary BS-RNAse. The plaeogenetics approach can help us better confirm the 

functionally relevant episodes of positive Darwinina selection. More important, it helps 

us define the characters under selection and better understand physiological function. In 

this case, it seems that immunosuppression has been positively selected during the 

evolutionary episode discussed as an advantageous trait benefiting successful 

reproduction. 

The evolutionary period that spans An19, the earliest studied ancestor, and An24, 

the Kudu ancestor, seem to have no immunosuppressive activity in the case of MPA and 

minimal activity in the MLR. These ancestors indeed lead to complete loss of activity in 

the contemporary animals, and the seminal ribonuclease genes are rendered to 

pseudogenes. One can postulate that the minimal activity of these ancestral proteins 

deteriorated in the lineages including Saiga, Duiker, and Kudu, ending in complete loss 

and death of the gene. This gene came came under strong positive selection for an 

immunosuppressive character that reached its highest degree in the contemporary bovine 

species. The remaining question is what was this gene doing during all this period from 

the time of the gene duplication until the start of the episode of rapid evolution. 

Apoptosis Assay Using Flow Cytometry: 

It has been reported in some publications that bovine seminal ribonuclease is 

cytotoxic to lymphocytes via an apoptotic mechanism (Sinatra et al., 2000). 
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Consequently, we wanted to test this idea in the context of both the ancestral proteins and 

extant BS-RNase.  

 Apoptosis is a carefully regulated process of cell death that occurs as a normal part 

of development. Inappropriately regulated apoptosis is implicated in disease states, such 

as Alzheimer and cancer. Apoptosis is distinguished from necrosis, or accidental cell 

death, by characteristic morphological and biochemical changes, including compaction 

and fragmentation of the nuclear chromatin, shrinkage of the cytoplasm, and loss of 

membrane asymmetry (Allen, Hunter and Agrawal, 1997;Darzynkiewicz et al., 

1997;Lincz, 1998).  

 In normal live cells, phosphatidylserine (PS) is located on the cytoplasmic surface 

of the cell membrane. However, in apoptotic cells, PS is translocated from the inner to 

the outer leaflet of the plasma membrane, thus exposing PS to the external cellular 

environment (van Engeland et al., 1998). In leukocyte apoptosis, PS on the outer surface 

of the cell marks the cell for recognition and phagocytosis by macrophages.(Fadok et al., 

1992). The human anticoagulant, annexin V, is a 35–36 kD Ca2+-dependent 

phospholipid-binding protein that has a high affinity for PS (Andree et al., 1990). 

Annexin V labeled with a fluorophore or biotin can identify apoptotic cells by binding to 

PS exposed on the outer leaflet (Koopman et al., 1994). We used a flow cytometry 

apoptosis assay kit (Invitrogen Molecular Probes) based on annexin V (green 

fluorescently labeled with Alexa 488) and propidium iodide (PI). The red-fluorescent PI 

stains nucleic acids and does not permeate cell membranes. When cells die, their 

membrane integrity is lost, and PI enters and binds tightly to nucleic acids. After staining 

a cell population with Alexa Fluor 488-annexin V, and PI, apoptotic cells show green 
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fluorescence, dead cells show red and green fluorescence, and live cells show little or no 

fluorescence. 

The mitogen (PHA) proliferation assay was completed to assess the apoptotic effect 

of these proteins and relate these to the observed cytotoxic effects. In the same 

experiments the cytotoxic effect was also evaluated by cell counting using Trypan blue 

and a hemocytometer. The annexin V and propidium iodide assay showed no significant 

(Figure 5-4) difference in the percent relationship between dead, live and apoptotic cells. 

The dead cells ranged between 10 and 13%, live cells between 50 and 60%, and dead 

cells between 25 and 35%.  These percentages are proportions of a 10000-cell sample 

from each single assay, and are not a measure of proliferation levels. The 24-hour and 48-

hour time points did not show a major difference, with the exception that the percent of 

dead cells increased. 

Duplicate samples of the flow cytometry assay were counted using a 

hemocytometer and trypan blue. The percentages of dead and live cells are shown in 

Figure 5-5.  These numbers agree with the flow cytometry results. If the apoptotic and 

live cells percentages were added, they would range from 60 to 70%, a range similar to 

the flow cytometry assay. However when the cells are counted using Trypan blue to 

evaluate the extent of proliferation (Figure 5-6), the pattern of the data resembled that of 

the mitogen proliferation assay using 3H- thymidine. 

This dissertation has chosen not to investigate the mechanism of 

immunosuppression or the cytotoxic effect of these ribonucleases. Other researchers have 

discussed this problem generally, reporting that BS-RNase inhibits lymphocyte 

proliferation via induction of apoptosis in these cells. BS-RNase is described as cytotoxic 
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to proliferating lymphocytes and cancer cells. The annexin V/ propidium iodide apoptosis 

assay showed no significant effect caused by the tested RNases on the level of apoptotic 

cells.  

This result was surprising, especially because clear differences in cell proliferation 

were observed between assays (Figure 4-6). Investigation of the proliferation levels by 

cell counting reproduced the proliferation assay results reported earlier. The percentages 

of live and dead cells, on the other hand, supported the apotosis assay results in terms 

ratio of live to dead cells. If some of these proteins have reduce the cell number of 

dividing cells, and at the same time are not shifting the overall ratio of dead/live cells, 

then these data support a cytostatic effect rather than a cytotoxic one. This suggestion 

appears to conflict with earlier reports on this protein’s mechanism of action; however, 

further investigation into this matter is warranted. 

Materials and Methods 

Bovine Peripheral Blood Leukocyte Isolation: Method1 

Peripheral bovine blood was collected from the jugular or the coccygeal vein in 

heparanized vacutainer tubes. Two or three 10 mL tubes with roughly 7ml of whole 

blood in each produce enough leukocytes for a 96-well microtiter plate. The number of 

leukocytes varies across animals and is dependent on their physiological state. The blood 

was centrifuged for 20 min at 400xg at room temperature to obtain the buffy coat, a 

whitish interface that lies between the upper plasma and bottom red blood cells (RBC) 

and granulocytes. The buffy coat was removed with a Pasteur pipette and resuspended in 

2 mL of RPMI 1640 medium. The cell suspension was then carefully layered on top of 2 

mL of Ficoll-Hypaque . The tube was then centrifuged for 30 min at 400xg.  
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The leukocytes accumulated in the interface between the upper medium layer and 

the bottom Ficoll-Hypaque layer with the contaminating red blood cells. The leukocyte 

layer was aspirated with Pasteur pipette and transferred to 2 mL of PBS. The cells are 

then centrifuged for 5 min at 500xg and the PBS aspirated. If there was still some 

contaminating RBCs, the cells pellet was resuspended in RBC lysis buffer for 5 sec and 

immediately diluted tenfold with PBS. The cells were then centrifuged again for 5 min at 

500xg, and the pellet is resuspended in complete medium (RPMI 1640 supplemented 

with glutamine, 20% Fetal bovine serum and antibiotics). A small aliquot from the cell 

suspension was taken and mixed 1:1 with a 0.4% solution of Trypan blue. Live cells were 

counted using a hemocytometer and the cell concentration was calculated. Cells were 

then diluted in complete medium to a final concentration 1x106 cells/mL for the mitogen 

proliferation assay or to 3x106 cells/mL for the MLR assay. 

Bovine Peripheral Blood Leukocyte Isolation: Method2 

Bovine blood was collected in the manner previously described. Whole blood (15 

mL) was pipetted into a 50 mL conical centrifuge tube and 25 mL of room temperature 

PBS is added. Using a 10 mL pipet, the diluted whole blood is carefully layered on top of 

a 10 mL room temperature Ficoll-Hypaque solution. The tubes are then centrifuged for 

20 min at 800 × g at room temperature with the brake off. Most of the plasma and platelet 

containing supernatant above the interface band is aspirated (granulocytes and 

erythrocytes will be in red pellet). The interface band (which includes the lymphocytes) is 

transferred along with no more than 5 mL of fluid above the pellet into a 10 mL pipet to a 

new 50 mL conical centrifuge tube, combining the bands from 2 to 3 Ficoll-Hypaque 

gradients into one 50 mL tube. PBS is added to the 50 mL mark.  
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The tubes were centrifuged for 10 min at 600 × g at room temperature (RT) with 

the brake on. The supernatants are aspirated and the pellet is resuspended in each tube 

with 10 mL room temperature PBS. Resuspended pellets are combined into as few 50 mL 

tubes as possible. PBS is added to 50 mL mark in each tube used. The cells are 

centrifuged for 15 min 300 × g at RT, with the brake on. The last step is repeated at least 

once more, but with a centrifugation of 10 min at 100xg at R, with the break on. This 

low-speed centrifugation permits as many platelets as possible to remain above the pellet 

of lymphocytes. High numbers of platelets might interfere with the successful stimulation 

and proliferation of lymphocytes in the MLR assay. However, the low speed 

centrifugation will also cause loss of cells with each repetition. Cells are then suspended 

in complete medium as described earlier and cells enumerated and diluted to a 1x106 

cells/mL for the mitogen proliferation assasy or to 3x106 cells/mL for the MLR assay. 

Mitogen Induced Proliferation Assay: 

For each test well in a 96 well plate, 100µl of 1x106 cells/mL cell suspension 

(1x105 cells per well) is added. The appropriate amount of the tested ribonucleases is then 

added in a 50µl volume of PBS. The concentrations tested range from 0 to 100µg/mL of 

ribonuclease in a final volume of 250 µl per test well. A volume of 100µl of complete 

media containing the mitogen is finally added. Phytohemmaglutinin- L (PHA) was used a 

mitogen in concentrations ranging from 0.1 µg/mL to 5 µg/mL. Concavalin A (3µg/mL) 

was also used to verify the robustness of the results. In each assay, controls without 

mitogen, controls with mitogen only and no enzyme, and controls with mitogen and 

ribonuclease A were also tested. Each assay is done at least in triplicates. The plate is 

placed on a belly-dancer (shaker) for 3 min and then placed in a 37C, 5% CO2 incubator. 
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The incubation of the assay lasts for 72 hours. Sixteen to18 hours before harvesting the 

cells, 1µCi of 3H- thymidine is added to the test wells. The plate is placed on a belly-

dancer for 3 min and then returned to the incubator. The cells are harvested onto glass 

fiber filters using a Skatron/Molecular Devices Combi-12 Cell Harvester. The cells are 

washed out of the wells and onto the filters with 3 consecutive 10-sec washes of PBS, 

water, and PBS. The dry filters are then placed in scintillation vials with 4 mL of 

Scintiverse II or Scintiverse Bio-HP and the radioactive counts are measured in a 

Beckman 6400 scintillation counter. 

Mixed Lymphocyte Proliferation Assay: 

In this assay, 3x105 cells from each of two different animals are used in every test 

well. 100µl from each animal’s cell suspension (3x106 cells/mL) is added. The enzyme to 

be tested is added in the same way described earlier, in 50ul of PBS. It is important to use 

at least this cell number from a cell suspension that has minimal contamination with 

platelets and no RBCs. These contaminants could inhibit proliferation and waste large 

amounts of purified proteins. The plate is also mixed in the same way (on a belly-dancer 

for 3 min). It is also important to use a round bottom well plate for this assay, as an 

important part of the signals that cause proliferation comes from allogeneic cell-cell 

interactions. This is maximized when the cells accumulate at the bottom of the well. It is 

also important to shake the plate at least once a day on a belly-dancer shaker during the 

course of the assay to ensure proper mixing and continuous cell-cell contact. The assay 

lasts 6 days at the end of which the cells are harvested in the same way described earlier. 

On the fifth day, roughly 18 hours before harvest, 1µCi of 3H- thymidine is added to the 
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test wells and the plate is mixed in the same way. The filters are also counted in the 

previously described manner. 

Annexin V/ Propidium Iodide Apoptosis Assay 

Cells are harvested and washed in cold PBS, centrifuged, and resuspended in 1X 

Annexin-binding buffer (10 mM HEPES, 140 mM NaCl, 2.5 mM CaCl2, pH 7.4). The 

cells should be suspended at a density of ~1 × 106 cells/mL. The annexinV solution (5 

µL) and PI solution (1µL , 100µg/mL) are then added to cells (100µl per assay) and 

incubated at room temperature for 15min. Annexin-binding buffer (400 µL) was added to 

the cell suspension, mixed and kept on ice. Samples were promptly analyzed on a flow 

cytometer. 10000 cells per sample were counted to satisfy statistical significance. The 

assay was performed at 24 and 48 hours from the start of the assay. 

 
 

 
 
Figure 5-1. Mitogen (PHA) proliferation assay using proteins purified on a pUp column. 

The concentrations tested were 50mg/mL and 100mg/mL 
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Figure 5-2. Mitogen (PHA) Proliferation assay using proteins purified on an affinity 

column with ADP as competitive inhibitor for elution. The concentrations 
tested were 50 µg/mL. 
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Figure 5-3. Mixed Lymphocyte Reaction (MLR). The concentration of RNase used is 50 

µg/mL. Controls are no treatment (Cont) and RNaseA (AA). 
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Figure 5-4. Percentages of apoptotic, dead and live cells in a mitogen proliferation assay. 

The tested proteins do not seem to have a significant effect on the proportions 
relating cell viability. 
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Figure 5-5. Percentages of dead and live cells in a mitogen proliferation assay determined 
by Trypan blue cell counting. 
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Figure 5-6. Cell viability determined by cell counting using a hemocytometer of a 

mitogen proliferation assay. This assay was done parallel to the apoptosis 
assay. 
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CHAPTER 6 
CONCLUSIONS 

1. Bovine seminal RNase underwent an episode of positive adaptive pressure in the 

last two million years. 

2. Along the lineage leading to modern bovine seminal RNase after a gene 

duplication ca. 40 Ma, the protein was expressed and evolving under functional 

constraints. 

3. This notwithstanding, the seminal RNase gene became a pseudogene, in lineages 

leading to most other ruminants, and did so rapidly in the deer lineage. 

4. Immosuppresivity directly, and dimeric S-peptide swap indirectly, are the 

features of the protein important for the new biological activity in bovine seminal plasma. 

5. Catalytic activity, dimeric structure, and other behaviors measurable in vitro are 

not important for the new biological activity in bovine seminal plasma, although they 

may have been important to selected function in the lineage leading to BS-RNase, and 

may have been prerequisite for physiological function in BS-RNase. 

6. Experimental paleogenetics is a useful tool to help connect in vitro behavior to 

selected physiological function. 

7. Various tools were developed here to assess the robustness of reconstructions, to 

use crystallographic information to understand the relationship between fitness and 

structure, and  

8. Various experimental methods were developed here, including the use of affinity 

columns. 
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As future directions, during the course of this project, the number of artiodactyl 

species known tohumankind increased by about 10%. We have sampled only ca. 10% of 

the biodiversity of artiodactyls known. The next step in this project specifically is to 

increase the sample size. 

More generally, the next step is to identify paleogenetic research targets more 

relavent to human medicine.  
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APPENDIX 
MUTAGENESIS PRIMERS AND STARTING SEQUENCE 

The site-directed mutagenesis to generate the RNase gene variants was started with 

An35 RNase gene. This appendix presents the sequence of AN35 and the sequences of 

the primers used in the mutagenesis.  

The DNA and protein sequence of AN35 is: 

aaagaatctgcagctgccaagttcgagcggcagcacatggactctggcagctcccccagc 
 K  E  S  A  A  A  K  F  E  R  Q  H  M  D  S  G  S  S  P  S  
agcagctccaactactgcaacctgatgatgttctgccggaagatgacccaggggaaatgc 
 S  S  S  N  Y  C  N  L  M  M  F  C  R  K  M  T  Q  G  K  C  
aagccagtgaacacctttgtgcatgagtccctggccgatgttaaggccgtgtgctcccag 
 K  P  V  N  T  F  V  H  E  S  L  A  D  V  K  A  V  C  S  Q  
aagaaagtcgcctgcaagaatgggcagaccaactgctaccagagcaactccgccatgcac 
 K  K  V  A  C  K  N  G  Q  T  N  C  Y  Q  S  N  S  A  M  H  
atcacagactgccgcgagactggcagctccaagtaccccaactgcgcctacaagaccacc 
 I  T  D  C  R  E  T  G  S  S  K  Y  P  N  C  A  Y  K  T  T  
cgggcggagaaacacatcatagtggcttgtgagggtaaaccgtacgtgccagtccacttc 
 R  A  E  K  H  I  I  V  A  C  E  G  K  P  Y  V  P  V  H  F  
gatgcttcagtg 
 D  A  S  V   

 

The list of the primer used in the mutagenesis section of the project is: 

A64T/For gctcccagaagaaagtcacgtgcaagaatgggcagacc  
A64T/Rev ggtctgcccattcttgcacgtgactttcttctgggagc 
R101Q/For gcctacaagaccacccaagcggagaaacacatc   
R101Q/Rev gatgtgtttctccgcttgggtggtcttgtaggc 
H80R/For gcaactccgccatgcgcatcacagactgccg   
H80R/Rev cggcagtctgtgatgcgcatggcggagttgc 
A102V/For gcctacaagaccacccaagttgagaaacacatc   
A102V/Rev gatgtgtttctcaacttgggtggtcttgtaggc 
NA76KT/Fo
r 

ctaccagagcaaatccaccatgcgcatcacagactg   

NA76KT/Re
v 

cagtctgtgatgcgcatggtggatttgctctggtag 

E111G/For catcatagtggcttgtggtggtaaaccgtacgtgc  
E111G/Rev gcacgtacggtttaccaccacaagccactatgatg 
S17N/For catggactccggcaactcccccagcagcagctc  
S17N/Rev gagctgctgctgggggagttgccggagtccatg 
F31C/For caacctgatgatgtgctgccggaagatgaccc   
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F31C/Rev gggtcatcttccggcagcacatcatcaggttg 
Y115S/For gtggtggtaaaccgtcggtgccagtccacttc   
Y115S/Rev gaagtggactggcaccgacggtttaccaccac 
E111A/For catcatagtggcttgtgcaggtaaaccgtacgtgccag  
E111A/Rev ctggcacgtacggtttacctgcacaagccactatgatg 
S22N/For ctcccccagcagcaactccaactactgcaac 
S22N/Rev gttgcagtagttggagttgctgctgggggag 
E9G/For cagctgccaagttcggtcgtcagcacatggac   
E9G/Rev gtccatgtgctgacgaccgaacttggcagctg 
E9R/For agctgccaagttccgccgtcagcacatgga 
E9R/Rev tccatgtgctgacggcggaacttggcagct 
D53N/For catgagtccctggcgaacgttaaggcggtgtgctc  
D53N/Rev gagcacaccgccttaacgttcgccagggactcatg 
T70S/For gcaagaatgggcagtcgaattgctaccagag   
T70S/Rev ctctggtagcaattcgactgcccattcttgc 
K113N/For gtggcttgtgagggtaacccgtacgtgccag 
K113N/Rev ctggcacgtacgggttaccctcacaagccac 
E9G/For cagctgccaagttcggtcgccagcacatggac 
E9G/Rev gtccatgtgctggcgaccgaacttggcagctg 
E9R/For cagctgccaagttccgccgccagcacatggac 
E9R/Rev gtccatgtgctggcggcggaacttggcagctg 
E9W/For gcggcgaagttctggcggcagcacatggactc 
E9W/Rev gagtccatgtgctgccgccagaacttcgccgc 
M13T/For ctggcggcagcacacggactctggcagctccc 
M13T/Rev gggagctgccagagtccgtgtgctgccgccag 
P19S/For gactctggcagctcctcgagcagcaactccaac  
P19S/Rev gttggagttgctgctcgaggagctgccagagtc 
K41R/For gacccaggggaaatgccgtccagtgaacacctttg 
K41R/Rev caaaggtgttcactggacggcatttcccctgggtc 
N44D/For gaaatgccgtccagtggatacctttgtgcatg 
N44D/Rev catgcacaaaggtatccactggacggcatttc 
N71S/For caagaatgggcagtcgtcgtgttaccagagcaac 
N71S/Rev gttgctctggtaacacgacgactgcccattcttg 
D83E/For gccatgcacatcacagaatgtcgcgagactggcag 
D83E/Rev ctgccagtctcgcgacattctgtgatgtgcatggc 
D121G/For ccgtacgtgccagtccacttcggtgcttcagtg 
D121G/Rev cactgaagcaccgaagtggactggcacgtacgg 
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