ABSTRACT
STRAIN, ERROL ALAN. Plant Molecular Evolution. (Under the direction of Spencer
Muse.)

The current dissertation looks at the molecular evolution of protein-coding genes
in the flowering plant Arabidopsis thaliana and within two RNA viruses, human-
immunodeficiency virus (HIV) and Astroviridae.

We analyzed members of the receptor-like kinase (RLK) gene family in
Arabidopsis thaliana for positive selection. Likelihood analysis found evidence for
positive selection in 12 of the 52 RLK family sequences groups. These 12 groups
represent 97 of the 403 sequences analyzed. The majority of genes in groups subject to
positive selection have not been functionally characterized, but sites under selection are
predominantly located in the extracellular region.

In HIV we use Akaike Information Criteria (AIC) based model averaging for
models of nucleotide evolution to examine estimates of genetic distance and the ratio of
transition/transversion (ts/tv). AIC weighted estimates of distance and ts/tv were shown
to be robust relative to model assumptions. AIC weighted estimates of the ts/tv ratio in
simulated HIV sequences generally had less variance than similar estimates made by
selecting the single best scoring AIC model.

Astroviruses are a leading cause of viral gastroenteritis in infants worldwide and
little is known about the mechanisms of astrovirus-induced diarrhea or the virally
encoded components responsible for disease. We report the genomic sequence of nine
novel TAstV-2 isolates. Nucleotide and amino acid identities for the isolates were
generally > 90% conserved. Phylogenies constructed using genomic RNA and the
individual open reading frames (ORF) provide evidence for recombination and indicate
differences in substitution rates between non-structural and structural genes. Analysis of
the viral capsid genes using codon models of evolution indicate site-specific positive

selection in both turkey and human astroviruses.
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CHAPTER 1

Foreword

This dissertation presents three studies of molecular evolution. Chapter 1 provides a
general review of the statistical methods used estimate parameters in evolutionary models
and a review of the biology for the three model organisms. Chapter 2 focuses on identifying
positive selection in subfamilies within the large RLK gene family of Arabidopsis (published
in JME, 2005, 61:325-332). Analysis of HIV1 and HIV2 sequences in chapter 3 looks at the
effect of nucleotide model averaging on estimating substitution rates (manuscript in
preparation for JME). Chapter 4 gives a description of genomic sequence divergence within
novel turkey astrovirus isolates using both nucleotide and codon models of evolution
(manuscript in preparation for Virus Research). The chapters are written in paper format
with introductory material for the specific study given at the beginning of each chapter.
Figures and tables are located either in the chapter text or in the appendix of the referring
chapter.

Chapter Overviews

Molecular evolution has been defined as the synthesis of population genetics and
molecular biology (Li 1997), and studies in the field of molecular evolution look at change in
biomolecules over time. Population genetics theory describes the dynamics of genetic
change in a population of organisms while molecular biology provides information about the
sequence, structure, and function of biomolecules. Molecular biology supplies the data and
population genetics supplies the framework for interpreting the data. The analyses of

molecular evolution in this dissertation look at the divergence of both genomic and protein-



coding sequences within individual species. We want to understand how sequences are
evolutionarily related and then use this information to make inferences about gene function.
Similar approaches are also used to study evolutionary relationships between different
species but those types of comparisons are not the focus of the current research.

The biological motivation for studying molecular evolution in the Arabidopsis RLK
family is to try to understand how positive selection may affect sequence divergence of
duplicated genes in a large gene family. The RLK family is too diverged for a gene length
alignment to include every sequence, so we create a set of more closely related subfamily
groupings that we use to test for selection. Differences in selective pressure among codons in
RLK subfamily members may correspond to functional divergence of the proteins. Chapter 2
describes evidence for positive selection in several different RLK subfamilies and proposes
putative functions for these genes.

An understanding of molecular evolution in astrovirus may help to develop
treatments and vaccines for astroviral infections. The disease usually only results in mild
diarrhea in humans but infections in poultry can dramatically slow growth rates and cause
death (Koci et al 2000). While more than 8 different human astrovirus serotypes have been
sequenced, there exists relatively little genomic information on astroviruses infecting other
species. Analysis of the nine novel turkey astroviral isolates sequenced for chapter 4
provides information about sequence divergence within turkey astrovirus and allows for
comparisons of molecular evolution between turkey and human astrovirus. A similar pattern
of positively selected sites in the capsid of turkey and human astrovirus capsids indicates that

positions of antigenic epitopes may be conserved across the different viral types.



The analysis of HIV in chapter 3 differs from the Arabidopsis and Astroviridae
analyses in its focus on the forms of models for sequence evolution rather than parameter
estimates resulting from application of the models. We want to look at how AIC model
averaged estimates of genetic distance and the transition/transversion ratio compare to
estimates from individual models. Previous studies have shown than phylogenetic estimates
of tree topology and branch lengths can change depending upon the model of sequence
evolution used for the analysis (eg Sullivan and Swofford 1997). Since model averaged
estimates are derived from several different models they may be less susceptible to errors
resulting from choosing either an overly simplistic or complex model. The results in chapter
3 show that estimates of genetic distance are relatively good whether they were made using
model averaging or single model approaches. Model averaged estimates of the
transition/transversion ratio have less variance than estimates from a single model, indicating
that model averaging may be more accurately recovering the underlying nucleotide
substitution rates.

Methodological Overview

Although studies of Arabidopsis, HIV and Astroviridae in chapters 2, 3 and 4 are
focused on different biological questions, they do share some common methods for data
analysis. In each study the first step is to align the sequences so that we can estimate
pairwise distances and construct phylogenetic trees. Maximum likelihood is then used to
estimate branch lengths and substitution rate parameters on the tree according to some model
of sequence evolution. Inferences about gene function may be based on evolutionary
groupings in the tree and evidence of site-specific positive selection as measured by codon

models of evolution.



Background information in the following sections provides details on core methods
used for analysis and includes sequence alignment, likelihood, models of sequence evolution,
distance estimation, site-to-site rate variation, positive selection, AIC model averaging,
Arabidopsis, HIV, and Astroviridae.

Sequence Alignment

Studies in the following chapters primarily look at sequence divergence in protein
coding genes. Prior to making inferences about substitution rates and phylogenetic
relationships the sequences must first be aligned, either at the nucleotide level for closely
related sequences or using protein alignments for more diverged genes. Multiple gene
alignments are made using CLUSTALX (Thompson et al. 1997). The alignment algorithm
involves calculating a pairwise distance matrix, building a guide tree based on pairwise
distances, and then progressively aligning sequences based on the topology of the tree. The
CLUSTALX algorithm follows the basic form of the Feng-Doolittle (1987) algorithm for
progressive alignment. Pairwise distances are calculated from a dynamic programming
alignment of each sequence pair using some match/mismatch/gap scoring scheme.
CLUSTALX goes a step further and uses the alignment score to approximate an evolutionary
distance in terms of substitutions per site. In the Feng-Doolittle algorithm a tree is then made
using the Fitch-Margoliash (1967) method while CLUSTALX builds a tree using the
neighbor-joining (NJ) approach of Saitou and Nei (1987). Sequences are then added to the
alignment starting with closely related sequences and working towards more distant ones.
Output from CLUSTALX is examined manually and spurious alignments are edited by hand.

CLUSTALX is just one of several different options aligning multiple sequences,

other freely available programs include PRRP (Gotoh 1996), SAGA (Notredam and Higgins



1996) and DIALIGN (Morgenstern 2004). The results of these different alignment methods
on different standard datasets are available on the BAIiBASE website (bips.ustrasbg.fr/fr/
Products /Databases/BAIiBASE). While DIALIGN is superior for multiple local alignments,
CLUSTAL performed well on the standard datasets of globally related sequences. The full
length receptor-like kinase alignments within the subfamily groupings were global length
alignments and CLUSTAL was appropriate for these datasets.

Likelihood

Estimates for parameters in evolutionary models are made using the method of
maximum likelihood (ML). Given an aligned dataset (D) from above we maximize the
probability of the data given a model for evolution and a phylogenetic tree (T). The accuracy
of the tree is determined by the accuracy of the alignment. The likelihood function is

L=Prob(D|6,T),
where @ is the vector of parameters in the model of sequence evolution. The vector 8 will
include parameters for: frequencies of nucleotides, codons, or amino acids; substitution rates;
branch lengths; and for variation in substitution rates. The topology of tree T is estimated
using the NJ algorithm with pairwise distances calculated according to one of the standard
models of sequence evolution. More detailed descriptions of the specific parameters in &
and the standard models are provided in the models of sequence evolution section.

If computation time were not an issue then we could exhaustively examine all tree
topologies and pick the tree that maximizes the likelihood of the data. On a personal
computer it is difficult to search tree space for more than 10-12 sequences so the topology of
the NJ tree is assumed to be reasonably close to the topology of the true tree (Huelsenbeck

1995). This assumption is justified since ML estimates of substitution rates have been shown



to be robust to minor inaccuracies in topologies (Yang et al. 1995). ML was used to estimate
genomic and gene trees in chapter 4 and the topologies were either identical to NJ or had
slight differences in branch points for two of the viral isolates (MN and PA). Since the NJ
and ML astrovirus trees are similar and ML methods of phylogenetic construction are not
common in the astrovirus community these trees are not included in the current manuscript.
We also assume that sites in a gene and all lineages in the tree are evolving
independently, otherwise it is very hard to compute the probability for substitution state
changes in the tree. Violation of the independence assumption can cause ML and other tree
reconstruction methods to fail. Causes for dependence between sites include secondary
structure in the RNA, physiochemical interactions between peptide residues, and
recombination. Unfortunately, relaxing the independence assumption for sites leads to an
exponential increase in the number of states along a branch. For example, an independent
nucleotide model has a 4x4 state matrix, dinucleotide models have 16x16, and in the case of
dependence between all nucleotides in sequences of length N the matrix is 4" x4".
Accounting for dependence between lineages is also computationally expensive since we
cannot decompose the probability of the tree into terms representing state changes along a
branch. So, assuming independence of sites and branches, the likelihood function now

becomes the product of the individual site likelihoods,

N
L=]]Prob(D"6,T),

i=l
where DY is the data at the ith site in an alignment of length N.
Computation of the likelihood on trees can be economized using the pruning

algorithm of Felsenstein (1981), which is a recursive algorithm to calculate the conditional



likelihood ( L, ) at each node (k) based on the likelihood of the descendant nodes (I and m).

Working back from the tips of a bifurcating tree we calculate the likelihood at each site,
L (s) = (Z Prob(x|s, 6,1, )'—f”(X)](Z Prob(y|s,0, tm)l-?n)(y)J :
X y

where S is the state at the node, X and y are the states of the descendant nodes, and t is the
branch length to the respective descendants. Probabilities at the descendant nodes are
computed by summing over all possible states. In a 4x4 model of DNA evolution these
states are either A, C, G, or T.

Models of Sequence Evolution

Sequence divergence is defined by the observed number of differences between sites
in an aligned column in the set of sequences. Depending upon the question addressed in a
particular study and level of divergence in the dataset we formally characterize divergence
using some nucleotide, codon, or amino acid model of evolution. If we are interested in
describing relatively ancient evolutionary relationships then protein sequence is conserved
over longer periods of time than the underlying nucleotide sequence, and we should use an
aligned set of amino acids. Similarly, evolutionary analysis of proteins would have little
power to resolve recent divergence if the substitutions are synonymous and it would be more
appropriate to use nucleotide sequence. The models of sequence evolution used in the
current studies characterize divergence using either nucleotide or amino acid point
substitutions. While other mutational processes, such as insertion, deletion, and

recombination also play a major role in sequence divergence and evolution 7, , those events

are much more difficult to model than point substitutions.



Nucleotide models usually have four states, representing four different nucleic acid
bases. In DNA these bases are adenine (A), cytosine (C), guanine (G), and thymine (T)
while RNA has A, C, G, and uracil (U). The models have different ways of accounting for
changes between states and in allowing for different base frequencies. Most common models
assume a Markov process of substitution events where rates and nucleotide frequencies are
stationary over time and where the changes are reversible. Reversibility implies that the

probability of starting with base i and going to base j in time t, 7,P(j|i,t), is the same as
starting with base j and going to base i in time t, 7z;P(i| j,t) . Jukes-Cantor (1969) is the

simplest model and has a single substitution rate and equal base frequencies. The F81
(Felsenstein 1981) model has a single substitution rate but relaxes the constraint of equal
base frequencies. HKY85 (Hasegawa et al. 1985) has two substitution rates, one for

transitions (A<>G and C<>T) and another for transversions (A<>C, AT, CoG, and

GoT). Figure 1 shows the parameterization for several common nucleotide models.

A C G T

* o Ml W7 T
HyTep * KT M7y
7Ty Tt * o HsTh

7Ty Hy7tc Hs7g *

= O O >

Figure 1. Rate matrix (R) showing instantaneous rates of change for nucleotide
models. m, is the frequency of nucleotide type n and p is the reversible substitution
rate. Jukes-Cantor has po=pi1=po=ps=ps=ps and all #=0.25, Kimura's 2-paramter has
=4, po=po=ps=ps and all ©1=0.25, and HKY85 has p=ps, po=po=ps=ps and free .

The diagonal elements “*” are the negative sum of the other entries in the row.



By exponentiating the rate matrix (R) from figure 1 we can compute the transition probability
matrix (P) for a given amount of time (t) with

P(t)=e®.
Transitions in this context are simply a generic term for changes between states in a model
and not necessarily transition substitution events in nucleotides.

While the 4x4 nucleotide models are appropriate for many evolutionary studies, they
assume that all sites in a codon are evolving are the same rate. Empirical evidence shows
that the first two positions of codon are more conserved than the third. Codon models, such
as MG94 (Muse and Gaut 1994) and GY94 (Goldman and Yang 1994), allow for different
nucleotide substitution rates at different positions in the codon. The MG and GY codon

models have the form

0, if j and k differ at > 2 nucleotide positions
0 =4am,, ifjtokisasynonymous change

Pr,, ifjto k is a nonsynonymous change
where @, is the instantaneous rate at which a site goes from codon j to codon k, 7 is the

frequency of the target nucleotide in MG94 and frequency of the target codon in GY94, « is
the rate of synonymous substitutions, and fis the rate of non-synonymous substitutions. The
MG94 and GY94 models only allow for one nucleotide substitution per instantaneous
substitution event. Each codon then has nine other possible codon states in the instantaneous
rate matrix. Changes that would result in stop codons are disallowed in both MG94 and

GY94 and the resulting instantaneous rate matrix for the universal genetic code is 61x61

instead of 64x64.



Models for protein evolution, unlike the nucleotide and codon models, are often
empirically derived. The PAM (Point Accepted Mutations) matrices of Dayhoff et al. (1978)
and Jones-Taylor-Thorton (1992), and the BLOSUM matrices of Henikoff and Henikoff
(1992) use sets of aligned proteins to calculate inferred substitution matrices. The different
matrices are usually named according to percent identity of the aligned proteins. For
example, BLOSUM 62 refers to a matrix made from ungapped, local protein alignments with
at least 62% identity. Amino acid matrices are often used for identifying homologous
proteins or conserved domains within proteins. Widely used search tools such as BLAST
(Altschul et al. 1990) rely on matrices such as BLOSUM and PAM to find evolutionary
related sequences.

Distance Estimation

Given a set of aligned sequences and a model for sequence evolution we can estimate
the genetic distance between sequences. For the analyses of molecular evolution in this
study we define genetic distance as the expected number of substitutions per site. Distance
(d) is given by the sum of the product of time (t), nucleotide frequencies (77 ), and the

diagonals of substitution rate matrix (R) from figure 1:

We want to find the estimates for substitution rates () in R that maximize the likelihood of
the observed data. In the case of two aligned sequences, an ancestral sequence a and

descendant b, we find the value of ut that maximizes the likelihood

N
L =] ], Prob(|a,ut),
i=1

10



where N is the length of the sequences, a; is the state at position I in sequence &, bj is the state

at position I in sequence b, and Tro, 1s the frequency of the state observed at &;. The

transition probabilities come from matrix P in the models of sequence evolution section.
Now that we have the ML estimates of the substitutions rates for the rate matrix R and time,

the ML estimate of distance is

d =3 7R, .

i
Extending this same idea to a tree involves summing over all possible states at interior nodes
since ancestral sequences are generally not available. Closed-form solutions exist for
distance in some of the simpler standard models, such as Jukes-Cantor (JC) and Kimura-2-
parameter (1980).

Deriving the JC distance for the two sequence case we start with the probability of

nucleotide j going to a different nucleotide k in time t, given substitution rate z, is

1 1 _
ij(t)=z—ze ,ut.

The probability of observing a substitution event that changes the nucleotide at site i to one

of the other 3 bases can be described using a Bernoulli distribution,
P(X =x)=(3P; (1))"(1-3P; ()",

where x=0 if nucleotides @; and b; are the same and x=1 if they are different. Extending this
to sequences of length N, the probability of observing X sites with differences follows a

binomial distribution with

N
P(X =X) =( y )(3ij () 1=3P, ()",

11



where X=0,1,2,....N. We are interested in finding the value of t that maximizes this

probability. Solving the equation is easier if we transform to log space and the In likelihood

N
InL=1In +XIn é—ée"‘t +(N=x)In l+§e’”t .
X 4 4 4 4

Differentiating with respect to time (t) the dropping the constant terms we get

1S now written as

dinL  x(e™) N —(N-x)(e™) .

dt _E_ée’/’t l+ée’ﬂt
4 4 4 4

Unfortunately substitution rates and time are confounded, so we must estimate the combined

parameter ut, which is

where X/N is the fraction of sites that differ between two sequences. Putting the /,/l\t into the

rate matrix (R) from figure 1 we can then sum the diagonal elements to estimate distance (d)

in terms of substitutions per site, where

A description of distance estimation for nucleotide models of evolution is also provided in
chapter 3. Distance estimation under codon and amino acid models is the same as the
nucleotide case except rate matrices are bigger and computation is more difficult.
Rate Variation

Site-to-site variation in substitution rates is an accepted phenomenon in protein-

coding genes (e.g. Fitch and Margoliash 1967; Fitch and Markowitz 1970). The models for

12



sequence evolution described in the previous section only allow for one substitution rate
across sites, a more biologically realistic model would allow for rate heterogeneity across
sites. Methods developed to account for rate variation draw rates from either a continuous
distribution (Uzzell and Corbin 1971; Yang 1993) or from discrete categories (Yang 1994;
Wakely 1993). Fitting a continuous distribution to datasets with more than a few sequences
requires extensive computation and most current applications use some form of rate
categories. In the current dissertation we account for rate variation using either discrete
categories or the method of Yang (1994). The likelihood of the aligned dataset for a given

topology is now computed by summing over K different rate classes,
. K .
LV =2 w Ll (w),
k=1

where W is the weight, or frequency, of the rate class and L(i)(yk) is the likelihood of site i
given that the rate is z. If all rate classes have an equal weight then each wy 1s 1/K. The
analysis of Arabidopsis RLKs allows codon substitution rates to vary according to a
discretized beta distribution (Yang 1994).

Positive Selection

One possible cause of rate heterogeneity in proteins is that different sites may be
under different selective pressures. We can use the codon models to compare selective
pressure across sites by looking at the ratio of rate of synonymous (@) to non-synonymous
(p) substitutions (eg. Hughes and Nei 1988; Nielsen and Yang 1998). The ratio (/@) is often
termed @, with <1 indicating purifying selection, =1 for neutral substitutions, and ®>1
indicating diversifying selection (reviewed in Yang et al. 2000). The term positive selection

is used to describe a site or subset of sites within a gene that have an @>1. This language

13



differs from population genetics where diversifying selection is where a relatively large
number of alleles of a gene are maintained in a population (cf Hartl and Clark 1997).

Prior to analyses of positive selection, careful consideration should be given to the
biological question being addressed and the sequences included in the aligned dataset. In the
Arabidopsis RLK gene family we describe sequence divergence within sets of paralogous
genes, while the analysis of turkey astrovirus looks at divergence in same gene from different
viral isolates. One reasonable interpretation of positive selection in duplicated RLK genes is
that we are identifying sites that are diverging in function and possibly involved in some type
host-pathogen interaction. Positive selection in the turkey astrovirus capsid gene may be
indicative of selection at an antigenic epitope, with changes across isolates being the result of
an adaptive immune response to astroviral infection. While the studies of selection presented
here look at genes involved in host-pathogen interactions, evidence for positive selection has
also been seen genes involved in reproduction, dietary adaptation, sensory systems, and
behavior (reviewed in Yang and Bielawski 2000).

Model Averaging

Chapter 3 compares model averaged estimates of genetic distance and the
transition/transversion ratio to estimates from single models. Model averaging approaches
use multiple models to make inferences and avoid some of the drawbacks associated with
choosing an incorrect model, such as incorrectly inferring tree topologies (Sullivan et al.
1995) and rate parameters (Wakeley 1994). Detailed information on model averaging using
the Akaike Information Criteria (AIC) (Akaike 1974) is provided in chapter 3 and the topic is

reviewed in the book by Burnham and Anderson (2002). Following the notation of Burnham

and Anderson (2002) a model averaged estimate 0 from a set of K models will have the form

14



b

K ~
= z W, ek >
k=1
where W, is the weight of model k and ék is the estimate from model k. Models that fit the

data well will have high weights and models that fit poorly will have low weights. The
weights are computed based on scores for either AIC, small sample AIC,, quasi-likelihood
AIC (QAIC and QAIC,), or the Bayesian Information Criteria (BIC) (reviewed in Burnham
and Anderson 2002). Weights are based on the differences between the scores from each
individual model, Sk, and the best model, Spest,

A, =S, =S

best >

where A, is the weight of model k. For AIC, the weight of model k in a set containing K

models is given by

In addition to model averaging, Bayesian approaches have also been proposed to
account for model uncertainty in phylogenetic inferences (Huelsenbeck et al. 2004). The
posterior probabilities of evolutionary model parameters cannot be calculated analytically so
Markov Chain Monte Carlo (MCMC) is used to approximate them. Bayesian approaches are
further complicated by changes in dimensionality across substitution models. Jumps in the
Markov chain must incorporate not only a new parameter value, but also the addition or
subtraction of rate parameters. Huelsenbeck et al. (2004) uses an approach described by
Green (1995) to merge or split different nucleotide rate parameters and explore the model

space. Alfaro and Huelsenbeck (2006) compare Bayesian and AIC approaches to nucleotide

15



model averaging and conclude that Bayesian methods are more precise as long as the
assumptions of the model are not violated. If model assumptions are not satisfied then AIC
model averaging is more accurate.

Arabidopsis

The process of gene duplication and divergence in large plant multigene families is
not well understood. New gene family members may arise from local duplications or
through an increase in ploidy. The subsequent divergence of these duplicated genes can be
influenced by many factors, including positive selection, neutral mutations, ectopic
expression and speciation events. Looking at phylogenetic relationships and rates of
sequence change between gene family members may provide insight into why duplicated
genes are retained and how they diverge in function (eg. Gaut and Doyle 2000). Previous
approaches of the molecular evolution of plant genes families have described origins of new
family members, presence of positive selection, heterogeneous substitution rates, divergence
times, and the evolution of genome organization (reviewed in Wolfe and Li 2003).

Chapter 2 describes an analysis of positive selection in the receptor-like kinase (RLK)
gene family of Arabidopsis. Although Arabidopsis is not of major agronomic importance,
the availability of complete genomic sequence along with physical and genetic maps makes it
feasible to identify and analyze members of large gene families. Background information on
functions of RLK family members is provided in the introduction to chapter 2.

HIV

Human immunodeficiency virus (HIV) infections result in progressive destruction of

cells associated with the adaptive immune response. The initial stage of infection involves

the viral particle binding to cells expressing the CD4 receptor (Sattentau et al. 1986) and is

16



followed by the release of the viral RNA genome into the cytoplasm. The three largest open
reading frames in HIV contain the gag, pol, and env products. At least six other genes have
also been found in HIV (Korber et al 2005) but are not discussed here since they were not
analyzed in the nucleotide model averaging study. The HIV gag gene encodes multiple
protein products, including the viral capsid. The reading frame for HIV pol overlaps the gag
gene and frameshifts during the transcription of gag produce a concatenated message that is
translated into a GAG-POL polylprotein. POL is a RNA dependent DNA polymerase
(RdDp) that synthesizes double stranded (ds) DNA from the positive, messenger sense RNA
genome. The dsDNA is then transported to the nucleus where the viral integrase joins the
viral dsDNA to host genomic DNA, resulting in a provirus. The HIV env encodes highly
glycosylated proteins associated with the viral envelope (Fenouillet et al. 1989). The
analysis of HIV in chapter 3 looks at estimates of nucleotide substitution rates across the
entire genome, and separately in the gag and env genes. AIC model selection has previously
been used to look at nucleotide model choice in HIV (Huelsenbeck 2004; Muse 1999) and
these studies are discussed in chapter 3.
Astroviridae

Astroviridae are small, round RNA viruses (SRVs) that can infect birds and
mammals. Symptoms of astrovirus infections in humans are a mild, watery diarrhea that can
last for 3-4 days (Matsui and Greenberg 1996) while infections in poultry can result in acute
enteritis and death (Koci et al. 2000). Unfortunately, the actual mechanisms by which
astroviridae cause disease are poorly understood. The turkey astrovirus genomic sequence
generated for chapter 4 may help to determine if sequence variation can be associated with

differences in severity of disease symptoms. An additional motivation for studying the
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disease is the lack of a small animal model for astrovirus. Identifying similarities or
differences in the molecular evolution of human and turkey astrovirus will give insight into
the appropriateness of turkey as a model for the disease.

Astroviral genomes are composed of single stranded, messenger sense RNA
approximately 7kb in length with three overlapping open reading frames (ORFs) designated
ORFla, ORF1b, and ORF2. ORF1la and ORF1b are translated as a polyprotein with ORFla
containing a serine-protease and 1b containing an RNA-dependent RNA polymerase (RdRp).
The presence of a heptameric ribosomal frameshifting site between 1a and 1b is a
distinguishing characteristic absent in other SRVs such as Calcinoviridae and Picornavirdae
(Jiang et al. 1993). ORF2 encodes the capsid precursor (x90kD), which is progressively
cleaved into 25-35kD units that make up the viral capsid (Matsui and Greenberg 1996).
Another interesting feature of ORF?2 is that it exists as both genomic and subgenomic
RNA(Lewis et al. 1994). Subgenomic RNAs have been observed in other viruses
(Schlesinger and Schlesinger 1996) and are thought to function in the production of large

amounts of capsid proteins.
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Abstract

We analyzed members of the receptor-like kinase (RLK) gene family in Arabidopsis
thaliana for positive selection. Likelihood analysis found evidence for positive selection in
12 of the 52 RLK family sequence groups. These 12 groups represent 97 of the 403
sequences analyzed. The majority of genes in groups subject to positive selection have not
been functionally characterized, but sites under selection are predominantly located in the
extracellular region. The pattern of selection in the extracellular leucine rich repeat (LRR)
motif of groups 14 and 51 is similar to those of previous studies where positively selected
positions are located in a solvent exposed B-strand that may determine disease specificity,

raising the possibility that some RLK genes function in a similar role.

Keywords: Receptor-like kinase, positive selection, gene family, leucine-rich repeat
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Introduction

The receptor-like kinase gene family accounts for nearly 2.5% of Arabidopsis protein
coding genes (Arabidopsis Genome Initiative 2000). Analysis of the Arabidopsis genome
has identified at least 610 putative members of this family through conservation of their
serine/threonine kinase domain (Shiu and Bleecker 2003). RLKs can be split into two major
groups based on the presence or absence of an extracellular domain (Shiu and Bleecker
2001b). Most are single pass transmembrane proteins that contain an extracellular ligand
binding domain, a membrane a-helix and a cytoplasmic kinase domain (Hardie 1999). Also
included in our analysis are receptor-like cytoplasmic kinases (RLCKs) that lack an
extracellular domain. Phylogenetic analysis of Arabidopsis kinases shows RLKs form a
monophyletic group distinct from other Arabidopsis kinases (Shiu and Bleecker 2001b).
RLKSs can be classified into at least 16 major subfamilies based on the structure of their
extracellular domain (Shiu and Bleecker 2001a; Shiu and Bleecker 2003). The LRR
subfamilies with 239 members and the RLCK subfamilies with 135 members contain the
majority of genes. The remainder are split among the lectin-binding group with 47 members,
DUF26 group (Domain of Unknown Function) with 45 members, S-glycoprotein group with
40 members, wall-associated kinase (WAK) type with 25 members, PERK (PRKR-like
endoplasmic reticulum kinase) type with 19 members, CFRLK1-like with 15 members, CR4-
like with 8 members and several smaller groups with less than 6 members (Shiu and Bleecker
2001a).

Although little is known about the biological function of most Arabidopsis RLKs

their structural similarity to animal receptor tyrosine kinases makes them candidates for
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signal transduction across the cell membrane (Saterlee and Sussman 1998). If the
mechanism of RLK action follows animal receptor models, then the binding of a ligand is
followed by homo-dimer or hetero-dimer formation, which allows the autophosphorylation
of a serine/threonine residue. Subsequent signaling steps are not well defined but are thought
to resemble signal transduction in mammalian receptor tyrosine kinases (RTKs). In RTKs
ligand binding and subsequent phosphorylation of the cytoplasmic domain allow proteins
with an SH2 domain (Src Homology 2) to bind and form complexes at the membrane that
continue the signal cascade (Hardie 1999).

Classical genetics approaches have been used to identify several RLKs involved in
plant signaling processes. There are RLKs that function in brassinosteroid signaling (BRI1),
meristem development (CLV1), leaf development, disease resistance (rice Xa21), and self
incompatibility (brassica SRK1) (McCarty and Chory 2000; Saterlee and Sussman 1998).
Though a large number of RLKs have been successfully cloned there are relatively few
known receptor ligands or proteins that interact with the cytoplasmic domains. Ligands for
SRK (Kachoo et al. 2001; Takayama et al. 2001) and BRI1 (Wang et al. 2001) have been
identified and CLV3 appears to be a good candidate for interacting with CLV1 (Lanhard and
Laux 2003). CLV2 is an LRR membrane bound protein that complexes with CLV1. This
complex is thought to then bind a ligand that includes the secreted protein CLV3 (Lenhard
and Luax 2003). Mutations in the CLAVATA genes result in the enlargement of shoot and
floral meristems (Brand et al. 2000).

Comparative studies of the RLK family of Arabidopsis and Rice (Shiu et al. 2004)
have shown that the RLK gene family may have undergone a recent expansion of genes

involved in defense/resistance. Analysis of positive selection in the RLK family can provide
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a mechanism for studying the evolution of duplicated genes. After duplication one of the
gene paralogs can diverge and acquire a novel function (Ohno 1970). The presence of
positively selected sites may provide one way to detect this divergence. Shiu et al. (2004)
did a sliding window analysis of the synonymous /nonsynonymous rate of RLK genes and
found a higher rate of nonsynonymous substitution in the extracellular region. The study
reported here examined the location of positively selected sites within RLK genes to
characterize specific positions in extracellular receptor domains and cytoplasmic kinase
domains. This basic approach has previously been used by Mondragon-Palomino et al.
(2002) to study Arabidopsis gene families involved in disease resistance. Members of the
Arabidopsis nucleotide binding site (NBS)-LRR gene family encode putative intracellular
receptors thought to interact with pathogen molecules. Sites in the LRR domain identified as
positively selected were predominantly located in regions that were likely to be solvent-
exposed (Mondragon-Palomino et al. 2002). Mondragon-Palomino et al. propose that these
sites may interact with pathogen ligands to determine disease specificity.

Codon positions where the rate of nonsynonymous substitution (dy) was greater than
the rate of synonymous substitution (ds) have been defined as positively selected (Hughes
and Nei 1988, 1989; Nielsen and Yang 1998; Yang and Bielawski 2000). The ratio between
these rates is defined as ® = dy/ds. In the RLK studies that follow, we analyze the data set
under several statistical models that allow for different ® classes (Yang and Bielawski 2000).
The fits of models that did not allow for positive selection (v<=1) were compared to
restricted models (w>1) using both the LRT (likelihood ratio test) and Akaike Information
Criterion (Akaike 1974). These analyses suggest that the Arabidopsis RLK gene family

contains 12 sequence groups having @ > 1. Seven of these sequence groups may be
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candidates for plant resistance genes based on the presence of an extracellular LRR region
and previous examples of selection of LRR resistance genes in plants.
Materials and Methods

RLK and RLCK DNA sequences

Previous analysis of the Arabidopsis genome identified more than 610 putative
members of the RLK and RLCK family (Shiu and Bleecker 2001). The coding sequences of
these genes were obtained from the TAIR database (www.arabidopsis.org) and GenBank
(www.ncbi.nlm.nih.gov). RPS-blast (Altschul et al. 1997) was used to identify the conserved
serine-threonine kinase domain (Smart accession no. 00220) in these sequences. Kinase
domains were aligned at the amino acid level using CLUSTALW (Thompson et al. 1994)
and the alignment was improved manually. Accession numbers and alignments are available
at http://statgen.ncsu.edu/estrain/RLK.

Phylogenetic Analysis

A neighbor joining tree (Saitou and Nei 1987) of the kinase domain was constructed
with the PHYLIP program NEIGHBOR (Felsenstein 1989) using the Jones-Taylor-Thornton
(Jones et al. 1992) amino acid distance matrix. Following Shiu and Bleecker (2001b), the
kinase domain of APH3_k from Staphylococcus (Swissprot accession no. P00554) was used
to root the tree. It was necessary to subdivide the tree into related sequences groups because
the power of the LRT test to detect positive selection decreases if the distance between the
sequences becomes too large (Anismova et al 2001, 2002). Additionally, it was difficult to
reliably align the full coding sequences of a large number of RLK genes because of
variability in the receptor region. The 52 groups contained between 4 and 21 sequences

where the mean within-group amino acid identity was greater than 45% and mean within-
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group similarity greater than 70%. Identity and similarity statistics were calculated using
GENEDOC (Nicholas et al. 1997). Theses groupings were in general agreement with the
subfamily designations of Shiu and Bleecker (2001a). 207 orphan sequences that did not fit
into any of the groups were eliminated. The final dataset consisted of 403 sequences where
the average length was generally between 1000 and 1500 nucleotides for each group.

The full coding regions of the genes within each group were aligned. Alignment
columns with gaps present in more than 50% of group members were deleted from the
alignment. The 52 groups were then analyzed with PAML (Yang 1997) to identify sites that
experienced positive selection. The Codeml program from the PAML package calculated
the maximum likelihood (ML) for each group under several different codon models: MO
(one-ratio), M1 (neutral), M2 (selection), M3 (discrete), M7 (beta) and M8 (beta+m) (see
Yang el al. 2000 for detailed descriptions of models). The models differ in their distribution
of sites in the various o classes: M0 assumes all sites have the same ® value and ©v<1; M1
uses a class of neutral sites (n=1) along with a class of invariant sites (0=0); M7 has 8
classes (w<1) partitioned according to a discretized beta distribution. M2, M3 and M8 are
similar to M1, M0 and M7 but with the addition of a class that allows o greater than one. The
nested relationship of the models is shown in figure 1. The positive selection models (M2,
M3, and M8) and their corresponding restricted models (M0, M1, M7) were compared using
the LRT where the test statistic is distributed as a chi-square. After fitting the models
Codeml calculates the Bayesian posterior probability of individual sites belonging to each @
class. Additionally, the lowest AIC score (Akaike 1974) of the six models tested for each
group was used to identify an optimal model for further within-group analyses. Positively

selected sites that were identified in or near indel regions where the multiple alignment was
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ambiguous were removed and the analysis was repeated. Positively selected sites identified
but not used for further analysis because of alignment uncertainty are available on the
“AllSites” sheet at http://statgen.ncsu.edu/estrain/RLK/Like Sites.xls.
Results

The topology of the neighbor joining tree of the kinase domains given in figure 2 is
generally similar to the tree reported by Shiu and Bleecker (2001b). Only 403 of the 610
sequences in their phylogeny were used for analysis of positive selection in this study. The
kinase domains of the remaining 207 genes were too divergent from other RLK family
members to assign to a group. The classification scheme of Shiu and Bleecker (2001a) was
used to assign groups to their respective subfamilies. Most of the genes in the RLK family
are not well characterized but several known genes are present: CLV1 (group 4); HAESA
(group 6); BRI (group 15); RLK6 (group 22); RKF2 (group 24); PR5K (group 25);
LECRKI (group 26); BAK1 (group 29); WAK1, WAK2, WAK3, WAK4, WAKS (group
38); APK1A (group 42) and TMKI1 (group 46). The bootstrap (Felsenstein 1985) values for
the tree indicate the groups are generally well supported although values for the deep internal
nodes are weak. The bootstrap value for the node identifying each group was above 50% for
47 of the 52 groups. Groups identified by phylogenetic relationships in their kinase domain
also had similar extracellular domains (results not shown). The subfamily classification for
each group is labeled in figure 2.

Codeml was used to calculate the likelihood for the 52 groups under six different
codon models. The models were then compared using the LRT, and p-values were corrected
for multiple tests using Hochberg’s stepwise procedure (Hochberg 1988). In all groups M3

fit the data significantly better than MO0, and in 17 of these groups the estimate for the
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additional o class in M3 was greater than one. The M0-M3 comparison shows variable
selective pressure across sites but is not necessarily a good indicator of positive selection
(Yang and Nielsen 2002). Forty-eight of the groups fit the M2 model better than the M1 and
in 7 of these cases the M2 o estimate was greater than one. The results of the M1-M2
comparison are similar to M0-M3 in that a more complex model is needed to describe the
heterogeneous levels of selective pressure across sites. Five groups fit M8 fit significantly
better than M7. The » estimates for these five groups were greater than one, suggesting M7-
MS8 comparisons may be more useful when testing for positive selection than the previous
tests since the null model (M7) is flexible enough to account for the variable levels of
selection across sites. The fits of the different models were also evaluated according to their
AIC values. In 46 of 52 groups the best AIC score belonged to the beta models M7 or M8
(34 and 12 respectively). The 8 o classes in the M7 and M8 models fit the varying levels of
purifying selection better than the simpler models. The percentage of groups with the best
AIC score for each model is shown in Table 1. After reviewing the LRT tests, AIC values
and Bayesian posterior probabilities for sites under selection, there are 12 groups showing
evidence of positive selection: 14, 17, 19, 20, 21, 22, 26, 30, 33, 34, 35, 38 and 51. The ®
estimates in the positively selected groups under their optimal model according to AIC are
given in Table 2. Likelihoods for each group under the different models along with AIC
scores and LRT tests are available at http://statgen.ncsu.edu/estrain/RLK/Like Sites.xls.
Discussion

Studies of positive selection across a large gene family may be useful to identify
genes and sites within these genes as targets for further biological analyses. Previous large-

scale studies of positive selection have found that candidate genes are rare and often involved
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in host-pathogen interactions. A 1996 survey of 3,595 homologous gene groups derived
from 19,987 DDBJ (DNA Data Bank of Japan), EMBL, and Genbank sequences found only
17 groups that were subject to positive selection (Endo et al. 1996). Antigenic surface
proteins of viruses and parasites accounted for 9 of the 17 groups. Similarly, a number of
plant genes showing positive selection function in pathogen resistance. Disease resistance
genes in the NBS-LRR family of Arabidopsis and the Xa21 gene cluster of rice are under
diversifying selection (Ellis et al. 2000). Xa21 is an RLK with a LRR receptor domain that
confers resistance to Xanthomaonas oryzae pv oryzae (Song 1995). Approximately 25% (12
of 52 groups, see Table 2) of the RLK genes analyzed in the current study show positive
selection. It is tempting to speculate that the Arabidopsis DUF26 and LRR RLK groups
showing positive selection function in pathogen recognition, with positively selected sites
important in determining disease specificity.

The presence of positive selection could help determine the function of
uncharacterized receptor domains in the RLK family. If the pathogen or ligand is unknown
and homologs have not been characterized then it would be difficult to get initial clues about
function using traditional tools like mutant screens. Nine of the 12 groups under positive
selection were in subfamilies that had either DUF26 or LRR receptor domains. The function
of the DUF26 domain (pfam accession no. PEO1657) is not known but has been identified in
122 different Arabidopsis membrane kinases and secretory proteins, usually in tandem copies
(Bateman et al. 2002). DUF26 is 55 amino acids in length and contains 4 conserved cysteine
residues that are thought to form two disulphide bridges (Bateman et al. 2002). Groups 19,
20, 21, and 22 of the DUF26 subfamily showed positive selection. The LRR subfamily is

identified by multiple consecutive copies of a plant-specific leucine rich repeat (Interpro
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accession no. 007090). The number of LRR copies varies from 3 copies in the LRR I
subfamily to 20 in the LRR XII subfamily. Evidence of positive selection was found in
groups 30, 34, and 35 of the LRR I subfamily, group 14 of the LRR XII subfamily and group
51 of the LRR VIII-1 subfamily. None of the 25 genes in these five groups have been
functionally characterized, but LRR domains are involved in protein-protein interactions
(Kobe and Deisenhofer 1994) and are common in plant resistance genes.

The three remaining groups under positive selection have extracellular domains that
resemble those of known signaling or receptor kinases. Group 17 has B_lectin and S-locus
glycoprotein domains in the receptor region. B_lectin domains are specific for binding
mannose and are involved in a diverse range of processes ranging from plant defense (Barre
et al. 2001) to cell motility (Barre et al. 1999), and S-locus domains are involved in a
self/non-self recognition (Matton et al. 1994). Sato (2002) has previously described
diversifying selection in S-locus Brassica genes. Group 26 has the alpha and beta legume

lectin domains (pfam accession nos. 00138 and 00139) that possibly play a role in the

transduction of oligosaccharide and hormone signals (Herve’ et al. 1996). Members of group
38 contain an EGF-like (Epidermal Growth Factor) calcium-binding domain and belong to
the WAKL subfamily (Wall-Associated Kinase Like).

The locations of sites that show evidence of positive selection for the 12 groups is
given in figure 3. Indicated on the graphs are sites with a posterior probability greater than
0.5 of belonging a class with o greater than one. These sites were almost exclusively located
in the extracellular region and little evidence of selection was seen in the cytoplasmic kinase
domains. These results are consistent with the sliding window analysis of Shiu et al. (2004)

where a higher rate of nonsynonymous substitution was seen in the extracellular region. This
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pattern of selection is also seen in the NBS-LRR family of Arabidopsis and lettuce, where
most of the diversity is in the LRRs (Mondragon-Palomino et al. 2002; Meyers et al. 1998).
The NBS effector domains show the highest level of purifying selection across the gene, and
the lack of positive selection is consistent with the effector regions having a conserved
ligand. In contrast, the positively selected solvent-exposed sites in the LRR receptor region
interact with pathogen ligands. In the Mondragon-Palomino (2002) study the LRR domains
were also analyzed independently of the NBS domain, and positively selected sites identified
were nearly identical to the whole sequence analyses. In the current study only whole
sequence analyses were reported. Shorter sequences reduce the power of the LRT and
Bayesian procedures to detect positive selection (Anisimova et al. 2001, 2002), and may also
affect codon frequency estimates made using the 3x4 model of Yang (1997).

The pattern of positive selection in the LRR domain of groups 14 and 51 is similar to
patterns of selection in the LRR domain of NBS-LRR genes (Mondragon-Palomino et al.
2002). Groups 14 and 51 have multiple copies of a 24 amino acid LRR (Interpro accession
no. 007090), and the amino acid variation is most often found in the x residues of the
xxLxLxx motif (Ellis et al. 2000) within the LRR. The first four residues in the motif form a
B-strand and the next three comprise the B-turn (Ellis et al. 2000). The structure of the RLK
LRR domain is likely similar to the LRR region of porcine ribonuclease inhibitor (PRI)
where B-strands of adjacent repeats form a parallel B sheet (Kobe and Deisenhofer 1994).
Outside the B-strand/turn is an a-helix leading to the next repeat. Figure 4 shows counts for
each of the 24 sites in the LRR that had a posterior probability > 0.5 of positive selection.
Sixteen out of the 34 sites experiencing positive selection were located at the valine in

position 6 of the LRR repeat. Although replacements in the a-helix or even outside the LRR
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region could affect the binding specificity, the majority of sites under selection were in the 8-
strand/turn between residues 4 and 12. Also shown in figure 4 are the results of positive
selection analysis of two groups of rice RLK genes (Genbank protein accession nos.

AALRB2659, BAC24921, BAC10699, BAC10698, AAF34426, BAB78678; BAB03631,

BAB03627, BAB44009, BAB03629, BAB03621) homologous to RLK group 14. These

genes have not been functionally characterized, but the locations of positively selected sites
in their LRR region is similar to RLK groups 14 and 51. In rice 12 of the sites under positive
selection were at residue 6, and 34 of 46 sites identified were between residues 4 and 12 in
the B-strand/turn. The concentration of positively selected sites in the $-strand/turn is
interesting because these sites are potentially solvent exposed in the binding domain and
could affect ligand specificity. Literature searches for functional significance of residue six
have revealed no information with regard to plant resistance. Systematic mutagenisis of the
LRR in CCR4 of S. cerevisiae showed residue six was important for the binding of CCR4 to
CAF1, and mutations in this site resulted in reduced deadenylase activity (Clark et al. 2004).
Inferences from the LRT and Bayesian prediction of positive selection across the
RLK family should be made cautiously since little is known about the function of most
genes. Studies of the power of LRT tests (Anisimova et al. 2001) and Bayesian prediction
(Anisimova et al. 2002) of sites under selection indicate both are effective when multiple
models of selection are used and the sequences are of sufficient length, divergence and
number. Sequence length and divergence levels of RLK sequence groups fall within the
range of the parameters tested in the previous power studies. Unfortunately the proportion of
sites showing positive selection in the RLK groups was smaller than the simulation studies of

Anisimova (2001, 2002). In those studies LRT and Bayesian prediction were evaluated with
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5% to 10% of the sites under positive selection, while the RLK groups in this study generally
had 1% to 5%. The smaller proportion of sites under positive selection in RLK sequences
could cause models with ® > 1 (M2, M3, M8) not to score significantly better than
alternative models (M1, M0, M7), making it more difficult to detect positive selection. Also,
it has been shown that high levels of recombination can increase the type I error rate of the
LRT to detect positive selection (Anisimova et al. 2003). The effective rate of recombination
in the selfing Arabidopsis thaliana is much lower than the viral sequences tested in
Anisimova et al. 2003 and recombination should be less of a concern. Even though the tests
of selection may be somewhat conservative almost 25% of the 403 RLK sequences belonged
to positively selected groups. The concentration of positively selected sites in the
extracellular region as opposed to the kinase domain is consistent with these genes having a
role in pathogen resistance. In particular, the sites identified in the LRR of groups 14 and 51
along with their homologs in rice may make interesting candidates for site directed

mutagenisis.
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APPENDICES

Optimal Model % Groups
MO (one-ratio) 0.0
M1 (neutral) 0.0
M2 (selection) 3.5
M3 (discrete) 7.0
M7 (beta) 59.7
MS (betat+m) 21.1

Table 1. Percentage of groups with best AIC score for each model

Group o' p’ Model’> Subfamily®
14 2.662 0.04647 M8 LRR
17 3.104 0.00406 M8 SD-1
19 2.015 0.11169 M8 DUF26
20 2918 0.03429 M8 DUF26
21 4.294 0.02254 M3 DUF26
22 3.992 0.02845 M8 DUF26
26 9.835 0.00984 M8 L-lectin
30 9.757 0.01781 M8 LRR
34 2.364 0.01869 M8 LRR
35 4.141 0.03355 M8 LRR
38 1.804 0.01068 M8 WAKL
51 3.655 0.04685 M8 LRR

Table 2. Groups exhibiting positive selection

o values for site class exhibiting positive selection
proportion of sites under positive selection
optimal model under AIC

1
2
3
* subfamily classification

44



M M7
WLl (it = {'j‘__}f':. w ~ heta

‘E an=1,(/1) (8 @ classes)
T’ﬁf:” T_; ol fi=0

M3 M2 M3
@, fo wa=0, fa o
e, () =1, [ (8 @ classes)
o £3) @, ( fo)

Figure 1. Hierarchy of Models where @ =dn/ds, @o and w1 € (0,1), wuis the
unrestricted @ class that can be greater than one and f is the proportion of sites in each

class. In M7 and M8 @ ~ beta was discretized into 8§ classes. Parameters in parentheses are

not free parameters. Arrows lead to the reduced form of the models.
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Figure 2. Neighbor joining tree of Arabidopsis RLK sequence groups. The NJ tree
was constructed using the kinase domain. Branches in groups were condensed to ease
visualization. Branches leading to the groups represent average branch length of group
members. Values in brackets are bootstrap support at nodes leading to groups for 100
replicates. Internal nodes with greater than 50% bootstrap support are labeled. Groups

3232

exhibiting positive selection are indicated with a “*”. Subfamily classification is provided to

the right of the tree.
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Figure 3a. Location and posterior probability of positively selected sites in groups with

evidence for positive selection. The X-axis represents position in the amino acid alignment.

Conserved domains identified by RPS-blast are labeled in boxes below the graphs. The

posterior probability for sites in the » >1 class is shown on the Y-axis. The dotted line on the

graph shows diversity across the sequences as estimated by the proportion of sites in a 50

codon window that experienced a nonsynonymous substitution (Nei and Gojobori 1986).
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evidence for positive selection. The X-axis represents position in the amino acid alignment.
Conserved domains identified by RPS-blast are labeled in boxes below the graphs. The
posterior probability for sites in the ® >1 class is shown on the Y-axis. The dotted line on the
graph shows diversity across the sequences as estimated by the proportion of sites in a 50

codon window that experienced a nonsynonymous substitution (Nei and Gojobori 1986)
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shown on the X-axis and the Y-axis denotes the number of sites under selection at each

position in the repeat.
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Abstract

Akaike Information Criteria (AIC) based model averaging and model selection of 203
reversible models of nucleotide evolution were used to examine estimates of genetic distance
and the ratio of transition/transversion (ts/tv) rate parameters in HIV sequence data.
Estimates of distance and ts/tv were shown to be robust relative to model assumptions. AIC
model selection of HIV1 and HIV2 datasets indicates nucleotide models allowing for
multiple transversion rates are important when analyzing HIV sequences. The use of this
exhaustive set of models reveals several non-standard models that consistently score well by
AIC in pairwise comparisons of HIV1 and HIV2. Additionally, AIC weighted estimates of
the ts/tv ratio in simulated HIV sequences generally had less variance than similar estimates

made by selecting the single best scoring AIC model.

Keywords: AIC, model averaging, HIV, nucleotide model of evolution
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Introduction

Phylogenetic inferences made using nucleotide sequences often rely on time-
reversible models of sequence evolution to estimate genetic distances and reconstruct
phylogenetic trees. The complexity of commonly used reversible nucleotide models ranges
from the one-parameter Jukes-Cantor model (1969) to the eleven-parameter general
reversible model of Swofford et al. (1996). The Jukes-Cantor (JC69) model has a single rate
parameter and equal nucleotide frequencies while the Swofford et al. model allows for
unequal base frequencies, invariant sites, site-to-site rate heterogeneity, and a different rate
parameter for each type of transition or transversion. Deciding whether the JC69, Swofford
et al. 1996, or another nucleotide model of intermediate complexity is appropriate for an
analysis can be difficult because the resulting tree topologies and rate parameter estimates
can change depending upon which model is used (Kelsey et al. 1999; Cunningham et al.
1998). Strategies developed to address uncertainty in model selection include choosing a
single best-fit nucleotide model (Posada and Crandall 2001; Minin et al. 2003) or averaging
models using either Bayesian techniques (Hulsenbeck et al 2004) or Akaike information
criteria (AIC) weighting (Posada and Buckley 2004).

Model selection approaches choose a single best-fit model from a set of candidate
models based on some criterion that rewards fitting the data well but penalizes for additional
free parameters. The best model is usually selected according to either hierarchical
likelihood ratio tests (LRT), AIC (Akaike 1973), or the Bayesian information criterion
(Schwarz 1978) with parameter values at their maximum likelihood estimates. Posada and
Crandall (2001) showed that the LTR, AIC and BIC criteria are all effective at identifying the

true model if the sequences were of sufficient length (L > 500 nucleotides) and taxa (N> 20).
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The risks of using a single, wrong model include errors when reconstructing topology or bias
when estimating branch lengths (Gaut and Lewis 1995; Yang 1995). Although maximum
likelihood estimates of nucleotide model parameters have been shown to be robust to
incorrect trees (Yang 1994), the results of tests such as molecular clock can change
depending upon which model of evolution is chosen (Zhang 1999). It is unknown how
model choice influences estimation of nucleotide model parameters such as the ts/tv ratio.

In addition to model selection, methods that allow for model uncertainty by
incorporating multiple models of nucleotide evolution into phylogenetic analyses have also
been described. These approaches can be divided into two broad categories: Bayesian
methods that examine the posterior distribution of phylogenetic parameters over a set of
models (Suchard at al 2001, Huelsenbeck et al 2004, Minin et al 2003; Alfaro and
Huelsenbeck 2006) and AIC model averaging strategies that estimate parameters by
weighted averaging across models (Posada and Buckley 2004; Alfaro and Huelsenbeck
2006). The Bayesian approach is difficult to implement because it is hard to evaluate the
integral for the posterior distribution of models. The marginal likelihoods for the models are
generally approximated using either BIC (Minin et al. 2003) or MCMC sampling
(Huelsenbeck and Ronquist 2001). AIC model averaging weights the parameter estimates
and topology from each model according to their AIC score so that models with a good fit
have more influence than poorly fitting models.

This study differs from previous model averaging studies in our focus on nucleotide
models and estimation of genetic distance and the ts/tv ratio, specifically distance and the
ts/tv ratio for HIV1 and HIV2 genomic and gene sequences. Characterizations of model fit

for HIV sequences presented in this study and in the previous study of Muse (1999) and in
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Huelsenbeck et al. (2004) show that non-standard models of nucleotide evolution often have
a better AIC score than standard nucleotide models. Analyses of collections of aligned HIV1
and HIV2 sequences were first done to identify nucleotide models that consistently had good
AIC scores in pairwise comparisons. Simulations under the best scoring AIC models were
then performed to examine the behavior of estimates of distance and ts/tv ratio using AIC
based model selection and AIC weighted model averaging methods. Our analysis of
simulated HIV sequences in this study shows that weighted AIC (WAIC) and best scoring
AIC (BAIC) methods of estimating distance and the ts/tv ratio have similar levels of bias and
variance to estimates made using the true nucleotide model. Additionally, estimates of the
ts/tv ratio made using WAIC generally have less variance than those made with the single
BAIC model, suggesting that WAIC more accurately recovers the underlying nucleotide rate
parameters than does AIC model selection.
Methods
Nucleotide Models

Assuming unequal base frequencies, there are 203 different ways (Muse 1999) to
parameterize the 4x4 reversible model of nucleotide evolution. These 203 models are
defined by placing constraints on the six rate parameters for nucleotide state changes. The
models range in complexity from F81 (Felsenstein 1981) where all rates are constrained to be
equal to the GTR model (Tavare 1986) that has six different rates.

All of these models can be described according to conventions proposed by Muse
(1999) where the six different rate parameters are represented by as a six-character string.
The first character is the rate of A«<»>G, the second is A«<>C, third is A~T, fourth is G—C,

fifth is G T, and the sixth is C—T. The string "000000" denotes the F81 model, "011110"
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denotes HKY (Hasegawa et al. 1985), "011112" denotes TN93 (Tamura and Nei 1993), and
"012345" denotes the GTR model. Rate parameters are constrained to be equal if their
character positions share the same number. Figure 1 shows how rate parameters in the GTR
model can be constrained to form either HKY or a non-standard model (Model 171,
"012232") that scored well by AIC in analysis of HIV1 genomic sequence. Descriptions for
all possible 203 models are given in supplementary material.
Estimates of Genetic Distance and ts/tv

We define genetic distance (d ) between two sequences as the expected number of
substitutions per site. Distance is given by the sum of the product of time (t), nucleotide

frequencies (), and the diagonals of substitution rate matrix (R) from figure 1:

We defined the ts/tv ratio as the ratio of the sum of the individual transition and transversion

rate parameters:

s _ Hag + Her
Vo et par T e T Mot ’

where 1 is the rate of change from nucleotide i to j. Nucleotide models with 3, 4, 5, or 6

different rate parameters allow for multiple types of transitions and transversions and, unlike
HKY, there is no single transition/transversion ratio. This definition of ts/tv separates the
effects of substitution parameters from nucleotide frequencies. Definitions of
transition/transversion ratio that use the expected number of transition and transversion
events are dependent on the underlying base frequencies.

AIC Model Selection and Averaging
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This study examined AIC model selection and model averaging of d and the ts/tv

ratio across the 203 reversible nucleotide models. In the case of an AIC model averaged
estimate of distance, the parameter d can be estimated by summing the product of d cand o,
(AIC weight of model 1) over all models (i=1 to 203). The AIC score for any particular
model i is given by

AIC, = -2 +2k;,
where L, is the maximized log likelihood of model i and k; is the number parameters in
model i. The best scoring AIC model has the lowest AIC score (AICuyin). Once the AIC

scores for all the models are known then the AIC weights of each model can be calculated.

The difference between model i and the best model, denoted A, , is
A = AICi-AICmm.

The weight of model 1 (W, ) is computed as a (normalized) sum over all models:

a=bi/2

Wi =503 :

z gAr/2
r=1
An AIC model averaged estimate of genetic distance (d ) is then given by

where d . 1s the maximized likelihood estimate of distance from model i.

The variance for an AIC model averaged estimator was provided by Burnham and Anderson

(2003):

2

var(d) = [iwi\/var(cii)ﬂai —&)z}
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Sequence Data and Simulations

The HIV1 and HIV2 datasets were downloaded from http://hiv-web.lanl.gov and
alignments improved manually using the GENEDOC (Nicholas et al. 1997) sequence editor.
The aligned set of HIV genomic and gene sequences used in this study are available in fasta
format at http://statgen.ncsu.edu/estrain/DistEst. The HIV1 dataset contained 40 sequences
that were randomly selected from the >500 sequences available at hiv-web.lanl.gov. The
HIV2 dataset contained 38 aligned sequences. HIV1 genomic sequences were 8.9 kb in
length and HIV2 were 9.6 kb long. For both subtypes the ENV gene was 2.5 kb and the
GAG gene was =1.5 kb.

The C++ source code of a Linux executable program for the pairwise sequence
comparisons and simulations is also available at http://statgen.ncsu.edu/estrain/DistEst.
Matrix calculations were done using either the Template Numerical Toolkit (TNT) from
http://math.nist.gov/tnt or the GNU Scientific Library available at
http://www.gnu.org/software/gsl.

Pairwise simulations that implied infinite distance according to the ML framework
used in this study were not considered. Infinite estimates of distance occur when the product
of the frequency and divergence matrix has negative eigenvalues (Waddell and Steel 1997).
The problem of getting an undefined, or infinite, estimate of distance occurs more frequently
when sequences are short and highly diverged. For the HIV simulations in this study,
undefined distances were only encountered for sequences of length 1000, and only when the
distance was greater than 0.7 substitutions per site. In the case of the HIV2-like simulations,
the GTR estimate was undefined for 0.3% of the sequences at 0.7 substitutions per site and

4.5% of sequences at 0.8 substitutions per site.
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Results and Discussion

The results of this study are given in two parts: first, analyses of HIV1 and HIV2
sequences were carried out to identify nucleotide models that repeatedly had good AIC
scores in pairwise comparisons; and second, simulations of HIV-like sequences were
performed to compare WAIC estimates of distance and the ts/tv ratio to estimates made using
the BAIC model or one of the standard nucleotide models. The nucleotide frequencies and
rate parameter values estimated in part one for the BAIC models of HIV1 and HIV2 were
used for subsequent simulations of HIV-like sequences in part two. While the results of this
study are presented in the context of estimating distance and ts/tv for HIV sequences,
descriptions of the performance for AIC model averaged estimators should extend to other
nucleotide data.

We found the BAIC model for all possible pairwise comparisons of sequences within
the HIV1 and HIV2 datasets and their tabulated frequencies are shown in figures 2 and 3.
The variety of BAIC models identified in these pairwise comparisons highlights the need for
inference methods that can account for model uncertainty. Genomic sequence of HIV
subtypes 1 and 2, and individual genes within these subtypes, often had a different best-fit
nucleotide model of evolution. Also, with the exception of the GTR often being the BAIC
model for genomic HIV2, the best-fit model was rarely one of the standard nucleotide
models.

Differences in AIC model choice between the HIV1 and HIV2 subtypes cannot solely
be attributed to differences in the level of divergence within the two datasets. Using the total
branch length of a phylogenetic tree as a qualitative estimate of divergence, neighbor joining

(Saitou and Nei 1987) reconstructions of the HIV1 and HIV2 datasets have 1.91 and 1.84
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substitutions per site. Comparative AIC-based analysis of HIV1 suggested that the four-rate
parameter model 171 ("012223") does a good job of accounting for the sequence variation
observed between different HIV1 genomes. BAIC models for pairwise comparisons of
nucleotide models in HIV2 genomes generally had 1-2 more parameters than similar
comparisons in HIV1. Figure 3 shows that for HIV2, the GTR model and three other closely
related five rate parameter models often score well. The fact that the GTR model is not the
BAIC model for the complete 8.9kb HIV1 genome is surprising since the genome size and
amount of divergence within two subtypes are similar.

We were most interested in models that consistently scored well across multiple
pairwise comparisons. The BAIC models selected in HIV1 and HIV2 are summarized in
table 1, showing the set of nucleotide models contained in the 95% credible interval of BAIC
models. Prior to removing rare models there were 11 different BAIC models for genomic
HIV1, 24 for genomic HIV2, 20 for HIV1 env, 34 for HIV2 env, 26 for HIV1 gag, and 29 for
HIV2 gag. The 95% set of BAIC models was 34-64% smaller than the corresponding
complete set of BAIC models. For the HIV1 genome, over 95% of the BAIC models come
from only four models, while 8 models are needed for env and 15 are needed for gag.
Analysis of the HIV2 follows a similar trend with 11 models in the 95% BAIC set for
genomic comparisons, 16 models for env, and 19 models for gag. The BAIC models
identified in both HIV1 and HIV2 env and gag genes generally had 1-2 fewer parameters
than the BAIC model in their respective genomes. The form of the BAIC models selected in
these genomic and individual gene analyses indicate that relaxing the assumption of equal
transversion rates is important for HIV. Models that consistently scored well across multiple

analyses, such as 168 ("012220"), 171 ("012223"), 176 ("012324"), and 196 ("012343") all
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had a separate rate for A<>C transversions. Models that scored well by AIC in pairwise
HIV1 and HIV2 comparisons in this study are nearly identical to those identified in the
analysis of 23 taxa for HIV1 pol (Huelsenbeck et al. 2004). Models 168, 171, 172, 176, 187,
and 192 are in the 95% credible set for HIV1 pol (Huelsenbeck et al. 2004). Table 1 shows
that the previous six models were also often identified as BAIC models in pairwise
comparisons of env, gag, and genomic RNA in HIV1 and HIV2.

The second part of the study focused on analysis of HIV-like simulated data to see
how WAIC estimators of distance and ts/tv compared to other methods. The most common
BAIC model of genomic HIV1, designated 171, has four rate parameters allowing for two
transition rates and two transversion rates. The six-rate parameter GTR model, designated
202 ("012345"), is the most common BAIC model for pairwise comparisons of HIV2.
Simulating under these conditions allowed us to examine the behavior of WAIC estimators
when the true model (GTR) was the most complex candidate model and also when the true
model (Model 171) was of intermediate complexity. With this goal in mind, simulation
conditions were chosen to mimic parameter values seen in the most common BAIC model
for genomic HIV1 sequences (14=0.363, nc=0.175, 1g=0.240, 1y=0.222, pac=1.03,
pnag=2.44, pav=mec=ncu=0.541, pcuy=3.27) and the most common BAIC model for genomic
HIV2 sequences (1t4=0.342, 1c=0.196, 16=0.250, ©y=0.212, pac=1.21, pac=2.21,
pau=0.880, ngc=0.610, pgu=0.340, pcu=2.85).

The bias, standard deviation, and root mean-squared error (RMSE) for estimates of
distance and the ts/tv ratio in HIV2 simulations are given in figures 4 and 5. The relative
performance of the HKY, BAIC, and WAIC estimators was very similar in both simulations

and only the complete results for HIV2-like conditions are shown (HIV1-like results
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provided in supplementary material). Figure 4 shows the BAIC and WAIC estimates of
distance had a level of bias and standard deviation close to estimates made using the true
model (GTR) at both sequence lengths. The consequences of choosing a poor fitting
standard model can be seen in the HKY estimates where the bias is larger than either the
WAIC or BAIC estimates. The bias and standard deviation for estimates of the ts/tv ratio
follow the same trend as estimates of distance.

Figure 5 shows the results of HIV2-like simulations where sequences of genomic
length (N=10K) gave WAIC and BAIC estimates of the ts/tv ratio that were very close to the
true model (GTR). HKY estimates of the ts/tv ratio in genomic length sequences had more
bias but similar levels of standard deviation to estimates made using either BAIC, WAIC, or
the true model. Differences between the performances of estimators of the ts/tv ratio were
more apparent for the shorter sequence. The RMSE graph for N=1K in figure 5 show that
WAIC has a lower RMSE than BAIC at each distance point. This same trend was also seen
in the HIV1 simulations, however the difference between the RMSE of WAIC and BAIC is
not as dramatic. Figure 6 shows side-by-side comparisons of the RMSE estimates for the
ts/tv ratio in HIV1 and HIV2 simulated data. The RMSE of WAIC is always less than BAIC
under HIV2-like conditions and always less than or equal to BAIC under HIV1-like
conditions.

An examination of the BAIC models for HIV1 simulated sequences also provides
useful insight to the pattern of BAIC models seen in the real HIV1 data. Shown in table 1 is
the set of models accounting for 95% of the BAIC models for 1000 HIV1 genomes simulated
under model 171 at distances between 0.05 and 0.8. The top four AIC scoring models of the

simulated HIV1 data (10K) are identical to the four best AIC models for real genomic HIV1
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data. BAIC model selection of data simulated using model 171 also gives an indication of
why WAIC estimates have less variance than BAIC estimates of distance and ts/tv. The true
model (Model 171) with 4 rate parameters was selected as the BAIC in 71% of pairwise
comparisons while the other models in the 95% BAIC set had 5 or 6 rate parameters. This
overparameterization may explain some of the increase in variance seen in BAIC estimates
of the ts/tv ratio relative to WAIC in HIV 1-like simulations. Unlike HIV1, AIC model
choice in HIV2 simulated genomes did not match the real HIV2 sequence. Table 1 shows
the 95% BAIC set for the simulated HIV2 genomes contains 2 models versus the 11 seen in
real HIV2. The second most common BAIC model for simulated HIV2, model 159
("012134"), was identified in 27% of pairwise comparisons but was never the BAIC model in
actual genomic data.

While this study only looked at the effect of AIC weighted model averaging on
distance estimation from a nucleotide model perspective, other reversible models are also
commonly used for estimating genetic distance. Amino-acid (Dayhoff et al. 1978; Jones et al.
1992) and codon (Muse and Gaut 1994, Goldman and Yang 1994) models allow for more
sophisticated modeling of coding sequence evolution. Model averaging for these methods is
more difficult because, unlike nucleotide models, the codon and amino-acid models do not
lend themselves as easily to exhaustive searches of their model space. There are only 203
different parameterizations of a 4x4 reversible nucleotide model but there are ~10*** unique
parameterizations of a reversible 20x20 amino model and ~10°°"° ways to parameterize a
reversible 61x61 codon model. Even without accounting for any site-to-site rate variation or
uncertainty in tree topologies, testing all possible models in these cases is not feasible.

Applications of model averaging to amino-acid and codon models of evolution will have to
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be more focused on building an appropriate set of candidate models. The results of this study
suggest that constructing a set of candidate models from the set of good scoring AIC models
may provide a reasonable starting point. A candidate set comprised of the 27 models
identified in table 1 would account for over 95% of the BAIC models seen in pairwise
comparisons of HIV1 and HIV2. These 27 models represent a significant reduction from the
original 203 models. While these pairwise comparisons contain insufficient information to fit
the more complex models of evolution, an analogous search for a candidate set of BAIC
models could instead be performed using subsets comprised of 3 or more sequences.

The diversity of BAIC nucleotide models identified in both the simulated and real
HIV sequences show that using a standard model to estimate distance or the ts/tv ratio in HIV
can often give misleading results. Similarly, model selection methods that choose the best-
scoring AIC nucleotide models can overestimate or underestimate the number of parameters,
causing an increase in the variance and bias for estimates of distance and the ts/tv ratio. AIC
weighted model averaging methods are able to implicitly account for this uncertainty in best-
fit models since their parameter estimates represent a weighted sum of estimates from a set of
candidate models. These WAIC inferences are less prone to the increases in bias and
variance that result from model misspecification. Because of these properties, WAIC
approaches can be recommended as good alternatives to single model analyses for estimating

genetic distance and the ts/tv ratio.
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Table 1. Best scoring AIC (BAIC) models in pairwise comparisons of HIV1 and HIV2 genes
and genomes. Models marked with a "*" indicate that the model is in the top 95% of best
AIC scoring models for the given comparison. The results of HIV1-like and HIV2-like
simulations under the most common BAIC model are also shown. Standard models indicated
are F81 (Felsenstein 1981), HKY85 (Hasegawa, Kishino, and Yano 1985), TN93 (Tamura
and Nei 1993), and GTR (Tavare 1986). Models K81uf (Kimura 1981) and TIM have been
described for the Modeltest package (Posada and Crandall 1998). The model descriptions

follow notations given in the methods sections where Model 102 ("011110") is HKY85.
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Figure 2. Best scoring AIC (BAIC) models in pairwise comparisons of 40 HIV1 genomic,

gag, and env sequences. The BAIC counts on the y-axis represents the number of times the

models was identified as the BAIC model in 780 (40 choose 2) comparisons. Descriptions of

models on the x-axis are given in table 1.
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Figure 4. Bias, standard deviation, and root mean squared error for estimates of genetic
distance under simulated HIV2 data. Estimates are shown for HKY, GTR, best scoring AIC
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is the true model. 1000 sequence pairs of length N were simulated at each of the 16
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Supplementary Figure 1. Bias, standard deviation, and root mean squared error for estimates
of genetic distance under simulated HIV1 data. Estimates are shown for model 171

("012232"), HKY, GTR, best scoring AIC (BAIC), and weighted AIC (WAIC) nucleotide
models. For the HIV1-like simulations model 171 is the true model. Parameter values for
simulations are given in the results and discussion section. 1000 Sequence pairs of length N

(N=1K or N=10K) were simulated at 16 distances.
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Supplementary Figure 2. Bias, standard deviation, and root mean squared error for estimates
of ts/tv ratio under simulated HIV1 data. Estimates are shown for model 171 ("012232"),
HKY, GTR, best scoring AIC (BAIC), and weighted AIC (WAIC) nucleotide models. For
the HIV1-like simulations model 171 is the true model. Parameter values for simulations are
given in the results and discussion section. 1000 Sequence pairs of length N (N=1K or

N=10K) were simulated at 16 distances.
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Abstract

Astroviruses are a leading cause of viral gastroenteritis in infants worldwide. Very
little is known about the mechanisms of astrovirus-induced diarrhea or the virally encoded
components responsible for disease. Recently we described the pathology associated with
turkey astrovirus type-2 (TAstV-2) infection in young turkeys as a model for astrovirus
pathogenesis. To better understand how genetic variability of astrovirus affects pathology
we examine the sequence of TAstV-2 genomes from isolates found in the field. The current
study reports the genomic sequence of nine novel TAstV-2 isolates from different states.
Nucleotide and amino acid sequences are generally > 90% similar. Phylogenies constructed
using genomic RNA and the individual open reading frames (ORF) provide evidence for
recombination and indicate differences in substitution rates between non-structural and
structural genes. Analyses of the capsid gene from human and turkey astrovirus using codon
models of evolution to show that sites under positive selection, as indicated by estimates of
the ratio of the rates of non-synonymous to synonymous substitutions, are located in similar

positions.

Keywords: astrovirus evolution, positive selection, turkey enteric disease, PEMS
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Introduction

Astroviruses are small round, non-enveloped viruses, typically 28-30 nm in diameter
(Matsui and Greenberg 2001). Astroviridae are known to be one of the leading causes of
infant viral gastroenteritis worldwide (Goodgame 1999, 2001) and family members cause
diarrhea and enteritis in several different mammalian and avian hosts (Geyer et al. 1994;
Hoshino et al. 1981; Madeley and Cosgrove 1975; McNulty et al. 1980; Snodgrass and Gray
1977; Tzipori 1981; Woode and Bridger 1978). Little is known about astrovirus
pathogenesis or the host factors involved in viral clearance and disease resolution. Limited
studies involving bovine, sheep, mink, and turkey astroviruses make up the majority of our in
Vvivo experimental evidence of astrovirus disease. Studies involving the human astroviruses
have focused primarily on in vitro assays and molecular epidemiology following outbreaks.
These studies have used sequence data from short (300-500bp) RT-PCR diagnostic
amplicons in the viral capsid to characterize viruses associated with outbreaks. The complete
genomic sequence for several different human and animal astroviral serotypes are known, but
the majority reported of sequence data consists of short diagnostic regions from the capsid.

The TAstV-2 genomic sequence generated for the current study will help us
understand genomic sequence divergence within an astroviral serotype. Phylogenetic trees
reconstructed using TAstV-2 genomes provide information about evolutionary relationships
and rates of divergence between the nine isolates. Phylogenies are also made using the
individual open reading frames (ORFs) to look for differences in evolutionary rates and
recombination between TAstV2 genes. Comparisons of TAstV-2 and human astrovirus
capsids using codon models (Muse and Gaut 1994; Goldman and Yang 1994) show that sites

evolving with a relatively high rate of non-synonymous substitution are located in similar
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regions, suggesting the capsid TAstV-2 and human astrovirus are subject to similar
evolutionary forces.
Materials and Methods
TAstV isolates

Intestinal samples were collected from turkey poults within commercial poultry
flocks in multiple states (Table 1). These isolates had varying clinical signs and were
assayed for the presences of TAstV-2 by RT-PCR as previously described (Koci et al.
2000b). Representative positive samples from each farm and/or state were then randomly
selected and subjected to multiple rounds of RT-PCR using primers produced overlapping
amplicons. Amplicons were then sequenced, as previously described, using pcr product as
template (Koci et al. 2000a). Base calling was done using Phred (Ewing et al. 1998) and
contigs were assembled using Phrap and Consed (Gordon et al. 1998).
GenBank Sequences

Accession numbers for capsid amino acid sequences are: CAB95007 (TAstV1),
AAV37187 (TAstV3), BAA92849 (ANV1), BAB21617 (ANV2), NP_059946 (OAstV),
NP_795336 (MAstV), CAB95000 (PAstV), AAC13556 (FAstV). Accessions for nucleotide
sequences are: AY720892 (HAstV1), L13745 (HAstV2), AF292074 (HAstV3 ORF1b),
AF117209 (HAstV3 ORF2), AY720891 (HAstV4), DQ028633 (HAstV5), AF292077
(HAstV6 ORF1b), Z46658 (HAstV6 ORF2), AF248738 (HAstV7 ORF1b), Y08632
(HAstV7 ORF2), AF260508 (HAstVS), AF206663 (TAstV2).
Sequence Analysis

Genomic and predicted protein sequences were aligned with ClustalX (Thomspon et

al. 1994) and alignments edited using Genedoc (Nicholas et al. 1997). Alignments of coding
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and genomic RNA are available for download at http://statgen.ncsu.edu/estrain/Astro.
Neighbor joining (Saito and Nei 1987) estimates of phylogeny were made using the HyPhy
package (Kosakovsky-Pond et al. 2005).

Analyses of Positive Selection

Codons subject to positive selection were identified using the methods summarized in
Yang et al. (2000). They describe several different approaches for modeling variation in the
ratio of the rates of non-synonymous (dn) to synonymous (ds) substitutions. A single ds rate
is estimated for the aligned sequence dataset and dn is allowed to vary across sites. The ratio
of these rates is defined as ® (dn/ds=m), and sites with an estimate of » >1 are said to be
positively selected. Table 2 reports the approaches used to test for selection in the current
study.

The models shown in Table 2 allow ® to vary according to a finite number of
categories. A more biologically realistic model would allow ® to have a continuous
distribution, but fitting a continuous distribution to more than a few sequences is not
computationally feasible (Yang 1993). The models used in this study are implemented in
PAML (Yang 1997) and have been used to detect positive selection (Yang 2000). Models
MO and M3 have a discrete number of ® categories with free ® values. M7 and M8 have a
finite number of ® categories with rates approximated from a beta distribution (Yang 1994).
The beta distribution is continuous on the interval (0,1) and allows for flexible modeling of
rates. Ten rate categories were used for M7 and M8 in the current study.

Nested models are compared using the likelihood ratio test (LRT). The test statistic
has a chi-squared distribution. Degrees of freedom are equal to the difference in number of

parameters, given in Table 2, between the two models. Models1" that are not nested are
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compared using their Akaike Information Criterion (AIC) scores (Akaike 1973). The AIC
score is defined as
AIC =-2 log(L) + 2p,

where L is the likelihood of the model and p is the number of free parameters in the model.
Results
General trends in astroviral evolution

Initial comparisons of the new TAstV-2 isolates to previously characterized types
were carried out by constructing a neighbor-joining (NJ) tree (Fig. 1) using capsid amino
acid sequences from mammalian and avian astroviruses. The topology of this tree is
consistent with previous studies where the different astrovirus types cluster according to their
host species (Jonassen et al. 2001; Lukashov and Goudsmit 2002). The capsid sequence is
sufficient to define host specificity, although the actual species-specific determinants may be
located in other parts of the genome. The NJ tree can be split into two major clades, with the
mammalian and avian viruses evolving along distinct lineages. There is no in vivo evidence
for cross species infections between the different astroviral types. However, discrepancies in
the branch order for phylogenetic reconstructions of astroviruses relative to the branch order
of their hosts suggest that at least two cross species transmissions have occurred in
mammalian astroviruses (Fig 1 and Lukashov and Goudsmit 2002). Similarly, the topology
of the subtree containing avian astrovirus indicate that either the ancestor of chicken ANV
has crossed into turkey on two separate occasions or that the astroviral lineage infecting
turkeys is older than the lineage infecting chickens. The capsid amino acid sequence for
turkey astrovirus type-1 (TAstV-1) is more closely related to the capsid of avian nephritis

virus (ANV) than to capsids of TAstV-2 and TAstV-3 (Fig. 1).
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Genomic Sequence Analysis

The NJ phylogeny in figure 2A describes evolutionary relationships for genomic
sequences of TAstV-2 isolates. Within TAstV-2 the genomic nucleotide sequence is
conserved with > 87% identity. Nucleotide and amino acid identities for pairwise
comparisons of all TAstV-2 isolates are given in Table 3. Phylogenies for both genomic and
the individual ORFs are made using nucleotide data rather than amino acids. The
corresponding protein sequences are generally conserved with > 95% identity and contain
less information to resolve branch points. The genomic NJ tree has eight of the ten isolates
in one clade, with TX/00 and MN/00 isolates placed outside this grouping. Comparison of
the genomic NIJ tree to phylogenies made using individual ORFs (Fig. 2B-D) show the clade
containing AK/98 and MO/01 is present in all reconstructions. NC/99, CA/00, and CO/01 are
found in the same clade in the genomic NJ tree and in the trees for the non-structural genes.
The NJ tree for ORF2 has M1/00 within the NC/99, CA/00, and CO/01 clade. The branching
order for the five other isolates varied between the three ORFs. There was no obvious
correlation between the topology of any NJ tree and the year of isolation or the geographical
location of the farm where the isolate was found.

The Minnesota (MN/01) and Michigan (MI1/00) isolates were collected from poults
reported to be asymptomatic. To identify putative sites that influence virulence we compare
substitutions in these two isolates to the other genomes, but we were unable to find any
nucleotide or amino acid polymorphisms that were unique to MN/01 and MI/00 (results not
shown). Differences between these two isolates are evident in the NJ trees shown figures
2A-D. The MN/01 and MI/00 are not in the same clade for any of the ORFs. The

significance of these comparisons is currently unclear; it may suggest within any one lineage

83



there remains the potential for emergence of isolates with varying virulence. Alternatively
the differences in the observed clinical findings between MI/00 and MN/O1 could be due to
genetic or environmental variation of the turkeys on the respective farms.

Analysis of Non-structural Genes

ORF1a encodes a polyprotein that is cleaved into smaller functional units, including
putative serine protease (Wilcocks et al. 1994), putative C-terminal replication protein (Guix
et al. 2005), and a putative viral genome linked protein (Al-Mutairy et al. 2005). Sequences
of these non-structural proteins in ORF1a are conserved within the human astroviruses and
the same trend is evident in TAstV-2. TAstV-2 ORF1la is > 95% similar in amino acid
sequence and > 88% similar in nucleotide sequence in pairwise comparisons of TAstV-2
state isolates (Table 3). Sites in the suspected catalytic triad for the TAstV2 serine protease
(Koci, Seal, and Schultz-Cherry 2000) for the nine new isolates were identical to the original
isolate. The C-terminal end of the ORF1a polyprotein (P1a) contains a region that is
hypervariable across HAstV serotypes and changes in this region have been reported to affect
the virus replication phenotype (Guix et al. 2005). The homologous region in TAstV-2 Pla
is not hypervariable, indicating that potential decrease in virulence seen in MN/01 and MI/00
is not due to substitutions at the end of TAstV-2 Pla.

The NJ tree for ORF1a (Fig. 2B) shares the conserved clades containing NC/99,
CA/00, CO/01, AK/98 and MO/01 with the genomic NJ tree. Two additional clades, one
with PA/01, MI/00, and VA/99, and another with MN/O1 and TX/00 are also present. These
groupings are similar to the genomic tree in figure 2A but branch points for the PA, MI, and

VA clade change between the trees. These branch points represent nodes that are relatively
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deep in the phylogeny. Using only ORF1a, instead of genomic sequence, to determine
evolutionary relationships reduces the power to resolve ambiguity at these nodes.

ORF1b encodes a polyprotein contains a viral RNA-dependent RNA polymerase
(RdRp) (Lewis et al. 1994). TAstV-2 ORF1b has >95% amino acid identity and >90%
nucleotide identity across the ten different isolates. Positions in the RdRp active-site motif
YGDD (Ishihama and Barbier 1994) and other conserved motifs (Bruenn 2003) were
invariant in TAstV-2. Even though ORF1b was less diverged than ORF1a, there is still
sufficient information to resolve relationships between isolates. Except for the branch point
of the TX isolate, the NJ tree for ORF1b in figure 2C identifies the same clades as ORF1a.
Analysis of ORF2

ORF?2 contains the structural precursor protein and its sequence is more variable than
ORFla and 1b. The N-terminal end of ORF2 contains a sequence of basic residues that may
function in RNA packaging (Krishna 2005). Proteins derived from the C-terminal end of the
polyprotein are thought to make up the outer surface of the mature virion (Krishna 2005) and
contain most of the TAstV-2 ORF2 sequence variation. This is similar to human astrovirus
ORF2 where the C-terminal half is hypervariable in comparisons among serotypes. Pairwise
identities for TAstV-2 ORF2 (Table 3) are >84% at the amino acid level and >79% at the
nucleotide level. The MN capsid was =10% more diverged relative to any other TAstV2
isolate in both amino acid and nucleotide sequence. If TAstV2 capsid is evolving at a rate
similar to HAstV then these results suggest that at least eight of the nine new isolates belong
to the same serotype group. HAstV1-8 capsids have between 86 and 100% nucleotide
identity for within serotype comparisons and 76-81% between serotypes (Noel et al. 1995).

The TAstV2 MN isolate may represent an additional serotype.
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The phylogeny made using TAstV2 ORF2, shown in figure 2D, has some differences
from the NJ trees for ORF1la and 1b. The NC/99, CA/00, CO/01 and AK/98, MO/01 clades
are still present, but the branch points for MI1/00, PA/01, VA/99, and TX/00 change. VA/99
grouped with MI/00 for ORF1a and 1b but falls outside the main clade in the NJ tree for
ORF2. The capsid precursors for VA/99 and MN/O1 are located outside the other eight
isolates in 99% of the bootstrapped data sets. The branch leading to MN/01 is much longer
than the other isolates, and MN/O1 was also outside the main clades in ORF1la and 1b. The
most striking difference between the NJ trees for non-structural genes relative to the tree for
the capsid is in the placement of MI/00 ORF2, which clustered with CO/01 in the capsid tree
but was found with PA/01 and VA/99 in ORF1a and ORF1b. MI/00 and CO/01 capsid are
99% identical in both the amino acid and nucleotide sequences while the other two ORFs
have >91% nucleotide identity and >94% amino acid identity. The ORF1b-ORF2 junction
has been shown to be a recombination site in human astroviruses (Walter et. al. 2001) and
sequences of the MI/00 and CO/01 isolates are >99% identical after position 4867, which lies
about 80 bases upstream from the stop codon of ORF1b. It is tempting to speculate that a
recombination event occurred between the ancestors of CO/01 and MI/00 somewhere near
this region. A Sawyer (1989) test for recombination between these two isolates is significant
(p<0.0001) and the breakpoint identified by GENECONV (Sawyer 1989) is at 5260. Figure
3 shows pairwise nucleotide identities for a sliding window comparison of CO/01 versus
MI/00. CO/01 versus NC/99 are also provided as an example of isolates that did not show
evidence for recombination.

Evidence for Positive Selection in ORF2
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ORF2 is a good candidate for site-specific positive selection. The relatively high level
of sequence variability in human astroviruses and the presence of neutralizing epitopes
(Krishna 2005) may indicate selection due to immune pressure. The capsid genes of TAstV-
2 and HAstV were examined for positively selected sites to determine if similar sites are
identified in each capsid. Estimating site-specific rates requires at least 4-5 sequences
(Anisimova et al. 2001, 2002) and the only human serotype with a sufficient number of
ORF2 sequences is type 4 (HAstV-4) with 7 sequences. We also looked for positively
selected sites across HAstV serotypes to compare sites identified across serotypes to those
identified within TAstV2 and HAstV-4 capsids.

The LRT tests for positive selection in TAstV-2 and HAstV-4 using the M0-M3 and
M7-M8 models do not agree. The M0-M3 tests for both types are significant (p<0.05) while
the M7-M8 tests are not significant. Yang et al. (2000) recommends using multiple
approaches to look for positive selection and discrepancies between approaches are not
uncommon. The conflicting results for the two methods means we cannot conclude TAstV-2
and HAstV-4 capsids are undergoing positive selection, but it is clear that there is a
difference in selective pressure across sites. Sites that belong to the rate category with © > 1
under the M3 model for TAstV-2 and HAstV-4 are shown in figure 4. Sites that are under
strong selective pressure are predominantly located in the C-terminal half of the capsid.

Tests for positive selection among multiple HAstV serotypes are negative. Though
M3 fit significantly better than MO the extra rate category had an ®=0.59 and did not indicate
positive selection (Table 4). LRT tests for the M7-M8 comparison were not significant. The
MO0-M3 results show that there is evidence for differential selective pressure across codon

positions in the gene since the M3 with 3 rate categories fit better than MO with one rate
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category. Models that scored well by AIC are also shown in Table 4, and M7 with 10 rate
categories performed well in the three datasets.
Conclusions

The results of phylogenetic analysis show that the TAstV-2 trees generally have a
star-like topology, as opposed to the ladder-like topologies seen in reconstructions of viruses
such as influenza or in the antigenic drift of intra-host HIV infections (Grenfell et al. 2004).
The topology of the TAstV-2 isolates is similar to trees made using HAstV ORF2 from
different serotypes (Lukashov and Goudsmit 2002). A ladder-like tree would group isolates
that are collected at the same time into the same clade, and instead we see that the TAstV-2
trees in figure 2 have isolates from the same year are located in different clades. For
example, the MO/01 and CO/01 isolates that are always located in different parts of the tree
while AK/98 and MO/01 are always grouped together. Star-like topologies in RNA viruses
can result from weak or absent immune selection and may represent host population
dynamics or spatial change (Grenfell et al. 2004). Under these conditions the fastest
replicating viral variants will dominate the viral population. If TAstV-2 is evolving under
weak selection this may explain the relatively low level of sequence diversity in the 3'
untranslated part of the genome since this region is thought to function in initiation of minus-
strand synthesis.

Sequence diversity in the TAstV-2 isolates sequenced for this study is very close to
within serotype analyses of HAstV. Unfortunately it is difficult to rigorously define a
serotype in turkey since, relative to humans, very little is known about their adaptive immune
response. Humans acquire immunity to the different serotypes (Matsui and Greenberg 2001)

but turkeys can be repeatedly infected with TAstV-2 (results not shown). It is not clear if
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turkeys lack an adaptive immune response to TAstV-2 or if the virus is quickly able to evade
the response. Future studies of TAstV-2 in an individual poult will be needed to understand
how much the viral sequence changes during the course of a single infection.

Recombination may be associated with transcription initiation and production of
subgenomic mRNA which codes for the capsid precursor. Even though the ORFla-1b
junction has a different structure in TAstV-2 and HAstV, with reading frames overlapping in
HAstV while TAstV-2 has 27 untranslated nucleotides, predicted recombination sites for
both types are in located this region. The recombination event between ancestors of the
MI/00 and CO/01 isolates suggests substitutions associated with virulence are located 5' of
the recombination site. The capsid sequences for MI/00 and CO/01 are nearly identical
(>99%) but turkeys infected with MI were not symptomatic while those infected with CO/01
had diarrhea. Looking for candidate regions that may affect the viral phenotype we see that
the C-terminal end of the Pla protein can affect viral replication in HAstV (Guix et al. 2005),
but this region is not variable in TAstV-2.

The topology of TAstV-2 and HAstV trees suggests they are evolving under weak
selective pressure; however, analysis using codon models does detect specific sites under
positive selection in the TAstV-2 and HAstV-4 capsids. We see evidence for variable
selective pressure in the capsid region of TAstV-2, HAstV-4, and HAstV as indicated by
rejection of MO in the LRT of M0-M3. In TAstV-2 and HAstV-4 this pressure may take the
form of positive selection, since the free category in M3 has an estimate of @ > 1. There was
no evidence for selection in comparisons among HAstV serotypes; the estimate of the free

rate category in M3 was less than one.
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The development of an animal model for an infectious disease requires an
understanding of the pathogen and the host response. Although there are differences in the
adaptive immune response of humans and turkeys to astroviral infections, similarities in the
molecular evolution of the respective virus types indicate the potential for turkey as a disease
model. The pattern and relative amounts of sequence variation is similar in TAstV-2 and
HAstV genomes, and molecular mechanisms underlying this divergence, including point
substitutions, recombination, and positive selection in the capsid, are shared between the two

virus types.
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APPENDICES

Starte Isolate Name Abbreviation

Atkansas TAStV-Z/AK/001/1998 TAsSIV-2/AK/98
California TAstV-Z/CA0L 2000 TAstV-2/CA/0D
Colorado TAstV-27CO001 /2001 TAstV-2/C0O/01
Michigan TAstV-2/MLO01 /2000 TAstV-2/MI/0D
Minnesota TAstV-2/MN/001/2001 TAstV-2/MN/D]
Missouri TAstV-2/MO/001/200] TAstV-2/MO/D]
Pennsylvania TAStV-Z/PADOT2001 TAstV-2/PADI]
Texas TAStV-2/TX/001,/2000 TASIV-2/TX00
Wirginia TAStV-2/VADDL/ 1999 TASIV-2/VA/99

Table 1. Names and abbreviations for TAstV-2 isolates.

Allows for
Model &) Positive w (dn/ds) rate categaries
Selection?
MO (Dne Ratio) 1 Mo 1 category with O=w=1
M3 (Discrete) 5 Yes 3 categories 2 with 0=w=1 and an w=0
M7 (beta) i No Beta distribution of w where 0=w=1
i | e
MB (beta+) a Yes Beta distribution of @ where D=w=1 and an

additicnal catergory with wz0

Table 2. Codon models used to test for site-specific positive selection. Model nomenclature

comes from Yang et al. 2000.

96



TAstV2/NC AK/98 CA/00 CO/01 MI/00 MN/01 MO/01 PA/O1 TX/00 VA/99

91 95 97 93 87 91 92 90 89
TAstV2/NC
(90,91,91) (95,94,96) (98,97,95 (91,91,95 (90,91,79) (90,90,92) (91,90,95) (89,91,90) (89,90, 89)
AR/OR 94.96. 97 91 90 91 89 94 92 92 89
T (91,92,92) (90,91,90) (92,91,90) (93,93,80) (94,95 03) (93,92, 01) (93,93, 89) (90,91,85)
95 92 87 91 92 90 89
CA/00 98,97,98  96,97,92
T T (95,95,97) (91,93,97) (91,91,80) (92,91,92) (91,92, 95) (90,92, 90) (89,91, 89)
CO/01 99,97,97  94,96,92 98,97, 98 94 87 o1 92 90 89
(91,92,99) (90,92,79) (90,91,91) (91,91,96) (89,92, 89) (88,90, 89)
MI/00 94,95,97 95,9592 95,97.99 94,9599 88 ol 24 ol 92
(92,92,79) (91,92,91) (92,95,96) (91,94,89) (93,96, 89)
MN/O1 94,96,84  97,97,85  95,97.85  94,96,85 96,96, 85 89 89 20 89
(93,93,80) (93,92,81) (94,93,82) (91,92, 83)
MO/01 94,96,94  97,99,95  96,97,94  94,96,93  95,96,94 97,908 86 92 ol 89
(92,92,92) (92,92,88) (90,91, 86)
PA/O1 94,95,97  96,96,92  95,97,98 94,9597 95,9897  97,96,86 96,96, 94 22 22
(92,95,89) (92,95, 90)
TX/00 92,9592 96,96,92  94,96,92 92,9591  94,97,91  97,97,87  96,96,91 96,98, 92 ©0 33 )

VA/99 92,94, 94 94,96, 90 94,96, 95 92,94, 95 95,99, 95 95,96, 87 94,96, 91 95,98, 95 94,97,91

Table 3. Pairwise nucleotide and amino percent identities for TAstV2 isolates. Nucleotide identities are on the upper
triangular portion and amino acids are on the lower. The three values in parentheses for nucleotides and amino acids
represent identity in ORF1a, ORF1b, and ORF2.
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Model TAstY ORF2 HAstV4 ORF2 HAstY ORF2

MO Single Rate =7199.07 -52H4.93 -20,015.06
M3 Discrete -7049.74 =5273.46 -19,338.17
M7 Beta [  -7050.53 | -5274.51 [ -19,339.42 |
ME Beta + w -7049.97 -5273.43 -19,338.B0
LRT p-value

MO-M3 2.B3E-31 0.021352782 3.5159E-145
My-M3 0.75 0.583290852 0.731544245
Free rate class [y f i) f [y f

M3 1.1B3 0.0741 1.2156 0.04032 0.5905 0.17089
ME 1.12  0.0755 17.121 000122 12446 0.00943

Table 4. Maximized log likelihood values for codon models of evolution in TAstV-2 and
HAstV ORF2. Results of the LRT test were significant (p<0.001) for all M0-M3 and M1-
M2 comparisons and not significant for all M7-M8 comparisons. In models that allow for
positive selection the estimated o for the free rate class and the proportion of sites in the free

rate class (f) are given.

98



100 | TAStV-2/CO/01
g7 | TAStV-2/MI/00
as| TAstv-2/cA/00
95 | TAstV-2/PA/01
90 | TAstV-2/NC/99

D TAstv-2va99
7|l TAstV-2/AK/98
gq| - TAstV-2/MO/01
P TAStV-2/TX/00
500 100 1= TAstV-2/MN/01
— TAstV-3
gg —— TAstV/-1
100 — ANV-1
L ANV-2
100 ——— OAstV
' MAStY
PAstV
FAstV
Ll-lﬁ.sw—fn
HAStV-7
o HAstV-1
, HAstV-5
0.5 80 HAstV-6
HAstV-8
HAstY-2

HAstV-4

100

80

Figure 1. Neighbor joining tree describing evolutionary relationships between astorvirus
capsid genes from human (HAstV), pig (PAstV), sheep (OAstV), mink (MAstV), avian
(ANV), and turkey (TAstV). Branch lengths represent the expected number of amino acid
substitutions per site. Initial pairwise distances were calculated using the Jones-Thornton
(1992) matrix. Bootstrap values at nodes are for 1000 replicates and only values > 50 are

shown.
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Figure 2. Neighbor joining trees of the TAstV2 genomes and genes reported in this study.

Branch lengths are the expected number of nucleotide substitutions per site. Pairwise

distances were calculated using the Tamura-Nei (1993) model of nucleotide evolution.

Bootstrap values at nodes are for 1000 replicates.
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Figure 3. Pairwise identity for genomic sequence from CO/01, MI/00, and NC/99. A
recombination event occurred between the CO/01 and MI/00 lineages that resulted in the two
isolates having nearly identical capsid sequences. Pairwise identities for CO/01 and NC/99

are provided as an example of non-recombinant sequences.
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Figure 4. Posterior probabilities for positively selected sites under the M3 model in TAstV-2
and HAstV-4 capsid genes. The x-axis represents codon position and the y-axis denotes the
empirical Bayesian posterior probability for a codon to belong to a rate class with a ratio of

non-synonymous to synonymous substitution greater than one (®>1).
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CHAPTER 5
Overview and General Conclusions

Errol Strain

The studies of molecular evolution presented in chapters 2, 3, and 4 of this
dissertation examined different aspects of host-pathogen interactions using nucleotide and
codon based sequence analysis. We were interested in identifying genes, and specific codons
within genes, that are subject to positive selection and may possibly play a role in the host-
pathogen “evolutionary arms race”. In Arabidopsis several of these pathogen resistance
genes are members of the receptor-like kinase (RLK) gene family, and the analysis in chapter
2 of membrane bound RLKSs shows selection is acting on the extracellular portion of several
different RLK subfamilies. The focus of chapters 3 and 4 was on modeling sequence
evolution in two RNA viruses, human immunodeficiency virus (HIV) and astrovirus. We
hypothesized that selection acting on either Arabidopsis genes involved in host defense or on
HIV and astroviral proteins containing antigenic epitotes would result in nonsynonymous
mutations being fixed more quickly than synonymous mutations.

We detected positive selection by estimating the ratio of the rates of nonsynonymous
substitutions (dn) to synonymous substitutions (ds) and identifying instances where dn/ds
was greater than one. These estimates were made using codon models of Muse and Gaut
(1994) and Goldman and Yang (1994) where rates were allowed to vary according to either a
beta distribution or a set of discrete classes as described by Nielsen and Yang (1998) and

Yang et al (2000). The likelihood ratio tests (LRT) for positive selection compare different
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sets of nested set of models, with each set containing a full model that allows for dn/ds > 1
and a reduced model that restricts dn/ds < 1. If the model allowing for positive selection fits
significantly better than the reduced model, according to a chi-squared test, then the
sequences are said to be positively selected. Also, the empirical posterior probability of
selection for each site can then be calculated as the proportion of the total site likelihood that
comes from the positively selected rate class (dn/ds >1). Both the LRT and the empirical
Bayesian approach have been shown to have good power to detect selection given an aligned
dataset of at least 4-5 sequences that are >100 codons in length (Anisimova et al 2001;
Ansimova et al 2002).

The goal of identifying positively selected genes in the Arabidopsis RLK family was
to find instances of selection in functionally characterized genes, and also to propose putative
functions in for unknown genes. We want to understand how selection shapes the process of
gene duplication and divergence of RLK family members. Studies have shown that many of
the RLK subfamilies appear to have arisen through a process of local duplication (Shiu and
Bleecker 2003) and these duplicate copies may be maintained because they offer some
selective benefit. There is relatively little or no functional information for the majority of
RLK genes and, in the absence of sequence homology to known genes, understanding how
positive selection is acting on subfamilies may provide a starting point for mutant screens for
resistance or susceptibility to different pathogens.

The characterization of human and turkey astrovirus capsid in chapter 4 differs from
the RLK analysis since we already have an idea of how the different parts of the capsid gene
may function. The 5 half of the astroviral capsid gene is thought to be involved in RNA

packaging and contains a conserved series of positively charged basic residues that may
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interact with the negatively charged RNA genome (Matsui and Greenberg 2000). The 3’ half
of the capsid gene makes up the outer portion of the viral capsid (Matsui and Greenberg
2000), and residues located on the capsid surface may be subject to selective pressure from
the adaptive immune response. Looking at the 3’ region across the different human
serotypes it is clear that it has a relatively high rate of nonsynonymous mutations and also
insertion/deletion events (refer to chapter 4). Analyses of positive selection in chapter 4 were
done within serotypes since it was difficult to reliably align capsids that were more distantly
related. The results of the LRTs indicate there is not significant evidence for positive
selection in either human or turkey astrovirus capsids, but there were individual codons with
a high posterior probability of positive selection. These putatively selected sites were
primarily located in the 3’ half of the capsid, which is consistent with there putative role in
forming the outer portion of the capsid.

Unlike the Arabidopsis RLK and astrovirus studies, the analysis of HIV in chapter 3
did not explicitly focus on positive selection, but instead looked at a general method of
improving models of sequence evolution. We wanted to see how AIC model averaged
nucleotide parameter estimates compared to estimates from individual models. Phylogenetic
and molecular evolutionary analyses are usually performed using either one of the standard
models, or by selecting a best fit model according to hierarchical LRTs, AIC, or BIC. There
is evidence that choosing the wrong model can lead to bias in phylogenetic reconstructions
and poor estimates of genetic distance (Gaut and Lewis 1995; Yang 1995). The AIC based
model averaging approach used in chapter 3 has the advantage of creating a composite
estimate from different models of evolution and may help to avoid potential errors introduced

by choosing a single model. AIC based nucleotide model averaging was used to estimate the
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genetic distance (substitutions per site) and the transition/transversion (ts/tv) ratio for HIV
types 1 and 2. The bias and variance of AIC weighted estimates of distance and ts/tv ratio
were at least as good as those made using standard models or the single best AIC model, and
the variance of the ts/tv ratio estimates was often better than the best AIC model. A similar
approach could be used to estimate an AIC weighted dn/ds ratio from different models of
codon evolution.

The RLK, astrovirus, and HIV studies from the previous three chapters give examples
of positive selection in plant and viral sequence data, and also suggest a general method for
making AIC weighted estimates of evolutionary rate parameters. Developing more
sophisticated models of positive selection and host-pathogen interactions will require
analyzing additional sequences, including sequences from species related to Arabidopsis or
different serotypes of HIV and astrovirus. It would be interesting to compare gene
duplication and divergence in the RLK family of the selfing A.thaliana to outcrossing
species, such as A.arenosa. We could also look at deeper phylogenetic relationships by
comparing the RLK family in the dicot Arabidopsis to a monocot, such as rice, to see how
functions are conserved across the angiosperm phylum. Extending the AIC model averaging
analysis of HIV also involves analyzing additional sequence data. Even within the relatively
small sample of 40 HIV type 1 and 38 HIV type 2 viruses in chapter 3 we see that these two
types often have different best fit models of nucleotide substitution. Expanding the analysis
to include the >500 HIV 1, >150 HIV 2, and >65 SIV sequences available on the hiv-
web.lanl.gov may provide additional insights into other AIC best fit nucleotide models. The
characterization of the turkey and human astrovirus capsids in chapter 4 highlights the need

for a relatively large amount of sequence data to detect selection in RNA viruses. In human
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and turkey astrovirus there was relatively little divergence within serotypes, while sequence
comparisons between serotypes show evidence for multiple insertion/deletion type mutations.
The results of the studies of positive selection in plant and viral sequence data show
that these types of analyses are useful for helping to develop putative profiles of gene
function and also for identifying functionally important sites within these genes. In
Arabidopsis RLKs we were able to identify possible resistance genes and in astroviral capsid
we found similar sites under selection in human and turkey astrovirus. It would be
interesting to expand the studies to include interacting proteins from their respective host or
pathogen, so that we could then characterize positive selection in coevolving genes. Another
possible way to improve tests for selection may be to use an AIC based model averaging
approach to estimate the dn/ds ratio. The results presented in chapter 3 show that AIC
weighting provides a more robust estimate of evolutionary rate parameters in nucleotide

models, and hopefully this same trend will extend to codon models of evolution.
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