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ABSTRACT

Protein function arises from the large scaffold of residue interactions that position
critical residues tatabilize the fold and to faractwith substratesind other proteins 10
co-factors. Any accurate model of thevolution of protein sequence$iould therefore
account for theselection pressuseto preserve these supporting interactions. It is
therefore surprising that the most comryesnsedmethods for resolving protein sesnce
phylogeniesemploy models of the evolutionary proceakst do notaccountfor these
residuespecific constrains. While structurally constrained models of protein evolution
have existed for some time, their implementation has been based on comg&dg that
attempt to take into account the effects of multiple substitutions in protein sequences
and/or dependence amongst sites in the alignniéete we propose an alternative
approachWe formalize a simple structurally constrained amino acid moderaein
evolution that maintains the common phylogenetic inference assumption that sites evolve
independentlyof each other. Our independence energy model adjusts a standard
subsitution model, such athe Le and Gascuel matrix @), on a siteby-site bass in
order to incorporate the structural constraint that is based on the change in free energy of
folding that arises from introducing single point substitutions at a site in thetypiéd
protein sequencé&Ve explore the properties of our structurally stained model as well
as two extensions aimed at more accurately incorporating structural constraints into our
model and evaluate how well they fit the evolutionary dynamics of a set of protein

families.
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CHAPTER 1 INTRODUCTION
1.1 CONSTRAINTS ON THEEV ~ OLUTION OF BIOLOGICA L ORGANISMS

At the molecular level, theariation hat fuelsbiological evolution of inherited
traitsresults fromthe fixation of unrepairederrorsthat occurduring genome replication.
Over time, variationsim n or g a n i s magarige withim a poputaion thate
either neutral, beneficial or detrimental for the survival of an organism in its
environment. Ultimately, these variatioae causedtthe molecular leveby mutations
and may constitutefor example partial or complete genome or gene duplications,
genome insertions, genormearrangments or nucleotide mutations in the form of
insertions, deletionsor substitutiongKoonin and Wolf, 2010) Once a mutation has
occurred in a member of a population, it may become fixed or removed from the
population through either natural selectiongaenetic drift. Evolutionar y &éconstr ai
manifest because of selection for maintenance of essential functions and such constraints
are evident athe level of genome architecture, gene repertoire, and individual gene
presence, copy number and sequeticegeneral, sequences encoding structural RNAs
and norsynonymous nucleotide positioms protein coding sequences are among the
most strongly constrained when compared to nucleotide positions at synonymous sites in
protein coding sequences, and sequenoeing for regulatory RNAs and nasoding

regulatory sequencékoonin and Wolf, 2010)

1.1.1 EVOLUTIONARY CONSTRAINTS ON CODING SEQUENCES

Sequences encoding structural RNAs or protein coding geftbsimportant
cellular/organismal functionsre often subjecto purifying selectiont h a 't Oprune
molecular phenotypes that drift too distantly from the original gene sequences. This is
because, to a first approximation, many of the gene sequences of modern organisms
encode mol ecul es whosaé 6f umatviiong beemedmoined
function over millions of yeardn protein sequences, this purifying selection tends to
purge nucleotide mutations from the population that would lead to changes to most of the
other amino acids (nesynonymous chages) at the majority of positions in a protein
coding gene, compared to those mutations that change the codon specified but do not

change the amino acid coded (synonymous changes). For example, an examination of



15,350 pairs of human and mouse orthologgeses has revealed an average-non
synonymous to synonymous substitution rate ratio of 0.21 €éNel, 2010). Similarly,
examining ~10,000 orthologous genes from the human, chimpanzee and macaque
genomes demonstrates a similar suppressed rate raticcoffh2sus Macaque Genome
Sequencing and Analysis Consortiuet al, 2007). Assuming that synonymous
substitutions are effectively neutral, these results would suggest that ne®067bf
nortsynonymous mutations are eliminated by purifying selection @eal, 2010).
However, theras still a great deal of variation in the rate of evolution across sites
taxonomically diverse and homologous protein sequence alignnfemt®re nuanced
view of protein evolution is that theajority of sitesin the sequece are subject to at
least some constraings the identity/properties of an amino acid that can function in that
contextwhile relatively few if any, sitesare completely unconstrained.

1.1.2 BIOPHYSICAL CONSTRAIN TS ON PROTEIN CODING GENES:

The observation it most protein sequences are subject to purifying selection
suggests that there are some functional constraints on the protein sequence. Some of these
functional constraints are related to the biophysical features of the folded protein product.
For examp, constraints on intrar intermolecular contacts and molecular dynamics of
proteins may exist such that functional interactions with the correct chemical partners are
maintained. While these constraints for function are on the molecule as a who@gschan
in protein sequences occur discretely at the amino acid level and each site affected occurs
within a particular local structural environment. In the context of the final folded protein,
the suitability of a particular amino acid change and the strerigtte constraint depends
on the functional importance of the structural region within which it is located and to
what degree the new residue can interact in the same way and/or have the same dynamic
properties (e.qg. flexibility) as thariginalamino aail (Figurel.1 a-d).

In summary, given sufficient evolutionary time, those sites with amaond
identities that are critical and uniquely important in light of these functional constraints
will be strongly conserved, while sitesth amincacid identities that are not will be

observed to vary.
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Figurel.1: Amino acid sequence changes within a protein structure may have vargffigcts
on function.

Amino acids in a protein sequerae under varying selective constraints depending on the
relevance of their interactions or local dynamics to the function of the protein. In example (a), we
portray a twedimensional cartoon protein structure exhibiting a varying degree of amér
intra-molecular contracts. We illustrate the effect ofconservative mutations to residues that
can nelonger fulfill the interactions observed in the wildtype protein structure. (b) Mutations
located well away from the active site may change the prdteictgre significantly without
affecting function. (c) Mutations affecting residues that directly interact with substrates are
usually under a strong purifying constraint due to their direct role in protein function. (d)
Mutations within the protein coreeamuch more likely to propagate large changes in protein
structure and function than mutations at the surfere



The majority ofresidues in a protein (or homologous sites in an alignment of
related proteins with the same functicare notdirectly involved in interactions with
chemical partners. For these sjtdwe degree of evolutionary constraint is related to the
importance of that site for thecal or overall structure of the proteiRor this reason,
solvent accessibility i®mne of theprimary correlates ofthe rate of evolution at a site
(Overingtonet al, 1992) Residue conservation is much highersolvent inaccessible
regions, where substitutions are likely to affect larger regions of the protein structure,
than in solvent accessible reg&® These solvent inaccessible regions represent the
hydrophobic core of the protein where the satisfaction of hydrogen bonding potential of
polar side chaings an important constraint in protein evolution (Woghd Blundell,

2009 Worth and Blundell, @10). These satisfied polar buried amino acids likely
contribute significantly to the overall stability of the proteinHmding together distinct
secondary structurglements antendingintegrity to the overall fold.

In fact, hydrogen bonds$etweenthe side chains of aminacids and backbone
atomsin the proteinare also generallxonserved.Amongst these, the aminacid
identities of residues involved in interactions betwsilechainsand main-chainamide
groupsseem to be more strongly conserved thgdrogen bonds to main chaiarbonyl
groups(Overingtonet al, 199). Unsurprisingly,hydrogen bonds between main chains
are also observed, and the sites involved \atyit more in aminoacid composition
simply because the siddain is not directly molved in the bonding interactiaiworth
and Blundell, 2@0).

These and other biophysical constraints on coding sequences are crucial factors
influencing their evolutionary trajectories. However, a complete understanding of protein
evolution includes mgnmore factors in addition to the specification of the final protein
product. Factors that are relevant include sequence constraints arising from intron
splicing (Parmley et al, 2007) for reliable gene expression (Drummaidal, 2005;
Drummond and Wilk, 2008), correct protein folding (DePristb al, 2005;James and
Tawfik, 2003, protein folding kinetics (Plaxcet al 2000) and the need to avoid
opportunistic interactions that detract from, or compete with, the primary protein function
(Yang et al, 2012) or protein aggregation (Reumetsl, 2009). Protein degradation is

also finely controlled, especially with respect to recognizing misfolded proteins that may



arise as a result of mutations (Goldberg, 2003) providing another potential force
constaining the evolution of protein sequences.

Here, we propose a framework that incorporates biophysical constraints on the
final folded protein product into phylogenetic models that are widely used topaser
evolutionary eventslTo provide a context fothese structurally constrained phylogenetic
models and how they fit within the spectrum of available phylogenetic inference methods

we introduce some commonrlsed methods below.

1.2 B UILDING PHYLOGENETIC TREES FROM MOLECULAR  SEQUENCE DATA

Molecular phylognetics establishes the historical relationshig amongst
sequences dDNA, RNA or proteirs that reside within organisms or viruses throughout
the tree of Life These phylogenies are often used to reconstruct the evolutionary tree of
organisms under theass mpt i on t hat genetic sequences
that vertical inheritance of genes is the evolutionarily predominant signal). For
multicellular eukaryotes, at least, this is probably largely true, although for prokaryotes
the assumptiorsifar from provenoolittle and Bapteste, 20QMelationships amongst
organisms (taxa) are expressed in termshofuacatingtreegraphwhere leaesrepresent
currently existing sequenceand internal nodes represent hypothetical last common
ancestorsTaxa that group togeth@nd share a common ancestral node in the tree that
excludes the root of the entire phylogeny

Constructing a phylogenetic tree from molecular sequence data begins with the
collection of a set of sequencesiuaterest from thevarious organisms of intere§these
sequences are aligned witlomologous sequencdésat are identified through searching
genetic sequence databases such as those housed at the National Center for
Biotechnology Information (NCBI ahttp//www.ncbi.nim.nih.goy. The phylogenetic
reconstruction process depends significantly on correctly determining which sites are
positionally homologous in the overalomologous sequencgse. the descendant
residues/nucleotides at that position in de#far sequences are positional homologs if
they descethfrom the ancestral sequence at that same position and differ only because of
point substitutions that have occurred over the evolutionary. té®yever, because

homologous sequences will often varylemgthbecause of insertion and deletion events,



sequence alignment programs suchiMa$SCLE (Edgar, 2004, or HMMER (Finn et

al., 2011)areused toestimatea multiple sequence alignment. Each column in a multiple
sequencealignment is assumed to inckidpositionally homologous sitesGaps,
corresponding to insertion or deletion events, are addedptimize the score of
alignments, although the precise details of how this is done and which methods are most

accurate are beyond the scope of this discassio

1.2.1 PHYLOGENETIC TREES FROM MULTIPLE SEQUENCE AL IGNMENTS:

Interpreting a phylogenetic tresstimated froma multiple sequence alignment
requires a deep understanding of the evolutionary prolcasthe molecule in question is
undergoing For example, @y misspecification in the model of protein evoluti@re.
|l arge discrepancies bet ween the true proc
assumptionsjnay lead tghylogenetic methods to infer incorrect trees

There are a wealth of different tree sition methods that vary greatly in their
speed and accurac8impler methods rely on low complexity heuristics. For example,
Unweighted Pair Group Method with Arithmetic MeatBPGMA) (Sokal and Michener,

1958) and Neighbour joiningNJ) (Saitou and Nei 1987 methods use an iterative
bottom up clustering approach in which the tree is constructed one taxon at a time by
choosing the closest sequence according to
alignment Figure 1.2 a). Another approach is to explore tree space in search of the tree
that best describes the alignment according to some optimality criterion. Simple
opti mal ity miaimumtegolufiod (Kitldi akde Sgavamelldonta, 197) and
dmaximum parsimony (Edwards andCavalli-Sforza,1963 score alternative trees by
computing a simple metric that describes, in some fashion, the fit of the tree.tdheata
computational simplicity of these metrics comes at the sacrifice of model realism making
the trees output by these methods, at best, just gtaxding pointsfor searching tree
space based anore compleoptimality criteria.

The current 0gol dinferdn@ mdtlzodack dikelipdodbdsedg e n et |
These methods treat the individualwwoins in an alignment as independent outcomes of
a stochastic process whaggsebability of occurring under a particular tree topology can

be inferredby a parameterized Markov model. Likelihebdsedoptimality criteriacan



be implemented in eithanaximumlikelihood or Bayesian inferenqearadigms Figure
1.2 b).

LIKELIHOOBASED PHYLOGENETICS

In order to account for the many possible evolutionary paths that could generate
the data from a tree, state of the artisti@al inference techniques such as maximum
likelihood estimation or Bayesian inferenae used When applied to an alignment and
given a statistical model of protein evolution, these methods provide estimates for the
model 6s praegaab®rtbethr sethods iso evaluaterarious tree topologies in
search of the best trg that explain the alignment given a model of sequence evolution.
As we have extended the maximum likelihood framework, we focus on this methodology

here.

DETERMINING THE MMM LIKELIHOOD TREE

Formally, in maximum likelihood phylogenetic estimation, the objective is to
search tree space in order to maximize the likelihood of an aligrhemmtainingQsites
and U taxa arising from an evolutionary model M, a tleand a set of modealpecific
parameters—

0 — 0 OoTHh—
The calculation of the likelihood is made simpler by the additional assumptiodattaat
at each sitg/O ) evolves independentlfFigure 1.3 a) from the others allowingg — to

take the form:

b— 0 — 0 0 "™

The overall probability for a single site in the aligent (the site likelihood) over
the tree is then the product of the probability of each substitution event that has occurred
over each branch leading to the observed amino acids at the [Eaiesalculationis
made simpler by the additional assumptibat that once two lineages hasglit along

the tree, each branch evolves independeaiitiie others.



Figurel.2: Two alternativeparadigmsfor phylogenetic inference.

Phylogenetic trees can be resolveither by an (a) iterative bottom up hierarchical
clustering of sequences into groups based on some pairwise distance metric or (b) by
exploring several alternative trees in search of the one that best describes the alignment
under some optimality critem.



Sincethese events and hence states at internal nodes are unknown, all possible
acidstateqi) are considered at internal nodes and the overall probability is the sum of the
probability of each evolutionary path involving all possible ameéstates at each node.
The site likelihood is therefore recursively defined from any internal Dogigen a set

of stationary frequencié's for a columrk in the alignment containing charact®s
0 09 h— “0 09 -

Whered O 9 "@Ya— is recursively defined by

0 09 G- 0 60 0 o & O 00 O o B

for all nodesv, where6 ando6 are children ofo andd ando are the lengths of the
branches connecting them®0O and’O represent the character stafeere, amino
acids) at the leavesadir the sub trees descended fromm and 6 respectively. The
recursion terminates at the leaves, whelre the amino acid statsgecified by the data.
0 o isthe probability of a site being in stgtafter timet, given that the processtarted
in statei at time 0 For a continuouime Markov process describing the substitution
process, for thdbt h branch in the tree Nt s proba
Q2R | Therefore, the underlyiniylarkov model(M) is specified byan instantaneous
rate matrixQ which, varies in size depending on the sequence alphabets being analyzed
DNA models utilize a 44 rate matrix, codon models utilize a>x®IL rate matrix and
amino acid models utilize a Q0 rate matrix. Annterpretation of the instantaneous rate
matrix Q is that for some small time interv& 0 "(his is the approximate probability
that residue is substituted with residye

The complex recursive calculation discussed aboveknown as the pruning
algorithm(Figure 1.3 b), was first introduced by Felsensigj1981). The location of the

root of the tree is typically ignored since widely used phylogenetic models are reversible



and stationary and the direction on the tree in which site probabilities are calculated by

the pruning algorithm does not change thalfvalue of the site likelihood.

BAYESIAN PHYLOGENBENRERENCE

Differentiating from the ML approach in Bayesian phylogenetic inference
evidence in favor of certain parameter valseare considered in light of the posterior
distributionr] —0 .

h — O
no

The goal of Bayesian phylogenetic inference is typically to obtaitréethat contains

n —<0

the largest masm the posterior probability distribution ovéine space of all possible

trees. Obtaining this integral can be difficult, given the high dimensionality of the
parameter space and often involves approximations based on Markov Chain Monte Carlo
methods. For more details regarding Bayesian phylogemétience we refer the reader

to Felsenstein (2004).

1.3 M ARKOV MODELS OF CODI NG SEQUENCE EVOLUTIO N:

Both statistical inferencenethods discussed above rely models of protein
evolution whoseassumptions are supposed to closely match the underlying evahytion
process in order for them to provide accurate phylogenetic estimetaaentioned in
sectionl.2.1 the most widely used models of protein evolution assume evolution to be
independenacross siteand reversible according a Markov model 0 .thatrelies on
an instantaneous rate matigx

The reversibility of the underlying Markov model ensures t@atcan be
decomposed into a set of stationary frequencies for the modglwell as a symmetric
substitution matribXS. “ represents #hstationary or equilibrium amino acid frequerud
amino acid that would arise at any siteif the Markov process were left evolving for a
sufficiently long period of timeDiagonal entries ifQ are obtained as the minus sum of
the oftdiagonals for th row and are thus proportional to the rate at which changes leave
statei. To ensure that the interpretation of an edge length is the expected number of

substitutions along that edd®,is then rescaled so thatB“ 0 p.
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L(0)=L,(6)L, (0)L, (6

(a)

L (9) as calculated by the pruning algorithm:

(1) Root node arbetrarily chosen as a starting point for the calculation.
It will be the first node v from which the recursive algorithm is defined.

(2) For each possible aminoacid at the root the likelihood is defined by
20

L) = ) mLi(Dilv =1,6)
=1
(3) L‘,i recursively defines the likelihood of the subtree rooted at v as:

20 20
LE(Dylv=1i,6) = (Z Pt L (D |y =, 9)) (z Py(t) L2 (D32 |uz :j,S))

=1 j=1
vV
P;j(t1) P;;(t;)
1 &)
Likelihood of the subtree Likelihood of the subtree
rooted at U;: rooted at U,
u u
Ly (D [ur = . 6) i i i i Ly’ (D |u2 =J,6)
U E=EE
(b)

Figurel.3: Summary of the likelihood calculation.

(a) The likelihood of an alignment under a given phylogenetic model is calculated as the
product of the site likelihoods faach column in the alignmerib) The calculation of

the site likelihood is recursively defined for all possible evolutionary paths arising from
an arbitrarily chosen root. The recursion ends at the leaves, which must assume the
observed character state.
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Q itself may be empiricallyderived from sequence alignments or may have
parameters to be optimized during phylogenetic inference. Classically, DNA and codon
models have typically been highly parameterized while protein models have relied on a
more empircal approach. However, both codon and protein models have progressed
more recently to serempirical approaches that improve common empirical matrices.
We briefly examine DNA and codon models before focusing more deeply on amino acid
models as this thesmimarily concerns the development of a parameterized amino acid
model.

1.3.1 DNA MODELS OF EVOLUTION:

The most general stationary reversibledal of DNA the general time reversible
model (GTR), includes 4 stationary nucleotide frequency parameter “ , 6
exchangeability parameterbetween nucleotides (lower diagonal $f and arate
heterogeneity parametém d. The rate determines the finite set of evolutionary rates
under which the sites in the data (columns in the alignment) will be modedely.
models of nucleotide evolutiomwere special cases of the GTR model and the more
complex models, including GTR itselfiere proposed latefThe simplest model is the
Jukes and Cantor model (196@hich assumestationary frequencies and uniform
mutation rates.The Kimura 2parameter modg|1980) includes 2 parameterrs and]
allowing the transition rate to vary relative to the transversion Téte Felsensteif81
(F81) (Felsenstein, 1981and Hasegaw&Kishino-Yano-85 HKY85) (Hasegaweet al,
1985) models of DNA evolution extend simpler models by allowing baseostaty
frequencies to vary. F81 is simply an extension of the Jukes and Cantor model while
HKY 85 extends th Kimura two parameter model.

1.3.2 CODON MODELS OF PROTEIN EVOLUTION:
When theDNA sequences being analyzedcode proteins it is more realistic to
modelthe dataas thecodon tripletghat each specify one amino acid in the final protein

sequence

12



INCORPORATING GENER®IPHYSICAL CONSTRA GOLDMAN ANDYANG(1994)

Codon modeldirst proposed by Goldman and Yang (1994) employ 66 Irate
matrix 0 corresponding to the exchangeability between codon triflet&IQQ and

0 000 Starting from the Knura two parameter modetodon exchangeabilities are
adjusted by a factoiQ in Y. Here, Q accounts for the differences in the
physiochemical properties of the resulting substituted amino(@cahtham, 1974) and

is a parameter to be optimized during statistical inference.

[13 [13 [{3 8 [13
I'p - ~
o e e e s AEICEPWE QRET QOO WO QQ
Ot 0 QWO LADE W, . s s s e ta BT xox v e
(82 d‘;le Q OOl OeEil VWit ®DHe1 1 QQ
i ‘NTQ ol e i @WHEQs@ARN

Codon exchangeabilitiessan begrouped into those that do not result mamino
acid changingsubstitution(synonymous) and those that do (rsymonymous) and a
relative rategparametecanbe associated with eadlype (Muse and Gau1994) Yanget
al. (1998) went one step furthen a model (RevO)py includinga parametery) that
capturesghe nonsynonymous to synonymous rate ratio and f r ‘@ umbdel,

representing theransitian to transversion rate.

[1] 13 [1] 8 [1]
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1.3.3 AMINO ACID MODELS OF PROTEIN EVOLUTION.

While parameterich Markov models have often been used to study DNA and
codon evolution, modeling of amino acid evolution has typidadlgn conducted vian
empirical approdt. Substitution models have classically been developed by counting
observed amino acid changes between closely related sequences in large sequence
databases. The first such substitution model thasaccepted point mutatio® AM)
matrix (Dayhoff and Eck]1968; Dayhoff et al, 1979;Dayhoff et al, 1983),which was
derived from relative numbers of different amino acids aligned to each étheodel
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derived usingsimilar aframeworkincludes thevidely usedlonesTaylor-Thornton (JTT)
model(Joneset al, 1992), a matrix derived from a larger set of protein sequences

In contrast to substitution models generated by counting the observed fiequenc
of interchange between residues in an alignment, more recent mettmdstimate
empirical substitution matres utilize a general time reversible model of protein

evolution where all parameters in the model (includivigentries,” d, the tree topology

and the branch lengths) are estimated from thebda&aof aligned protein familie¥he

goal is toobtaina generab matrix and“ vector throughmaxmum likelihood estimation

in a GTR modelframework considerig all of the alignmentsaand preestimated fixed

trees in the database jointljhe resulting substitution mod&€), (whereQ =S*), is then

used as a general fixed model of amino acid interchange that can be applied to potentially
any protein family to gtimate a phylogeny~gurel.4 a).

Due to the complexity of the GTRodek, simplifying approximationsre often
necessaryn the calculation that utilize these modelBy relaxing the requirement for the
estimation of anoptimal tree topology and using instead approximate phylogenies
derived byneighbor joining(with branch lengths approximated under the JTT model), a
more accurate substitution modethe WhelarandGoldman mode(WAG) i has been
describedWhelan and Goldmar2001). The currendstateof-the-artd general model of
protein evolutionthe Le and Gascuel matrik@) (Le and Gascuel, 2008)asestimated
using a method similar to that of Whelan and Goldmanabst accounting fothe
variability of evolutionary rais across sitesluring the parameterestimation. This
improvement, along with a much larger dataset comprising 50000 sequences and 6.5

million sitesutilized by these autharsesuledin a significant improvements in modi.

MODIFYING GENERALIZBDNO ACID SUBSTITUTION DELS

Markov models such as JTT, LG or WAKEe often implemented the maximum
likelihood framework along with a few additional model featutkat are known to
improve the fitto data The likelihood for asite is usuallyevaluatedas a mixturemodel
averaging ovethe site probability evaluated under multipée categoriefYang, 1994)

derived from aliscretizedgamma distributionvhoseshapeparameter is optimized by

ML for all sites in the alignmentT hi s mi xture may also incl

14
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component that accounts for complete conservation of a proportion of sites in the
alignment; this proportion is also estimated by KHitch and Magoliash 1967 itch
1986; Shoemaker and Fitch 198Fhe Q matrix of the Markov modelis also often
adjusted be a product of the empirical exchangability ma®)ixrom JTT, LG or WAG
and a“ vector approximatedy the observed proportion of each amimad in the

alignment under analys(€aoet al, 1994).

1.34 SPECIALIZED AMINO ACI D RATE MATRICES AND THE INNOVATION OF
SEMI-EMPIRICAL CODON MODELS:

Models ofboth amino acid and codon substitution have undergone significant
increases in complexity irecentyears. Generalized amirmeid substitution models have
beenesimated forproteins encoded bgenes on mitochondrial and plastid genomes
(Adachi and Hasegawa, 1996; Adaehial, 2000) as well as for viral proteins (Dimmic
et al, 2002; Danget al., 2010. Others have attempted to develop mixture models
incorporating informatiorabout physica&chemical similarity (Koshi and Goldstein 1995;

Dimmic et al, 2000) . Newer 6general 6 codon mo
parameterized like the simpler DNA modelsave recently been estimated using an
empirical approach. For example, Schneideral. (2005) es i mat ed a d&égener .
mo d édsdi on a dataset of 8.3 million aligned codons from vertebrates.. This work has
spurred the development of a number of sempirical codon models that combine these
empirically derived substitution models with parameters derived from classic parametric
codon models (Doroifraigenboim and Pupkd@007; Kosiolet al, 2007; Zoller and

Schneider, 2012).

STRUCTURALLY CONSNEBIMDDELS OF CODING SERCE EVOLUTION

Ideally, protein evolutionary models shoutdke into accountthe selection
pressurs that preserve thdarge scaffold of residue interactions that position critical
residues to interact with substrates, other proteinsodactors.Indeed a multitude of
structurally constrained modbkeemspropotethgtr ot ei n
attempt to incorporate some form of a protein strueh@®edconstraint into various
phylogenetic models of protein evolutidgfornasiri et al, 2002; Parisi and Echaye
2004, Parisi and Echay2005;Fornasaret al, 2007; Juritzet al, 2012 Robinsoret al,
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2003;Rodrigueet al, 20(0b; Rodrigueet al, 2006; Kleinmanet al, 2006 Rodrigueet al,
2009 Bonnardet al, 2009; Kleinman et al, 201Q. There are several flavours of
structurally constrained models that diffen how they account forsitewise
interdependence.

A variety of aminoacid substitution matrices have been produced for different
secondary structure and solvatessibility characters {thy et al. 1991, Overingtonet
al., 1992; Koshi and Goldstein, 1995; Goldnetral, 1998; Le and Gascuel, 20100
and Goldman, 2002and even for transmembrane proteins (Jogtesl, 1994 a,b.
Recently structurebased subgitution models (SSM) have been incorporated into
partitionred modelsand parametric mixture modglse and Gascuel, 201(3nd appear to
lead toa dramatic improvement in tH#& to real data relative to the simpler empirical
substitution models such as (Egurel.4 b).

Simulationenergyphylogenetiomodels SEPM) attempt toincorporate structural
constraints into popular phylogenetic methods thye estimation ofsite-specific
substitution modelgtended to capture the effeafthe structural environment found at
each site Fornasariet al, 2002; Parisi and Echay@004; Parisi and Echayv@005;
Fornasaret al, 2007; Juritzet al, 2012. These methodare based on simulatimgotein
evolution under a structural constraartd are used tgenerate large alignmerttsat are
then used in the estimation @f substitution model(Figure 1.4 c). The structural
constraint typically enters the model through the use of energy potentials measuring the
free aergy of particlar sequencstructure fits that is incorporated into a function for
accepting or rejecting proposed amino acid changes during the simulation.

Dependence energy models (DEM) models attempt to explicitly account for the
interdependencies amgst sites due to a structural constraint by replacing th@0
amino acid rate matrix by a rate matrix meant to denote the exchangeability amongst
sequence®f lengthn from the set of all possible sequenadsdimension 4 x 4" for
DNA models or 20 x 20" for amino acid modelRobinsoret al, 2003; Kleinmaret al,
2010; Bonnarcet al, 2009; Rodriguest al, 2005; Rodrigueet al, 2005). While these
DEM models can explicitly account for the unigiang dependence between amiaads,
they are computatnally complex when compared to either SSM or IEM moge€igure
1.4d).
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Figurel.4: Phylogenetic models that account for varying degrees of structural constraint.
Phylogenat models come in varying degrees of structural constraint. (a) phylogenetic
models incorporating general substitution models such asL.I3 and WAG assume that

all sites are modeled by a general set of physiemical constraints. (b) Structebased
substitution models (i.e. Le and Gascuel, 2010) may provide substitution models specific
to structural environments. For example, separate substitution models could be made for
exposed and buried sites. (c) Simulated protein evolution under a structutediobean

be used to create sigpecific substitution models (i.e. Parmnd Echave2001). (d)
Dependency energy models explicitly model -siise interdependence by using a rate
matrix that models the interchange between entire sequenbesho o 8 o .
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INCORPORATING BIOPKYA® CONSTRAINTSONAHYLOGENETIC MOB®EL

A detailed introduction to, and discussion of, structurally constrained models will
be provided in chapter 2 where our own structurally constrained framework tuicdch
However, given that all structurally constrained phylogenetic models incorporate
biophysical constraints using existimgsilico methods for estimating energy potentials,
what follows is a brief introduction to how these potentials are derivede Hre three
general types of potentials that could be used to measure ¢t @ffsingle to multiple
aminoacid substitutions at sites in protein structures: statistical potentials, empirical force

fields and purely physical force fields.

STATISTICAICHENTIALS

A statistica) or knowledgebasedpotential is an energy functidhat traditionally
uses the Boltzmann law to convert observed frequencies of interactions in protein
structure dtabases into potentials (Sipdl993). These potentials are aob& as a
function of the ratio of observed to expected frequencies, where expected frequencies are
derived from a hypothetical reference state where no interactions occur. Single body
potentials, such as the solvation potential rely on the distance e$idue to some
external field. Pairwise or mulbody potentials are based on the frequency of occurrence
of pairs of amino acids or groups of amino acids. As an example, the interaction potential
of aminoacidsi,j distancer apart can be calculated as:

YO i QYdR 1 TQ i
Where Qis the Boltzmann constant; is the temperaturéQ i is the frequency of
observing amino acidandj distancer apart andQ i1 is the average frequency of the
reference state.

An excellent summary of the theory backing statistical potentials and a
comparison amongst various statistical potentials can be found in @@pb) and
Rykunov and Fiser, (2010). Some popular statistical potentials that have been employed
in phylogenett models are Prosa pairwise and solvation potentials (Sippl, 1993), Bastolla
contact potentials (Bastollet al, 2001) and a series of potentials derived in Boneard
al. (2009.
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EMPIRICAL AND PHYSIGZORCEIELS:

A more robust methodology for preting the stability of a protein structure is
through the use of physical potentials available in a variety of molecular dynamics
packages (Basét al, 1987; Pitera and Kollman, 2000; Prevestl, 1991). However,
these potentials have, so far, beeoided by the phylogenetics community largely due to
the extreme computational complexity required to deternwi®@ Alternatively,
empirical force fields such as FoldX (Gueretsal, 2002) serve as a kind of compromise
by combining a physical description of the interactions with experimental data on how
mutations in specific structural environments have afteci® The FoldX empirical
force field has a complex physical description that incorporates energy terms associated
with van der Waals interactions, solvation energy, hydrogen bond formation, water
bridges, electrostatic contribution of charge group augons, entropy costs for fixing
the backbone and entropy costs for fixing the side chain (Guetacgs, 2002). In
producing the final potential, the weights for many of these terms were optimized by
utilizing the ProTherm database that contains thdsmamic information for proteins
and their mutants (Kumaet al, 2006). As a result FoldX is optimized to predict the
mutational effect of single or multiple substitutions on a wild type protein, making it
ideal for approximating the relative exchangatibg of amino acids at a site. It has since
been validated through an analysis of rhodopsin in which a highly significant correlation
between FoldX energy changes and the average age of night blindness and daytime

vision loss onset was found (Rakoceyal., 2011).

1.35 SYNOPSIS OF THE MODELS AND RESULTS INTRODUCED IN THIS WORK:

Here weformalize and extend the independence energy nfaatelework In the
secondchapter, we introduce our modshd evaluate its performance acro8sldtasets
containing sitesocated ina wide variety of structural environment8y implementinga
series of structurally constrained partition modelg, determineif model fit can be
improvead significantly by allowing the structural constraint to vary across different
secondary strcture and solvent exposure categori€sen, we evaluate whether a

standard general amino acid model of protein evolution, such as LG or JTT, is preferred
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for each secondastructure/solvenréxposure category or if perhaps an appropriate

structurally costrained substitution model performs better (Le and Gascuel).2010
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CHAPTER 2 SITE INDEPENDENT STR UCTURALLY
CONSTRAINED PHYLOGEN  ETIC MODELS THAT FLE  XIBLY FIT
DIFFERENT STRUCTURAL ENVIRONMENTS

2.1 | NTRODUCTION

An examination of any set of homologous protein seqeenmeveals that the
evolutionary process leads to a diverse distribution of sequence patterns across sites. The
observed exchangeability between arm@oads at a site in an alignment is influenced by
several factors including: (1) The ease with which ayaba can be converted to another
arising from the number and type of substitutions required to move between them; (2)
Codon usage biases that vary from species to species (Miyata 1979, Granthanet
al., 1980) and arise from differential protein exgsion or differences in the availability
of translational machinery componentéflerssorandKurland 199Q Sharpet al, 1993;

Akashi and EyraValker, 1998 Willie and Majewski 2004; Sharget al, 2005); and (3)
The exposure of a mutation to purifying mositive selective forces that preserve or alter
proteinstructure orfunction.

It is possible to generalize the effects of codon exchangeabilities and codon usage
biases to the rates of am#agid interchange across sites in an alignment. However the
physicochemical constraints on protein sequences visible to selection aeesifec and
frequently ignored in phylogenetic Markov models of amino acid replacement.
Probabilistic phylogenetic methods evaluate the likelihood of an alignment given a
Markov model with parameters that include the topology and branch lengths of the tree,
and the shape parameter ojamma distributiorthat accounts for differing rates across
sites (Yang, 1994). In these models, sites are usually treated as independent and
identically distributed, with observed exchangeabilities amongst amino acids modeled by
general rate matrices (e.g. the Jemaglor and Thornton (JTT), Whelan and Goldman
(WAG) and Le and Gascuel (LG) models), meant to reflect average rates of amino acid
redacement, derived from large databases of aligned protein families gloalgs1992;

Le and Gascuel, 2008; Whelan and Goldman, 2001).
The foregoing Markov modelsare specified by an 20X20 instantaneous rate

matrix Q, whose offdiagonal entries0 “Ch are interpretable as the approximate

probability that amino acidQis substituted with'Qin a small interval of timéQ A
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conditional probability matrix, with entrie§ , over a branch of lengthcan then be
calculated byo & ‘Q . The overall probability for a single site in the alignment
(herein referred to ashe site likelihood) over the tree is then the product of the
probability of each possible substitution event that could have occurred over each branch
leading to the observed amino acids at the leaves. Because these events and hence states
at internal nodes are unknown, all possible states are considered at internal nodes and the
overall probability is the sum of the probability of each evolutionary patbiving all
possible ancestral states at each node. This complex calculation is accomplished via an
efficient Opruning algorithmé that was fir

Since evolution is treated as independent across the sites in thewcgedoe
overall likelihood for an alignment and trée;—, is the product of the foregoing sitewise
probabilities (Equation 1).

@Dd— b O —

Where —denotes all unknown parameters and— is the™®t h si te | i kel
equivalenty, the probability of the data attf@ t h si t e .

Although these models are very useful approximations, particular samido
substitutions at different sites are known to have different impacts on protein activity
and/or stability. Therefore model resaft demands rate matrices that accurately describe
the fitness effects of mutations at particular sites. As homologous proteins are often
structurally very similar (Sander and Schneider, 1991) it is possible to estimate the
impact of substitutions at inddual sites that simply perturb the stability of protein folds
and to generalize this information to all sequences in an alignment to generate
6structurally constraineddé phyl ogenetic mo

Structurally constrained phylogenetic models alferin a sitespecific way,
employing a functiofOwO O that expresses a relationship between the folding
energy of two sequencé¥ and"Y and theinstantaneousate of exchange between
them. Approximation ofp "Qor a particular protein of known-8imensional structure
can be arrived upon either through the use of statistical potentials (Sippl, 1993;

Hamelrycket al, 2010, empirical effective energy potentialSyeroiset al.,2002;Yin
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et al.2007; Johnstoret al, 2011 or physical potentialsBfookset al, 1983; Van Der
Spoelet al, 2005; Buenet al, 2007; Benedixet al, 2009.

A multitude of structurally constrained
proposed that incorporate some form of a proteiuctire constraint into their
framework. These fall into three general classes that differ in their approachuossite
interdependence: (1) Structdpased substitution models (SSMs) with distinct amino
acid exchangeability matrices for residues locatedlifferent structural environments
estimated from a database of alignments with assigned structural classes (Le and Gascuel,
2010), (2) Simulation energy phylogenetic models (SEPMs) where sequences are
simulated under a conventional independence modetlthose drifting too far from
wildtype folding energy are ignored (Parisi and Echave, 2001), giving rise {gpsitéic
rate matrices based on the observed accepted substitutions that occurred during
simulation Fornasariet al., 2002; Parisi and Echay@004; Parisi and Echay@005;
Fornasariet al., 2007; Juritz et al, 2012) and (3Jdependence energy models (DEM)
models that attempt to explicitly account for the interdependencies amongst sites due to a
structural constraints by estimating a rate nratepresenting the exchangeability
amongst entire sequences of length N (for nucleotides this matfix48,4nd for amino
acids 20x20") from the set of all possible sequences (Robiretan, 2003; Rodrigueet
al., 20(b; Rodrigueet al, 2006; Kleinmanet al, 2006 Rodrigueet al, 2009 Bonnardet
al., 2009;Kleinmanet al, 2010). While these DEM models can explicitly account for the
underlying dependence between am@ids in tertiary structures, they are extremely
computationally complex wherompared to either SSM or SEPM models and require the
application of methods that approximate the rate matrices. Here, we propose a novel and
computationally tractable SCPM framework that maintains the computational simplicity
of SEPM but that incorporateeme of the advantages of SSM and DEMs.

The simplest structurally constrained phylogenetic models of protein evolution
are those based on structlb@sed substitution models. Here, alignments containing at
least one sequence of known structure have bsed to build different substitution
models specific to unique structural environments. The latter models have been
incorporated into a several phylogenetic estimation programs (Goldtreln 1998; Le

and Gascuel, 20)0In a recent example (Le and Gadguk010), 11 structural
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environment specific substitution models were created from a dataset of alignments

collected from the HSSP databasBchneiderand Sanderl996). Three sets of models

were derived from this dataset including: i) a solvexposed ath a buried pair of

matrices, ii) a matrix for each of the three secondary structure catedshielx( b-sheet

and other) and, iii) six substitution matrices representing each of the possible

combinations of solvent exposure and secongamcture categyies (Exposedlkhelix,

Exposedb-sheet, Exposedther, BuriedU-helix, Buriedb-sheet, Burieebther). Their

work demonstrated statistically significant improvement in model fit when using a

variety of partition and mixture models based on these catebsuiostitution models.
Simulation energy phylogenetic models (SEPMm)e a type of SCPM that

incorporate a sitspecific structural constraint by tracking the energies of sequences

simulated under an independence md@Bearisiand Echave2001). SEPMsHornasaret

al., 2002; Parisi and Echay2004; Parisi and Echay2005;Fornasariet al.,2007; Juritz

et al, 2012) employ sitspecific rate matrices constructed from proportions of observed

substitutions in simulations of structurally constrainedemogevolution. Starting from a

protein of known structure, each evolutionary time step of the simulation first mutates the

sequence, and then assigns a distance S¢tmreéhe sequence that is used to modify the

probability of accepting the sequence iato alignment that is then used to infer a-site

specific0  (Parisi and Echave, 2004). Since not all substitutions are observed, the site

specific rate matrix implied by the energy constraint alane ( ) is corrected by an
estdlished substitution model such as JTT.

The dependency energy model (DEM) approach is more computationally
complex than either the SSM or IEM frameworks (Robinsbal.,2003;Rodrigueet al,
2006; Rodrigueet al, 2005; Kleinmanet al.,2006 Rodrigueet al., 2009 Bonnardet al,
2009; Kleinmanet al, 2010). Rodrigue and colleagu&0(9 developed an amiracid
based DEM where the Markov generatog istix Tt. In their Bayesian implementation

(equation 2), the rate matrix takes the form:

B Y h Q0 i

Q I Y ol

()Y 0
mh O &NI 0 QI Q
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Here, each column of the rate matrix corresponds to a particular sequence and the
columns range over all possible sequences. As is usually the case with rate matrices,
'Y 0Ois interpretable as the approximate probability that sequieneéll evolve into
sequencé in a small interval of timeé. Sequences differing by multiple substitutions

are ignored leading to large numbers of entries in themateix that are 0. With such

large rate matrices, calculation of substitution probabilities based on-vagen
decomposition techniques are infeasible. Instead approximations to entries in this matrix
are made possible by employing Markov chain MontddC@CMC) techniques. For
these studies a simple pairwise 6édcontactd
changes in free energy associated with amino acid substitutions for a given fixed 3

dimensional structure of a single representative seguen

2.2 MATERIALSAND METHODS :

2.2.1 MODEL DESCRIPTION

The foregoing SSM, SEPM and DEM frameworks rely on the idea that amino
acid exchangeabilities at a site are directly dependent on the change in the functional
6activityd associ at e dacidiita anotherarhisotacipatuhtatt ng s o
site. While both the SEPM and DEM approaches account for dependencies amongst sites,
here, instead, we introduce a computationally tractable independence energy model
(IEM) that requires only a measure of amenmmd siitability at each site. Similar to the
frameworks discussed above, our model assumes that the exchangeability between
amincacidsi andj is related to the change in free energy of the transition by a function
proportional toQ Y wheretis a weighting parameter. Our model differs from SSM
by utilizing predicted free energy changes associated with substitutions at individual sites
in the specific structures under consideration and does not rely on simulation, instead
incorporating freeerergy change directly into a Markov model of sequence change.
Finally, it differs from the DEM approach by keeping the simplifying assumption of
independence between sites, while utilizing more sophisticated epetgytial
calculations for predicting sigpecific free energy changes.

We consider four structurally constrained partitioned Markov models of protein

evolution that preserve the independence across sites assumption. As the model describes
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amino acid interchange, rate matrices are 20X20 andpwh these matrices vary
between sites, direct calculation of substitution probabilities through -eigen
decomposition is possible. These four models differ in complexity with regards to the
number of different structural environments that are taken irtousad.

The first model (equations4 pools all sites together in a single class. Similar to

the Rodrigue and colleague2005 model (equation 2) we use a general substitution

model, in this case LG or JTT, to form the basis of the model for each site. This

matrix is adjusted by multiplying its entries By , a rate matrix encompassing the
energy contribution to exchangeabilities that depends on the particulak siteer
consideration. The structural constraint firsttees the model through a function
0 (WOW=t30 1308 T30 whereWw th 871 isaparameter vector
governing the weight associated with various alternative approximations ofidmge in
folding energy terms3’O B°O 8 3°0O  at a site We abbreviat®® (w "QWasO and

introduce the termO ‘O O to represent the overall energetic consequences of
substituting anmo acidi to amino acid. We have experimented with various alternative
definitions fora"O using statistical potentials coming from the PROSA package p),
empirical force fields from FoldXU p) or a combination of botho( ¢). The
parameter™Q is included to allow variation in the average specific stationary
frequencies.

Model 1: a general structurally constrained model of protein evolution (LG-b“ﬁ];

JTT+ y‘n)

)0 80 0

TO0 80
An examination ofY'O over sites having different structural environments

reveals that the median valueXs0 varies amongst the various structural environment

partitions for both PROSA and FoldX enmg (supplementarfFigure Al for PROSA
energies and supplementdfgure A2 for FoldX energies). It is clear from both of these
potentials that substitutions in solvent exposed regions result in lower energies for

hydrophilic amino acids while substituti®m buried regions result in lower energies for
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hydrophobic amino acids. Furthermore, substitutions in the hydrophobic core of the

protein structure are more likely to incred8®. Similarly, an examination of"O values

across different secondary structures demonstrates that some residues, such as glycine
and proline, have much low&fO values in loops than in betheets and helices.

To take advantage of chagyin the behawr of our energy potentials amongst
protein structure categories, we further developed our model by allowing structural
constraints to vary amongst these different environments (equ&ti®ns We partition
datasets intd® different struatiral classes and estimate parameters separately for each
class. The three structurally constrained partitioned models we develop are: (i) a 2
partition model 2P/2P_LG, which segregates residues into exposed and buried categories
based on their relative s@nt accessibility, (ii)) 3P/3P_LG, which segregates residues by
their secondary structure into extended/helix/other categories; and (iii) 6P/6P_LG, which
segregates residues by solvent accessibility and secondary structure (see methods for a
more detailedlescription). The partitioning here is the same as that employed by Le and

Gascuel (200) and the nomenclature here reflects models that incorporate the
appropriate structurbased substitution model (2P/3P/6PY)in as opposed to models

that use LG for each partition (2P_LG/3P_LG/6P_LG).
Model 2/3/4: Structurally constrained partition models of protein evolution

GO o0 "0

©®05 "800

Here, P indicates the structural partition that sitdelongs to and h depends om

because th®\iveights in are allowed to vary across partitions. The partitions are defined

as follows:

0 GOi 0 Q0QE HIDIHOAAEAA

0 Wi 0QQs: ¢ | DEANEAZS £ AAGE A O
0 @i 0 QN ¢

%2 D1 DRAI PEAREID T OAAA O AADD T AR/AOE A O
"OOBAAI PEAREDARAAAOLE KADOBAAOEAO
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All of the modelsconsidered here are tinmeversible. Defining “ as the

stationary frequencof j for the base modgthis can be seen by considering the ratio of

rates of amino acid exchange:

(1) — —

Since the ratio of the entries in the rate matrices can be expressed in the-form

follows that the model is time revdse. Moreover the site-specific stationary

frequencies  for the model arequalto| , allowing them totake the form

LIJ 13 e "m 13
for nonpartitioned models and for partitioned models:

h

@« e7QQ “n

Finally, each model is implemented with a single ratg®sssites (RAS) mixture model
for which the relative rates of evolution for sites are assumed to be independent and
identically distriluted from a discretized version ofiaistribution with 8 rate categories

defined by a single shape paraméias in Yang (1994).

2.2.2 PARAMETER ESTIMATION:

Most of the parameters in the model including the edge lengthkl the ar amet er
from the tian amdli sare iedtimated through maximum likelihood.
Multidimensional parameter optimization was performed using the nonlinear
programming routine EO4UCF in th&ORTRAN77 libraries of the Numerical
Algorithms Group Tree topologies for each data set wesgmated using RaxML under
an LG+40 model and were fixed for model te

The"Qparameters are estimated from the observed amino acid frequencies across

ksites,” , as well as the average energy observed by the substitution of acrdpat

a given site. Fromg] it follows that

p Qe
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Substituting the observed s#pecific frequencies; into (10) and taking averages

across alk sites we obtain an estimdty "Q:

p pQo

Because of potential sparseness issues associated with small partitions, our estimation of
"Q for a partitiond with & sites is calculated as a mixéuof that obtained for averages

across sites in the whole alignment and averages obtained across a particular partition.
R

(121 B, —— p 1 B

Here] is a small positive constant optimized in the range [0,1] and typically estimated

in the range [0.5,1], chosen to ensure thatho is 0. The proportionality constar®®

and"Q never rguires explicit calculation due to the fin@ matrix being rescaled so
that B“ 0  p8Note that the estimate &depends on that is embedded in tHg®
term. As maximum likelihood estimation of these parameters proceeds, evenalue

of the parameters Weads to a newQ

2.2.3 DATASETS FOR PERFORMANCE EVALUATION.

As a starting dataset we used the 300 test alignments plus structures described by
Le and Gascuel2010. These 300 datasets were selected randomly from 1@#L n
redundant datasets obtained from the HSSP database (Le and GastOel, POe
majority of datasets chosemere made up of enzymes involved amabolic antbr
catabolic metabolic pathways where loss of function would likely affect organismal
fithess. The intensive tests we conducted using our model required that we reduce the
number of datasets further so we took a representative sample of 48 alignments from the
supplied tesdataset (Fig B). Due to the difficulty assigning an energy score to gaps in
alignments we ignored all gagontaining sites. The resulting 48 datasets varied in length
from 103 to 897 nowgap containing sites and contained betweefarid 93 sequences
each (Table S1). For each dataset a tree was estimated using RAtthafakis2006)
under the LG+8 ma Aseal measure of the amount of information in each dataset we

define the Oinformati on -gapogids eneumbes oft h e
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sequences x the normalized tree branch lerftit total tree length divided by the
number of branches the treg.

Solvent accessibility and secondary structure classifications were obtained using
DSSP (Kabsch and Sander, 1983; Joosteal, 2011) with the protein structure for the
seed sequence in order to determine the solvent accessibility and sgcstngieture
classification of each site in the alignment. As in Le and Gascuel (2010) and Gettiman
al., (1998), we used a 10% relative accessibility threshold in order to assign sites to
exposed versus buried categories, which leads to roughly equakeru@f buried and
exposed residue assignments. Each dataset was partitioned in three different ways for
each partition model tested in this paper. For the two partition model (2P/2P_LG) we
used two solvent accessibility categories exposed and burigth@agerage dataset had
61% exposed sites an89% buried sites. For the three partition model (3P/3P_LG) we
partitioned the dataset infesheet(extendedy/helix/Other categories with dataset wide
average occupanci&% 28% and 47% sites respectively. Finally for the six partition
model (6P/6P_LG) we combined the two previous partitions into six secondary
structure/solvent exposure cabeigs which on average contained arou@®o of sites
per partition. The number of sites found in each category did vary from alignment to
alignment and has been summarized in supplementary tablEh8lprotein structures
considered here ranged in resautifrom 1.3@ to 5.08. We subjected each of the 48
structures to several rounds of energy minimization using the FoldX-fietdan order
to correct minor errors that may have resulted from thepmstioning of side chains due
to low x-ray crystallogaphic resolvability. Furthermore, since we were using FoldX
potentials to evaluate the free energy of each amino acid substituted at each site, and this
software tool involves a local minimization of amiacid positions after a mutant is
generated, thisiitial minimization maximized the accuracy and consistency of calculated
changes in the free energy of folding of the protein structure.

The FoldX empirical physical potential (FoldX), PROSA pairvisearborbased
sidechain pairwise interactionpotentials (P_PROSA), and PROSA combined
(C_PROSA)pairwise interactiorand surface potentials (the combination is performed by
PROSA using default parameter settings) were used to introduce structuralictnstra

into our model. For each site in the alignment, an approximatioilto was obtained
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for substituting each of the 20 amino acids into the wild type protein sequence at the site.
Creating a protein mutant in FoldX involves first mutating tbsidue in question to itself
followed by an adjustment to neighbouring residues in order to find the energy minimum
for the wiltype folding energyX'O ). We correct for a resulting slight variationStO
across sites by scaling ea© values such thatyO @O O . PROSA does not
have the same variations¥O across sites, but the same transformation was applied to
P_PROSA and C_PROSA energy values. The resulting distributicw'@across ses
for P_PROSAD-pairwise potentials (Fige Al) and FoldX (Figre A2) has been
depicted for an example PDB (1XG2).

The FoldX, P_PROSA and C_PROSA energies derived above were incorporated
into our models utilizingb  p in the calculation oD andO above. To determine if
a mixedstatistical potential/empirical potential based approach would perform better than
either potential on its own, for the FoldX+C_PROSA mixed potential we associated a

differentt parameter with each kind of potettia ¢ .

2.2.4 MODEL COMPARISON BY L IKELIHOOD RATIO TESTING AND BY AIC.

Most models presented thus far are nest
model and parameter estimates required for model nesting are sh&iguia2.1a for
+ p. Partition models generalize to the single partition model wheb and energy
models generalize to their equivalent rerergy models when . Model nesting is
possible as the more complex partitioned models will become equivalent to thersimp
non-partition (or simpler partitioned models) when the relevant parigjmecific U
parameters of the more complex models are constrained to have the same values.
Furthermore, under the simpler null model, the relevant parspecific"Cs will tend to
equality as the number of sites in each partition increadested modelgpermit
likelihood ratio tests (LRTSs) to be used to compare model fits. The likelihood ratio test
(equation 12) expresses, for two nested models, the increaselikeldwpwod expected
for data under a more complex model.

(12) Likelihood ratio test statistic (LR) ¢ 1 10 1 10

0 & QUN&WQA fid @Pa & QEOHEE (X anaRQa
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The significance of an observed improvement by a more complex model is measured by
calculating a pvalue associated with the probability, under the simple model, that the
observed improvement in likelihood occurred by chance. For standard LRTsydhesp
obtained using that LR is known to be -slguare distributed with degrees of freedom
equal to the diffeence in the number of adjustable parameters between the models in
guestion (the number of parameters are summarized in supplementary table S2). For this
particular setting, the simpler models are on the boundary of parameter space of the more
complex moel and as a result the true null distribution is usually a mixture of chi
squared distributions with different numbers of degrees of free®atf &énd Liang,

1987. It follows that using the standard «guared distribution as described above for

our apptication, the LRTs will be conservative: the probability of false rejection for-an

level test is less than. For the purpose of this analysis théevel threshold of 0.01 was

used to denote a significant LRT.

For the comparisons of nerested models, we used the Akaike Information
Criterion (AIC) (equation 13) to get an absolw@king of model fit between nemested
models. Below] refers to the number of free parameters in the modelbaisdthe
maximized value of the likelihood function for the estimated model.

(13) Akaike Information Criterion ¢ ¢O
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Figure 2.1: Allowing structural constraints to varyacross structural environments often
improves SCPMand always improvesion-structurally constrained counter parts.

Likelihood ratio test (LRT) results for nested dets amongst the 48 datasets using the
FoldX force field or P_PROSA or C_PROSA statistical potentials or both in the

calculation of0 . (@) Conditions for model nesting between the models implemented
in this paper. Arrows indicate that nesting from a more complicated model to a simpler
model along with the parameter conditions that satisfy nesting. The number of LRTs
rejecting the null hypothesis using avalue of 0.01 along with FoldX), P_PROSAc),
C_PROSAd), and FOLDX+C_PROSAe) in the calculation o . For Partition
models, those using partition specific exchangeability matriceg as (are in bold (Le

and Gascuel, 2010) while those using LG are not.
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2.2.5 EVALUATING GENERAL TR ENDS IN SITE-SPECIFIC MATRICES:

To understand general trends in seecific rate matrices produced by our four
models, we have subsampled 10Q2 matrices fron sites in our dataset for each
model/partition combination. Putting these matrices together,eaemtry in the matrix
consists of a distribution of 1092 amino acid exchangeabilities. We obtained the ratio of
the exchangeability observed for tisite compared to the exchaag#ity observed in a
gener al substitution model using LGH80. I
entry contains 1099 :0 ratios. To understand general trends in how the energy
model diffeed from standard phylogenetic models, we obtained a measure of central
tendency (the median) and variance (the mean average absolute value of the deviation
from the mean) for each entry in this matrix of ratios. This calculation was completed
after remowvng the top 10% and bottom 10% of extreme values to remove any outliers
that might obscure the general trends we were trying to portray. Heat maps of the median
Q ratio matrices can be found in Figures 2.3,2.5-A18B. Heat maps showing the mean
absolute deiation from the median Q ratio matrices can be found in figuresA22
The size of the subsample was chosen to correspond to the size of our least populated
partition, solvent inaccessible loop regions.

We also examined stationary frequencies comiognfthe Q matrices for the
same subsamples of sites described above. Median stationary frequencies from our
subsamples have been presented in figure 2.4, and figurA4@7An examination of all
the stationary frequencies coming from these same sitesifpatgtions for all 1092

sites has been presented as boxplots in figuresAd#1

2.2.6 MEASURING PARTITION -SPECIFIC SIGNIFICANCE TOWARDS OBSERVED
LIKELIHOOD GAINS :

To assess the performance of our nested models across various structural categories we
definea partitionspecific significance factor (PSSF) (equation 13 below) ¢kptesses

the ratio of the average likelihood difference within a partitionaC(between the
complex model and a simpler model to the same quantity observed across the rest of the
sites in the dataset [ (Q.

(@3)'T CH™L LT R THIHTHE THIHHHTIOTETY O & ‘a0
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Consider model M1 nested within model M2. A PSSF>0 implies M2 fits a site category
best while PSSF<0 suggests the opposite. P&SHRdicates that the likelihood gain
within a site category is on par with the average likelihood gain across thairgma
sites. PSSF>1 indicates that a site category is particularly well modeled under the
partition being evaluated while O<PSSF<1 indicates a smaller contribution to the

likelihood gain.

2.2.7 IDENTIFYING SITES POTENTIALLY INVOLVED IN PROTEIN-
PROTEIN/PROTEIN-LIGAND INTERACTIONS.

To assess the performance of our model at sites potentially involved in protein
protein and protekitigand interactions, we searched the inferred biomolecular interaction

server [ttp://www.ncbi.nim.nih.gov/Structure/ibis/ibis.¢gfor sites amongst our 48

datasets known to be involved in interactions. We constrained our search to only include
sites with at least partial conservation of binding sites amongstreamdant
homologous members of binding site clusters. For prgieitein interactions, we
ensured that sites returned were validated by the Protein interfaces, surfaces and
assemblies service (PISA) at theEuropean Bioinformatics Institute
(http://www.ebi.ac.uk/pdbe/prot_int/pistart.ndml For proteirligand or proteiAon

interactions we constrained our search to those flagged as biochemically relevant.
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2.3 RESULTSAND DISCUSSION
2.3.1 STRUCTURAL CONSTRAINTS SIGNIFICANTLY IMPROVE INDEPENDENCE
MODELS OF PROTEIN EVOLUTION:

Our structurally constrained models of protein evolution were applied to the 48
test datasets and the results are summarizédgure 2.1 as the number dikelihood
ratio tests rejecting the simpler models in favour of the more complex structurally
constrained models. Models incorporating structural constraints are always significantly
better than models that do not regardless of the potential usederaigethe energies,
the number of partitions utilized, or the backing substitution matrix chosen for each
partition. In every case the single partition L§83 model was significantly better than
the nonrenergy alternative with a-yalue that decreased as more sites and sequences
were added to the alignmerfigure 2.2a). Similarly, our partitioned energy models
utilizing LG for eachpartition outperformed a partitioned model that was not based on
energy but only had partitiespecific frequencies. The support for our partition energy
model was high with] values (the parameter controlling the mixture of
Q & N ) greater than 0.5 for the great majority of partition energy
models Figure A4).

The benefit of partitioning is clear for FoldXigure 2.1b), P_PROSA Figure

2.1¢), and BIdX+C_PROSA Figure2.1e) energies where 45, 37 and 42 of the datasets
were improved by partitioning sites into the 2 partition solvent exposure categories.
Combining Pros@® pairwise potentials with surface potentials in theP&@sa potential
(Figure 2.1d) reduced the requirement for partitioning but 27 datasets still demonstrated
significant likelihood gains upon partitioning for solvent exposure. The 6 partition model
showed a similar trend with 44athsets performing significantly better than the single
partition energy model usirfgpldX energies and 28 performing significantly better using
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Figure 2.2: Likelihood gains over a standard structuralgonstrained model can be arrived
upon with mixed statisticatpotential/empirical potential approaches and by partitioning for
secondary structure and solvent accessibility.

LHS: za € /D & a o@ifained for the likelihood ratio test of tfe 1-partition (LG+qG), (b) 2-

partition 2Pg3G, (c) 3-Partition (3PgG) and (d) 6-Partition (6P+15) structurally constrained
models when compared to LG (LGB) or LG+qG (2P#G, 3P#G, 6P#5). The gray
horizontal bar corresposdo a pvalue of 0.01(Alignment nformation = [number of taxa}
[number of sequences] [normalized branch length]))RHS: Mean likelihood differenes for
sites binned into 10% identity categorieten compared tcan equivalentP_ PROSA model,
which tended to be worst performinglots ae shownfor the 1 partition(e), 2 partition(f), 3-
partition(g) and 6 partitioth) model.
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P_PROSA energies, 22 with C_PROSA and 36 performing better when combining the
two. While substantially fewer partitioned models appear to be preferred to simpler
unpartitioned (or less partitioned) models when P_PROSA and C_PROSA energies are
used, it should be noted that with so many partitions some categories were sparse (Table
S1). 9/10 and 8/1Gatasets that had more than 30 sequences and at least 20 sites per
partition class preferred the 6 partition model over the single partition model using
P_PROSA or CPROSApotentials Indeed a clear trend can be observed demonstrating
that datasets containing more informatidfag(re 2.2b,c,d) were more likely to be
associated with smaller-yalues for LRTs. This trend continued with the 3 partition
model only for FoldX and FoldX+C_PROSA where 37 and 26 of the datasets were better
modeled respectively by the 3 partition secondary structure m&delmost models

tested, the estimates dhe ratesacrosssites parametesy the | (Figure A6) and
normalized tree branch lengths (&ig A6) remain relatively unperturbed by the
introduction of the energy potentials into the sipecific models.

It should be noted that there is a fundamental difference between utilizing FoldX

arnd Prosapairwise potentials. The calculation 6 (equationll) relies in part on the

averaging of the teri@  that reflects the average effect of mutating to an amino acid |
over the entire dataset. P_PRO&AIC_PROSApotentialsare a simpler approximation

to 3 that benefit somewhat from partitioning for solvent exposure but can not
easily generalize trends across secondary structdoddX on the other hand is much
more heterogeneous amongst these differingtstral environmentdt makes sense then
that models using FoldX are greatly assisted by the calculatié @fcross specific
structural categoriewhere a more accurate value for the aveedtgrt of mutating to an

aminoacid j can be obtained

2.3.2 A HYBRID FOLDX+C_PROSA POTENTIAL ACCOMMODAT ES
DATASETS WITH VARYIN G EVOLUTIONARY RATES AND BIOPHYSICAL
CONSTRAINTS:

Force fields have typically been avoided in the construction of SCPMs due to
their computational complexity and the assumption thay tiight bias sequences too

strongly towards the reference structure used to generate them. Here, we more closely
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examine the effects of adding more realism into the SCPM through the use of empirical
physical potentials as well as our mixed physical/stedispotential approach.

The LRT pvalues obtained across the 48 dataskigu(e 2.2a) indicate that
models based on the FoldX potential and the mixed FoldX+C_PROSA potentials are
most often preferred to models using P_PROSA oPROSA Energies. AIC test score

results show a broadly similar pattéBupplementary document. o better understand

how the two methods of obtaining differ in their performance, we examined the

distribution of average sHwise likelihood differences between our variogsO
approximations compared to P_PROSA (our worst performing model) binned across
varying degrees of conservatidriqure 2.2e). For the general LG model, it is clear

that PROSA is betteable to model highly variable sites where the same amino acid
appeared in <50% of sequencegich represents 17% of the sites over all the 48
datasets. Tda remaining 83% of sites displaying >50% identity were better modeled by
FoldX energies. This suggests that the FoldX empirical force field tends to bias the model
towards the reference structure (and sites that are identical to this structure in homologs)
while P_PROSA and C_PROSA more flexibly model variable sites. The hybrid statistical
potential/empirical force field was generally observed to perform at least as well as
P_PROSA and C_PROSA on these highly variable sites while surpassing all models for
more conserved sites. Thus, the hybrid statistical potential/empirical force field approach
appears to strike a balance between structural specificity and flexibility across sequences

in the alignment.

2.3.3 PARTITIONING FOR SOLVENT ACCESSIBILITY AN D SECONDARY
STRUCTURE.

We investigated if allowing biophysical constraints to vary across different
secondary structure and solvent accessibility categories would improve model fit when
assessed over different levels of sequence conservation. Our partitioned models
performed better on the more variable sites as can be observed by averkigisded
differences tending to become more positive, with respect to P_PROSA, across both
variable and invariable sitekigure2.2f,g,h). Notably, partitioning for solvent exposure
improved the performance Folebased analyses across highly variable sites. Again, the

rationale for this behaviour is likely that partitioned structurally constrained phylogenetic
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models utilizing FoldX tke into account environmespecific properties of the energy
function leading to a model that better accounts for environspetific sources of

amincacid variability.

234 PARAMETER ESTIMATES F OR A GENERAL STRUCTU RALLY
CONSTRAINED MODEL OF PROTEIN EVOLUTION.

STATIONARY FREQUENCIE
Parameter estimates in the absence of partitioning have been summaFgpden

2.3. Median stationary frequencies reported for a subsample of 1092 fere@.3a-d)

are in general comparable to those of the standard LG model. However, a sign test
reveals that many of the differences although slight are statistically signifigant (

18t P. Proline, for example, displays a depressed stationary frequency that is most likely
the result of its generally unfavourable impact on protein stability. Boxplots for the
stationary frequencies calculated for these 1092 sites display a high degree of variation
about the mediarFigure AZA10 (LG+g®3). In general P_PROSA and C_PROSA
statiorary frequencies tended to be much less variable than FoldX or FoldX+C_PROSA
stationary frequencies. The distribution of stationary frequencies amongst different amino
acid types shows a clear bias to stationary frequencies between 0 anke&l® all
resdue types were represented in at least some sites with stationary frequencies greater
than 0.2, which is significantly greater than the median stationary frequency of a residue
in the standard LG model (Also depictedRigure 2.3). Residues showing the highest
degree of variation in stationary frequency were small aliphatic amino acids glycine,
alanine and the branchetiain amino acids leucine and valine. The wider range of amino
acid stationary frequencies observed when usmigX¥and FoldX+C_PROSA energies
demonstrates the improved plasticity of these energy potettiat®del the diversity of

site patterns in an alignmentinterestingly, glycine appeared to be the most versatile
amino acid in terms of stationary frequendmwing, for a minority of sites, stationary
frequencies approaching 1. On average, sites containing at least one-aaidino
stationary frequency >0.2 were well modeled by our structurally constrained model of
protein evolution as the median value for tikelihood difference between the energy
model at these sites and the-emergy model was always positive (data not shown).

Again glycine is unique in exhibiting a large tail away from the median stationary
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frequency when using FoldX energies with one siten assuming a stationary frequency
near 1. A mutation to a glycine can be quite a significant change as exemplified by the
broad range of energy values assigned by FoldX to these mutatieigsiia A2 although

these large stationary frequencies foycgie were mostly associated with significant
likelihood gains at the site.

The median stationary frequencies of amino acids for our structurally constrained
partitioned models are plotted against those obtained for a single partition energy model
across1092 randomly selected sites for models using FoldX+C_PRO3Agure 2.4
(this model shows the same general patterns as P_PROS#eRfl), C PROSA
(Figure A12), FodX (Figure A13)). The single partition model displayed a mangf
median frequencies with the lowest frequencies corresponding to rare-acrdsosuch
as AW0O or fACO having median frequencies ne
are small hydrophobic ALVAO havingGamkdi an
6P _LG+qG models show a clear trend where the larger hydrophilic aatius
ARKQHNEDYO have much smaller stationary fr
over buried categories (X) than exposed categories (E). Conversely, though perhaps not
as dear in the case of 6P_LG, the hydrophobic aranoi ds AAMVI Lo di spl
frequencies in buried categories than when exposed to solvent. We limit our discussion
of the 3 partition model to those incorporating FoldX energies, which were the analyses
that showed the clearest likelihood gains. Here, 3P_LG displayed several trends in
agreement with the literatureC@stantiniet al, 2006; Jianget al, 1999. Residues

typically associated wittb-sheets (B) displayed median stationary frequencies similar

ATMFYCWO or |l arger AVILO than their equi v
model. Residues typically observed idhelices (H) displayed a similar trend
(AMALEKO) . Furt her observed tor lmesdestructves to sdcdndary
structure formation (AGPO0) displayet | ower

helix category and-sheet category while larger stationary frequencies were observed in
the Other category (O). Similar to tlsengle partition models, a larger variation in the
stationary frequencies was observed for models incorporating FoldX energies over
models utilizing P_PROSA or C_PROSA energiesffeg\7-A10).
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Figure2.3 The general structurally constrained model: Effects on stationary frequencies and

the median Q.
Stationary frequencies sampled from single partition models utilizing P_PROSA

potentials (a), C_PROSA potentialgb), FoldX potentials(c), FoldX+C_ PROSA
potentials(d). Columns with bold lettering represent statistically significant differences
by the sign test at a-yalue threshold of 0.01. Median stationary frequencies were

obtained from randomly sampling 1092 sites from amongst 15028 sites in our dataset.
We calculate the median ratio 8f entries found using the LGgS to those found

when using the standard LG model.
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Figure2.4: General trends in thetsitionary frequencies derived for partitiorspecific models

We plot themedian stationary frequencies derived from 1092 sites randomly sampled
from the 48 datasets in this paper using both FoldX+C_PROSA enetggescompare

to the stationary frequencies observed under thegi&tnodel for the 2 partitio(a), 3
partition (b) and 6 partition(c) model. Section 2.2.5 details the methodology used to

produce this figure.
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THE SUBSTITUTION MQ@DE

The median ratio of aminacid exchangeabilite® d) for subsamples of 1092 sites

are shown for the fourirggle partition models in this datasdtigure 2.3e-h). Models
utilizing P_PROSA and C_PROSA potentials displayed differing patterns with respect to
LG than FoldX. In particular, P_PROSA and C_PROSA tend to show an increased
probaility of exchange away from smaller hydrophobicammoc i ds such as f# Al
to a variety of hydrophilic and hydrophobic amino acids while FoldX tends to favour
transitions away from the hydrophilic res
acids. However,many similarities also exist, such as a uniform depression in
exchangeabilities to both aspartate and proline. Our mixed statistical potential/empirical
potential approachFgure 2.3h) has median ratios that significantly reséanthose
observed for FoldXKigure 2.3f). However, close examination reveals a clear influence
of C_PROSA Figure2.3g) onQ. For example, exchangeabilities to hydroxylated amino
acids (fASToadin bath € PROSA diguee.3g) and FoldX+C_PROSA
(Figure2.3h) relative to FoldX alone<jgure2.3f).

In order to better understand the gitesite variability (plasticity) bthe entries in

the Q matrices presented Irigure 2.3, we examined the mean absolute deviation away
from the mediand0 o) in the LG4DG panel of supplementary figurésl9-A22.

These 4 panels show that residues near the diagonal, which are similar in terms of
hydrophilicity and size, tend to display large variances in their exchangeability from site
to site in the alignment. This variance quickly drops as residues become more and more
physiochemically distinct.

The effect of median stationary frequency variation amongst the various structural
categories is evident upon inspecting the resulting amedli ¢) matrices for the
partitioned FoldX+C_PROSA modeld=igure 2.5). In general, median Q matrices
become more heterogeneous moving from Hpar2ition and 3partition models to the 6
partition model. The te partition model and the 6 partition models clearly show that the
exchangeabilities to hydrophilic amino acids has increased in the exposed categories
while the opposite is true for buried categories. Arac@ propensities for various

secondary structaerclasses is known to vary amongst fold tygessfantiniet al, 2006;

49



Jianget al, 1999. Despite the pooling of sites from different fold classes here,-the 3
partition model does display some expected trends, such as an increased propensity of
hydroptobicaminea ci ds such as fslestd, & ddpphession ohprobnest a
and glycines in both sheets and helices, and their more probable incorporation in loops.
Amino-acid propensities have been shown to vary amongst secondary structure classes in
different solvent exposuredMpmenRoknabadiet al, 2009, thus it is interesting to see

here that while the 6 partition model has some similarities the 2 partition model, there are
differences due to the additional incorporation of partitioning by secprstascture.

These differences increase the ability of the models to better fit a wide range of
exchangeabilities observed in these specific structural environments. The mean average
deviation about these median ratios reveals that the same generabtentiserved as

in the single partition model with similar amuaeids in general showing more variability

in0  than dissimilar amino acidfiguresA19-A22).
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Figure 2.5: Median Q matrices for models utilizing a combination of FoldX and C_PROSA

energies.
After running our structurally constrainedrition models in all 48 datasets we randomly

sampled 1092 sites being analyzed under a particular partition category/model

. . . - h Ol . . .
combination. We calculate the median ratio = ¢  entries found using the various

models (M) analyad in this paper.
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2.3.5 FOLDX OUTPERFORMS PROSA IN THE HYDROPHOBIC PROTEIN
CORES WHILE MAINTAIN ING A COMPARABLE PER FORMANCE ON THE
SURFACE.

The 48 datasets analyzed here constitute 15028 sites without gaps. Each site can
be categorized into the various sttral environments analyzed in this paper. The PSSF
and percent of sites with likelihood differences greater than O obtained between the
various energy models compared to LG and t&G+or back to the same partition model
but without energies has been summarized in Tadefor models tested. A main
difference between PROSBased and Fold¥ased models appears to be with regards to
the enhanced ability for FoldX to model the hydropbatore of the protein structure.

The comparison between LG®E and LG reveals that 89% of buried sites are modeled
better by LGHiG:FoldX than LG while only 64% and 66% of sites are better modeled
when using the P_PROSA or the C_PROSA in G+ On the otar hand, C_PROSA
performs best on 64% of solvent exposed sites while P_PROSA and FoldX have similar
performance for these sites. The best performing model combines both FoldX and
PROSA energies. While its performance in the hydrophobic core of the pstigiture

is not quite as good as FoldX, it is still significantly improved with respect to C_PROSA
with 82% of sites being modeled better than LG. Exposed sites are generally improved
for both FoldX and C_PROSA energies with 70% being better modeled ey th
FoldX+C_PROSA combined potential over LG which is greater than #&l82arrived

at from the other energy potentials on their own.

This bias towards modeling the protein core induced by utilizing more complex
potentials like FoldX is what we strive tmrrect for by allowing the parameté® to
vary between significant structural environments by partitioning. Since the bulk of the
likelihood gains of LG¢G models over the standard LG model come from sites in the
hydrophobic core, parameter estimates will favour increasing thehllaeliof these sites
to the possible detriment of sites exposed to the surface. While C_PROSA energies do
not suffer from this imbalance, modeling approximately683o of sites better than LG
for both exposed and buried sites, it is important to note itedihlood gains associated

with C_PROSA energies are significantly smaller regardiegsi(e2.2a).
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Table2.1: Comparing LG¥q models to LG.
Partition-specific significance factors and the % of likelihood differences greater than 0.

All sites Exposed Buried
Energy type Residue Hydrophobicity Claks PSSF  %>0 PSSF %>0 PSSF  %>0
T 0,
All Sites 100 683% 4 0 e20 097  64%
- .
Hydrophillic 111 66% 131 68% 0.59 61%
P_PROSA Hydrophobic 0.77 60%
ydrop : ° 011 49% 1.08  65%
0,
S 153 63% 158 an 139 62%
T 0,
All Sites 1 65% 102 64w 098  66%
- .
Hydrophillic 1.02 66% 133 70% 0.24 5506
C_PROSA Hydrophobic 0.87 63%
ydrop : ® 006 50% 125  70%
0,
S 146 66% 153 6w 126  65%
T 0,
All Sites 1 74% 05 62% 159 89%
Hydrophili . %
Foldx eieille 05 63% 18  s5% 108 82%
1 0,
Hydrophobic 1.48 87% 0.87 75% 177 93%
h 1 %
Other 69% 560 63% 184  84%
All Sites 1 76% 076  70% 128  82%
illi 0, 0, 0,
Foldx+C_pRos| Hydrophilic 077  T72% 079  72% 071 72%
Hydrophobic 1.18 81% 0.54 67% 1.48 87%
Other 119  72% 106  70% 153  78%
All sites Exposed Buried
All Sites 15028 8106 6922
Counts Hydrophillic 6605 4757 1848
Hydrophobic 6826 2181 4645
Other 1597 1168 429

a: Sites containing 80% hydrophobic/hydrophilic residues labeled as such. All other sites pooled into an
Other category.

b: partition-specific significance factonzpr- ?

c: % of sites in the category with likelihood differences greater than 0.
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Table2.2: Comparing 2P)"F" models to LG.
Partition-specific significance factors and the % of likelihoodfeiences greater than 0.

All sites Exposed Buried
Energy type Residue Hydrophobicity Clabs PSSF %> PSSF %>0 PSSF %>6
All Sites 1 67% 1.02 65% 0.98 70%
illi 0, 0, 0,
P_PROSA Hydrophillic 1.15 70% 1.49 75% 0.28 59%
Hydrophobic 0.8 65% -0.18 44% 1.26 75%
Other 1.23 64% 1.34 62% 0.96 68%
All Sites 1 68% 1.04 66% 0.95 70%
illi 0, 0, 0,
C_PROSA Hydrophillic 1.08 69% 1.48 75% 0.06 53%
Hydrophobic 0.85 67% -0.11 46% 1.31 7%
Other 1.29 66% 1.42 65% 0.93 68%
All Sites 1 78% 0.9 73% 1.12 84%
FoldX Hydrophillic 0.82 74% 0.96 7% 0.48 68%
Hydrophobic 1.18 85% 0.77 69% 1.38 92%
Other 0.95 69% 0.9 67% 1.08 74%
All Sites 1 78% 0.95 74% 1.06 82%
illi 0, 0, 0,
FoldX+C_PROS/ Hydrophillic 0.88 75% 1.04 78% 0.48 68%
Hydrophobic 1.08 82% 0.65 68% 1.29 89%
Other 1.14 72% 1.12 71% 1.19 75%
All sites Exposed Buried
All Sites 15028 8106 6922
Counts Hydrophillic 6605 4757 1848
Hydrophobic 6826 2181 4645
Other 1597 1168 429

a: Sites containing > 80% hydrophobic/hydrophilic residues labeled as such. All other sites poolad into a
Other category.

b: Partitionspecific significance factonzpr- ?

c: % of sites in the category with likelihood differences greater than O.
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2.3.6 HIGHLY VARIABLE SITES IN EXPOSED REGIONS OF THE PROTEIN ARE
BETTER MODELED BY PARTITIONED SCPMs

For models using FoldX or FoldX+C_PROSA energies, partitioning the dataset
into solventexposure and secondary structure based categories improves the performance
of exposed residues to the mild detriment of buried residues. While only 62%/70%
(FoldX/FoldX+C_PROSA) of residues exposed to solvent were modeled well bggeG+
when compared to LG (TabR1l), 73%/74% and 74%/76% of exposed residues were
better modeled by the 2P _LG&E and 6P_LGeG models (Table .2, Table A4).

While partitioning on secondary structure only showed mild gains, all three partitions
showed appramately a 5% improvement in residues having a positive likelihood
difference (see Tabl&3).

2.3.7 LE AND GASCUEL MATRICES::

Despitethe clear likelihood gairreported by Le and Gascuel (20M#en using the Le

and Gascuel partitieapecific substitution mates without a structural constraint, there
was still a significant amount more to gain from incorporating structural constraints into
the model. Indeed all 48 datasets were significantly improved by adding either PROSA,
C_PROSA, FoldX or FoldX& PROSA stuctural constraints to the 2BP and 6P Le

and Gascuel partitieapecific basis matricesFigure2.1). Of further interest, comparing

the AIC of models that used partiti@pecific basis matricgbe and Gascuel, 20)1@nd
modéds that used the single LG basis matrix showed that parspegific basis matrices
were more often preferred by SCPMs utilizing P_PROSA and C_PROSA energies but
less often preferred by models incorporating FoldX or mixed FoldX+C_PROSA energies
(Table2.3). Here, 2P_LG¥'O was favoured over 2P¥O only 18/19 times out of 48

for P_PROSA/C_PROSA energies respectively and 27/28 times out of 48 for
FoldX/FoldX+C_PROSA energies. The same was not true fo¥&P+s 3P_LGH'O

where, in general, lmost all models preferred utilising LG as instead of the

partition-specific basis matrices. Finally, following a similar pattern as the 2 partition
model, for the 48 datasets 6P_L¥3® was favoured over 6PA0 18/19 times for
P_PROSA/C_PROSA and 28/31 times for FoldX/FoldX+C_PROSA. Even the single
partition energy model LGFO was often preferred by AIC over any of the Le and

Gascuel partitiorspecific basis matrices without structural constraints.
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While the foregoing resultwere unexpectedthey can be rationalized as follows.
The Le and Gascuel partitiespecific matrices capture generalized substitution rates
observed amongst secondary structure classes at different solvent accessibdittes
seems that the FoldX analEX+C_PROSA models, in most cases, are able to capture
the similar information in a partitiespecific context. Moreover, using PROSA or FoldX
energy constraints provide additional model fit gains by taking into accowspsitdic
features beyond sectary structure and solvent accessibility such as residue packing and
side chain neighbouring interactions.

Table 23: Number of times out of 48 that a model using LG basis matrices was preferred by AIC to a
model using appreriate secondary structure/solvent accessibility matrices from Le and Gascuel, 2009.

2P 3P 6P
P_PROSA 19 40 18
C_PROSA 18 39 19
FoldX 27 44 28
FoldX+C_PROS/ 29 43 31

2.3.8 THE PERFORMANCE OF SCPES IN THE VICINITY OF PROTEIN-PROTEIN,
PROTEIN-LIGAND INTERACTIONS.

Important proteirprotein and proteitigand interaction sites as well as sites that
were not structurally constrained at all were expected to be poorly modeled by SCPEs
compared to sites involved in interactions that stabilized the overallirpriold. We
assessed whether our structurally constrained partition models could be used to highlight
areas where structural constraints are not sufficient to model the evolutionary dynamics at
sites of interaction.

Figure2.6 ill ustrates how our model could be used in identifying sites involved in
functional interactions to other molecules using the example of pectin methylesterase.
Pectin, one of the main components of the plant cell wall, is secreted in a methyl
esterified formand later deesterified by pectin methylesterases. We used the crystal
structure of pectin methydsterase (PDBID 1XG2) from our dataset and examined the
differences in thd T iC'Q& Q@N & Wetween LGS and LG Figure 2.6a). This
initial mapping demonstrates that our general 1 partition energy model may not be
sufficient to highlight regions involved in extpotein interactions sathere are many
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poorly modeled regions well away from the active site. The additional improvement
observed when comparing 6P_L@3 to LG (Figure2.6b) reveals that residues involved

in the binding to substratd=igure 2.6¢c), product Figure 2.6d) or a protein inhibitor

(Figure 2.6e) are generally worse modeled compared to the rest of the protein surface
(Figure2.6f). Interestimgly, this type of analysis also revealed some evidence of problems

with the structural constraints implied by our energy models. Sites involved in
interactions with the inhibitorHigure 2.6e) are modeled quite well by our general
structural constraint modeFigure 2.6a) despite the fact that the conservation in the
sequence here arises from interactions with the inhibitor and not a constraint for the
overall protein fold.Figure A23 that compares 6P_L@®& to LG+qG reveals that the

active site and inhibitor binding site are much more poorly modeled for the 6 partition
model relative to the single partition model. Although the 6 partition model fits better

than LG at these sites, many residues on the Ginfi¢ghe active site are poorly modeled

with respect to LGegs. This indicates that the additional structural specificity of
information harvested by 6 partition mode
mi sl eddé6 if ther e actional feamgcoristaining sieg thauacetnatr a | /
included in the energy calculations.

Similar analyses of the distributions of the PSSF for datasets containing
interacting sites meeting our criteria inferred from the biomolecular interaction server
(see nethods) are summarized kigure 2.7. We inspected all interacting sites in our
protein structures and often found that at least one of our four models would highlight
some of the residues involved in the binding sites definedI8. However, it is most
often the case that these binding sites are relatively conserved and show at least some
improvement in fit (O<PSSF<1) for all our structurally constrained models relative to
nortenergy models. Thus, we caution that, while our wekttan be used to illuminate
sites involved extrgrotein interactions, some sites may still be missed if negative site
likelihood differences relative to neemergy models are the only criteria used to

determine them.
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1P_LG+AG vs 1P_LG BP_LG+AG vs 1P_LG
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Figure2.6: Using structurally constrained models of protein evolution to identify interaction
sites.
Using FoldX + C_PROSA energies, we plot log(Site likelihood) differences (Id) between

the same site modeled under two models ran@ the result onto the structure of pectin
methyktransferase (1XG2)(a) Compares LG to LGgG to examine the effect of
incorporating energies into the modgd) Compares LG tap O, ' 3' to establish the
effect of partitioning on the model. Blue regions have Id>1 implying the more complex
model gave a greater siligelihood. Red regions indicatld<0 LG fit that site best.
Colors in between have 0<ld<1. Partitioning reveals a poorly modeled patch on the
surface that corresponds well to substrate and product bindingd(s)tgsl)] inferred by
superposition from related protein structures (FDBXNTB and 2NSP) as well as an
inhibitor binding site present in the original crystal strucia)e(f) Residues potentially
engaged in hydrogen bonds (a@it: 3.4 ), hydrophobic interactions (coff: 5A), or
simply making space for these interaction partners -qffut small residues
iGASPVTCI L NA) seein tolbé poorls modeled with respect to the rest of the

protein.
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Figure2.7: PSSF factors for interacting sites plottadainst alignment information.
By treating sites involved in interactions as a structural partition, we plot the PSSF (see

methods) for sites identified to have interacting partners to lggandther proteins in 23
alignments from our dataset. We plot the PSSF against alignment information ([number
of taxa] x [number of sequences{ [normalized branch length]) to illustrate a slight
tendency for the PSSF to decrease with increasing alignmmmation. Plots are
presented for LGgG (LG+glG) and 2P_LG (2P) models utilizing P_ PROSA,
C_PROSA, FoldX and FoldX+C_PROSA energies.
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2.4 CONCLUSION :

We have developed a novel structurally constrained model of protein evolution
that formalizes the indepdence energgnodel framework. Our model is implemented as
a standard maximum likelihood phylogenetic model in which sites are assumed to evolve
independently. In four models, we allow parameters to be estimated over the entire
dataset or separately by geht accessibility, secondary structure or both. In 16 variants
of our model we tested each of these models using estimaté8 fobtained from
PROSA pairwiseb-carbonbased pairwisestatistical potentials (P_PROSA), combined
PROSApairwise and surface potentials (C_PROSAg FoldX physicdhased empirical
force field (FoldX) and a combination of both FoldX and C_PROSA potentials
(FoldX+C_PROSA).

Regardless of the potential used, we find statistically significant likelihood gains
over LG from our simple energy model. Models using a combination of physical and
statistical potentials (FoldX+C_Prosa) tended to outperform modelg eirer potential
on its own. The FoldX potential better modeled conserved residues and for residues in the
hydrophobic core of the protein structure, while PROSA performed better at capturing
more variable sites and on the hydrophilic exterior. Our maxtf potentials approach
provides the best fit to both the hydrophobic core and solvent accessible region. Allowing
parameters to be estimated separately for residues on the surface also helps to resolve
biases in parameter estimates found within thespratore.

We implemented three additional variants of our models incorporating
environmenispecific substitution models (Le and Gascuell@@s the base substitution
model instead of LG. While the latter models do not generally perform as well as
Obancgk imatricesé6 for the energy model as mo
significant likelihood gains to be made by incorporating our structurally constrained
model of protein evolution over these already structurally constrained general sobstitut
models.

Amongst our models, we believe that the 2P_LG model is likely the best
candidate model to extend in future implementations if the proteins of interest do not
contain many sites and are very highly conserved. On the other hand, 6P_LG model

heavly partitions the alignment (Table SI) and while it is generally the best performing
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model, it requires more data (i.e. variable sites and sequences) to justify the additional
adjustable parameters that must be estimated from the data. Of all thergattitiodels,
the 3P_LG modamproves model fibver the norpartitioned energy mod#he least

The structurally constrained model we have implemented is a comparatively
simple SCPM because it is based on single point substitutions at a site and it cannot
handle multiple substitution scenarios that are accounted for by both SEPMs and DEMs.
This is not necessarily a negative feature however, as the accuracy of the free energy
calculations idikely to become inaccurate as the sequence in question driftsfeamay
that of the template structure used (Khatun et al., 2004). This is especially likely for
empirical effective energy potentials which are trained to approximate experimental free
energy changes in databases, such a ProTherm, of proteins with sings #ofew
substitutions (Kumar et al., 2006). Furthermore, by simplifying the process of generating
rate matrices, wehave the ability to explore the development of -4stationary
structurally constrained models that allow drift in the protein strucuaress the tree.
Such models could be invaluable in the development of more accurate methods for
ancestral protein reconstruction and to serve as a null model upon which to detect

instances of positive evolution.
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CHAPTER 3 DISCUSSION
3.1 MODELS IMPLEMENTED

3.1.1 EVOLUTIONARY CONSTRAINTS ON CODING SEQUENCES:

We have implemented and explored a variety of structurally constrained
phylogenetic models that attempt to accommodate different biophysical constraints. We
first introduced a structural constraint using a single rpatarization across the entire
dataset measuring the strength of the structural constraint (Equaidnbn this model,
each site in an alignment is fit using a general substitution model adapted chyassite
basis to reflect structwgpecific costraints on aminacid replacement. Although this
specification performs quite well with respect to a model not incorporating structural
constraints at all, it has a problematic underlying assumpti@at constraints can be
uniformly applied to all sites protein substructures in the same way

It is not entirely clear that the relationship between structure and function, and
more specifically the relationship betwe®fOand protein fithess should be uniform
across all structural environments. On one hand, the argument could be made that the
relationship is negligible only at sites where substitutions could have small effé6@ on
as is the case for many residuestbe surface of the protein. However, destabilizing
mutations do arise in our potentials at the protein surfhae if they are reliably
calculated,may not affect the overall foldbut instead idluce only local structural
rearrangements. If these suhgtons are located distantly from the functional centers of
a protein, they may have relatively insignificant effects on protein function and be
considered neutraln contrast,similarly destabilizing substitutions in the protein core,
are more likely toaffect not only the final protein product but also the kinetics of the
folding process itself.

3.1.2 STRUCTURALLY CONSTRAI NED PARTITION MODELS:

In Chapter 2 we challenged an underlying assumption made by all currently
existing structurally constrained phylog#ic models that structural constraints can be
applied uniformly across site®¥/e focused on the development of a series of structurally
constrained partition models that allow for alternative parameterizations of our general

model in differing secondarytrsicture and solvent accessibility categories (Equatiens 5
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6). The improvements in model by these partitioned madgesnsistent with the notion
that the relationship betweely'O and fitness diffes across structural environments
including solvent expagse and secondary structure. Additionallhile each site may be
subject to its own substitution process, sites located within specific structural
environments may share some similarities in their energetic preferences for (or against)
certain amino acidg-or example, sites located within alpha helices will probably exhibit
low preference for transitions to proline while sites located within the core of a protein
structure will exhibit elevated transitions between hydrophobic aadms and
potentially educed transitions to hydrophilic amiacids. Therefore, another
contributing factor towards the likelihood improvements we observe in partitioned
structurally constrained models is in correctpajential errors irpotentials by factoring
in these genefarends.

Understanding that the relationship between folding energy and function differs
across structural environments opens the possibility for future research directions where
mixture modeldhat allowseveral alternative weightings on the structaraistraing are

used to model the evolution of sites in an unsupervised way.

3.2 OTHER CONSTRAINTS ON PROTEIN EVOLUTION IG NORED BY OUR
MODELS .

3.2.1 MAINTENANCE OF EXTRA-PROTEIN INTERACTIONS REPRESENT
ANOTHER SELECTIVE CONSTRAINT ON SITES.

Proteins must interact ith other molecules such as ligands, metaffamors,
prosthetiegroups or other proteins in order to carry out their function. These interactions
may be obligate or transient. Examples of obligate interactions include coordinated metal
co-factors, prostetic groups and the alternative domains of oligomemiteins, whereas
transient interactions are exemplified by substrate (ligand) binding and many types of
proteinprotein interactions. Because they are usually directly related to the primary
function of a protein, interacting sites are constrained to a degree that likely varies
according to the importance of the interaction (Franzosa and Xia, 2009; Valdar WS and
Thornton, 2001; Kimet al, 2006; Eames and Kortemme, 2007). While maintaining
functional nteractions to other molecules and proteins is important, some have

speculated that there is a related constraint to avoid potentially toxic interactions and

65



secondary activitiewith other molecules or other proteins in the cell (Zheihgl, 2008;
Deedset al.,2007).

3.2.2 INTRINSIC CONSTRAINTS ON TRANSLATIONAL ACC URACY AND THE
FIDELITY OF PROTEIN FOLDING:

Translational accuracy and the fidelity of protein folding may also influence
protein sequence evolution (Gingold and Pilpel, 2011; Yeingl, 2010). Erors can
occur during translation whereby the ribosome erroneously incorporates an amino acid
into the growing polypeptide from a charged tRNA that has a one base mismatch relative
to the correct codon on the mRNA. Such errors have been postidatecir in yeast in
theorder ofp 1t errors per codon (Stanfields al, 1998 ) ang 1t errors per codon in
B. subtilis(Meyerovichet al, 2010). Mistranslation errors that occur when tRNAs are
incorrectly charged with the wrong amino acid are also postulated to occur at a frequency
of p 1 errors per amin@cyl tRNA synthesis reaction (Ibba and Sol, 2000). This
potential for mistranslation error, along with the observation thaQrasophilg sites
that are strongly evolutionarily conserved tend to utilize optimal codons, thds tee
proposal that selection favors optimal codons at sites where mistranslation errors could
most greatly compromise protein function (Akashi, 1994). Mistranslation errors may not
always be significant but can lead to missense substitutions or prenetmination that
can disrupt protein folding, leading to selection for coding sequences that translate with
reduced translational error rates (Drummeandl, 2005; Drummond and Wilke, 2008;
Drummond and Wilke, 2009). Even enfoee proteins can hawe propensity to misfold
(Dobson, 2003), and thus the fidelity of protein folding has also been suggested as a
significant constraint on protein evolution (Drummoet al, 2005; Drummond and
Wilke, 2008; Drummond and Wilke, 2009; Yaagal, 2010).

3.2.3 PROTEIN EXPRESSION LEVEL INCREASES THE RELEVANCE OF
STRUCTURAL CONSTRAIN TS ON PROTEIN EVOLUTION:

The rate at which different proteins accumulate substitutions over time varies. The
most significant predictor of overall evolutionary rate appears to be thessiprdevel
of a protein; the more highly expressed a gene is, the slower it tends to evoleegRal
2001; Krylovet al, 2003; Drummongt al, 2005; Lemot al, 2005). It is thought that
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the strength of the various constraints imposed on protgjnesces discussed above are

amplified with increased expression level (Wetfal, 2010).

3.3 FUTURE RESEARCH DIREC  TIONS :

The SSM, IEM and DEMstructurally constrained protein evolutitameworks
presented in the literature thus far rely on the ideaatmhcacid exchangeabilities at a
site remain constant across the tree. Howedteés,is a problematic assumption because
protein structures o0dr i ft Ghesemadelsrecextentedt i on a
to problems involving morand more diveessequenceghe substitution modeWwill fit
less well to those sequences that are evolutionarily distant to the sequence of the
reference structur®ne simple way to address this problem of structural drift that should
be explored would be tavera@ substitution models generated from different structures
in the alignmentorresponding to relatively distanttglated sequencebklowever, there
will still be a point at which sequencesll have drifted too far to be fit well by even
these averagemodels.An alternative, more sophisticated, solution is to construct non
stationary models that o6driftdover the phy
part of the tree to be preferentially modeled by the nearest structure. Fortunatklgt the
thatwe only work with 20 substitutions at each sit@ur model(in contrast to the DEM
models) makesthe generation ofthese nonstationary structural constrainhodels
feasible.

3.3.1 A NON-STATIONARY STRUCTURALLY CONSTRAINED MODEL:

The premise behinthe nonstaionary structurally constrained modgé¢scribed
aboveis thatthe modelimplied by a given structurgvi | | btlee seéquencesi thatéare
closest in sequence to the structure sequéndke phylogenetic tree Furthermore,
multiple sequences whosesttures are available could be included in an analysis and
each of these structures can be usegetterate a substitution mod&hen the resulting
substitution modelsouldbe mixed in some way proportional to their distance away from
the leafstructureused to generate the modiet a given branch in the phylogenetic tree

In such a bottorup inference of the substitution process, the ma@ixwould

have to change across the tree as the likelihood is evaluated fromuése tledhe root
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nodev . Consider a branch 6in a rooted tree with nodé ancestral ta and having
branch lengtto. In our classic structurally constrained model we calculaté® across
the tree with the sani&used to model each branch for a given siteweler, in a non
stationary model we wish &pecify’E, , at0 as a mixture om structurally constrained

models originating fronthe subset of leaf taxa that have structures available

One possibilityis to modeleach branch as mixture of altemative structurally
constrained models in a way similar to that used to dealraithcategories across sites
(Yang, 1994) The likelihood for a given site at a given branch would then be computed
as the weighted average of the likelihoods calculate@ruedch ofm distinct models.
The weightson each alternativenodel would have to be optimizeds separate
parameterdor each branch. Howevethis is a very computationally complex solution
and requires the estimation ofT(3)(m-1) additional parameteffer T taxa, requiring a
largeamount of data to obtain reliable parameter estimates

Another alternative ido insteadoptimize a single parameter per structurally
constrained model that determin@sde@ay raté of the structural constrairgssociated
with a given modehway from the leaits sequence occupieBelow wedemonstrat&éow
our structurally constrained model coldd used to determine the best weighted average
of a set of structural constraints emanating from $eguences at thé&ed taxa
afih 8 & and we then increase the realism, hence complexity, of this mddel

start with the model specification:

0 8 0 0
Where0 is defined identically to Chapter Zo obtain the best avega of m
structural constraintsve could optimize a parameter $et 1 i) M 81 with the

calculated values o®'O for each alternative structural constraint such tiat
AYO /YO nYOé n YO . Optimizing0 over the entirealignment
would lead to the best weighted average of several structural constraints across the tree
but this model would be stationary across the tree and not vary across branches
We now convert the weighted average modkscribed abovdo a model
accounting for structural divergence from one sequence in an alignment to another across

the tree. Modifying this weighted averaigwolves making the strength of the structural
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constraintd depend on the distance=[QHQHQ 8 Q ] from leaves containing a
structural constraint to the most ancestral n@den the branchy deing evaluated. As
an example, each structural constraint could take one additional parameter

(i i A 8i )toallow for an exponential decay rate forthet h ener@Vhet er m i
resultingnonstationary model would hav@ atv decay with distance and therefore be of
the form:

00 nRQ YO /AQ YO /AQ Yoé fQ YO

3.3.2 APPLICATIONS OF NON-STATIONARY STRUCTURALLY CONSTRAINED
PHYLOGENETIC MODELS:

ANCESTRAL PROTEINWBENCE RECONSTROGTAND PROTEIN STRURE PREDICTION
A non-stationary model of this sort would represent a landmark advance in

phylogenetic modeling capable of more accurately inferring ancestral protein structure
constraints from a set of presetsty known protein struates. Here, ancestralatesat a
node can bestimatedby finding thestatethat maximizes the partial likelihood at that
node. It would be interesting to see how our -stationary structurally constrained
model would perform in ancestral sequence rettantion when compared to a variety of
available methods.

A nonstationary structurally constrained phylogenetic model represents the first
attempt to make a structural constraint dgpécific. This affords an opportunity to treat
the actual protein sicture agpartially unknownand optimized by theML. Homology
modeling, a technique used to infer a protein structure from closlelied sequences,
typically produces a set of closely scoring protein structures that are similar to correct
protein structee. This methodologgould beextended by firstesohing a set of protein
structure decoyat a taxon and themmking these decoyaccording to the likelihood that
the structural constraints that they imply would lead to the substitution patterns dbserve
in the sequence alignment. This could be applied to infer the structure of the protein at
leaves where no structure is known but where a set of known structures is available for

the alignment.
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BENEFITS TO THE STRIRAL BIOLOGY COMMUX

Non-stationary structurally constrained models benefit the stmattiology
community as wellFrom a structural biologperspective, arguments about biological
function arise as a discussion of the critical intermolecular contacts that give rise to the
dynamics and aivity of a protein. There are readily available toolsarporated in
molecular dynamics packages as well as a plethora of experimental methods that allow
experimenters to test these biophysical hypotheses for any given protein structure.
However, thergs nosimilar packagethat assessswhether these biophysical hypotheses
translate into structural constraints that leave an evolutiagf@tprintdin an alignment.

Non-stationary structurally constrained models could also be used to better
capture theshifts in substitution patterns frequently observed to occur at functionally
divergent sites. One of the greatest unfulfilled promises of the structurally constrained
model framework is to find a way to take into account varying constraints for function
across the tree. Known functional constraints couldals® defined at each leaf and
allowed to deaywith increasing distance from the leaves only to eventually be replaced
by functional constraints known to exist at other structurally constrained leafs

Perhaps the most helpful feature of our model is the ability to test the structural
constraint hypothesis on a site by site basis. As discusS@dajpter 2, sites with large
site likelihoods under our modelghen compared to nestructurally constrained odels
are likely to be under a structural constraidowever,siteswhere the improvement in
model fit is small, or where nestructurally constrained models fit beate either
evolving under a differing evolutionary processace poorly modeled due @&ros in the
potentials used to postulate free energy change& nonstationary structurally
constrained model would improve the performance of these models by helpdegtity
sites where a change in the substitution model is observed simply betdnsechange

in a structural constraint.

3.3.3 IMPROVING STATISTICAL POTENTIALS FOR STRUC TURALLY
CONSTRAINED PHYLOGENETIC MODELS.

A complete understanding of how a prot

constrains its sequence depends on the accuracy withh Wlophysical characteristics
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can be translated from known protein structures into evolutionary constraints. However,
it is not always clear how a single point mutation might affeefunction of a protein

and the impact of multiple substitutions issavess predictable. Outside of a few model
systems, very little is known about the mechanistic details of protein folding, or the
dynamics required for function. This is true even without considering aatito
substitutions, and the error associated \liggse kinds of predictions increases as more
and more substitutions are taken into account at once. For this reason, the results
obtained by phylogenetic energy models (including our own described in Chapter 2)
should be treated with a degree of cautibnour own research, we have limited our
models to incorporating biophysical constraints arising only from single point mutations
to try to limit this source of error.

The focus of the research presented in this thesis has been on advancing the
structually constrained model framework as opposed to improving the accuidity
which biophysical trait®f proteinscan be expressed as a structural constraint. However,

a reader interested in this area should consult Kleinemal. (2010) where a series
statistical potentials wereleveloped with terms related to a variety of biophysical
constraints such as pairwise distance interactions, torsion angles, solvent accessibility,
and flexibility of the residues.

Perhaps the most practical yet unaccountegdhyisical constraint in structurally
constrained models is a constraint to preserve critical contact between a protein and other
ligands, cefactors or prosthetic groups. The reaiwat this has not been accounted for to
dateis that there are very few idges involved in explicit functional contacts relative to
the number of residues involved in supporting interactions; Therefore, including a
structural constraint for function would lead to minimal likelihood gains after exhausting
attempts to create a meralized framework to deal with these molecular interactions.
Perhaps a more interesting constraint to explore would be a constraint to avoid potentially
toxic proteinprotein or proteidigandinteractions. Such a constraint has beémscussed
in a revew by Liberles (201 but hasyet to be incorporated in to a structurally
constraineghylogenetianodel due to the difficulty in determining how a constraint with

so many unknowns might be visible to selection via single amtnbreplacement

71



3.34 FINAL REMARKS

As a final word of adviceto future researars in the field of structural
constrained phylogenetic modeling. Advancements in this field come from two types of
innovation. The first is from improvements in the potentials used to infer relativesfitne
profiles for amineacids on a site by site basids described above, there are many
aspects outside of simply maintaining the protein fold to be explehssh improving
existing siteindependeritiependenstructurally constrained frameworkShe seconds
through innovations in the way these fithess profiles are included into existing
phylogenetic modelsStructurally constrained models have yet to adopt a philosophy of
structural drift across thderived phylogenySuccess in this field requires a wumiq
person with a clear understanding of mathematical modeiingerical methods, protein
structure and evolutiorl. highly recommend bothheseresearch directions to patient,
enthusiastic and skilled bighysicists, mathematicians or mathematicaitympeent

computer scientists.
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APPENDIX A - SUPPLEMENTARY FIGURE S AND TABLES FOR
CHAPTER 2

Supplementary Figure Legends:

Figure A1-A2:  q distributions obtained across all sites in 1XG2 to the 20 amino
acids. Approximations to3 30 values obtained across sites when introdupmigt
mutations into the wildtype pectin metkyansferase (PDBID 1XG2) sequence using
P_PROSAAL) or FoldX A2). The distributions of 30 energy values are graphed

for the 6 structural environments studied in this paper: Exposed Extended (B)e&xpos
Helix (H), Exposed Other (O), Buried Extended (b), Buried Helix (h) and Buried Other
(0).

Figure A3: Subsample selected from the 300 test sets used in Le &wascuel 2009.

A representative subsample of 48 sequence alignments (large black pointsheetsls
from amongst the 300 test alignments used in LeGamtue(2009) (small black

points).

Figure A4: Dominance of partition models over standard single partition models :

(a) ¥ Determines the weight given to a partitigpecific model in the evaluation of the
rate matrix and stationary frequencies. Estimates tend to be highest for 2 partition
models, lowest for 3 partition models and intermediate for 6 partition matlblke
incorporating energies into the model tended to reduce the magnitude ofy t ended t
be large indicating that a partiti@pecific model was often preferred to a model without
partitioning.

Figure A5: mean and standard deviation ob 1 ¢y 4. : each model M studied in the
paper resulted in a maximum likelihood estimate fogmnates across sites parameter

b 1. We graph the ratio of to that obtained using the standard LG model for models
utilizing P_PROSA, FoldX, C_PROSA andl&®+C_PROSA energies. No significant
effect on alpha was determined.

Figure A6: mean and standard deviation of the

T1 T HUHOHPRHHD B 6 1 T HT HS BHRTHHD T lebich model M

studied in the papeesulted in a maximum likelihood estimate for the branch lengths.
We graph the ratio of the average branch Ien-gtlﬂ—J@ under a model M to that obtained
using the standard LG model ¢fumy {Lm).

Figure A7-A10: Median stationary frequencies obtained for the 2P_LG, 3P_LG and
6P_LG partition models utilizing P_PROSA A7), C_PROSA @8), FoldX (A9) or
FoldX+C_PROSA (A10) energies:

(a) Median stationary frequencies derived for the 2P_LG model in exposed and buried
structural classes adihed from a subsample of 1092 sites from each structural category.
(b) Median stationary frequencies derived for the 3P_LG model derived similarly for
subsamples of 1092 sites from each structural cate@median stationary frequencies
derived for tle 6P_LG model derived similarly for subsamples of 1092 sites from each
structural category. Median stationary frequencies are again presented for tpe LG+
model (Black dashed lines). In each case, we compare to the median stationary frequency
from 1092 dies sampled randomly from our dataset under theg&model (Black
dashed lines).
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Figure A11-A14: Boxplots for the distributions of stationary frequencies Boxplots

of the stationary frequency distributions observed for various amino acids for the 4
modds analyzed. The stationary frequencies have been presented separately for each
structural category evaluated by the model. Each figure was generated by subsampling
1092 sites from the appropriate model/structural category combinBbt@plots are
presened forP_PROSA (All), C_PROSAA12), FoldX (A13) or FoldX+C_PROSA

(Al4) energies.

Figure A15-A18: Median Q ratio matrices for models utilizing a combination of

FOLDX and PROSA energies.After running our structurally constrained partition
models in all 8 datasets we randomly sampled 1092 sites being analyzed under a
particular structuratategory/model combination. We calculate the ratio of the median

0 entries found using the various models analyzed in this paper to the median entries
found wherusing the standard LG model. For these figures we removed the top 5% of
outliers to ensure the median as a measure of central tendency. Clearly the major
contributor to model improvement is solvent accessibility. Ricegpresented for
P_PROSA @A15), C_HROSA (A16), FoldX (A17) or FoldX+C_PROSA A18) energies.
Figure A19-A22: mean average deviation away from the media#- atrices. After
running our structurally constrained partition models in all 48 datasets we randomly
sampled 1099 matricesfrom sites being analyzed under a particular structural
category/model combination. We calculate the mean agetagation from the median

0 as a measure of variance for the model. For these figures we removed the top 5% of
outliers to ensure the median as a measure of central tendency. Clearly the major
contributor to model improvement is solvent accabtgibPlots are presented for
P_PROSA A19), C_PROSAA20), FoldX A21) or FoldX+C_PROSA A22) energies.
Figure A23: Comparing back to the general structurally constrained model can

more boldly reveal regions of the protein structure selected for functim. Looking

for patches on the protein surface that are poorly modeled under our model may lead to
functionally relevant insights. Using FoldX + C_Prosa energies, we ploSiteg(
likelihood) differences (Id) between the same site modeled under twelsnadd map

the result onto the structure of pectin metlighsferase (1XG2). Iifa) we examine the
effect of incorporating energies into the model by comparing LG tog&while in(b)

we examine the effect of partitioning by comparing L& to@ 0, ' 3' . Blue

regions represent regions where Id>1 indicating that the more complex model gave a
greater likelihood for that site. Red regions indicate 1d<0 indicating that the simpler
model fit that site best. Colors in between have 0<ld<1. Partitionvegiea large

poorly modeled patch on the surface that corresponds well to substrate and product
binding siteqd(c) ,(d)] inferred by superposition from related protein structures (PDBID:
2NTB and 2NSP) as well as an inhibitor binding site present iartgmal crystal
structure(e). (f) Residues potentially engaged in hydrogen bondsqifuB.4i ),

hydrophobic interactions (cutff: 5A), or simply making space for these interaction
partners(cub f f : s mal | resi due sA) seaBnAcHP Nodrig inddéledl wi t h
with respect to the rest of the protein. Many more sites here seem poorly mokeited w
compared to those in figure 6.
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Table Al: Alignment statistics for datasets used in to assess structurally constrained
models.

PDB #isites #Taxa ntbl Ex Bu U] O ExIEx!ExO BufBul BuO

1IONL 103 53 014 60 43 42 15 45 17 11 31 25 4 14
1QUP 121 18 014 8 36 47 19 55 23 14 48 24 5 7
1QWD 121 61 013 8 35 62 4 46 37 3 37 25 1 9
1SOL 122 33 009 82 40 56 0 66 22 0 60 34 0 6
1IBYR 126 25 016 76 50 38 41 46 14 24 37 24 17 9
2F1F 131 74 008 83 48 55 38 37 24 27 31 31 11 6
10Q0 146 35 014 110 36 37 0 70 16 0 5 21 0 15
1vDD 151 93 009 97 54 17 56 78 4 32 61 13 24 17
1Y10 153 41 0.12 103 50 50 28 42 20 15 35 30 13 7
2DKF 163 88 016 75 88 46 31 86 13 15 47 33 16 39
1C8U 165 84 012 110 55 55 36 74 28 20 62 27 16 12
1H4U 172 12 0.16 111 61 75 14 75 45 2 56 30 12 19
2A8E 194 14 012 125 69 37 78 78 10 54 60 27 24 18
1IHG3 209 22 022 102 107 35 79 94 1 42 58 34 37 36
IHYN 213 35 008 154 59 38 47 73 13 27 59 25 20 14
IXNF 230 34 016 150 80 O 166 58 O 96 48 0 70 10
1L9X 243 14 019 132 111 64 72 80 17 39 49 47 33 31
2DP5 256 21 0.04 248 8 10 21 225 7 20 221 3 1 4
1E6E 265 44 0.15 150 115 37 101 124 15 50 82 22 51 42
2GA9 267 18 0.13 178 89 32 126 8 15 70 69 17 56 16
IXG2 282 89 0.09 144 138 103 7 172 26 4 114 77 3 58
1Q2B 293 68 0.09 165 128 110 7 175 45 5 114 65 2 61
2H85 303 28 0.07 209 94 72 65 166 41 37 131 31 28 35
1IWUF 304 33 0.15 163 141 68 101 117 29 51 65 39 50 52
1CRZ 306 47 0.10 198 108 118 33 155 55 16 127 63 17 28
2DGK 310 57 0.12 140 170 40 97 159 11 45 70 29 52 89
1IHYO 316 46 0.14 172 144 79 63 172 22 35 113 57 28 59
1T4D 327 91 0.09 186 141 59 129 139 12 73 101 47 56 38
1QZ9 332 42 0.13 199 133 37 122 172 8 72 118 29 50 54
3GLY 337 37 012 169 168 12 164 161 4 58 107 8 106 54
1098 339 93 0.5 182 157 52 119 167 10 65 106 42 54 61
2GLF 352 34 015 180 172 86 81 185 24 44 112 62 37 73
1Q78 354 40 0.09 236 118 34 133 167 17 73 126 17 60 41
2F82 357 43 0.08 184 173 72 138 147 17 66 101 55 72 46
1R9Z 364 57 010 209 155 70 128 159 18 78 106 52 50 53
1ClY 383 38 010 234 149 70 179 130 38 93 99 32 86 31
1ZVL 388 47 0.07 231 157 50 130 208 21 68 142 29 62 66
1DKM 392 16 0.08 233 159 63 147 182 24 70 139 39 77 43
2BH9 392 48 0.10 245 147 90 108 194 29 59 157 61 49 37
2F7F 432 56 0.14 258 174 95 148 186 37 82 136 58 66 50
2A3L 439 49 0.10 323 116 29 127 198 4 73 161 25 54 37
1BFD 453 38 016 251 202 75 159 218 17 78 155 58 81 63
20LB 472 44 0.14 263 209 89 140 243 45 72 146 44 68 97
2H4AM 477 20 013 317 160 O 294 145 0 156 123 0 138 22
1Q0BA 520 40 0.09 289 231 123 113 284 58 54 177 65 59 107
1LNS 617 15 0.17 338 279 99 182 336 32 86 220 67 96 116
1QLN 739 11 0.20 473 266 46 355 317 18 200 234 28 155 83
2GHO 897 44 0.06 534 363 94 76 727 41 28 465 53 48 262

* Abbreviations: exposed (Ex), buried (Bu), Extendi)d Helix (@, Other (O), buried extendeB {1 )bburied helix B u)U
buried otherBuO), exposed extendeé (x)pexposed helixE x)@nd exposedHxO).
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Table A2:

Number of Number of
Model parameters parameters

S S S S
1P 1 1
1PNG 2 3
2P 40 40
2PNG 42 44
3P 62 62
3PNG 62 65
6P 116 116
6PNG 122 128
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Table A3: Comparing 3P+)7-n models to LG: Partition -specific significance factors
and the % of likelihood differences greater thanO.

All sites Extended Helix Other

Energy type Residue PSSE %>0 PSSF %> PSSE %>0 PSSE %>0
Hydrophobi
city Clas8

All Sites 1 65% 119 67% 1.18 66% 0.78 63%

Hydrophillic  1.05 67% 0.31 55% 1.03 65% 128 71%
P_PROSA Hydrophobi

¢ 085 63% 171 75% 1.01 65% 0.12 54%
Other 142 65% 11 62% 24 71% 0.73 60%
All Sites 1 66% 1.14 68% 1.2 68% 0.79 64%

Hydrophillic  0.99 67% 0.21 53% 1.02 65% 1.2 71%
C_PROSA  Hydrophobi

c 092 66% 169 77% 1.08 69% 0.24 56%
Other 139 65% 1.04 64% 23 72% 0.77 61%
All Sites 1 76% 14 79% 1.05 78% 0.78 72%
Hydophilic 057 67% 0.49 65% 051 65% 0.63 69%
FoldX Hydrophobi
c 141 85% 195 90% 145 89% 1.01 79%
Other 1.02 70% 121 69% 127 77% 0.74 65%
All Sites 1 77% 126 80% 1.04 79% 0.85 75%

Hydrophillic  0.75 72% 0.52 66% 0.67 70% 0.86 75%
FoldX+ C_ PROSA Hydophobi

c 1.20 83% 168 88% 125 85% 0.84 76%

Other 117 73% 133 71% 150 80% 0.85 68%
All sites Extended Helix Other

All Sites 15028 3087 5019 6922

Hydrophillic 6605 1024 2016 3565

Counts Hydrophobi
C 6826 1793 2408 2625
Other 1597 270 595 732

a: Sites containing > 80% hydrophobic/hydrophilic residues labeled as such. All other sites
pooled into an Other category.

b: partitionspecific significance factor = m -_-
c: % of sites in the category with likelihood dlfferencesageethan 0.
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Table A4: Comparing 6P+)7-n models to LG: Partition -specific significance factors
and the % of likelihood differences greater than 0.

All sites Exposed Buried
Energy type Residue PSSF %>6 | PSSF | %>6 | PSSF| %>6
Hydrophobicity Clags | °
All Sites 1 66% 1.06 64% 0.93 68%
P PROSA Hydrophillic 1.11 66% 145 70% 0.23 56%
- Hydrophobic 09 67% 014 52% 1.26 73%
Other 097 60% 1.18 60% 0.42 60%
All Sites 1 70% 105 69% 094 71%
C PROSA Hydrophillic 1.05 71% 138 76% 0.22 57%
- Hydrophobic 0.88 69% 0.14 54% 122 77%
Other 1.31 66% 145 66% 0.94 64%
All Sites 1 79% 09 74% 1.12 85%
FoldX Hydrophillic 079 75% 087 75% 0.6 73%
Hydrophobic 117 85% 0.86 75% 1.32 90%
Other 111 71% 1.08 69% 121 76%
All Sites 1 80% 093 76% 1.08 84%
Hydrophillic 085 76% 096 78% 056 72%
FoldX€ PROSA Hydrophobic 1.10 84% 0.72 73% 1.28 90%
Other 121 74% 119 73% 125 T77%
All sites Exposed Buried
All Sites 15028 8106 6922
Hydrophillic 6605 4757 1848
Counts -
Hydrophobic 6826 2181 4645
Other 1597 1168 429

a: Sites containing > 80% hydrophobic/hydrophilic residues labeled as such. All other sites
pooled into an Other category.

b: partitionspecific significance factor = m
c: % of sites in the category with likelihood dlfferences greater than O.
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Figure A1l: C_PROSA energies
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Figure A2: FoldX energies
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Figure A3
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Figure A4
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Figure A7

P_PROSA distribution of stationary frequencies
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Figure A8
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Figure A9
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Figure A10

FoldX+C_PROSA distribution of stationary frequencies
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Figure A11
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Figure A12
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Figure A13
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Figure A14

0.05 0.10 0.15

Stationary Frequency

0.00

0.05 0.10 0.15

Stationary Frequency

0.00

0.05 0.10 0.15

Stationary Frequency

0.00

FoldX+C_PROSA

2P_LG+AG
B LG+AG
o 2P+AG Exposed a
& 2P+AG Buried
-
a
-
° - *
o
° L] ° -
- L]
o o T a ¢ -
™ -- - L] el
- o & o sia
_——, -
a . s - a o -
& - ; L
o a
RKQHPNETSDGACYLIMFYW
3P_LG+AG
8 LG+AG
© 3P+AG B-sheet [}
4 3P+AG a-helix -
+ 3P+AG Other
A
o o
-
-
.
.
+ -
+ =
a . .;- ° A °
" o * -
olw & - A ==
e - - a 52 o
- . a * ]
o o -t
o o ° -] [-] o +
A o k1
RKQHPNETSDGACVLIMFYW
6P_LG+AG
= LG+AG
0 GP+AG Exposed / B-sheet
aBP+AG Exposed [ a-helix
0 GP+AG Exposed / Other
= 5P+AG Buried / B-sheet "
+6P+AG Buried / a-helix ¢ .
» 6P +AG Buried / Other
a a v
a A o i
. uin h .
c e : ; °
° 0. ® e mm mm,
- . ° o
. . L ! 2 rs ; o
il - L] L3
- v - & g © ° ] a T
-, . v 5 . b
. : - @ o * = v
v oo g
- ° ] ]
. . "3 ; - H + T
RKQHPNETSDGACVLIMFYW

104



Figure A15

P_PROSA median Q ratio
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Figure A16
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Figure A17
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Figure A18
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