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Abstract

Repeated revolutions in sequencing technolognese facilitated the accumulation of large
collections ofhomologous DNAequences. A major endeavor in @nt molecular biological
researchis to exploit these databy comparativeanalysis in order to gain insights into the
function ofthesebiological sequencesA wide range of comparative sequence analyses, from
molecular phylogenetics tprotein three-dimensionalstructure prediction depend on naltiple
sequence alignment (MSAnd phylogenetic tree reconstructioas the fundamental data
structures for comparative analysisSophisticated algorithms have been developed lioth
tasks but in practiceextensive portions of the MSAnd of the tree are often unreliable. The
independent difficulties in each of the two challenges are exacerbated becaheg are
inherently intertwined¢ MSA algorithms use a tree to guide progressive sequence alignment,
while tree reconstruction algorithms rely oan MSA. This mutual dependenagavoidably

leads to propagation of errgbetween the two stages dfequenceanalysis

The studies compiled in this thessdrive to address the challenges in reducing errorshim
reconstruction ofboth alignment and phylogeny, armkplorethe bidirectional passing of errors
between the twa Specifically, in Chapte3 hybrid phylogeny reconstruction methods are
developed to take advantage of accurate evolutionary modeling in a Bayesian probabilistic
approach in combination with efficient distant@sed algorithms. Significant contribution to
accuracy is achieved ing models okvolutionaryrate variation, and more advanced covarion

like models of sitespecific rate variation are also implemented. The application of these



methods to two specific phylogenetic case studies is discussed. Next, CHaptss an
iterative scheme to investigate the contribution of improved guide trees to the accuracy of

different progressive alignment algorithms.

While these efforts strive to reduce erron$ isalsoimperative to understand and charactee

the variols sources of error that remain. The investigation of mutual dependency
demonstratesthat uncertainties in the guide tresused by progressive alignment methods are

a major source of alignment uncertaintythis insightis used in Chaptes to develop a novel
method for quantifying the robustness of eacblumn of the alignment touncertainty in the
guidetree. Evaluationusingbenchmark data shows that this confidence measure accurately
identifies unreliable alignment regions and alloftering or masking of residues where errors
are predicted. Chaptes describes an implementation of the new measure in the GUIDANCE
web server, which offers powerful predictors to identify alignment errors together with th
tools to deal with such errors. Thereby, researchers are provided with warning signs and
preventive measures to protect downstream MBAsed analyses from the detrimental effects

of alignment errors.

Throughout thee studies the proposed korithmicimprovementsare evaluated using widely
accepted benchmark databases includingth simulated and real sequense The methods
developedallow utilization of advanced probabilistic models of sequence evolution together
with the leading algorithms for phyieny and alignment.Nevertheless special attention is

given to highly efficient algorithmic choices that permit analysis of doantities of data



generated bythe rapidly advancingequencing technologiesThereby,accurate analysis is now
feasible forlarge datasets of many thousands of sequences, whreliouslycould onlyhave
been studied by simplistic methodsEfforts were made to distribute thesmethods to the
wider scientific community, and to formulate them as modular tools that canmaege with
parallel methodologicalimprovements The methodologies developed hereinlie at the
foundation of comparative sequence analysis aaek expected to contribute tahe accuracy

and reliabilityof subsequent studies of molecular biology.
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1 Background

The study of genetics has progressed from the early discoveries of single genes, through the
characterization of specific DNA sequences and the amino acid sequences which they code, to
the modern sequencingof whole genomes Such progress would not have been possible
without a continuous chain of dramatic revolutions in biotechnology, providing eofler
magnitude enhancements in sequencing yield every few yeaa/, the Genome Analyzer
platform (lllumina Inc.) is leading the €bl f t SR ay SEG 3ISYSNI Ay é
capacity to generatel.5 giga base in a single twday run (Ansorge 209; Karow 2009)
Sequence databanks are growing rapidigenbank currently holding 114 giga bases

(ftp://ftp.ncbi.nih.gov/genbank/gbrel.tx}, and researchers struggle with analysisted data

1.1 Comparative sequence analysis

To translate mass sequencing into biologically meaningful insigldsanaed tools in
bioinformatics have been developed for searching sequence databases and for comparative
sequence analysis A wide range of computational appmohes rely on comparison of
homologous sequenceso arrive at predictions regarding the structure and function of
macromolecules The immediate first step after sequencing a new gene is a BLAST search that
may instantly provide clues to the function ofetlgene, viknown functions of its homologs
Many more advanced comparative analyses rely this power of guilt by association

Typically, the basis for such comparisons is a pairwise or multiple sequence alignment (MSA)

Qx
(0p))


ftp://ftp.ncbi.nih.gov/genbank/gbrel.txt

Homologous sequences of nuctetes or amino acids are arranged one on top of the other,
such that similar residues are aligned in columns (see exampigumel.l). It is important to

make a distinction between two approachesdbgnment that differ in the type o$imilarity

they identify. Smilarity amongresidues aligned in the same colunmmay be due to true
homology, i.e., residuedescended from a commmancestral residue, either unchanged or
through substutions, while the gaps in a sequence as representing either a deletion or
insertion mutation Alternatively, similarity of aligned residues may result from analogy
through convergent evolution, for@ample, if similar residues were independently inserted in
the same position of the sequence in two separate lineadesthis case the aligned residues
may carry the same structural or biochemical role, but they cannot be considered as a genuine

homology

ARLMEMIQEEVA-- -- - DIV KGG
ARLMSMIQEEVS--- -- - EPLVKGG
AQLVMSMIHEETS-- --- - DLFVKG

ARLMAQ KEE AGSKGSAD TVRGG
ARLMPLLQEETEV-- -- - -- QVQGG
ARLM LL QEEVEV-- ---- - GVQGG

Figure 1.1: A multiple sequence alignment. Amino-acid sequences of homologous

proteins are aligned so that similar residues are arranged in columns.

An MSA may be the most fdamental data structure in bioinformatics, upon which many
types of analysis are conductetHomology search tools such as BLAST use sequence alignment

to identify homologs in the database, and more sophisticated approaches such-B&ASSI
2



and Pfam useraMSA as the search queiltschul et al. 1997; Sonnhammer, Eddy, and Durbin
1997) Many computational methodologies use the MSA in conjunction with a gieyletic

tree, which together describe the evolutionary dynamics of a sequence in terms of speciation
and divergence by substitutions, insertions and deletioN&tually all molecular evolutionary
studies rely on MSA®r phylogeny reconstructiofe.g., Stamatis, Ludwig, and Meier 2005)

for inference ofselection forces acting ogenes(e.g., Nielsen and Yang 1998; Kim and Nielsen
2004) or for detection of recombinationand horizontal gene transfefe.g., Husmeier and
Wright 2001) Usage of MSAs extends to many diverse applications from protein 3D structural
modeling to definition of protein domains and sequence mgotifsm populaion genetics to
RNA secondary structure predictiorin all such studiesthe reconstruction of an MSA and a
tree isthe necessary first stegllowing downstream analyses tierive insights and predictions

regarding the biological nature and function ofijsences.

1.2 Sequence alignment

In the early days of molecular sequence analysis, when precious few sequences were acquired
through much labor, sequences were aligned manuaNpwadays, when researchers wish to
analyze large datasetanging fromdozens tahousands of sequences, such a human endeavor

is not feasible In addition, manual alignment is subjective and irreproducibfutomated
alignmentalgorithmshavebeen developedor decades The first efficient dynamic algorithms

for pairwise alignmeng SNBE RS @St 2 LISNeedleyian énd B/unscth 1970Q3mith and

Waterman 1981) These algorithms were the basis fpractical solutions for multiple



alignment developedn the late 198@ &eng and Doolittle 1987; Higgins and Sharp 1988;
Lipman, Altschul, and Kececioglu 1988) through the following two decades more and more
sophisticated MSA algorithms and novel approaches vpeoposed demonstrating that the
problem of alignment is still not satisfactorily resolgepresentative publications: Thompson,
Higgins, and Gibson 1994; Morgenstern et al. 1998; Notredame, Higgins, and Heringa 2000;
Katoh et al. 2002; Edgar 2004; Do et al. 2005; Lassmann and Sonnhammer 2005a; Loytynoja
and Goldman 2005; Redelings and Suchard 2005; Drummond and Rambaut 2007; Bradley et al.
2009; Liu et al. 2009)These algorithms are typically used to align sequsrafesingle genes or
proteins¢ hundreds or thousands of characters in length. Such studies will be the focus of this
dissertation Following the genomic revolution in the last decade MSA algorithms were
specially adapted to whole genome alignment, whigheviewed in Batzoglo(2005)and will

not be discussed here.

Reconstructing an MSA proves to be challenging on several levllsturally, he more

diverged the sequences the greater tbleallenge In the extreme, homologous sequences that

have undergone multiple subgtidzd A 2y &4 LISNJ L2 aA A2y AQyYasd S¢ 02y
diverged sequences may still contain regions whikie correct alignment can be difficult to

discern See for examplévo common causes for uncertainty Figurel.2. Automation of the

processas a computer prograradds additional challenges€Even if we could define a scoring

function to determine the betteMSAof any two possible solutions, it is infeasible to search for

the optimal scoring alignmertbecausethe number of possible solutions grows exponentially

4



with the number of sequencesFormally, the problem has been shown to be-iN#d (Wang
and Jiang 1994; Just 2001Therefore alignment programs employ heuristic approaches to

generate a higkscoring MSA, although they cannot guarantee finding the optimal solution.

(a) ACGGGAT ACGGGEAT (b) ACGSCGTAT ACG -- GGGTAT
ACG - TAT ) ACG - TAT ACG - - TAT ) ACG -- --- TAT
ACG- TAT & ACG- TAT ACG--TAT & ACG--- -- TAT
ACG ATAT ACCA- TAT ACCGCTAT ACCQCC- - - TAT

Figurel.2: Examples where the caect alignment cannot be confidently decided. (a)
Residues in one sequence are equally similaseteeralcandidate homologous positions
in the other. (b) Dissimilar stretchesan either be aligned as mismatches or interpreted

as independent insertioor deletionevents.

1.3 Phylogeny reconstruction

Many of the bioinformats applicationghat make use of an MSAo so in the light ofa
phylogenetic tree Furthermore, fom the time of Charles Darwintaxonomists and
phylogeneticistsstrived to reconstruct thdree of life,describing the evolutionary relationship

amongspecies in term othe order oftheir divergence Figurel.3).



Figurel.3: / KI NI Sa 5 skétdh bfgh@olutdriaeé from his "First Notebook

on Transmutation of Species” (183this image is in the public domaitue to the

expiration ofcopyrigh)
For Darwin and his followers, andntii the molecular revolution of the life sciences,
phylogenies were mainly reconstructed based on morphological similaati@sngorganisms
This approach suffers from the difficuliy comparing phenotypes that may reflect complex
interactions between many genes and different environmenigith the adventof amino acid
aS1ljdzSyOAy 3 Xef., @okdnanmethal. n1978ufficient molecular data became
available to allow reconstructioof phylogeny directly from observagenotypic differencesin
the next three decadesalignments of nucleotide and amino acid sequences were used as the
principle raw material for phylogeneticaccompanied byhe development of methodologies
to reconstuct phylogenetic tres based on the comparative analysis of aligned sequences
Ideally, one may attempt to simultaneously estimate the phylogeny and, sl8%ugh thus far

such attempts proved unbearably computationally intensive (discugsetkectionl.6 below).



Therefore, all widely used approaches begin with building an alignmenthamdeed it as a fix

input to the tree building algorithm

Three major paradigms dominated the field of molecular phylogeny reconstructitstance
based methods, maximum parsimony, apdbabilistic methods rhaximum likelihoodand
Bayesian analysis)The first two led the arlier period. Mwadays probabilisticmethods are
considered the most accurate. idbance based methods are stilidely used because of their

computational efficiency.

Distance based methodare the fastest way to reconstruct a tree from molecular sequences
because they reduce the information of long sequences into the evolutionary distances
between all pairs of sequees The pairwise distances are then used to build the tree that
best fitsthem. In the two most widely usedistance based methodsunweighted pair group
method with arithmetic mear{Sokal and Mitener 1958; Sneath and Sokal 19@83 neighbor
joining (Saitou and Nei 198 ¢ the approach is to gradually cluster sequences starting from
closely related sequencesra Y SA A3 Ko 2 NE € = |y RmoilefiStghtly Yela@dntil2 y (0 2
the full tree is obtained By far, the most widely used method is neighbor joining,(INih
computational complexity of @) for a set ofn sequences Moreover, NJ has been proved to

be statistically consistent, that is, as the distance estimation approaches the true distances so
does theestimatedtree approaches the true treAtteson 1997) Therefore, it is the preferred
choice for quick tree reconstructionFurthermore, it is the only feasible choice for analyzing

thousands of segences, because more accurate methods suffer from a stronger dependency
7



on the number of sequences/arious enhancements of the NJ algorithm were propased.,
Gascuell997; Bruno, Socci, and Halpern 2000; Howe, Bateman, and Durbin 2002; Mailund et
al. 2006; Sheneman, Evans, and Foster 2006se publications offer improvements in terms

of both accuracy and efficiencyMailund et al.(2006) achieved he most efficientNJlike

algorithmwith a reducedcomputation timeof O(?).

Maximum parsimony(MP)g I & (G KS YSGK2R2f 238 @4F, Harkigt &S dzy (
al. 1976; Goodman and Pechere 1977; Baba et al. 19B1is approach searches for the tree

topology thatrequires the least evolutionary events (e.gumber of substitutions)to explain

the observedvariability in the sequencegEck and Dayhoff 1966)Efficient algorithms were

developed for finding the minimum number of events for a given fii€leige and Farris 1969;

Fitch 1971; Sankoff 197@nd heuristics were developed for searching the solution space for

the MP tree(e.g., Kumar, Tamura, and Nei 1994urthermore, one of the first attempts to
simultaneously reconstruct the tree and the MS#Aconcept that | will further discuss below
(Sectionl.6), was based on the MP princip(&ankoff, Morel, and Cedergren 1973; Wheeler

and Gladstein 1994)

5dzZNAYy 3 (GKS mMpTtnQa YR mMpynQa aSOSNIfentO2y aARS
Felsenstein(1978) demonstrated that MP is not statistically consistent That is, some
evolutionarytreeswill be incorrectly reconstructetdy MPeven if unlimited genetic data were
available (the sequence length tends to infinityjurther studies mphasized the implications

2T (KAA LINROfSY G2 F SARSNI Nry3aS 2F A0Syl NA2
8



scenario (e.g., Kim 1996) Nevertheless,some publicationsstill claim that MP enjoys
advantages over other approaches, such as rbleustness to heterogeneous evolutione.,
when the evolutionary model and rates ma Kl y3S RdzNAy 3 GKS &Sl dzS

(Kolaczkowski and Thornton 2004)

Probabilistic methodsgrew in popularity duringhe last two decadesnd replaced maximum
parsimony as the leading paradignthisshift followed considerablemethodologicalresearch
demonstrating their superioritye.g., Saitou and Imanishi 1989; Hasegawa, Kishino, and Saitou
1991, Hhsegawa and Fujiwara 1993; Tateno, Takezaki, and Nei 1994; HuelsenbeckTI#95)
maximum likelihood NIL) approach is based on probabilistic models of sequence evolutions
and algorithms forefficient computation of the likelihood functiorb ¢ the conditonal

probability ofthe sequence dat® givena treeT (Felsenstein 1981)

0°Y 008y 11

Thisopened the way for the developingeuristics (as in MP methodsp search the solution

space for the ML tregFelsenstein 1989; Strimmer @énvon Haeseler 1996; Lewis 1998;
Huelsenbeck and Ronquist 2001; Guindon and Gascuel 2003; Stamatakis, Ludwig, and Meier
2005) Typically, these heuristics start widome initial guess of the tree, which is usually

acquired via a quick distance based hmd, and then iteratively try to make small
Y2RAFAOIGA2ya 2F GKS GNBS o0S@FHDD G &P S| NINHD Ay |
NXB 3 NJ fhal vefedpgreviously used for MP tree seaycand look for trees with higher

9



likelihood scoresuntil no such impovements can be founde.g., Guindon and Gascuel 2003;
Stamatakis, Ludwig, and Meier 200®)ther approaches include gradual addition of taxa to the
tree (Felenstein 1995)and integrating thelikelihood scoresof all possiblequartets of taxa

(Strimmer and Von Haeseler 1996)

One of the strengths of probabilistic models sEfquenceevolution is that they can explicitly
account for biologicaphenomena. For example, models were developed to relieve the
unrealisticassumption of homogonous evolutionary raféang 1993, elaborated on in Chapter
3) and to account forheterogeneities in the aminacid replacement procesf artillot and

Philippe 2004)

A Bayesian approactio the search for the rast probable tree is @ alternative probabilistic
paradigm Bayesian methodology assumes a prior distribution of certain parameters of the
probabilistic model In the example of modelingmongsite variationit is common touse a
gamma distribution as # prior on the sitespecific rate{Yang 1993) For a recent review see
Pupko and Mayros€2010) For a given rate, the likelihood of the tree can be calculated
above However, since the rate is not known, we integrate over grer distribution to

calculatethe posterior probability of a tree

10



Although a prior distribution over the rates is assumed, its parameters are commonly
estimated by maximizing the likelihood functionThese methodsthus deviate from the

Of aaAololrt . F&@SaAaly I LIWINRIFOK | yR | NB yiddedaa OI f €
dramatic improvement in the fit of the model to the sequence dd¥ang 1994a; Yang,

Goldman, and Friday 1994)

In a fully Bayesian approacthe prior distribution of model parameterss sampledas well as
the spaceof all possible trees(Rannala and Yang 1996)'he most widely usedampling
technique isMarkov Chain Monte Carlo (MCMGyhich efficiently samples the posterior
distribution of trees so that high scoring solutions are sampled more than otf¥aeg and
Rannala 1997; Larget and Simon 998luelsenbeck and Ronquist 2001; Huelsenbeck et al.
2001) For a review see Holder and Le{#803) This approach iegrates over the many
degrees of freedonin complex parameterrich modelsthat the ML approach does not tackle

well, such as the abovementioned example of heterogeneities in the replacement process

1.4 Estimation of confidence in phylogeny

The inferred treecan be viewed as a statistical parameter that is inferred from the data. As in
other statistical inference methodst is generally required to assess the reliability tbé
inferred tree Most commonlyconfidencescores are assigned tach branchof the tree,
which corresponds to splitting the tree into two cladeBy far the most widely used approach

is bootstrapsampling(Felsenstein 1985whichcan be applied to any MS#ased phylogeny

reconstruction method The bootstrap is a random sample of columns from the MSA thatis
11



to the same phylogeny programFor each sample of columns this procedure results in a
perturbed tree, where the branchih Yl & 0S a42YS¢KI 0O RAFFSNByI
obtained without bootstrapping Typically, 100 such samples are made, producing 100.trees

The bootstrap confidence score for each branch in the base tree is computed by counting the
proportion of bootstrg trees that contain that branch unchangetihus, high scoring branches

are considered robust to noise in the sequence data, whereas low scoring branches represents
parts of the tree that cannot be reliably reconstructed based on the phylogenetic sigtia i

data. Bootstrap sampling of trees is the foundation for the alignment confidence measure

developed in Chaptées.

Within the Bayesian paradigm, an alternative confidence measure is available, based on
calculations of posterior probabilitigRannala and Yang 1996 ome studies claimed that the
Bayesian confidence scores arore statistically justifiabl€e.g., Alfao, Zoller, and Lutzoni
2003) but others have shown that bootstrap ia anbiased estimate for the Bayesiposterior
probability (Efron, Halloran, and Holmes 1996nd still others claimed that posterior
probabilities are too liberal estimates of confidence while bootstrap scores are slightly

conservativgSuzuki, Glazko, and Nei 2002)

One difficulty in the Bayesiarpproach is that the probability space must be evenly sampled by
methods such as MCMC. It is difficult to be sure that the sampling is thorough enough, and so
the maximum posterior solution may be oveonfident if some other regions of the probability

space are undessampled. Furthermore, bootstrap sampling enjoys several practical
12



advantages, including its relative efficiency, which can be used with fast polynomial complexity
algorithms such as NJ, and the easy in which it may be parallelized onconelthigh

performance computer clusters.

This thesis does not deal with the comparison between the bootstrap and Bayesian
approaches. In general, it may be said that the Bayesian appféais certain advantages,

but nevertheless, the bootstrap approacémains a valuable methodology especially when full
Bayesian estimation is not possible due to its high requirements of computation time. See

further discussion in Sectidh75 and Chapteb.

1.5 Progressive alignment : mutual dependency of alignment and phylogeny
Knowledge of the phylogeny proves highly valuable to the reconstruction of M&Asuch so,
that virtually all the widely used,state-of-the-art alignment algorithms(e.g., Thompson,
Higgins, and Gibson 1994; Notredame, Higgins, and Heringg R@@6h et al. 2002; Edgar
2004; Do et al. 2005; Loytynoja and Goldman 2@ 3 A Y SAGK NBO2y ad NWzOG A
which is used to determine the order of construction of the MSA in a prokeesin as
GLINEINBaAAODS &S [TrgSetdigueWdtekniuy and Feilwitz 1984; Feng and
Doolittle 1987)is a heuristic that alignsgirs of sequences and then pairs of alignments,
according to théoranchingorder of the guide treegradually building up tthe full MSA(Figure
1.4). Each paiwise alignment iscomputed using a dynamic programming algorithm that
efficiently finds the highest scoring solutiNeedleman and Wunsch 1970)heoretically, the

dynamic programming solution for a pair of sequences can be extended to any number of
13



sequences, but the time complexity of this algorithmOisi for ¢ sequencesof length ¢
making it infeasible for more than a handful of sequencéghe progressive heuristic is a
compromise for reasonable accuracy in affordable computation time, but it is a greedy
heuristic that cannot be expected fond the best scoring solutionThe branching order of the
guide treeis usedto choose the order of pairwise alignmentarting byaligning the closest
relatives(neighboring leavesand addingthe more distantand diverged sequencelast (deep

branctes)

Sequence A
Sequence B

Sequence C
Sequence D

Sequence E

mOoO O™ X

Figure1.4: An example of pogressive sequence alignmentA guide tree is used to
determine the order of pairwise sequence alignmenitsitially, reighboring leaves of the
tree are aligned (A&B, C&Dext pairs of groups of segnces are aligne@AB&CD), and
finally the four sguences are aligned to the last o(®BCD&E).

Comparative methodological evaluations consistently demonstrated akgdrithms based on
the progressive approach leas the most accuratef the computatiorally feasibleapproaches

(e.g., Thompson, Plewniak, and Poch 1999; Raghava et al. 2003; Gardner, Wilm, and Washietl
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2005; Nuin, Wang, and Tillier 20069ee sectiori.6 belowfor a description of these evaluation
assays These studieslso highlight the considerable error rate in MS§#sduced by the best
algorithms For example, Nuin, Wang, and Tilll@006)show that typical sequence dateats

often lead toan excess of 20% badly aligned residues in the .MSAch high error rates
motivated a series of improvemeson the basic progressive alignment methodology, sitse
conception in 1987 Thompson, Higgins, and Gibs(994)suggested severamprovements
including weighting sequences according to their divergence, varying the amino acid
substitution matrix during the progressive alignment, and varying the gap penatiies i
hydrophilic regions that are probable loops in the protein structureélThe significant
improvement in accuracy made CLUSWALhe most popular MSA algorithrduring the

following decade

Perhaps the most common improvement on the bagiogpessive schemes iteration of tree
building and progressive alignmeffigure 1.5, e.g., Corpet 1988; Katoh et al. 2002; Edgar
2004; Loytynoja and Goldman 2005)he rationale behind iterations stems from the mutual
dependency ofprogressivealignment and phylogenyeconstruction¢ that an alignment of
improved accuracy can be used to construct a tree of improved accuracy and vice @rsa
course,one must start from a tree built without an MSA or an MSA built without a treéhe
common solution to this circular problem is to build a NJ or UPGMA tree basddstances
calculated frompairwise alignments Subsequent iterations recalculate the distances based on

an MSA.This approach is further investigated in Chapter

15



MSA

Unaligned
sequences ARLMEMI PQEEMTMVA-————~ DPIVKGGAF
ARLMSMI PQEEMQLVS====—— EPLVKGGAF
ARTMEMI PFQEEMTMVADFIVEKGGAF AQLMSMIFHEEIGTTS====== DLFVKG=---
ARLMSMI PQEEMQLVSEFLVKGGAF ARLMAQI PKEEAAAPAGSNGSADPTVRGGAF
AQLMSMI PHEEIGTTSDLFVEKG AKLMPLLRQEELESTEV—-====—— GVQGGAF
ARTMAQI FKEEAAAPAGSHGSADPT AKLMPLLRQEELESTEV======= GVQGGAF
AKLMPLLRQEELESTEVGVQGGAFE AKILMPLLRQEELESVEA-—————- GVQGGAF
AKLMPLLROQEELESTEVGVQGGAFE AKLMPLLRQEELESVEA-—=———— GVQGGAF
AKLMPLLRQEELESVEAGVQGGAFE
AKLMPLLRQEELESVEAGVQGGAFE
Sequence Phylogeny
alignment reconstruction
Inaccurate
o —>
tree building

Figurel.5: Circular dependency of alignment and phylogenyhe mutual dependency
of phylogeny reconstruction MSA is commonly addressed by an iterative sch&he
first tree is built based on pairwise alignments, which are less accurate then subsequent

MSAs.

As a greedy heuristic, the progressive approach suffers from a major mtthat early
mistakes in pairwise alignments cannot be rectified with the addition afrmétion from other
sequences in latter stageJ herefore, acommon practice is pogirocessing of the MSknown
Fa &aA(SNI {A@Gdoh MB6F The SignBehts dteratively dividedo two groupsof
sequencescorresponding to twosubtrees of tle phylogeny, which are realignedithout
changing the alignment within each graugthers suggested limiting erroia eachgreedy
step using onsistencyscoresof the progressiviy build MSAwith a preprocessedibrary of

pairwise alignmerd (Notredame, Higgins, and Heringa 2000)

16



A profound correction for the widely used implementation of the progressive scheme was
proposed by Loytynoja and GoldmgB005) and implemered in their algorithm PRANK
Contrary to other progressive algorithmBRANKlistinguishes between insertion and deletion
events during the process of climbing down the tree from the leaves towards the ratbt
other algorithms treat a gap inthe alyrSy & & 'y GAYRSt ¢ O0AYyaSNIA
making this distinction The distinction is important fothe handling of a gapcontaining
column inthe deeper branches of the treelf a gap represents aharacter that was inserted in

a certain lineag then it should notbe aligned toany othercharacter that was inserted in an
independent lineage On the other hand, if the gap represents a deletitbren the same
position may be aligned to characters in sister lineages and may be independently deleted
elsewhere in the phylogenyAlthough at a considerable computational codijst correction
eliminatesa dramaticbias towards excess deletions over insertions and the alignment of non
homologous residuem the traditional implementations of progressiaignment(Loytynoja

and Goldman 2008) This is an inherentand fundamentalflaw in the broady used
implementation of the progressive alignment technique. PRAN#ects this flaw in an
approach entitledd LK @ -2 S MB 3 I LI biJoytyd&araiid/Gokiman in thdater
Science papef2008)where they demonstrate dramatic reduction of such errors compared to

all other stateof-the-art progressive algorithms
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1.6 Performa nce evaluation

Despite all the abovananyof the typicalalignment problems continue to challengdl state-
of-the-art algorithms This is apparent fronevaluationstudies of alignment accuradg.g.,
Thompson, Plewniak, and Poch 1999; Raghava et al. 2003; Gardner, Wilm, and Washietl 2005;
Nuin, Wang, and Tillier 20Q6)Such studies attempt to estimate the proportion of aligned
residues that are correctly alignegla critical quality assessant tool in the field of alignment
algorithms There is no straightforward way to do this becausee needs to compare the
NBO2yadNHzOGSR I f A BngYald/ e cén2nevérKaScertaini Wihzamsolute
confidence the true alignment ofdivergent biological sequences To do so implies full
knowledge of the evolutionary history of substitutions, insertions, and deletibtesvertheless,
GKSNBE IINB Gg2 O02YY2yfe kEwk®Re o 2hdd IONHSSEEE | F 2AND yYG

which are also used for perforance evaluation in Chaptérof this disertation.

Simulations Simulaed evolution allows full knowledge of the true evolutionary history,
including the tree and each substitution, insertion, and deletion evenhherefore, he true

MSA and the tree can be compared to the reconstructed ones for evaluation of both alignment
and phylogeny reconstruction algorithms The weakness in this approach is that the
simulations are based on simplified models of evolution that may notgaatly mimic the
evolution of real biological sequenced§hus, efforts have been made to develop richer and
more realistic simulatoréStoye, Evers, and Mey&998; Nuin, Wang, and Tillier 2006; Fletcher

and Yang 2009)
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Structural homology Benchmarks of homologous proteins with solved tertiary structures can

be used to generate sequence alignments that are based on structural aligefiémmmpson,
Plewniak, and Poch 1999; Raghava et al. 2003; Thompson et al. 2005; Van Walle, Lasters, and
Wyns 2005) A smilar approach was also applied for structural RNA sequeftgasiner, Wilm,

and Washietl 2005)Such alignments are considered more accurate thare sequencebased
alignment because homologous structures tend to remain similar for significantly diverged
sequences For example completdy different sequences occupying the same alpha helix in

two homologous protein structures will be aligned although no similarity remains at the
sequence level An important distinction between these alignments and simulated alignments

is that a pair of Bgned residues is not necessarily homologous in the sense that they have
evolved from an ancestral residue strictly through substitutiomBey may have arisen through

a series of insertions and deletions, eventually occupying the same position in the tw
homologous structuresC dzNII KSNY 2NB X | ¢Sl {ySaa 2F (GKS aidNJ
usually only core secondary structure elements can be reliably aligned, while loop regions are

often un-alignable.

Both of the above approaches generate a refel® S & G NHzS ¢ -aligned usirfglthé A & N
tested alignment algorithm The most commonly used measures fagreement of the
reconstructed MSA with the reference are the column score (CS), which is the percentage of
alignment columns in the reference aligent that were accurately reconstructed, and the

sum-of-pairs score (SP), which is the percentage of pairs of aligned residues in the reference
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MSA that are similarly aligned in the reconstructed MGArrillo and Lipman 1988; Thompson,
Plewniak, and Rah 1999) Note however that these scores measure type | ermus pair of
residues that should be aligned to each other are not aligned (they may be aligned to other
residues or not aligned to any at allfhey do not measure type Il errogsesiduesthat should

not be aligned That is, ovefalignment is not penalizedThis point is significant for assessing
the correction by Loytynoja and Goldm#&»008)described above, because they correct a bias

for underestimation of insertions that leads to ovalignment.

Simulated sequence benchmarks also make availabdBa¥ SNE $OS LIK & MErA Sy &
allows assessing the accuracy of phylogeny reconstrucfised in Chapter3). The
reconstructed phylogenys commonly comparedo the referenceusingthe RobinsorFoulds
distance(Robinson and Foulds 1979 JSNE o N} yOK 2F | GUNBS RSTFAYS:
leaf labels into two subgroupsEvery possible topology defines a set of partitiodhus the
RobinsoAFoulds distance dtween two possible topologies is the proportion of common
partitions (whichcorrespondto similar branches) between the two topologieshis distance is
commonly used to measure the accuracy of phylogeny reconstruction by comparing the
reconstructed toptogy to theNBE F SNB Yy OS  d (eyHB%ainataki® Lidig ahd Meier
2005) For real sequence data, where the true topology can never be know with certainty, it is
common to use the likelihood score of the reconstructed treee( Sectionl.3 abové to

compare several algorithms.
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1.7 Simultaneous estimation of alignment and phylogeny

An important alternative to the above methodologies of the progressive alignment paradigm is

a Bayesian estimation of alignment, analogous to tBayesian approach to phylogeny
reconstruction (Sectiorl.3). An attractive advantage of this approach is the possibility to
combine alignment and phylogeny in a unified estimation scheme under a joint probabilistic
model of £quence evolution JointBayesian estimation of alignmeand phylogenyis done

using the MCMC sampling described above, using a probabilistic model of sequence evolution
describing substitution, deletion, and insertion evelthorne, Kishino, and Felsenstein 1991;
Thorne, Kishino, and Felsenstein 1992; Hein 2001; Lunter et al. 2005; Redelings and Suchard

2005)

This thesis will not deal withuchfully Bayesianmethods, however, this alternative should be
considered here because it offers important advantages over the greedy progressive method

The Bayesian approacls arigorous statisticalapproach to sampling the solution space.
Therefore, it iexpected toyield more accurate reconstruction than greedy algorithrirsfact,

the small number of studies that make use of full Bayesian reconstrucki@mlydemonstrate

its accuracy advantage The sole reason to continue using progressive algorithms is their
advantage in terms of computational efficiencyn most practical alignment problemshe

Bayesian approach is infeasibl&or example, the README page of the Bayesian alignment
algorithm BAKPhy(Suchard and Redelings 20065 O2 YYSY R& dadzaAy 3 mH 2NJ ¥

to limit the time rdj dzA NB R(tg€://www.biomath.ucla.edu/msuchard/bali
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phy/README.htinl Even for datasets of few taxa, when gencmigle analyses are

concerned, the computational burden of Bayesian &dtbns may not be affordable
Therefore, most of the current comparative sequence analysis studies cannot afford the
computation time required for a full Bayesian analysid least in the near future, it is unlikely
that the Bayesian approach will beagsin more than a small fraction of comparative genetic
research Undoubtedly, the continued exponential growth in computer power will raise the

thresholdon feasibledataset size and make Bayesian methods a more relevant alternative.
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2 Research outline : investigating the mutual dependency of alignment

and phylogeny

In my studies | have investigated the existing methodologies for MSA and phylogeny
reconstruction, and the mutual dependency between the two problemhiis investigation led

to the developmen of novel methodologies addressing the notorious efpooneness of both
tasks These methods were published in three leading pestiewed journals for the field of
computational biology This work that started from the development of improved phylogga

tree reconstruction, followed by an investigation of the mutual dependency of phylogeny and
alignment, which finally led to the development of a novel measure for alignment confidence

based on the effect of the guidkeee in progressive sequence aligant.

2.1 lterative phylogeny reconstruction

Chapter 3 (presented in ECCB2006 and published in Bioinformatic$ describes a hybrid
methodology integrating advance probabilistic evolutionary models into distbased
methods for phylogeny reconstruction The hybrid combines the accuracy of probabilistic
approach with the efficiency of distandsased methods Distancebased methods rely on
evolutionary distance estimation and are sensitive to errors in such estimationthis study,
an advanced evolutionary model that accounts for amgitg rate variaion, which was proven
of being superior for the purpose of phylogeny reconstructi@ateno, Takezaki, and Nei
1994) was integrated into the estimation of evolutionary distanc&ate variation is estimated

within a Bayesian framework by extracting information from the entire dataset of sequences,
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unlike classical distandeased methods that can only use one pair of sequences at a firhe
accuracy of a cascade of distance estimation methods was evaluated, stastimgdmmonly
used methods and moving towards the more sophisticated novel methodssignificant
improvement in the accuracy of distance estimation by the novel method over the commonly
used ones was demonstrated using both real and simulated proteinesegualignments An
implementation of this method is freely distributed as part of the omemrce SEMPHY

package.

The strengths of the hybrid method facilitated two applied collaborative projects, in bacterial
phylogeny and the protein phosphatase 2C exfig@mily. The first was an investigation into the
positioning of thermophilic bacteria at the root of thdree of life (Section3.4) which |
presented in theAnnual Meeting of th&ociety of Molecular Biology and Evolu{iSBMBE The
secondwas the investigation of the phylogeny of the protein phosphatase 2C superfamily

(Appendk A), which was published in thiournal of Moledar Evolution.

2.2 lterative phylogeny and alignment

Having an improveghylogeneticaccuracy led me to investigate the relationship between the
accuracies of tree and alignment investigated the hypothesis that improved accuracy of the
guide tree will impove the accuracy of the subsequent MSAvas successful in demonstrating
a significant effect of guide tree accuracy in certain scenafwevious studies have concluded
that the guidetree bears no statistically significant effeonh the accuracy of MAs(e.g.,

Nelesen et al. 2008 However, these studies were limited to alignments of up to 100
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sequences Since the complexity of the MSA and the potential for error increases with the
number of sequences,hypothesized thathe guide tree becomes more important for larger
alignments of hundreds of sequencefndeed, this effect was significam protein datasets
from 400 to 1000 sequencesUnfortunately, this result was published at the time by é&ital.
(2009) before my manuscript was complete My unpublishedresults on this effectare

described in Bapter4.

2.3 Relay of uncertainty

An intriguingobservation from this studjed to the next twochaptersof this thesis(recently
published inMolecular Biology and Evoluticand Nucleic Acid ReseafchDespite failure to
improve the accuracy score of the alignmhén small datasetsl observed that changes in the
guide tree gave rise to dramatic changes in the MSA, which were not reflected in significant
changes in the accuracy scoré hypothesized that these changes reflect uncertainty in the
alignment ratherthan accuracy improvementChapter45 demonstrates that this is indeed the
case(q that uncertainties in the guide tree are a major source of uncertainty in the alignnment
developed this insight into a scoring method that assigns confidence scores to esithrpof

the MSA dmulated and real proteinbenchmarks were usedo show that these scores

accurately identify the large majority of alignment errors.

The ability to identify the badly aligned parts of an MSA is a valuable tool for a wide range of
comparative sequence studies, wherein such erroray lead to artifacts in the downstream

analysis Thus,Chapter6 describes the implementation of this method in GUIDANCE, a user
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friendly web server which is easily accessible for the wide molecular biology commuifiitg

utility of GUIDANCtvas demonstratedy re-analyzing the heavily studied Vpu protein of HIV

1, an example for a fast evolving sequence that is challenging for alignm@&htiDANCE
enables identification of unreliable alignment regions, filteringuofalignablesequences, and
subsequent dramatic reduction in alignment uncertaintyogether, thesdast two chapters
present a novel methodology, previously unavailable for #wogentific community, that is
expected to empower better usage of alignments in a wide range of comparative sequence

studies
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3 Phylogeny reconstruction : increasing the accur acy of pairwise

distance estimation using Bayesian inference of evolutionary rates

This chapters based on a published manuscript

Ninio, M.*, Privman, E, Pupko, T., and Friedman, [9007. Bioinformatic23. e136el141.
* Equal contribution

3.1 Introducti on

Open questions inphylogenetis include reconstruction of early speciation events the
mammalian species tre@.g., Steppan, Storz, and Hoffmann 2004; Murphy et al. 280Tpre
ancientevents as far back as the rooof the tree of life (e.g., Brown and Doolittle 1995;
Forterre and Philippe 1999) Other phylogenies describe series of duplicationsgehe
families e.g.,the hemoglobin familyfHardison and Miller 1993)r the kinase supefamily that
includes more than 500 putative kinasesin the human genome(Manning et al. 2002)
Reconstruction of such phylogenies and resolthrgymany duplication eventsay shed light

onthe functional specializatiom subfamiliesof genes

The size of the analyzed dataset may vary significantly, both in the length of the sequences and
in their number Species trees may be based on the sequencing of a single protein of several
hundredsof amino acids, or on several genes, or even on entire genorfeslataset that
includes parbbgous sequences magach large numbers of sequencd®r examplea study of
okinome evolution in fully sequenced mammalian genomes wilcompass thousands of
sequences This range of practical situationshould be considered when phylogeny

reconstruction methods are discussed.
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Different approaches to phylogeny have theiwvn strengths and weaknesseas reviewed in
Sectionl.3 above ML and Bayesiammethods have been argued to be superior in terms of
accurag and statistical justificatiobut they become computationally infeasible when dealing
with large datasets because the tree search space, i.e., the number of possixte grows
exponentially with the number of sequencd&elsenstein 2004) This prdlem becomes
increasingly aggravating with the rapid accumulation of molecular sequence dataany
molecular studieghe subject gene or gene family of interest may leachtmdreds and even
thousands of homologous sequendesthe databases Concomiantly, the field of molecular
evolution has produced increasingly sophisticated methods for phylogenetic analysis, which are
more computationally intensiveThese combined advances challergenputational feasibility

of contemporary studies of moleculawvelution.

Contrary toprobabilisticmethods, the efficiency of distapédased methodss polynomial in
terms of the number of sequencdsee Sectiorl.3). This advantage in computation time
makes them essential for dealingtivilarge datasets The importance of distance methods is
not only as a faster, less accurate alternative to ML methods, but also in providing a good
starting point of a heuristic search for the ML trémg., Friedman et al. 2002; Guindon and
Gascuel 2003)Clearly, if the distance method coub& improved then the ML search could be

faster, and givdetter results.
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Distancebased methods are made up of two steps

1) Pairwise distance estimation beégn all possible pairs gequences in the dataset

2) Tree reconstruction based on the distan¢dss stageis blind tothe original sequencés

These are two modular stagesany method for distance estimation can be used with any
distancebased method for tree reconstruction While several distanebased tree
reconstruction methods have been developdde initial step of distance estimation received
scant attention Indeed, the simplistic Juké&3antor (JC) method 969)is still common practice

for distance estimation, in spite of its oversimplifying assumption that all types of substitutions
have equal probabilitiesGreat efforts have been invested in improved modeling of sequence
evolution foruse with ML methods Theseadvanced probabilistimodelsshould also baised

for distance estimation As the following studydemonstrates, previously published distance

methods are still inadequate in terms of both error and bias.

We present a novel appach to distance estimation with increased accuracy, thereby
improving phylogeny reconstructionOur method is an adaptation of advancedobabilistic
modelsfrom the ML paradignto a disencebased approach, making their applicationrt@ny
thousands osequencesomputationally feasibleThus, the analysis of large datasets may now
benefit from the improved accuracy of thesefined models The key idea underlying our

hybrid methodology is teestimate model parameterom the entire dataset, and to @them
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in each pairwise distance estimatiotWwe show that the novel method significantly improves

the accuracy of phylogenetic tree reconstruction.

3.2 Methods for maximum likelihood distance estimation

The evolutionary distancd between a pair of sequences defined as the average number of
substitutions per sequence sitd his measure is related to the time that passed and the rate of
substitutions ML methodology may be used for distance estimation in a similar fashion to
finding the ML tree The maximum likelihood estimate (MLE) for the distan{® between two
sequencegA and B) is the distance that maximizes the likaetiod of thedistance which is the
conditional probability of the sequence data, given a distadcand a model of sequence

evolutionM (Zharkikh 1994)

Q AOCi A AOCI AN 31

The modelM is a probabilistic model that describes the evolution of biological sequengks.

the distance estimation methods discussed in ttipterwill be presented as ML estimates
under a specific evolutiary model. These models range from the sim@€ model to complex
models that strive to capture the nature of evolution of prot@iading genes as accurately as
possible This section describes the cascade of ML methods of increasing complexity,

culminaing in the novel methods we propose.
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3.2.1 Probabilistic models of sequence evolution

Generally, ML methals in phylogenyuse continuous time Markowmodels(Karlin and Taylor
1975)that define forany pair of aligned charactews and b the probabilityr] o Q of the
substitution froma to b in an evolutionary distance. Additionally, they define the initial
character probabilities . Under the simplifying assumptiaihat sites evolve independently

and for models that satisfy reversibility' 1o Q No Q the likelihood ofthe

distancecan be written as:(Felsenstein 2004)

,’Q 006MN B “No Q 32

Where and @ are thei-th pair of aligned residues out af total Spositions in the sequence

alignment

The simplest model psgle is the JC model that assigns equal probabilities for all types of
substitutions (Jukes and Cantor 1969)Ths oversimplifying assumption was subsequently
relieved by models that allow variabfeo 'Q probabilities. Such models defiaerate matrix
Qwhere 0  is the rate of replacements from charactarto b. This matrix is used to

calculate the)] o 'Q probabilities: (Durbinet al. 1998)
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The exponent of the matridQis usually computed using the eigen vector decompasitbQ.
This likelihood function is maximized according Hguation 3-1 in order to find the ML

distance.

Such models have beenitially designedor nucleotides(e.g., Kimura 1980; Yang 1994lha

amino acids, the larger alphabet size (20 instead of 4) requires a significantly larger number of
parameters in the model Therefore, empirical replacement matrices were calculated using
large protein datasets In this work we concentrate on amino ageéquences, for which the
computational challenge is greater, although our novel methods can be equally applied to DNA

sequences Specifically, we use the JTT mafdanes, Taylor, and Thorntd®92)

The most significarversight of thisnodel, which is used by current distanbased phylogeny
methods,is the assumption of equal replacement rates atsajuencesites In thischapter,
we shall refer to the rmathod that uses this model theomogeneous ratemethod. However,
evolutionary rates vary considerabmongsites, due to noruniform selection forcegYang

1996)

3.2.2 Among site rate variation

Models that explicitly take into account amosge rate variation (ASRV) were show be
statistically superior to the homogeneous model¥ang 1994a)in ML ghylogeny
reconstruction ASRYV is modeled by assuming that eachisitehe sequence has a different
rate,i , relative to the average rate over all siteEhus, a site of rate 2 evolves twice as fast as
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the average This is equivalent to multiplying the distance by the rate in the likelihood

calculation for each site

,’Q 08I B “no Qd 3-4

This equation assumes that rates are knovince this is not the caseyo approaches can be
taken. One approach is estimate the ratd similarly to the distance, under the ML principle.
However, a Bayesian approach gives better performadMayrose et al. 2004) A prior
distribution of ratesY i is assumed The likelihood is then computed by averaging over all

possible rates

,Q 06mSYIQ B . Yi“ N o Q@ Qi 35

The most common choice foY i is the gamma distribution with the mean set to oféang
1993) Suchgamma density function has one frgmrameterh that allows for different
distribution shapes The distance and theé parameter can be estimated simultaneously for
each pair of sequences, using MlVe shall refer to this method as thmirwise" method. For
lack of analytic solutiora discrete approximation of the gamma distributiorc@ammonlyused
(Yang 1994a) Here we use 32 discrete, egyalobability bins, whose means are calculated

based on the value df.
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3.2.3 lterative inference of model parameters

The pairwise method estimates thé parameter for each pair of seqonees independently
However, the variability of rates in a protein is generally common to all sequences across a
given MSA Thus, there is no reason to estimate the rate parameters for each pair of
sequences Moreover, such estimation of many parametdérsm scant data is likely to result in

high errors Figure3.1a). It would be preferable to use all sequences in order to estimate the
rate parameters globally However, such estimation requires knowledge of the phylogenetic
tree, which we have not yet reconstructed his kind of circular situation calls fan iterative
process of optimization Sullivan et al(2005)studied iterative parameter optimization in the
context of ML tree search Here we suggest a simil approach for distancbased tree
reconstructon ThS A GSNI GA S a OK S Y Waybritl fcehsisingoF anNIL | Y & a |
optimizationstageand an NJ tree reconstructiostage (or any other distandeased method)

In each iteration, pbal ASRV inforntion is extracted from the entire MSAsing the tree
reconstructed in the previous iteration¢ KA & & 3t 2 6 i thelh uset 20Ndéstimare2 v €

the pairwise distances more accurateind then rebuild the tree (Figure3.1b).
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Figure3.1: Utilizing the entire MSA to estimate the variation of ratemmongsites. (a)
When looking only at the first two sequences of this dengxample both sites of the
alignment are identical and there is meason to think that theyevolve with different
rates. However, when atlevensequences are used, we can deduce that the ratthef
secondsite is larger tharthat of the first one. (b) The prgosed iterative approach that

utilizesrate information from allsequences to improve distanestimation

We propose threalternativesfor the iterative estimation of ASRV parameters:

1 Ilterative h: Initial pairwise distances are estimated using themogeneous rates
method, and a tree is reconstructedrhis tree is used to infdr, whichis then used to
improve the estimation of the pairwise distance¥hese iterations are repeated until

the likelihood converges.
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 lterative rates This method uses the evolutionary rate at each pasjfi I & (K S
A Y T 2 NI ITheAMLFSE of these rates are iteratively estimated, and then used to
recalculate the distances by maximizing Equat8#A. This mehod captures more
information about the ASRV than tliterativeh method.

1 Iterative posterior A posterior rates distributions estimatedfor each site rather than
relying on a single estimate of the ML rat€his distribution is then used in Equatidn
5 instead of the prior distributiofiY i . In the discrete aproximation that is used here

the posterior probability of each rate category is calculated for each site

3.3 Evaluation of the distance estimation methods

The performance of the different methods was evaluated in three comparative studike

results presated here are for the five methods summarized in

Table3.1.

Table3.1: The distance estimation methods usedtlie evaluationstudies

Name Evolutionary model

Homogeneous rates No rate variation

LGSNY GA@S '"LYRSLISYRSYyd SadAayridiazy 2F h T3
LGSNY GA@S 'Di2olt SalbdAYlFGAz2y 27F

Iterative rates Global estimation of the ML rate at each site

Iterative posterior Global estimation of the posterior distribution tife rate at each site
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3.3.1 Reconstructing trees from protein sequence alignments

The ultmate goal of improving distance estimation is to increase the accuracy of the
reconstructed tree topology Therefore, the accuracy of reconstruction using the novel
methods was evaluated both for real and simulated protein sequencé& used the NJ
method for tree reconstruction(Saitou and Nei 1987)which is the most populadistance
based method(see Sectionl.3), although our novel distance estimation methods can be

equally used wh any distancebase method

Table3.2: Tree reconstructiomsingdifferent distance estimatioomethods

Pairwise lterative Iterative lterative

1 rates 1 posterior

NIASNI LI2aAdAz -0.0655 +0.0151 +0.0077 +0.0177
LYLINRGSR (2L 7% 31% 32% 44%

U ¢KS | @SNI 3S R-kaliFoSdNIBryposfion saobresicéniparell 2oFhemogeneous rates
method.

5 ¢ KS LINPtieds faliwhighyther® Was a difference in the topology and an improved likelihood
compared to homogeneous rates.

We used a dataset of 84 pmin MSAs that was composed by Aloy et(2001) For exh MSA,
trees were reconstructecby the hybrid MLNJ, using each of the five different distance
methods. We comparedthe treesin terms of their logikelihood scoreuunder the gamma
ASRV model Such comparison might be affected lljfferencesin branchlength estimation
under the different models Therefore, branch lengths arid optimization was performed on
the fixed tree topologies that were constructed by. NEhch loglikelihood score was divided by

the length of the MSA to produce the average-liglihood score per positian
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Table 3.2 lists the differences between the score of each method and the score of the
homogeneous ratesnethod, which is used as a referencélhe second line indicates the
percentageof MSAs for which there was a difference in the tree topology that reduilite
improved likelihood, compared to th@omogeneous ratesnethod. Compared with this
reference, thepairwise" method produces trees of lower likelihoodOn the other hand, all
three iterative methods improve thaveragelikelihood scores Theiterative posteriormethod
achieved the best results, with an average improvement of 0.0174iKelihood points per
position and an improved topology for 44% of the MS¥& used simulation studies to further

investigate this pattern.

3.3.2 Reconstructing trees from simulated multiple sequence alignments

Accuracy of tree reconstruction from real protein sequences can only be compared in terms of
the likelihood of the trees, since the true phylogeny is not knowor this reason we applied

the different methods to potein MSAs that were simulated according to a known tree, and
evaluated their accuracy by comparing the reconstructed tree to the originalNiies. éwWe

used ten trees that were reconstructed by the homogeneous rates method in the previous
section as tk basis for the simulated MSA§ hus these simulations represent several tree

topologies of real phylogeniesNVe chose MSAs with a number of sequences around 50.

The gammaSRV model was used to simulate sequence evolution according to those tree
topologies The simulations were repeated for ten values'of0.1 (highly variable rates), 0.2,

0.5, 0.7, 1.0, 1.3, 1.6, 2.0, 2.5 (relatively homogeneous ratéey each", a vector of 1000
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rates was sampled from the gamma distributioBach of the ten tres was used with each of
the ten rate vectors to simulate an MSA of 1000 columigis procedure was repeated ten
times, resulting in ten MSAs for each tree and for ectalue, a total of D00 simulated
MSAs Eachdistancemethod was usedin the conext of the MENJ hybrid}o reconstruct a
tree from each MSA and the resulting trees were compared to the originaIN&z8 that was

used to simulatehe MSA.

The performance of the five methods was evaluated in terms ofikedjhood scores (as above)
and in terms of the topological distance between thé&rred and the original tree. The later is
measuredby the percentge of splits or branchesthat both trees agree onknown as the

RobinsorFoulds distanc€Rrobinson and Foulds 1979, see Section 1.6)

Figure3.2 plotsthese two accuracy measures as a functiohef" value that was used in the
simulations Both scoring measuresgreed on the ranking of the five methadsterative
posterior > iterative rates> iterative h > homogeneous rates pairwiseh. Pairedt-tests

indicatethat these differences are highly significgptvalue<10° for all compaisons)

The results for the simulated MSAs agree with the pattern that was observed for the real
protein sequences The differences in the lelikelihood per position are also comparablén
interesting observation is thatJr A N¥ peif@ms hespeciallybadly for simulations with
extreme values of, and is therefore worse thahomogeneous rates This isprobably the

result of large errors in the estimates, which @ based on two sequences only
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Figure 3.2.  Accuracy of tree reconstruction using different distance estimation
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Figure3.3: Percenage of correctly reconstructed splits vs. the corresponding branch
length. The curves were creatieusing the LOWESS function (locally weighted scatter
plot smooth) in MATLAB.

Compared to the commonly usdtbmogeneous ratemethod, theiterative posteriormethod
improves the logikelihood score by 080.05 points per position, depending on In terms of

the topological accuracy of the tree, the percentage of correctly reconstructed splits is
improved by 26%, depending oh. A larger improvement is evident forvalues less than.1

Not surprisingly this result shows that thenovel method will beespecially significant for
proteins with large rate heterogeneity The improvement in correct split reconstruction is
usually very valuable, as we observed that many of the longer branches are easily

reconstructed with any distance estimation method, aadelatively small number of short
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branches is commonly the more challenging part of the phylogéFtyis pattern is plotted in
Figure3.3. The largest impact is on branch lengths around 0.01, where the proportion of

correctly reconstructed splits is improved by 20%.

3.3.3 Evaluation of the accuracy of distance estimation on pairs of sequences

The evaluation of tree reconstruction above algashows the superiority of the iterative
methods However, it is interesting to understand haw the improvementin the accuracy
affected bydifferent factors, such as the pairwise distances andhthparameter For example,
improvements in the accuwy for relatively distant pairs of sequences might be more
significant than for close pairsin addition, the different methods may vary in the extent of
their bias in distance estimationTherefore, we used simulations of pairs of sequences to study
the effects of these factors We investigated the error and the bias by comparing the

estimated distance with the original distance that was used in the simulation.

The same protocol that was used to simulate MSAs was adapted to simulate pairs of sequences
1,000 amino acids longOne thousandpairs were simulated for each combination of ttem
different M values andten different evolutionary distances between 0.01 and.l.B total,
100,000 pairs of sequences were simulatder the iterative methods wesed the previously
simulated MSAs in order to estimate the requiréd3 f 2 0 | £ A Y€F, 2heXglbbalm 2 v €
parameter, and for each sitethe ML rate and the posterior distribution of the ratéor each

pair we used an MSA that was silaied with the ame rates vectarso that the new sequence

pair can be treated as though it belongs to the same dataset.
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The accuracy of the five distanestimation methods was evaluated on these simulations
addition, a sixth method (labeledue rateg was added aa frame of reference This method is
similar to theiterative ratesmethod, exceptit was given the true rates that were used to
simulate the sequences instead of the MLEs of the rat€kis information is obviously not
available for real proteinslit is used here in order to demonstrate the limit of the accuracy of

this class of ML methods, when given the most accudait 2 0 | f ApSSBIBIENY I G A 2y €

The results were analyzed in terms of the error and the bias in distance estimalibe
relative mea square error (RMSE) and the relative mean error (RME) were used to measure

the error and the bias respectively

YO YOO U "Q—— YOO 00 '@—— 3-6

3.3.3.1 Accuracy as a function of the evolutionary distance

In Figure3.4 the RMSE and RME of each method are plotted as a function of the true distance
by which the sequence pairs were simulatethe results are shown for simulations with fan

value of 0.7.
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The improved accuracy of the novel iterative methods is evident firagare3.4a, mainly for
large distances It seems that onlyfor large distances, where many sitesdergo multiple
replacements, there is a significant advantage to the more refined modies small distances
most methods produce very similar errorsor distances larger than 0.2 all the ASRV methods
are significantly more accurate than timmogereous ratesmethod. The major contributing
factor to the inaccuracy ofhomogeneous ratess probably its considerable bias for

underestimation Figure3.4b), which increases dramatically with the distance

Among the ASRV methods, the iterative meth@d& | & dz&d S & 3t 2ré sighificangfyT 2 N I {
more accurate than th@airwise" method that doesot. Again, ve attribute this result to the
insufficency of the information in two sequences for accurate estimation of ASRV parameters
Interestingly, there is a noticeable bias for overestimation (over 10 percent) ipdiiseh

method, for both small and very large distanc@&e iterative methodspn the other hand, do

not display a significant biag heiterative posteriomethod seems to be especially unbiased.

The accuracy of all methods never exceeds that oftthhe ratesmethod, asexpectedfor the
2LI0A YL E a3t 20 ButprisihgyEverNdF lveiyAl&rgé distances, the three iterative
methods produce RMSE values that are no more than 1.5 times larger than thosetofighe
ratesreference In general, thaterative posteriomethod is more accurate than the other two
methods Its adwantage is especially noticeable for large distanedsere its erroris almost

equal to the gold standard set byue rates
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It is worthwhile to note the effect of the improved accuracy of pairwise distances on the
successful reconstruction of tree topokpg The significant improvement idistanceaccuracy

was for distant pairs (distances larger than 0.2), while the improved reconstruction was mainly
in the shortest branches of the trees (of length around 0.Bigure 3.3). Evidently, the
accurate estimation of large pairwise distances is essential for resolving difficult splits that
correspond to short branches This effectis probably due todistant pairs of sequences
connected by a path in the tree that inclesl very short brancheslhe large pairwise distances

are used by NJ to resolve those internal branches.

3.3.3.2 Acauracy as a function of |

When ASRV models are applied to protein sequences the estimatedues typically range
between 0.5 and 3.0In order totest the effect of the degree of rate variation on the accuracy
of the distance estimation methods we plotted the error and the bias aga&insFigure3.5
presents the results for a distance of 1.0, which isddbgt not uncommon At most of the
biologically relevant values the three iterative methods are clearly more accurate than the
simpler methods However, ath values of 0.5 and smaller thiéerative posteriorand the
iterative ratesmethods become lesaccurate, while theterative h method remains nearly as

accurate as thérue ratesreference
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This increased error is correlated with a bias for underestimatiBigufe 3.5b). We
investigated the cause of this bias, finding that it was preceded by underestimation in the
branch lengths of the trees that were reconstructed from the simulated M3Ag bias of the

ML estimation of the branch lengths at smallvalues wasever reported before This is an
interesting and important result in itself, which merits further investigation, as it surely affects
any other evolutionary analysis that makease of the branch lengths of treesn our analysis,

the shortening of thébranch lengths resulted in overestimation of the rate at each site, which
caused underestimation of distances ligrative ratesand iterative posterior Nevertheless,

the novel methods we present here produce high accura@ll evolutionary scenariosxcept

for the very extreme end of the rate variability in biological protein sequences.

3.4 Modularity of the hybrid approach z application to bacterial phylogeny

This section is a collaboration that was preserdaed contributed talk in
Privman, E.Duthei| J., Ninio, M., Friedman, N., Galtier, N., and PupkbhdAnnual Meeting
of the Society for Molecular Biology and Evolution (SMB&j.Halifax, Canada.

A valuable property of the hybrid MWJis modularity Two modules in the algorithroan be

freely substituted with other counterparts: Here, standard NJ is used as the distaased

tree reconstruction module, but it can be replacbkg any of the other NJ variants and other
algorithms that build a tree based on a distance matrix (see Sedti8n The second
interchangeable part is the evolutionary modkét is used in ML estimation of distanceBhe

above results show that the ASRV model improves distance estimation accuracy. Similarly,

other enhancements of the model realism may beegrated into the MENJ hybrid. Any
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model parameters may be estimated in the ML stage of the iteration, where the rate
parameters are estimated, and then subsequently used in the distance estimation(Biggee

3.1b above) To demonstrate this potential of the hybrid scheme, this section describes the
reconstruction of the bacterial phylogeny using a more advdreeolutionary model. | will

first present the phylogenetic question at hand and then describe HosvMIL-NJ hybrid can

help to address it.

3.4.1 Was the first living cell a thermophile?

The origin of life and the last universal common ancegtddCA)are topics of debate that
remain continuously activeince the days of Charles Darwih has been hypothesed that the
first living cells developeth high temperature settingsnear volcanicactivity. These niches
harbor thermophilic species of bacteria and archaeaThis hypothesis requires that
thermophilicspeciesshould befound at the root of thetree of life, as was the result of early
reconstructions of the tree based on ribosomal RNA (rRNA) sequéaaes Woese 1987)
However, more recentstudies using a range of phylogenetic approachesm supertree
methods toestimation of theGC content of ancestral sequendgaltier, Tourasse, and Gouy
1999; DaubinGouy, and Perriere 2001; Galtier 2001; Brochier and Philippe 2002; Daubin,
Gouy, and Perriere 2002pund evidencethat the LUCA was a mesophilé/ihg in moderate
temperatures. Several of thesauthors (ncluding GaltierDaubin and their colleagugsargue
that their phylogeneticinnovations overcome biase®f less sophisticatednethods which

erroneouslyplace the thermophiles at the root of the treeThis placing may ban artifact
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resulting fromthea f 2 y 3 06 NI Yy @lenoménafelsebsieln 2978)which isexpected

for the highlydivergedrRNA sequences (and the rest of the genome) of the thermophiles.

Sophisticated, more realistic modead$ evolutionwere suggested foimproved accuracy othe

tree of life. One such model enhancemeatiowsthe rate of a speific site to vary along the
tree (in addition to allowing the rate to vary among sitesyhese are known as covaribke
models or models of sitgpecific rate variation§SRY SSRV modelgere suggested for the
purposes of deep phylogeny reconstrueti(Gemot and Philippe 1999; Lopez, Forterre, and
Philippe 1999; Philippe et al. 2000¢cause the dramatic changes in the rRNA sequences of
mesophile vs. thermophile species appear to involve many shifts in the evolutionary rate of
sequence sitesAlthoughthese modelshave been applied to ancient phylogeni@sg. Galtier
2001) they were used for estimating the GC content of LUCA and footphylogeny
reconstruction. The SSRV modetas consideredcomputationallycomplex and Galtier (2001)
limited himself to less than 40 rRNA sequenceBherefore the model was not used fon &L

tree searchthat requires evaluations of many topologie3he challenges then to utilize the
SSRV model for efficient search for the ML tree of hfed to include as mangequences as

possible in order to maximize the evolutionary information available

3.4.2 Reconstruction of the bacterial phylogeny from rRNA sequences

We integrated theSSRV modéhto the hybridML-NJ method. The efficiency of the distanee
based approachllows the andysis ofalarge sequence datasetith the SSRV modeh dataset

of 861 bacterial sequences of the small subunit (SSU) rRNAeweved from the European
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Ribosomal RNADatabase (Wuyts, Perriere, and Van De Peer 2004)We includedone
representativefrom each bacterial genus that was sequenced to d&digh-quality structure
based alignmet of these sequencewasdownloaded from the above databas@wo archaeal

sequences were included as an outgraufphrodite sulfophiland Acidolobus aceticus

The SSRV model with fodiscreterate categoriesvas used in combination witthe Tamura
(1992)substitution model. Each iterationof the ML:NJ hybrid Figure3.1b) took approximately

9 days on a 2.4GHz, 64bit Opteron procesfwrthe 861 rRNAsequences The likelihood score
convergedquickly after twosuchiterations and the resulting phylogeny is presented-igure

3.6. To produce bootstrap confidence scores (Sectiod) bootstrap trees were reconstructed
dzaAy3 | aAy3tS AGSNI GA 2y tha defoSditerdtihDf thie Hefafive | Ay
run. Bootstrap runs were parallelized on a Linux cluster, but due to computational resource

limitations only31 bootstrap repeats wereun.
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Figure 3.6: Phylogenybased onbacterial rRNA sequences, reconstructesing the SSRV
model. Phyla are collapsed and shown as trianglesThermophilesare colored in red.
Clostridiaare marked in red stripes because only somee thenera are thermophilic. An

outgroup oftwo archae&sequencesvasused(colored in greeh TheFirmicutegphylum is not
a monophyletic group in this tree and therefore its clasaes shown separately Bootstrap
scores presentedre based or31 bootdrap replicates.
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The resulting treds similar toa standard NJ tree (not shown) with respect to the positioning of
the thermophilesat the root. Thus, theanalysis using aBSRVWnodel supports the hypothesis
that the ancestor of the bacteria was a theophile. The comparison between the NJ and
SSR\J trees revealssome differences in theositioning of other phyla, lowever, these

branches have a low bootstrap support.

3.5 Summary

Current stateof-the-art distancebased phylogeny reconstructiomethods negect to take
ASRYV into considerationThus, such methods suffer from high errors and bias, as we show in
our simulation studies. Our resultsalso demonstrate that an attempt to estimate ASRV
parameters for each pair of sequences independently will inbistauffer from large errots
Therefore, wepropose aniterative ML-NJ hybrid algorithnto extract more refineddglobak

ASRV informatio from the entire dataset, using the tree that was estimated in the previous
iteration. While all previously suggestedistancebased methods consider each pair of
sequences separately, the iterative method makes use of all available sequences, allowing
more accurateparameter estimation for the gammaASRV model 2 S  dza Sglobak S &
informationé for a novel Bayesian distae estimation method that integrates the posterior

distribution of the rate at each site into the estimation of the distance.

We demonstrate the improved accuracytbe hybridmethod through a comparative study of
distance estimation methods and their &1sn NJ The iterative posterior method produces

trees of significantly improved likelihood for both real and simulated protein MSHse
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simulations also show that thisovel method correctly reconstructs a larger percentage of the
branches ofthe true tree. Using simulations of sequence pairs wesh (Kl & GKS a3
Ay T 2 NJvthail 5 awgikble to the iterative method reduces errors and bias in distance
estimation Our simulations demonstrate that these advantages are considerable in almost all
scenarios and are increasingly significant for large evolutionary distances and for proteins of

high rate variability.

Finally, the integration of the SSRV model demonstrates the modularity of the hybrdJML
algorithm and its potential for reconstructingrge phylogenies using realistic evolutionary
models. The analysis of the 861 bacterial genera is the first application of the SSRV model for

tree reconstruction based on a large bacterial dataset.
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4 lIterative use of improved phylogeny reduces alignment e rrors

4.1 Introduction

The improved accuracy of tree reconstruction (Chapderabovg led me to investigate
alignment accuracy.An accurate multiple sequence alignment (MS3yyically relies on a
phylogenetD 3IdzA RS G NBS RINE INESE AINBDSE & [seeBgc@ .51 f A JyY Y
above. Accurate reconstruction of phylogenies, in turn, requires an MSA. This circular
dependence is usually solved by iterative, alternating phylogeny reconstruction and sequence
alignment. Most algorithms use distancebased methodo reconstruct an initial tee based

on pairwise sequence alignments. The tree is used as a guide tree for progressive sequences
alignment, producing the first MSA. The process is then repeatdet MSA is used to
reconstruct the tree, and a second MSA is produced. Most impleatiens do only two such
iterations (Section 1.5. E.g. Thompson, Higgins, and Gibson 1994; Notredame, Higgins, and

Heringa 2000; Edgar 2004; Katoh et al. 2005)

The first tree is based on pairwise distances derived from pairwise alignments. The second tree
is based on pairwiseistances derived from the entire MSA, and is hence expected to be more
accurate. Similarly, the first MSA may also suffer from errors introduced during the progressive
alignment, because the erroneous tree is used to determine the order of addition aésegs

to the MSA. Generally, the second tree is more accurate because it is based on a more
accurate MSA, and the second MSA is more accurate because it is based on a more accurate

guide tree. The accuracy may be further improved in subsequent itesation
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It canbe expected thaerrors in the guide tredead toerrors inthe MSA. However, previous
investigations concluded thadlignment accuracy is rathepbust to errors in the trede.g.,
Nelesen et al. 2008 In agreement with that viewprogressivealignment programsise the
simplest and fastest available tree reconstruction methaglich aiNJor UPGMA, rathethan

more accurate and elaborate methofisee Sectiond.3).

However,here we investigate thehypothess that as the number of sequences increasso

does the impact of errors in phylogeny on the accuracy of the final M8A.rationale behind

this hypothesis is that larger trees inevitably harbor more errors, which may cause alignment
errors and lead to cascading failgréuring thelonger procesgrogressive alignmemnf many
sequences This issue has never been tested wheindreds or thousands of sequences are
andyzed. In smaller datasets (e.dlelesen et al(2008 analyzed 25 to 100 seiences)the
standard guide tree may be accurate enough, and any errors that may be introduced during the

progressive alignment do not propagate as much as in larger datasets.

To testour hypothesis we analyzed alignment accuracy using either a simpleid&ltgee or a
tree reconstructed bythe hybrid distancdikelihood methoddescribed in ChapteB, which
significantly increases the guide tree accuracy. We used an iterative scheme of alternating
phylogeny reconstruction and sequence alignment. We included the popligmneent
algorithm CLUSTALWHs well as PRANKI NB OSy (i - GoLIKNSRp e SiReWt of the
classical progressive alignment algorithm, which makes better use of the guide tree in the

inference of insertions and deletion®Ve used simulation studies to evaluateese methods.
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Our results demonstrate that for datasets of hundrexfssequences or more, the use of more
accurate phylogeny significantly impravalignment accuracy. This conclusion holds both for

the conventional CLUSTAIANdfor the & LIK & f -B & IS RIBANK.

4.2 Methods

We choserelatively accurate alignment and phylogergconstruction methods that are still
capable of analyzing large datasets efficielittythis study, up tdl,000 sequencgswhich we

integrated into an iterative scheme

The phylogeny reconstruction method described in Chaptexboveachieves highaccuracy
while retaining the ability to process thousands of sequenogscombiningthe benefits of
distancebased andorobabilisticmethods In the present work we compare thigbrid ML-NJ
method to simple NJ with respect tohe accuracy of the resulting MSANe integrated the
hybrid method with progressive sequence alignment algorithtogest whether the improved

guide trees result; improved alignment accuracy.

We chosetwo MSA algorithms: CLUSTA[Wompson, Higgins, and Gibson 19849 PRANK
(Loytynoja and Goldman 20055ee Sectiorl.5 abovefor a description of these algorithms.
Both implementationsprovide the option of an input guide treavhich is necessary for our
iterative scheme CLUSTALWas included because it i@ well-established,widely-used

program t w! b 'YX (odgeSyl @éILIIBE | £ A Iy Y S yincludédibet@udehvie K Y 3
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hypothesized thatimproved guide trees can be of greater assistafmean algorithm that

makesmore advancedise of the tree compared tpreviousprogressive alignment methods.

4.2.1 Iterative alignment and phylogeny

Our iterative algorithmis based on thestandard schemadlustrated inFigurel.5, except that
we use the MENJ hybrid tree reconstruction methadstead of simple NJit comprises of two
modular building blocksone of the two alignment algorithms and thehybrid phylogeny
algorithm Since the tree reconstruction module can owigrk on an MSA, the first iteration
uses a standard NJ, which is basedpairwise alignmentsto build the first MSA.Therefore,

the beginning of the iterative flows equivalent to atandard run of the MSA program

Followingthis, each iteration begswith tree reconstruction using the hybrid method, which is
then used as the guide tree for the sequence alignm&tage The process can be run for a
pre-determined number of iterations, or for as long as the alignment score improves (as is
given by CLETALW). For our simulation benchmarkes ran four iterations, producing four

MSAs in addition to the initial MSA that is based on the simple NJ guide tree.

4.2.2 Alignment benchmark data

All phylogeny and alignment ethods were tested on a benchmadt simulatel MSAs. We
used SIMPRO(Pang et al. 2005)hich simulates the evolution of protein segnces along a

given phylogenetic tree, including amuagid substitution events, insertions and deletions,
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according to empirically determined statistical distributionsSimulations started with a

sequence length of 300 amino acids.

In order to achieve e most realistic simulated data possible we used a tree that was
reconstructed by PHYMIGuindon and Gascuel 2003)om a large alignment of 400
thymidylate synthase sequence®Ve trimmed this tree to produce datasets of variable sizes by
randomly removing leaas to generate differentsize categories: 100, 200, 300; 400
sequences. To produce even larger datasstsduplicated the tree in three copies, connected
them to a new root with a branch lengtaf 0.1 We then repeated the random trimming
process to produce datasets of 500, 600, 700, 800, 900, and 1,000 sequences. The random
process of tredrimming and MPROT sequence simulations was repeat@édimes for each

size category (106 1000) to generatelO independent datasets.

We measured the alignment accuracy for each MSA compared toefieeenced (0 NHzS ¢  a { !
We used the surof-pairs (SP) scorthat measues the percentage of pairs of aligned residues
in the reconstructed MSA thatgreewith the reference MSAsee Sectior..6) as implemented

in the bali_score progranhftp://bips.u-strasbq.fr/fr/Products/Databases/BAIIBASE2/

4.3 Results
43.1 CLUSTALW
We ran four iterations of the algorithm on simulated datasets ranging from 100 sequences to

1,000. Figured.laplots the algnment accuracy of the MSAqauced in each iteration fdiive
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individual datasets of 400 sequences. Although some cases show reduced errors and some
elevated errors, the general trend is improved accuracyFidgare4.1b we plotas a function of

the number of sequencethe average improvement of the SP score of the last MSA from the
fourth iteration compared to the initial MSA (which is equivalent to a standard run of
CLUSTALW). A significant improvement was aetiiéwr all dataset sizednterestingly these

results do not show @ositivecorrelation between the number of sequences and the accuracy

improvement.

60



(a) 045

04 T

0.35 y

SP error
/.

0.3

0.25

0.2 T T T 1

Iteration

(b) 0.09
0.08

o V%\

0.06

0.0 H

0.04 1 T T
0.03 !

0.02
0.01
0 . . . . .

0 200 400 600 800 1000

Average SP improvment

Number of sequences

Figure 4.1: Reduced alignment errors followingterations with CLUSTALW (a)
Alignment error rates masured by the SP score of tMSA produced at the end of each
iteration, for 10 independent datasets of 400 sequencés) The average improvement
in SP score of the last MSA relative to the first ,oage a function of the number of
sequences.Each data point represen®) independent datasetsThe standardleviation

is indicated by vertical bars.
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4.3.2 PRANK

Next, we turned to test our iterative scheme with PRANK as the MSA algorittiith. the
abovanentioned datasets, no statistically significant improvement was achieved by the
iterative algorithm compared to a standard PRANK run (data not shofvppssible reason for
GKAAa FlLAEdzZNE Aa (GKS FdphRdgenplydilh NB RIAIFIDS NB y ©OF
methodology of PRANK compared to classical implementations of progressive alignment, such
as CLASTALWhe PRANHKIgorithmis aimed at aligning sequence positions that are genuinely
homologous, i.e. a residue that existed in the common ancestas propagatedo present
sequences via substitution mutations aloj@ri Loytynoja, personal communication). For
example, two homologous sequences may contain an arginine in the same position, but these
arginine residues were inserted in two independent events ingasllel lineages. Such a pair

is analogous rather than homologous, and should not be aligned in a PRANK alignment. On the

other hand, classical algorithms such as CLASTAILWnNA to align such pairs.

PRANK was originally designed for aligning genddN& sequences, which are not very
diverged. Conversely distantly related protein sequences have undergone multiple
consecutive insertion and deletion events and many pairs of similar aaditb may have
arisen through analogy, making the inference afietrsitespecific homology very difficult.
Therefore Loytynoja himself argues that PRANK is not suitable for such dafpsetsnal

communicationand the PRANK websitgtp://www.ebi.ac.uk/goldmansrv/prank/).
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For this reason we were concerned that our simulations produceddieerged homologs,

2dz0 AARS GKS NIy3S 27 -agdréS NI § & B sai2vE @edidéSto téstIK & £ 2 3
PRANK on simulations of smaller evolutionary distances. We sedudatasets based on the
sametrees after multiplying all branch lengths by a scale factor of 0.1, 0.2, or 0.4, and ran our
iterative algorithm as described abové&or datasets of less than 400 sequences, there was no
significant improvement compared tosgtandard PRANK run. However, on larger datasets we

achievedsignificantlyimproved alignment accuracy.

Figure 4.2a plots the alignment accuracy of the MSA produced in each iterationfiver
individual dataset®f 1,000 sequences that were produced after scaling thegtee02. Again
the general trend is reduction oSP errors. Figure 4.2b plots the average accuracy
improvement as a function of dataset size, for leascaling factor. Here we finda strong
correlation between the number of sequences and the accuracy improvemigmiscale factor

0.2 and 0.4Pearson correlation=0.946p = 0.001, ana = 0.958p = 0.010, respectively)
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4.4 Summary

This chapter presents an extension ofthe iterative phylogeny reconstruction scheme
developed in ChapteB. The contribution of improved topological accuracy was investigated
within the widely usedterative scheme of phylogeny and alignmentll progressive alignment
programs use a quick distanbased method to build their guide tree. Starting from the
second iteration, an MSA is available for more sophisticated phylogenetic methods. The hybrid

method described in Chapt&allows a more accurate yet efficient phylogeny reconstruction.

Previous studies concluded thalignment accuracy is rathe@obust to errors in the guide tree

for datasets of 25 to 100 protein sequenci@delesen et al. 2008 However,the simulation

studies described here demonstrate that, for larger datasets, the improved phylogenetic
accuracy leads to significant improvement in alignment accuracy. For diverged protein
sequences aligned with CLUSTALW this effect was significant fatadet sizes tested from

100 to 1,000 sequences. For less diverged sequences aligned with PRANK this effect was
significant for 400 sequences or more. The magnitude of this effect in PRANK was correlated

with both sequence number and degree of divenge (scaling of the tree).

Initially, we ran ouriterative algorithm on real protein sequences fronthe widely-used
BAIIBASIBenchmark(Thompson et al. 2005yvhich isbasedon structuralalignments of real
proteins (Sectiorl.6). However, such datasets usually consist of few sequepeesISA(no
more than 25 sequences in the case of BAIIBASE) and our hypothesis was that the effect of the

tree is substantial only in large datasets of hundreds of sequences. In agreemerthiwith
65



hypothesis, there was no change in the alignment accuracy by our iterative algorithm
compared to a standard CLUSTALW run (data not shown). Since larger alignment benchmarks

of real proteins are not availablege turned tosimulations of sequence ewdglon.

In parallel withour investigation Liu et al.(2009)published similar results for simulated DNA
sequences aliggd in an iterative scheme combinirtge alignment algorithms MAFFT and
MUSCLE with tree building using RAXML. See discussion in Sedtieagarding the
comparison to RAXML. The general trends in that analysis are similar to the ones described
here. They demonstrate significant improvement in alignment accuracy for datasets of 500 and

1,000 sequences, but not for datasets of 100 setpss.

To conclude, when approaching a challenge of comparative analysis of hundreds of sequences
researchers will do better to invest effort in the application of more accurate phylogenetic

methods than the simple distandeased methods commonly used fouilding guide trees.

tKAa 02y OfdzaAzy O2YLX SYSyda (GKS NBOSyd FdaSy

sequence alignment by Loytynoja and Goldni2008)
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5 An alignment confidence score capturing r obustness to guide -tree

uncertainty

This chapters based on a published manuscript

Penn, O.*Privman, B, Landan, G., Graur,.Land Pupko,.TMol Biol Evol, in press
* Equal contribution

5.1 Introduction

The investigation into the effect of the guidéree on progressive alignmened to an
interestingobservation. Even whethe accuracy score of the alignmewas not significanyl
affected by the accuracy of the guide tree (in small dataseespbserved that changes in the
guide tree gave rise to dramatic changes in the MSA, which were not reflected in significant
changes in the accuracy scor@&/e hypothesized that these changesflect uncertainty in the
alignment rather than accuracy improvemenin this chapter | descrili@e investigationthat

followed, ofthe effect of guide tree uncertainty on alignment uncertainty.

As described in Sectiofi.1 above an MSA is a prerequisite for virtually all comparative
sequence analyses All such analyses take the MSA input for granted, regardless of
uncertainties in the alignment Sin@ errors in upstream methodologietend to cascade
downstream, alignrant errors are an important concern in molecular data analysighe last
decade, considerable efforts have been made to improve alignment acc(see\Sectiorl.5).
Nevertheless, studiebased onstructuratalignment benchmarks(described in Sectiorl.6
above such as BAIIBASEhompson et al. 20058how that obtaining accurate alignments

remain a challenging taskA recentevaluation of SP scores across the BAIBASE benchmark
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concluded that the best alignment programs to date achieve only 76% average accuracy, i.e., a
qguarter of all residue pairs are incorrectly align@dlin, Wang, and Tillier 20Q6)Therefore,
distinguishing between accurate and noisy alignment regions is critical forddf&ndent

analyses, which should try to adaalignment regions of loguality.

There are several possible sources for errors in sequence alignmi@enbegin with, all MSA
programs use heuristic methodsin contrast to pairwise sequence alignment that can be
optimally solved under a given saogi scheme, finding the optimal MSA is computationally
prohibitive. Thus, MSA programs usually produce a-sptimal alignment Furthermore, even
with optimal algorithms for pairwise sequence alignment there are often severaptimal
solutions, i.e., dferent alignments with the same maximal scorEhis issue affects all statd-
the-t NI a{! Ff3IA2NAGKYA GKIG FNBX ol aSRengyndiKS
Doolittle 1987) because they usan optimal pairwise alignment algorithm for iteratively
adding sequences to the MSAlotably, while progressive alignment approaches differ in the
manner according to which posiignment corrections and refinements are made, the
progressive alignment steis a critical component in all of themLandan and Grauf2007;
2008)investigated this source of error and concluded that®®6 of the columns and 40%

of aligned reglue pairs in a typical MSA are affected by uncertainty due tepptonal

solutions.

An additional point of concern is thdhe objective functions, which alignment algorithms

attempt to maximize, are based on simplified models of the process of molesatpuence
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evolution. Such approximations mayield high scores for unrealistic alignment3herefore,
even if we had unlimited computational power to find the set of M8#hk the optimal score,
we cannot be confident that it includes the true alignmenince the true alignment may
actually be sulpptimal. Additionally, the stochastic nature of sequence evolution introduces
noiseon top of the signaland thus the true evolutionary history will often score less than the

highest scoring alignment everaifperfect scoring functiowere available.

Finally, the alignment may be sensitive to errors in the guide tree, which is used for choosing
the order in which the sequences are added to the growing MiStAe progressive alignment
approach As described irsectionl.5 above the greedy nature of the progressive heuristic
entails that early mistakes in pairwise alignments cannot be rectified with the addition of
information from oter sequences in latter stage3his problemmay beaggravated when the
topology ofthe guide tree is incorrect, leading to incorrect order of addition of sequences
Indeed, estimates of guide tree accuracy show that, on average, more than 10% of tree
branches are topologically incorrect for datasets of 25 taxa, and this proportiorasesenith

the number of taxa(Nelesen et al. 2008 Several studies measured alignment accuracy in
terms of the percenh of correctly aligned residues, by comparing a reconstructed MSA to a
NEFSNBY OS & i NHz%eig., NefeseiOd . 280Randafi &nd Graur 2009)These
studies concluded that the accuracy of the guide tree has a negligible effect on the accuracy
score of the alignment However, as we will show here, perturbations in the tratect

significant portions of the alignment, shifting residues one way or the other, even though the
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overall accuracy score does not change significanifynerefore, we argue that guide tree

uncertainty is an important source of alignment uncertainty.

All the above factors contribute to substantial errorsalignmentsproducedby stateof-the-art
MSA algorithms Equally troubling is the fact that, with theotable exception of TCOFFEE
(Notredame, Higgins, and Heringa 200@)ost of the widelyused MSA programsdo not
provide information regarding the reliability of different regions in the alignmeaiy.,
CLUSTALW hompson, Higgins, and Gibson 19M)SCLEEdgar 2004)MAFFTKatoh et al.

2005) andPRANKLoywnoja and Goldman 2005)

Only a few confidence measures for alignments have been publishéd phylogeny
reconstruction it is common practice to remove alignment blocks suspect of low quality using
the Gblocks program, which defines various cutoffgtma number of gapped sequencesan
alignment column(Castresana 2000; Talavera and Castresana 208@)vever, these criteria
may excessively filtesut regions with insertion/deletion events that can be aligrmetiably. A

few alignmentalgorithmsoutput site-specific scores that allow the selection of higinfidence
regions Such a service was first offered by the SOAP prodtamtynoja and Milinkovitch
2001) which tests the robustness of each column to perturbation in the parameters of the
popular alignment programCLUSTALW The TCOFFEE web senéet 2 ANRB X hQ¢ 2 2f
Notredame 2003uses a library of alignments in the construction of the final MSA, and its
output MSA is colored according to confidence scores that reflect the agreement between

different alignments irthe library regarding each aligned residu&nother alignment program
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that can output an MSA with confidence scores is &Adley et al. 2009)which uses a
statistical model that allows calculation of the uncertainty in the alignmeitnilarly, the HoT
(HeadsOr-Tails) score can be used as a measure ofsgigific alignment uncertaintgiue to

the cooptimal solutions problem mentioned aboykeandan and Graur 2007; Landan and Graur
2008) However, none of these confidence measures account for uncertainties in the guide

tree.

An alternatve, more statistically justified approach to assess alignment uncertainty is the use
of probabilistic evolutionary models for joint estimation of phylogeny and alignr{cgcribed

in Sectionl.7 above. TheBayesian apmach allows calculation of posterior probabilities of
estimated phylogeny and alignment, which is a measure of the confidence in these estimates
across the whole solution spaceln comparison, in the approach presented here and the
previously published Hoscore, perturbations are made to the inputgreedyalgorithms such

as CLUSTALWwhich were not designed to consider saptimal solutions Therefore, in
principle we should prefer the Bayesian approaclHowever, in practice, the Bayesian

approach isnfeasible for all but the smallest datas€&ectionl.7?).

Here we will show that uncertainties in the guide tree have a considerable effect on the
robustness of the MSA Subsequently, we develop a measure quantifying #fiect as a
confidence score for each column and for each residue in the alignment, based on the
robustness of their alignment with respect to perturbations in the guide .tr€&ir measure is

based on the bootstrap method, which is widely used for assggmionfidence scores to
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branches in reconstructed phylogenetic treeBenchmark studiesising BAIIBASE as well as

simulated sequences show that our alignment confidence scores are a good predictor of

alignment accuracy, significantly improving on the Ho®res Therefore, we conclude that
guide tree uncertainty is an important source of error in sequence alignment, and that MSA
based analyses should take into account -specific confidence scores, in order to avoid

artifacts.

5.2 Methods

5.2.1 Construction of perturbed multiple sequence alignments

We begin with a standard MSA generated dyy progressive alignment program, hereby
termed cbase MS®¢ { AYAT FNJ G2 GKS 02YY2y LINY OGAOS
bootstrap (BP) approadfirelsenstein 1985p obtain a set of trees that can be used as a proxy
to a confidence interval around the inferred tre@hese trees are obiaed using the neighbor

joining (NJ algorithm (Saitou and Nei 1987)The pairwise distances used as input to the NJ

algorithm are maximum likelihood estimates computed using the JTT amino acid replacement

matrix (Jones, Taylor, and Thornton 1992ext,eachbootstraptree is given as an input guide
tree to thealignment program The resulting set of perturbed MS#sused for estimating the
confidence level of the base MSAs in theBP test for tree branches, the larger the number of
perturbed guide treesthe more accurate is the estimated confidence scortn all of our

analyses we used 100 BP replicatébeflow of the algorithmis shown inFigure5.1.

72

Ay



Base MSA

Neighbor joining

RFILHCSQELENLFSPYCLVKSLQITFQLCLLVFVGVS~-~-GT~-REVLRIV-~--N--QLQYLGLTIFELLMFT
VHLVSLONDLNGIFGKSLLLSLLTTAAVICTVAVYTLI--QGP~--TLEGFT---Y--VI-FIGTSVMQVYLVC
QLLNGLCRKYNDIFKVAFLVSNFVGAGSLCFYLFMLSE--TS---DVLIIA---Q--YILPTLVLVGFTFEIC
ARALDLSEEVNNIFSFLILWNFIAASLVICFAGFQIT-~--ASN--VEDIGV--~-Y--FI-FFSASLVQVFVVC

QRIRSLTLTCQRIVSPYILSQIILSALIICFSGYRLQH--VGI-RD~~~~NPGQFISMLQFVSVMILQIYLPC
TKVRRLTRECEVLVSPYVLSQVVFSAFIICFSAYRLVH~~MGF~KQ~~~~RPGLFVTTVQFVAVMIVQIFLPC
NLIIDYAAAIRPAVTRTIFVQFLLIGICLGLSMINLLF-~-FAD-~-~IWTGL---A--TVAYINGLMVQTFPFC
ALCLNLGHFLNEYFRPLIC-QFVAASLHLCVLCYQL----SAN-ILQPALL---F--YAAFTAAVVGQVSIYC

QRVWALVALLNRCYGLSMLMQVGNDFLAITSNCYWMFLNF-RQSAASPFDILQIVASGV-WSAPHLGNVLVLS

|
! ! J

J [ omee2 ) [ ) [ e ]|

Tree 100 ]

J y J

J

J [ owmsaz J [ ][ wmsaw

MSA 100 ]

bootstrap tree
reconstruction l

[ Tree |
Progressive »
alignment [ MSA

=

GUIDANCE
scores

/

e

e ¥ CEVRE Lo I TFQLCLLVFVGVS - ~GT - ~REVLRIV-~~N--QLQYLGLTIFELLMFT
Ay S S LLLSLLTTAAVICTVAVYTLI - ~QGP -~ TLEGF - --¥--VI-FIGTSVMQVYLVC
A e N 3 JAF LVSNEVGAGSLCFYLFMLSE--TS---DVLIIA---Q--YILPTLVLVGFTFEIC
s S L I LWNEEAASLVICFAGFQIT---ASN--VEDIGH---Y--FI-FFSASLVQVEVVC
QRI"L'L!CQRIVSPYILSQIILSRLIICFSGYRLQH--VGI—RD-——'EPGQFISHLQFVSVMILQIYLPC
TKVRRLIRECEVLVSPYVLSQVVFSAFIICFSAYRLVH--MGF-KQ----RPGLEVITVQFVAVMIVQIFLEC
A e IV OFHL 1G I CLGLSMINLLF -~ FAD---IWTGL---A--TVAYINGLMVQTFPEC
E!E!ﬁ!s!g!gau;aan:c—qrvAlSLHLCVLCYQL————SAN—ELQPALL———F——YAAFTAAVVGQVSIYC
ORVHALVALL NS SLSMLMOVGNDFLATI TSNCYWMFLNF -RQSARSBEBEHQIVASGV-WSAPHLGNVLVLS

;rW*NMVN%M“ywwﬂJMf“JH

s s - « 3 2

Confident ~¢(=—>  Uncertain

Figure5.1: The "GUIDe tree based AligNment ConfidencE" (GUIDANCE) mea&ure.

base MSA is produced by any progressive alignment method. Bootstrap neighbor joining

(NJ) trees are reconstructed and given as guides to the progressive alignment

program, producing aet of perturbed MSAs. Swof-pairs scores are then calculated by

comparing each perturbed MSA to the base MSA, and are color coded on each residue in

the alignment.

5.2.2 GUIDANCEconfidence score calculation

The main goal of our method is to assign a confidesamee for each column of the base MSA
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define a set of distances that measure the dissimilarity between a specific perturbed MSA and

the base MSASpecifically, thee widely useddistancesare computed

1 Columnscore (CS) Each column of the base MSA that is identically aligned in the
perturbed MSASs given acore of 1; all other columns are given tmore0.

1 Sumof-pairsscore(SP) Each pair of residuds the base MSA that is identically aligned
in the perturbed MSAs given a score of 1; all other residue pairs are giverstioeeO.

1 Sumof-pairs columrscore(SPC) The score of each column is simply theerageof the

SPscoresover all pairs in it

The CS score cannot distinguish between a column with one error and a column with many
errors. In contrast, the SPC score can better quantify the difference between a column in the
base MSA and a column in the perturbed M&Absequently, unless statednarwise, we only

use SP and SPC

Each residue pair in the base MSA can have a score of 1 or 0 in each of the perturbed MSAs
The average score over all perturbed MSAs is a measure of the confidence in aligning these two
residues, and is termed here tH@UIDANCE residypair score The average SPC score over all

perturbed MSAs is termed here the GUIDANCE column score.

Furthermore, we define a confidence score for a specific residue in a specific alignment

column, the GUIDANCE residue scoikhis scores calculated by averaging the GUIDANCE
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residuepair scores over all pairs that include the residue in questidhis score reflects the

confidence of aligning this specific residue in this column.

5.2.3 Benchmark data

The BAIIBASE benchmark datab@Beompsoret al. 2005)consists of MSA#hat are based on
structural alignments andre specifically designed for the evaluation and comparisoM8A
programs The database is categorizedto several reference sets, according to types of

alignment problems Here we use BAIiIBA3&ferencesets1-5, which include 218 datasets

We applied the GUIDANCE method to each dataset, using the MAFFT alignment program
(version 6.711), generating GUIDANCE respmhiescores for each pair of aligned residues in
the base MSA We then used the BAIIBASE reference alignments in order to assess the
predictive power of the GUIDANCE score to identify alignment eriash aligned residue pair

in the MAFFT base MSA was classified as correct/incorrect by comparing it to thencefere
MSA A receiver operating characteristiROC) analys(&reen and Swets 1966; Fawcett 2006)
was conducted using the R package RQ&IRy et al. 2005)to evaluate the specificity and
sensitivity of the GUIDANCE confidence measiitee performance of the GUIDANCE predictor
was measurd by the area under the ROC curve (AUChe BAIIBASE reference provides
annotations of alignment regions for which the alignment is verified by superposition of protein
structures named coreblocks. Therefore, we limited all the BAIIBASE analyses tonoos

belonging to these core blocks only.

75



5.2.4 Simulations

The advantagef simulationis that the evolutionary history of insertion and deletion events is
absolutely known We used the ROSE progrd®toye, Evers, and Meyer 1998) simulate
protein alignmens based on BIIBASE datasst Each dataset of genuine protein sequences
was used to reconstruch phylogenetic tree using NJSitespecific evolutionary rates were
estimated usingthe Bayesian method implemented in rate4si{®layrose et al. 2004,
http://lwww.tau.ac.il/~itaymay/cp/rate4site.html) We fed the tree and the rates as input to
ROSE, thereby producing a simulated aget for each of the original I BASE datasst
mimicking the biological characteristics of these proteifitese simulated datasets were used

to conductthe ROC analysis as described above, except that here all columns in the reference

alignment wereused.

To supplement these simulations in an independent approach that is not based on the
BAIIBASE data, we also used the INDELible pro@fatcher and Yang 2008) simulate 100
protein datasets 060 sequences, using a root sequence length of 300, random trees, a-power
law model of indel distribution with indelrate=0.1, gamdstributed among site rate variation

(alpha=1),and the LG replacement matrix.

5.2.5 Comparison to the Heads-or-Tails confidence m easure

We compared the performance of the GUIDANCE measure to the HoT score, as described in
Landan and GrauyR008) using the same MAFFT version (6.71RDC analysis was performed

as described above.
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5.3 Results

5.3.1 Most alignment columns are sensitive to guide tree uncertainty

We applied the GUIDANCE method, using both MARREToh et al. 2005and CLUSTALW
(Thompson, Higgins, and Gibson 199%) an exemplary protein dataset consisting of 130
homologous chemoreceptors fror@rosophila melanogastefRobertson, Warr, and Carlson
2003) The purpose of this analysis was to study the effect of the guide tree on the resulting
MSA, for a typical alignment problenfigure5.2 shows the level of agreement beé&n the
perturbed MSAs, generated by the GUIDANCE method, and the base MSA, generated by either
CLUSTALVYr MAFFT, using either column scores (CS) or-aypairs scores (SP) For
CLUSTALWhe CS scores vary betweBi®29 and0.11, with a median of 0.05@igure5.2a).

That is, in a typical perturbed MSA less than 6% of the columns are identically aligned as in the
base MSA For MAFFT alignmentthe median is 11%Taken together, these results suggest

that alignment columns are highly sensitive to uncertasatin the guide tree We next tested

the sensitivity of aligned residue pairs, in terms of the average SP score of each perturbed MSA
(Figure5.2b). ForCLUSTALWhe SP scores vary betwe@r28 and0.36, witha median of 0.31

For MAFFT, the SP scores vary betwe&i and0.43, with a median of 0.38 These results

imply that in any perturbed MSA less than 50% of residue pairs are aligned as in the base MSA.
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Figure5.2: Agreement between MSAs built based on perturbed bootstrap trees and
the base MSA for MAFFT a2 USTALWIignments ofD. melanogasterchemoreceptor
sequencesBox plots summarize ndgans, quartiles, and range oblumn scorega) and

sum-of-pairs scoregb).

5.3.2 GUIDANCE measure can identify alignment errors

Since uncertainty in the guide tree results in alignment uncertainty (as shown above), we
hypothesized that alignment errors can be detected by searching for those alignment regions
that are ®nsitive to guide tree perturbationsTo this end, we used a continuous range of
cutoffs for the GUIDANCE scareghe cutoff was used as a classification criterion to separate
columns or residue pairs into reliable and unreliabldn order to test how ll this
classification correctly detects actual alignment errors, the columns and residue pairs of the
AYFSNNBR FftA3yYSyld &aK2dzZ R 0 SuchGc@mphdsoNBiRreveat |

the proportions of true positive (correctly aligned residubattare marked as reliable by the
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GUIDANCE classifier) and false positive (erroneously aligned residues that are marked as
reliable by the GUIDANCE classifier) predictignst y OS> Ay Y2aid OFasSasz (K.
unknown, two approaches were usedrieeo test the performance of the GUIDANCE classifier

(i) comparison against a reference benchmark of curated MSAs, and (ii) simulation .stindies

addition, we compare the performance of the GUIDANCE classifier to the previously published

HoT score, wich was shown to be a highly accurate predictor of alignment eltcaadan and

Graur 2008)

BAIIBASE benchmark We applied the GUIDANCE measure, using the MAFFT alignment
algorithm, to the BAIIBASE benchmgske Sectio®.2.3. Figure5.3a presents a ROC analysis

of GUIDANCE scores and HoT scfmeeesidue pairs, as classifiers of alignment errors relative
to the BAIIBASE referenceBoth methods accurately identified alignment errors, with an

advantage to GUIDANCE over HoT, givingvalll@sof 94.0% and 89.7%, respectively.
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Figure5.3: Accuracy of GUIDANCE scores in identifying alignment errB®C curves for

HoT scores (red) and GUIDANCE scores (blue) of aligned residuaspaiieslictors for

alignment errors in:(a) the BAIIBASE benchmar{y) the simulations benchmark.

Simulations benchmark Simulation studies provide further support for the higher accuracy of

GUIDANCE scores compared to Hegure5.3b). As opposed to real protein benchmarks, in

which one can never be absolutely sure of the true alignment, the draations of gaps are

known with certainty in alignments of sequences generatedibyulaion. However, one has

to make sure that the simulation settings reflect as much as possible éwolutionary

dynamics To this end, our simulations were based on the BAIBASE reference MBatsis,

we simulated a reference alignment based on the phylogenetic tree andsp#eific

evolutionary rates inferred for each of the 218 datasets in BRHE, in order to replicate the
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natural evolutionary dynamics of protein families The GUIDANCE classifier accurately
identified alignment errors with an AUC of 96.5%, improving on the 92.8% of the HoT classifier
An example demonstrating the differentetween GUIDANCE and HoT is giveRigure5.4,

which plots the distribution of GUIDANCE and HoT column scores, compared to the actual
alignment accuracy in the first 260 columns of a typical alignment of 11 simulated sequences
Both GUIDANCE and HoT scores correlate with the actual alignnremns,egiving Pearson

correlation coefficient®f 0.81 and 0.50, respectively.

0.9 ~
0.8 ~
0.7 ~

0.6
05 - —— GUIDANCE

0.4 - —=—HoT

0.3 A —a—True
0.2 -
0.1 -

0 T T T T T T I I T T I T TTTorTT T T T T T T T e T T T T T T T I T e T T e T I T T T I T T T T eI T I AT T T T T T Tor e

1 30 51 71 98 128 151 175 195 222 247
Position

Sum-of-pairs average per
column

Figure5.4: An example from the simulations benchmarkDistribution of GUIDANCE
column scores (blue) compared to HeamsTais (HoOT) scores (red) and the actual

alignment accuracy (green) in the first 260 columns of a typical simulated alignment.

Independent simulations of 100 datasets using the INDELilble prog@féetcherand Yang

2009) whichwere not based on BAIIBASE data, gave comparable resaltsAUC 090.1% for
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GUIDANCE and 88.4% for HAID summarize, the results obtained for the simulated data are

in line with those obtained for the BAIIBASE benchmark.

A combned GUIDANCHOT score One would expectthat GUIDANCENnd HoTidentify

different types of alignment errorsWe thus tried to combine the two scores to produce an
even more powerful predictor We investigatedseveral approached in combining the two
scokes, including weighted average and a minimum functiddowever, they all produced

similar RO@erformanceas theGUIDANCHeasure alone.

Comparison to GblocksThe Gblocks progratfCastresana 20003 design to eliminate poorly
aligned regions of the MSA, effectively giving a binary score for every colimoompare the
performance of Gblocks and our method, we run Gblocks on the simulaganhmark using
two sets of parameters, "stringent” and "relaxed", as defined in Talavera €2@D7) Figure
5.5 presents tle falsepositve andthe true-positive rates of Gblocks, together with &ROC
analysisof GUIDANCE column scorebhe results show that for the same proportion of false
positives, GUIDANCE provides more {pasitives, for both the stringent and the relaxed

conditions.
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Figure5.5: Comparison to Gblockslhe falsepositive and truepositive rates of Gblocks
"stringent” (red) and "relaxed" (green) parameter sets in comparison to a ROC curve for

GUIDANCE column scores (blue)Hersimulations benchmark.

Figure5.6 summarizes the overlap between alignment errors that were detected by GUIDANCE
and HoT scores as a Venn diagranme total of1,914,804incorrectly aligned residue pairs in

the MAFFT reconstruction of the BAIIBASE benchmark were classified aseddbgceither
method if their confidence score was less than Almost 10% of the alignment errors were
detected by GUIDANCE and not detected by.HaoTcontrast, less than 1% of alignment errors
were detected by Ho®Rlone Only 2.8% of alignment erronsere not detected by either

method.
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Detected by
GUIDANCE

Detected by
HoT

0.8%

Undetected
errors

2.8%

Figure5.6: Venn diagram of alignment error detection by the GUIDANCE and Heads
Tails (HoT) scores.The total of 1,914,804 incorrectly aligned residue pairs in the
BAIIBASE benchmark were classified as detected by either ohethiheir confidence
score was less than 1GUIDANCE detected5.4% of the errors \wile HoT detected
87.3%. The HoFdetected-errors are nearly a subset of the GUIDANIEtectederrors.

5.3.3 Visualization of alignment uncertainty

To facilitate examination o& specific MSA of interest, we suggest a graphic visualization of
alignment uncertainty by coloring the MSA according to the GUIDANCE .sésres example,
Figure5.7 shows a colored portion of the same MSA of chemoreceptors sequences that was
used inFigureb.2 above The GUIDANCE residue scores are color coded on the M\is a

convenient way to inspect the impéitions of lowconfidence region$or subsequent analysis
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Magenta colored residues can be considered reliable, while blue colored residues should be

avoided In addition, a plot of the GUIDANCE column scores is presented
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Figure 5.7 Colorcoded GUIDANCE scores f@. melanogaster chemoreceptor
sequences. A portion of the MSA is presented (columns &5 of 32 sequences).
Confidently aligned residues are colored in shades of magenta and pink, \wbéetain
residues are colored in shades of bluBUIDANCE column scores are plotted below the

alignment.
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As expected, wide galess blocks such as the first from the left score close to ldfi%fdence

Note the alignment is confident even though the seqces are variable Downstream, the
second and third blocks score significantly lower even though they similarly appear to be solid
blocks Furthermore, the GUIDANCE residue scores discriminate between the majority of
sequences in the third block thateareliably aligned and two sequences that stand out in
unreliable blue Such a case of a divergent, badligned sequence can be easily discovered

using GUIDANCE.

5.4 Summary

The study reported herelemonstratesthat alignment reliability is dramatically fatted by
uncertainties in the guide tree Based on this observatiora new measure for alignment
confidenceg I & RSOAASR® . 220a0NFY L) GNBS alF YL Ay3x
the guide tree, is used to perturb the progressive alignment tanduantify ofthe robustness

of the alignment tosuchperturbations in the guide tree Thereby a measure foguidetree
uncertaintyis translatednto a measure oélignmentuncertainty. This methodology produces

the GUIDANCEonfidencescoresfor eachaligned residugwhich can be summarized for each
column or for each sequence in the MSAhe GUIDANCE scoregilitate considerationof

alignment reliability of every residua anydownstreamMSAbased analysis

We evaluated the predictive power of GRANCE scores to identify alignment errors both for
the BAIBASE benchmark of real protein alignments and for simulated alignm@éfgsalso

compared the new GUIDANCE measure to the previously published HoT score, which is a
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measure of alignment unreliaii}f due to the ceoptimal solutions problenfLandan and Graur

2007; Landan and Graur 2008Notably, the HOT score was previously shown to be highly
successful in predicting residue pairs that are errarsyp aligned, and ithe present studywe

report an AUC of 89.7% for HOT scores applied to the BAIBASE benchimhars UIDANCE

scores make a substantial improvement on top ofttmaaching an AUC value of 94.0%mply

put, if we pick a point along th®OC plot irFigure5.3a, we could use GUIDANCE scores to
ARSY(GATFEe ym:r 2F (GKS O2NNBOGfe IftA3IySR NBAARIZS

5% rate of false positives.

Interestingly, an average or a minimum of the two scores does not improve the AUC any
further. This is surprising because one could expect some alignment columns that are
uncertain in terms of coptimal solutions, but not in terms of the robustness to the guide tree

If such columns existed in sufficient numbers then the combination of HOTGAADANCE
measures should improve the prediction accuracy relative to the GUIDANCE measure alone
Since this is not the caseie conclude that most columns affected by the-aatimality issue

are also affected by uncertainty in the guide tre€his doesappear to be the case since less
than one percent of alignment errors were detected by the HOT score and not by the
GUIDANCE scorkigures.6). Clearly, while GUIDANCE focuses only on the effect of guide tree
on alignment uncertainty, research on other sources of errors beside the guide tree can lead to

better detection and quantification of alignment errors.

87



We conclude that the new alignment confidence measure is a highly accurate predictor for the
correctnessof specific MSA columnsAs such, it is valuable for any MBased analysisWe
encourage researchers to use the GUIDANCE confidence measure before any downstream

analysis, rather than rely on alignmentsuagjuestionableruths.
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6 GUIDANCE a web server for assessing alignment confidence scores

This chapters based on a published manuscript
Penn O.* Privman, B, Ashkenazy, H., Landan, G., Graur, D., and Pupkdydieic Acid Res

38:W23W?28.
* Equal contribution

As a followup to the previous chapr, the presentchapter describes the GUIDANGED
server an implementation of the GUIDANCE confidence measure providing the following
services: (i) producing MSAscompanied withtheir site-specific confidence scores; (ii)
graphically projecting thesescores onto the MSAand (iii) filtering and realigning low
confidence regions The serverpoints to columns and sequences that anereliably aligned

and enables their automatic removal from the MSA, in preparation for downstream analyses
The GUIDANE server has a uséiiendly interface, intuitive graphical results, andfisely

available for use dtttp://guidance.tau.ac.iwith no requirement of logn. Two algorithms for

guantifying MSA uncertainties armplemented in the serverThe GUIDANCE scaoreasures
the robustness of the MSA to guidieee uncertainty as described in Chaptes above The
Headsor-Tails (HoT) scoreneasures alignment uncertainty due to co-optimal solutions

(Landan and Graur 2007; Landan and Graur 2008)

Similar tools exist for assessing alignment confidence, suCRCBFFEEt 2 ANR G X h Q¢ 2 2§
Notredame 2003) SOAR.oytynoja and Milinkovitch 2001)and MUMSA(Lassmann and
Sonnhammer 2005b)The advantages of theeb servelimplemented here are (a) it is based

on robust statistical measures of MSA reliability for quantifying two major sources of alignment
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uncertainty (ceoptimal soltions and guiddree uncertainty) that are not addressed by other
tools; (b) it allows the user to fineine the degree to which unreliable MSA parts are removed,;
(c) it implements a range of MSA algorithms and evolutionary models (for codons,-aniidso

and nucleotides); (d) it is straightforward and easy to use.

6.1 Methods

The minimal input requirement forunning the server is a set dPNA, RNAor protein
sequencesn FASTA formatThe general flow of the program is as follow§) a standard MSA

is gerB NI GSRY KSNBoe& (SN)YSR one ol seeral plodressiviSA e | LILJS
algorithnrs; (ii) a set of perturbed MSAs is constructed according to the alignment confidence
algorithm (HoT of GUIDANCE, see below); (iii) The set of MSAs is compared to thkSBaise
order to estimate itsconfidence level This comparison results in confidence scores between 0

1 for each residue, residyeair, column, andsequence of the MSAwhich are essentially
different ways to average Suof-Pairs (SP) scorg€arrillo and Lipman 1988; Thompson,
Plewniak, and Poch 1999iv) the confidence scores of all residues are projeaatb the
MSA, using a colescale and the@umn scoresre plotted below the alignment; (v) unreliable
columns and sequences may be removed fritie base MSA The servercurrently supports
three progressive alignment algorithmLUSTALWMAFFT, and PRANKhompson, Higgins,

and Gibson 1994; Katoh et al. 2005; Loytynoja and Goldman .2005)

The above procedure differs between GUIDANCE and HoT in the way that the sgudiex

MSA is created GUIDANCE scores reflect the robustness of an alignment to guide tree
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uncertainty. The GUIDANCE method perturbs the guide tree used to build the MSA, using
bootstrap samplingdescribed in detail in Chapt&). On the other hand, Ho$cores reflect
alignment uncertainty due to coptimal solutionsin the progressive alignment procedure
Here the set of perturbed MSAs is constructed by reversing the sequences at each of the

pairwise alignment steps dlfie progressive alignment algoriththandan and Graur 2008)

6.1.1 Adjustable parameters

Theserver implements a few advanceqptions that are useful for finéuning the results For

the GUIDANCE algorithm, the number of bootstrap repeats can be set by the user (the default
value is set to 100)The higher this number is, the more accurate the confidence score, but the
running time increases linearly The cutoffs according to which columns and sequences are
filtered out for subsequent analysis are also adjustalteis possible to change these cutoffs
according to the proportion of columksequences that the user wishes taag. The order of

the sequences in the output MSA may be set according to the input file, or according to the

alignment algorithm result file.

In addition, the server allows uploading a user MSA file instead of the sequencedrfithis

case, the inpuMSA is used as the base MSA and the confidence scores are calculated in the
same way as described aboveThis option should be used with cautiont is useful for
analyzing an MSA of interest, for example, an MSA that was generated using a moreeaccurat
guidetree than the standard neighbor joining treé¢lowever, it is important to remember that

even when the base MSA is given as input, the alignment algorithm chosen is applied many
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times in order to generate each of the perturbed MSA$erefore, suplying an MSA created
by one program and inferring its confidence using another program may result in false

predictions.

Advanced usersan alscalter the parameters passed on to the alignment program usgdr

example, by default, the server runs PRANKWK +G K ST ol 35 o6dzi G(KS SELISN

wish to remove that option in some cas@eehttp://www.ebi.ac.uk/goldmansrv/prank/). For

MAFFT the user may enable the iterative refinement option setcthe number of iterations in
the MAXITERATE parameterAdditionally, an option to choose between the iterative
refinement strategiegenafpair, localpairand globalairis provided when running MAFFBee
the MAFFT website for a description of theeptions and scenarios where their usis

recommendedhttp://mafft.cbrc.jp/alignment/software/algorithms/algorithms.html

6.1.2 Output

The mainresult of the GUIDANCE server ig@phical visualization of the confidence scores
which consists of two parts (Figur@)l (i) Color-scaled projection of the confidence scores of
each residue onto the base MSA) A plot of thecolumn scores Text flesare also produced
containingthe confidence scores for each column, residue, residae, and sequence In
addition, the following MSA files are providedi) The base MSA(ii) TheMSAcontainingonly
reliable columnsthat passed a predefined threshold (this file may be used in dtream
analyses such as phylogeny reconstructidii)y A sequence file of reliablsequencesonly

(again for a predefined threshold)It is recommended to rerun GUIDANCE on the filtered
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sequences as input, in order to-aedign them without the disruptie effect of the badly aligned
sequences (see example belowhis can be done simply by clicking on the button next to the

output file link.

6.2 Case study: the HIV Vpu accessory protein

We illustrate using GUIDANCE to identify unreliable alignment colusnasddyzing an MSA of

Vpu protein sequences from human and simian immunodeficiency viruses (HIV and SIV). These
viruses are known for their high rate of evolution, which is attributed to an arms race between
the virus and the host immune syste(Rambaut et al. 2004) The Vpu protein has been
recently shown to antagonize the host protéletherin, an innate immune factor, in order to
promote viral release and replicatidiNeil, Zang, and Bieniasz 2008)herefore, it is a natural
candidate for many evolutionary analyses that rely on an MSA. Our purpose here was to
demonstrate the use of GUIDANCE to evaluate reliability of the MSA, and the importance of

this evaluation for the interpretation of downstream analyses.

Vpu is an accessory viral protein present in-HI®nd SIVinfecting chimpanzees and other
primate species, yet absent in H®/ The protein contains ~80 amiraxids and has two known
major fundions, which are conducted by two distinct domains of the prote(i) promotion of
CD4 degrad#on via the cytoplasmic domaimnd (i) enhancement of virion release from host
cells via the transmembrangomain,which hasshown to be related to antagoms of Tetherin

(Neil, Zang, and Bieniasz 2008; Nomaguchi, Fujita, and Adachi 2008)
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Figure6.1: An example of the GUIDANCE output. @¢sidue confidence scores are projected onto

the MAFFT anment of Vpu protein sequences from human and simian immunodeficiency viruses
(HIV and SIV). Confidently aligned residues are colored in shades of magenta and pink, while
uncertain residues are colored in shades of blue. Column scores are plotted he@hignment(b)
Dramatically improved alignment confidence after filtering low scoring sequences anohmag
GUIDANCE. Note the colopding next to the sequence names before and aftealignment.
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