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! The development of heuristics implemented in robust application softwares has made large
phylogeny inference a key step in most comparative studies involving molecular sequences. The
choice of a phylogeny inference software is not only dictated by the raw performance (speed) of the
algorithm(s) and of its (their) implementation, the availability of complex substitution models, and
the accuracy of the resulting trees, but also by a combination of parameters pertaining to the ease-
of-use and the availability of specibc functionalities.

! Here, we present the manual of MetaPIGA, a robust implementation of several stochastic
heuristics for large phylogeny inference (under maximum likelihood), includRgnalom-Restart

Hill Climbing, a Stochastic Simulated Annealirf§SA) algorithm, a classic&enetic Algorithm

(GA), and theMetapopulation Genetic AlgorithrmetaGA) together with complex substitution
models, discrete Gamma rate heterogeneity, and the possibility to partition data. MetaPIGA handles
nucleic-acid and protein datasets as well as morphological (presence/absence) data. The benebts o
the metaGA [@] Lemmon & Milinkovitch 2002; PNAS, 99: 10516-10p2te as follows{i) it

resolves the major problem inherent to classical Genetic Algoritihens the need to choose
between strong selection, hence, speed, and weak selection, hence, accuracy) by maintaining high
inter-population variation even under strong intra-population selection(jipnidgenerates branch
support values that approximate posterior probabilities.

! The software MetaPIGA also implements:

# Simple dataset quality control (testing for identical sequences and excessively ambiguous or
excessively divergent sequences);

Automated trimming of poorly aligned regions usingtitiAl algorithm[2];

The Likelihood Ratio Test, Akaike Information Criterion, and Bayesian Information Criterion for

the easy selection of nucleotide and amino-acid substitution models that best bt the data;

# Ancestral-state reconstruction of all nodes in the tree;

# Codon models for thanalysis of protein-coding nucleotide sequences;

# Faster Likelihood computation on Nvidia graphics cards;

# Automated stopping rules based on convergence statistics.

H 3

MetaPIGA provides high customization of heuristicsO and modelsO parameters, manual batch ble
and command line processing. However, it also offers an extensive and ergonomic graphical user
interface and functionalities assisting the user for dataset quality testing, parameters setting,
generating and running batch Ples, following run progress, and manipulating result trees.

! MetaPIGA uses standard formats for data sets and trees, is platform independent, runs in 32-
and 64-bits systems, amakes advantage of multiprocessor and/or multicore computerdNote

that MetaPIGA allows the use of thétrem\Web-CHinfrastructure for distribution of multiple jobs

on aGrid.

! MetaPIGA is freely available to academicsvatw.metapiga.or@andwww.lanevol.org
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Phylogeny inference allows, among others, detecting orthology/paralogy relationships among
gene-family memberse(g, [3-6]), estimating divergence times and evolutionary rages, (7-9]),
reconstructing ancestral sequenaeg,([10-14]), identifying molecular characters constrained by
purifying selection or which experienced positive selectiemy,( [15]), uncovering hidden
biodiversity €.g, [16]), and mapping the evolution of morphological, physiological,
epidemiological, biogeographical, and even behavioral charddtérd 8] Molecular phylogeny
inference is now a mature science, and an important part of the maturation process pertained to the
realization (since the late 19900s) that the quest for the Holy GFalEcdbsolute best tree should
be abandoned for a much more meaningful goal: the inference of clades and trees robustness. Still,
this objective remained intractable in practice becaus@)othe NP-hard nature of optimality-
criterion-based phylogeny inferendee( no algorithm can solve it in polynomial timg;9, 20)
and (b) the large computing-time requirements when using complex substitution models (and rate
heterogeneity across sites) in the framework of what has been identibed as the probable most robust
optimality criterion: Maximum Likelihood (MLj21-23]; See Appendix 3 for an introduction to
ML). Today large phylogeny inference is incorporated, across biological disciplines, as an essential
step in most comparative studies involving nucleotide or protein sequences. This has been made
possible thanks to both theoretical and practical developments.

First, one key advance that made large phylogeny inference tractable is the implementation in
this Peld of stochastic heuristics with inter-step optimizatian, a family of approaches that
existed for decades in physics and computer science and explore multidimensional solution spaces
in a much more efbcient manner than the older intra-step optimization hill-climbing methods.
Indeed, in the latter, one prime parameter (typically, the topology of the tree) is modibed and all
other parameters are optimized before the new solution is evaluated whereas, in stochastic
heuristics, all free parameters are optimized while the search proceeds. Inter-step optimization
methods include Markov Chain Monte Carlo (MCMC) approximations of the Bayesian approach
[24, 25] stochastic simulated annealif®6], and genetic algorithmd, 27-30] The efbciency of
stochastic heuristics is quite counterintuitive but can be explained by several féatqsorer
solutions are accepted with a non-null probability (contrary to hill-climbing that strictly restricts
moves toward better likelihood values) such that valleys in likelihood space can eventually be
crossed; andb), parameters are not over-optimizegelg( starting and intermediate trees are
generally largely sub-optimal, hence, optimizing model parameters on these trees is a clear example
of over-btting). In addition, we think that avoiding over-optimization at every topology evaluation
generates a Ratter likelihood-space shape, such that valleys are more easily crossed and local optime
more easily escaped. This suggestion however requires further investigation.

Second, several stochastic methods have been incorporated into robust application softwares.
The importance of that point should not be underestimated. For example, the success of Bayesian
methods is probably due as much to its incorporation into robust and efbcient soéware (
MrBayes;[31]) as to the theoretical appeal of generating marginal posterior probalf#ieIhe
software RaxML[32], enjoys deserved popularity because it is one of the fastest ML phylogeny
inference programs available to date (despite that it does not incorporate stochastic methods) thanks
to the implementation of approximations to rate heterogeneity across sites and smart computer
science tricks speeding up likelihood computation: optimized parallel code and OSubtree Equality
VectorsQ.e., the extension of character compression to the subtree level). Similarly, highly efbcient
parallel code has recently been implemented for the evaluation of phylogenies on graphics
processing units (GPUSs), resulting in 10 to 100-fold speed increase over an optimized CPU-based
computation33]. This efpcient use of new hardware, existing stochastic heuristics (in this case, an
MCMC approach in a Bayesian framework), and smart code parallelization for efpcient harnessing
of the hundreds of GPU processing cores allowed the authors to use a 60-state codon model on a
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dataset of 62 complete mitochondrial genomes. Note that MetaPIGA now implements GPU
computation (since version 3.0b0).

The availability of multiple excellent softwares implementing different robust heuristics is
clearly an asset for the end user: reliable results might be identiPed because they remain stable
across softwares and methods. However, many users chose one single main software for their
analyses, and this choice is sometimes dictated by availability of functionalities of impoeance (
batch analyses, GTR nucleotide substitution m@8il and rate heterogeneif$5-37], possibility
to partition data) but that do not pertain to the performances of the specibc heuristic implemented.
Finally, given that the need to infer large trees is critical in multiple biological disciplines, the non-
specialist can be baff3ed by the large number of available heuristics, parameters, and softwares, such
that the most user-friendly tools are sometimes preferred even if more robust or more efbcient (but
less user-friendly) softwares are available.

There is therefore a challenge to supply softwares that are both easy to use for the non-
specialist, provide Rexibility for the specialist, and allow fast and robust inference for both. We
hope MetaPIGA version 3 provides a solution to this conundrum.

SO +HHT+(&89#&, 132: (FTH:#<+(&=$89

The Metapopulation Genetic Algorithm (MetaGAL]) is an evolutionary computation
heuristic in which several populations of trees exchange topological information which is used to
guide the Genetic Algorithm (GA) operators for much faster convergence. Despite the fact that the
metaGA had initially been implemented in a simple and unoptimized software (metaPIGA-v1)
together with simple nucleotide substitution models, an approximate rate heterogeneity method, and
only a low number of functionalities, it has been suggested as one of the most efpcient heuristics
under the ML criterion. Furthermore, multiple metaGA searches provide an estimate of the posterior
probability distribution of treefl].

! The metaGA resolves the major question inherent to classical GA approaches: should

one use a soft or a stringent selection scheme? Indeed, strong selection produces good solu
tions in a short computing time but tend to generate sub-optimal solutions around local ep

tima. Conversely, mild selection schemes considerably improve the probability to escape local
optima and bnd better solutions, but greatly increase computing time. As the metaGA involves
several parallel searches, initial inter-population variation can be very high (especially if ran

dom or pseudo-random starting trees are used), and somewhat maintained during the search,
even under extreme intra-population selection.

! Although the metaGA has been shown to perform very [eB8, 39]it initially did not im-
plement complex substitution models, discrete Gamma rate heterogeneity, and the possibitity to par
tition data. Here, we present MetaPIGA version 3, a program in which we performed such an im
plementation, both for nucleotide and protein data, together with a hill climbing, a classical Genetic
Algorithm (GA), and a Stochastic Simulated Annealing (SSA) algorithm. MetaPIGA version 3 also
implements dataset quality control, automated trimming of poorly aligned regions, criteria- (Likeli
hood Ratio Test, Akaike Information Criterion, and Bayesian Information Criterion) for the easy
selection of nucleotide and amino-acid substitution models that best bt the data, ancestral-state re
construction of nodes, Codon models for the analysis of protein-coding nucleotide sequences, faster
Likelihood computation on Nvidia graphics cards, and automated stopping rules based on conver
gence statistics. MetaPIGA can also be parallelized on a Grid of computers.

! MetaPIGA gives access both to high parameterization, as well as to an ergonomic interface
and functionalities assisting the user for sound inference of large phylogenetic trees.
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4.1. Availability

The software MetaPIGA is freely available to academigsvat.metapiga.org and is avail
able for Windows, Mac OSX, and Linux. Note that, each time you launch MetaPIGA, it checks for
the availability of updates. MetaPIGA will always request your authorisation to perform such an
update. This manual is also available in the MetaPh&lamenu.

Disclaimer. MetaPIGA is provided without warranty of any kind. The authors and their institutions do not warrant guarantee, or
make any representation regarding the use or the results of the program or manual in terms of their correctness, reliability, or other
wise. In no case will the authors and their respective institutions be liable for any direct, special, indirect, incidental, consequential,
or other damages arising from using the metaGA and/or any version of MetaPIGA and/or this manual and/or any supporting material.
MetaPIGA is freely available only to Academics. If you are working for a commercial company and are planning to use MetaPIGA,
please, contachichel.milinkovitch -at- unige.ch

4.2. Recommended citations

The Consensus Pruning (CP) and the Metapopulation Genetic Algorithm (metaGA) were
originally described in the prst reference below, whereas the version 2 of MetaPIGA (the software
implementing the MetaGA and other heuristics) is described in the second. Hence, we would be
grateful if you could cite these two references when publishing results produced with MetaPIGA
version 3.

I Lemmon A.R. & M. C. Milinkovitch
The metapopulation genetic algorithm: an efbcient solution for the problem of large phylogeny

estimation
Proceedings of the National Academy of Sciences (PNAS), USA, 99: 10516-10521 (2002)

I Helaers R. & M. C. Milinkovitch
MetaPIGA v2.0: maximum likelihood large phylogeny estimation using the metapopulation genetic
algorithm and other stochastic heuristics
BMC Bioinformatics 2010, 11: 379

4.3. CPU, GPU, Operating Systems, and memory requirements

CPU & Operating SystemsAs optimality-criterion phylogeny inference in general, and ML
inference in particular, is a computer intensive endeavour, fast CPUs are always preferable, even
when using powerful heuristics such as M the metaGA. Using a ranid frog dataset (provided
with the software as one of the example datasets) of 64 taxa X 1976 nucleotides each, a typical
metaGA run (4 populations of 4 individuals, and default parameter values) will take approximately
2 minutesto complete under a simple model (Jukes-Cantor) and about 20 minutes under a complex
model (GTR + gamma distributed rate heterogeneity) smg@le core of a 2.27 GHz Intel Xeon
processor (you can easily reduce running time by distributing replicates on several cores, see be
low). Hence, when using datasets of over 100 taxa and when performing replicates (to estimate pos
terior probabilities of clades; see below), you should expect runs to last several hours. If you are
experienced in the use of MrBayjgd |, take as a rule of thumb that a thorough analysis using the
MetaGA requires a running time similar to that of using MrBayes with the same dataset.

MetaPIGA is written in Java 1.6 such that the single code runs on 32 and 64-bits platforms
under MacOS X, Linux, and Windows. We use the Java Multi-Threading technology to take advan
tage of multiprocessor and/or multicore computers, such that some tasks can be run in parallel. As
replicates are independent, they are particularly prone to parallelization: different replicates can be
assigned to any number of different processor cores (typically 4 - 12 in most 2013 machines). In
addition, the metaGA heuristic itself is well suited to parallel implementation because many proc
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esses (mutations, selection, and likelihood computation) are independent across populations. Hence,
different metaGA populations can be distributed to different processor cores. Parallelization of
metaGA populations can be combined with parallelization of replicatgs 16 cores allow run

ning simultaneously 4 metaGA replicates with 4 populations treated simultaneously at each repli
cate). Note that distributing different replicates to different cores is more efficient (in terms-of com
putation speed-up) than distributing different populations to different!cdtesce, parallelization

of populations usually increases running speed by abontwh8reas parallelization of replicates
increases running speed by almost(where n= the number of CPU cores you assigned to
MetaPIGA).

Computing on GPU Graphics cards) Analyses of protein or codon datasets are particu
larly long because of the high number of possible state substitutions (20x20 for amino-acid data;
64x64 for Codon data). In such cases, performance can be substantially increased if likelihood
computation is performed on GPUSréphics processing unjisalso called OGraphics cardsO. These
are devices that provide bne-grained parallelization. MetaPIGA version 3 can run on CUDA-
capable graphics cards from Nvidia Corporation. The graphics cardOs compute capability has to be
at least 2.0. The list of CUDA-capable graphics cards can be found on the following web site:
https://developer.nvidia.com/cuda-gpbote that the performances of GPUs are low for nucleotide
sequence data, substantial for protein sequence data, and spectacular for codon sequence data.

In order to make use of the available supported graphics card, appropriate CUDA drivers have to be installed. The drivers
and the installation instructions can be found on the following web site:
https://developer.nvidia.com/cuda-toolkit-42-archiBe sure to install the 4.2 Toolkit version and the drivers that come

with that version of the CUDA Toolkit. MetaPIGA v.3 hasnOt been tested on the newer versions of the CUDA Toolkit.

If youOre using a Linux distribution with graphics card, prior to launching MetaPIGA, you must set the environment vari
able that points to the CUDA library, like this:

export LD_PRELOAD={path to the CUDA library}:$LD_PRELOAD

Where{path to the CUDA library} points to thellibcuda.so®  CUDA library.

For example on one of our machines this variable setting looks like this:
export LD_PRELOAD=/usr/lib/nvidia-current/libcuda.so:$LD_PRELOAD

!
For best performances, the graphics card must have enough built-in memory @GertheryO
sections below).

The Grid. If you are a user of th&tremWeb-CHinfrastructure, you can use a Grid to-per
form your data analysis with coarse grained parallelization. This means that different replicates are
computed on the different worker computers on the Grid. If you have 100 computers on your grid,

your analysis will be about 100 times faster.
In order to use the grid, first you have to have an account on the XWCH. After you make an account, you have to ask the
XtremWeb-CH support to connect a MetaPIGA module to your account. When the MetaPIGA module is ready, you have to
upload the MetaPIGA binaries to your MetaPIGA module. Provided with MetaPIGA is a small program that uploads these
binaries to the grid. This program is available in the MetaPIGA base folder on your computer in the subfolder
XWCH_bin_uploader&ou will have to provide theM&taPIGA 3.jarGhat is in the base MetaPIGA folder, your user
identification number, the grid server address, and the MetaPIGA module ID. These informations can be found in your
XtremWeb-CH interface. If you canOt find them, consult with the XtremWeb-CH project people. Note that, every time
MetaPIGA is updated, you will have to upload the binaries again in order to have the latest version of the MetaPIGA on the
grid. For the user documentation, please, refer to the following web site:

http://www.xtremwebch.net/mediawiki/index.php/How_use

Memory. Computing and storing the likelihood of large trees require large amounts of
Random-Access Memory (RAM). Note that 32-bits systems can allocate a maximum of ~2Gb of
memory to the Java Virtual Machine (JVM), whereas 64-bits systems are limited only by the
amount of memory installed on the computer (the theoretical limit is 16 billions gigabhtes).

LIndeed, under CP, different populations of a single metaGA search must exchange topological information, hence, the
running time at each generation is limited by the population which is slowest to complete. On the other hand, different
replicates are totally independent.
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equation below allows calculating the number of Giga-bytes of free R&EMRAM that must be
available when your OS is running) you will need for using MetaPIGA:

TINID!CISIP!4
1024

RAM (Gb) =

whereT; is the number of trees used at each generadti®the number of nodes in the tree T=R

whereT is the number of taxal) is the number of data pattefn€ is the number of discrete cate

gories of the gamma distribution (typically, 4), aBds the number of possible character states
(S=4, S=20, and S=64 for DNA, protein, and Codon characters, respectifelip).the number of

CPU cores assigned to the parallelization of replicai@gbling the number of CPU cores assigned

to different replicates doubles the speed of the search but also doubles the amount of required
RAM.

The number of tree§() used at each generation by MetaPIGA depends on the heuristic chosen:

# Tr= 3 for OHill Climbing{HC) and forOSimulated Annealin(g,); o _

# Tr = I+1 for the OGenetic Algorithm@A) under Olmprove@Replacement@hd OKeep the best@lection
schemes;

# Tr=1*2+1 for theOGenetic Algorithn{GA) underOTournamentéhdORankéelection schemes;

# Tr = P*1+1 for theOMetapopulation Genetic AlgorithiMetaGA) undelOlmprove@Replacementnd OKeep

the best@election schemes;
# T = (P+1)(1+1) for theOMetapopulation Genetic AlgorithiM&taGA) undeiOTournament@ndORankéklee
tion schemes with one CPU core; ~ A o _
# T = (2P)(1+1) for theOMetapopulation Genetic AlgorithiMetaGA) undelOTournamenta@ndORanks§lection
schemes with more than one CPU core;
P is the number of populations ahs the number of individuals per populations.

For example, using a computer with 4 CPU cores, and using the metaGA(mipnove&election)
with 4 populations of 4 individuals, and rate heterogeneity with 4 Gamma-rate categories on a DNA
dataset ofLl20 taxa and 4000 nucleotides (hence, about 2500 data patterns, although that number
can vary, depending on each specific dataset), will require:about
a. 2.4 Gbof RAM for a single core assigned to each replicate but 4 cores assigned to-4 simul
taneous replicates;
b. 1.2Gb of RAM for 2 cores assigned to each replicate and 2 cores assigned to 2 simultaneous
replicates.

Note that optiora. will be significantly faster than optidm Also note that:

# The amount of RAM computed above is a lower bound as the storage of the dataset itself can
take a few hundreds Mb;

# An estimate of the amount of RAM necessary for your analysis is indicated in the parameter
summary panel of the main window (Fig. 2) as well as in the lower-left corner GfAhalysis
settings@vindow (Fig. 9 to 18), on the basis of the parameters you have chosen in that same

2 A data pattern is an aligned column with a specific combination of states. One pattern can occur several times within
the same dataset. For example, the character columns 1, 8 & 9 below are identical, hence, their likelihoods are identical
and must be computed only once (but used three times for computing the joint likelihood). Similarly, characters 3 & 7
are identical. The example dataset below exhibits 9 characters but only 5 patterns. The number of data patterns is indi
cated in th@OMetaPIGA data matrit@h (see Fig. 3)

Character-->123456789 Pattern-->12345
Taxonl AGTGCCTAA Taxonl AGTGC
Taxon2 AGTGCCTAA Taxon2 AGTGC
Taxon3 TTTGCCTTT->Compress -> Taxon3 TTTGC
Taxon4 TTTGCCTTT Taxon4 TTTGC
Taxonb T-TGCCTTT Taxon5 T-TGC

Pattern-->123455311 Weight--> 31212
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window. In both windows, the estimate turns red if you exceed the amount of memory you allo
cated to MetaPIGA.

As indicated in Figure 1gou can choose the amount of RAM assigned to MetaGlAe menu:
OTooldO OMemory Settingstou will be prompted by the program to do so if you experience an
out-of-memory error during the use of MetaPIGA. The amounts of memory assigned, used, and
available can be found in the medtielp®O OSystem informatioEig. 1b).

8.0.0 Memory settings 8.0.0 System information

Set maximum memory allowed to MetaPICA :
3584 f

3840

Z z Available processors : 4
E = 4352 System available memory : 8 192 Mb
- - :ggf [l Memory allocated to MetaPIGA : 4 087 Mb
5120 Memory currently used by MetaPIGA : 14 Mb
5376
5632 A
5888 v
(" Cancel ) ( OK )

Fig. I The metaPIGA (a) Memory Settings and (b) System Information windows

Graphics card memory. For best performances, the graphics card must have enough built-in
memory. To calculate the minimum amount of memory in megabytes, use the following formula:

12!1CID!S+8!C!D+16!C!1S +8!C+12!'D+16!S +16!S

RAM & (Mb) =
1024

opt

Where D is the number of data patterns (see above), C is the number of discrete categories of the
gamma distribution (typically, 4), and S is the number of possible character states (S=4, S=20, and
S=64 for DNA, protein, and codon sequences respectively).

If the amount of available memory is less than that computed above, MetaPIGA will have to split
the data into pieces before sending it to the GPU, which in turn degrades the performances of the
GPU. To calculate the minimum of built-in GPU memory needed, use the following formula:

8IC+12!D+8IC!D+16!S+384IC!S+16!S +16!C!S

RAM ¢ (Mb) =
1024

min
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5.1. Summary

! MetaPIGA uses standard formats: reading and writing datasets in Nexus [#0hetd trees

in Newick format Note that aligned datasets in Fasta format can also be imported in MetaPIGA. All
search settings can be saved in a metaPIGA block incorporated into the Nexus ble, allowing easy
management and runs on distant servers. A Nexus Ple without a metaPIGA block will be correctly
interpreted by MetaPIGA and will run with default parameters (but it will skip other programs
blocks such a®Paup@r OAssumptions@cks). Note that the command OEndblockO often used in
Paup data Ples is not a standard Nexus command and will not be recognized by MetaPIGA (please,
use the standard Nexus command OENDO instead). The minimum requirememntsratscak

(debning the datatype, the number of taxa and the number of characters), includimgxaom

mand (.e., with the sequence data; if the matrix is in interleave form, please, indicate iDinTthe

block) with each sequence beginning with the sequence name separated from the sequence itself by
at least one space. Standard ambiguity characters are accepted (see below) and missing data (de
Pned by theMissINd command; default @?Care automatically converted @N@nucleotide se
quences) oOX@mino-acid sequences). Gaps (dePned byakeOommand; default@)Xxan be

removed (with the corresponding character in other taxa) or treat@N@eeSection 5.3

Example of Nexus ble with nucleotide data. The standard ambiguity code for DNA sequencesg
#NEXUS
BEGIN DATA; _
| DIMENSIONS NTAX=5 NCHAR=12; \'\;':2 or g o( ot T
! FORMAT DATATYPE=DNA interleave R A 8: : or G( not T)
| = — - -
X MISSING=? GAP=- H=A or C or T( not G)
MATRIX W=A or T
mysequence_T1 AGTGCCTGATTG D: A G T tC
mysequence_T2 AGTGCCTGATCG = or G or T( not C)
mysequence_T3 TTTGCCTG---G S=C orG
mysequence_T4 TTTGCCTAATCG B=C or G or T( not A)
mysequence_T5 T-TGCCTAATCG N=A or C or GorT
END;

Example of Nexus ble with protein data. The standard ambiguity code for PROTEIN s
#NEXUS quences.
BEGIN DATA,;
! DIMENSIONS NTAX=5 NCHAR=12;
! FORMAT DATATYPE=PROTEIN interleave B=NorD
! MISSING=? GAP=- ; Z=QorE
MATRIX J=lorL . -
mysequence_S1 QSGT X = any amino-acid
mysequence_S2 RSGT
mysequence_S3 P-GK
mysequence_S4 RLGK
mysequence_S5 RLG-
END:

! MetaPIGA can be run in command line (cf. enddSection 5.2en jump directly tSee
tions 5.7and 5.8 as well asAppendix 2, but it also offers an extensive graphical user interface
(GUI) for access to:

# Dataset setting (Fig. 4-9) : debning and managing charsets; including/excluding taxa, characters,
and charsets; debning and managing dataset partitions; changing nucleotide sequences to codon
sequences and vice versa,
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# Analysis settings (Fig. 10-18): choosing and customizing heuristics; debning substitution models
and their parameters; choosing starting-tree options; controlling operators; debning stop criteria
and replicates, managing multi-core processing.

All settings are associated with arteractive Ompuse-over@ help systsoch that, if you are an
experienced phylogeneticist, you probably donOt need this manual much ;).

! MetaPIGA implements simplgataset quality controls (testing for the presence of identical
sequences and for excessively ambiguous or excessively divergent sequences) and automated trim
ming of poorly aligned regions using ttremAl algorithm[2]. MetaPIGA also implementsatisti-

cal methods for selecting substitution models that best bts the daf@1]; and refs therein): the
Likelihood Ratio TestheAkaike Information Criterionand theBayesian Information Criterian

! The MetaPIGA GUI provides detailed run window showing graphs specibc to the cerre
sponding heuristic. For example,, for a metaGA search with replicates, the run window (Ehows:
the current best likelihood progression of each population(ignthe current topology, posterior
probability values, and average branch lengths of the consensus tree.

! Batch pblesare particularly useful for running sequentially a single data set under multiple dif
ferent settings or several datasets with the same settings. MetaPIGA supports the use of batch bles
that can be either written manually (sgection 5.8 or generated using tools available in the GUI
(seeSection 5.F datasets and their settings can be duplicated, settings can be OstampedO from one
dataset to another, and multiple combinations of datasets and settings can be saved in a batch ple
that can be run either in the GUI (with various graphical information on search progress) or using
command line.

! Input andresult trees are manipulated in Newick format, but visualized graphically in the

GUI, and can be exported for other programs. MetaPIGA also integrates &iewerthat allows

viewing, re-rooting, and printing trees as well as computing the likelihood of any tree (under any
available substitution model) and optimizing its model parameters. Five other tools are imple
mented: aTree Generator(using the starting tree settings), Ancestral State Reconstruction

viewer (associated with the Tree Viewer)Cansensus Buildefusing user-trees and/or trees saved

in the OTree Viewey,@ tool for computingPairwise Distancesand aMemory Settinggool debr

ing the maximum amount of memory allocated to the program. See section 5.9 for details.

5.2. Launching MetaPIGA & opening a ble

5.2.1. Loadingable
Double-clicking aO.nex®le (on Windows and Mac OS X) launches MetaPIGA and opens the
Nexusble. If it does not, launch MetaPIGA by double-clicking the application icon and open your

NEXUS (or FASTA) ble by clicking on th@Load Nexus Dlleﬁlton (Figs. 2 & 3) or by select

ing in the menuQFile® OLoad a Data File (Nexus or Fasta formaBé¥eral Nexus Ples can be
loaded sequentially using the Load Nexus File button/command but multiple Ples can also be
dragged and dropped from the OS navigator to the left panel of the MetaPIGA main window (Fig.
2). The upper-right and lower-right panels of the main window indicate the parameters and the data
matrix, respectively, obtained from the correspondilexugFastapble (Fig. 2). The entry window

gives access to a second tab (arrow in Fig. 2) that shows the compressed data matrix and indicates
the number of data patterns and base frequencies.

5.2.2. Data quality control & alignment trimming

Hitting the OscissorO butt%Eig. 2) in the center of the main window will successively launch

quality tests for:

# The presence of excessively ambiguous sequences: sequences with >40% ambiguities (gaps anc
N/X) will be detected and will be proposed to be automatically removed.
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# The presence of redundant sequences: groups of identical sequences will be detected and only
one sequence (with the lowest number of ambiguities) will be kept for each such group

# The presence of excessively divergent sequences: if sequences generating large uncorrected
pairwise distances (85% for proteins, 65% for nucleotide data, and 45% for standard binary data)
are detected, a warning is given, suggesting to remove these sequences and to subsequently rea
lign the dataset. MetaPIGA does not perform alignment, so youOll have to realign your sequences
using an alignment software such as ClustalwW or CodonCode Aligner.

# Automated trimming of poorly aligned regions using thenAl algorithm [2]: excessively
gapped and/or divergent positions are put in a charset of excluded characters (but they can be
easily re-included in th®Dataset settings®esection 5.3

Each of these 4 tests is also separately accessible'dataset'menu.

! The trimAl algorithm has not yet been implemented for codon sequences in the MetaPIGA

e NO iga 2.1

2BO] OK|7 ®%w#

)) with 4 populations, 4 individuals, a tolerance of 5%, 10% of

atrix R for TREE using JC model and NONE distributior
hm, on branch lengths
of invariant
DenAur 1037Telsp.

AMBIGALIGN={1610-1615 167

1111111111222222222233333333334444444444 66666667777777777888888888899999999990000000C
56789012345678901234567890123456789012345678 567890 5678901234567890123456789012345678901234567

1880888 080800030908
A A

GTTAGAATCTTTG!
GTTAGAWTTTTTG!

Nexus data matrix | MetaPIGA data matrix

Data file successfully loaded

Fig. 2 The MetaPIGA main window with three loaded datasets an@throidea_1lfdtaset selected. The arrows
indicate the memory required for running that dataset (under the current settings), the central button for date
control & alignment trimming, and the second tab giving access to the compressed dataset, number of data
and base frequencies. :

3 Ambiguities are considered as such during comparisons of sequences. For example, in the dataset below, there are two
groups of identical sequences (seq.1+2+3 and seq.4+5). After running the test, MetaPIGA keeps, within each group,
only the sequences with the lowest number of ambiguities (sequences 1 and 4).

Sequencel AGTGCC NG Al

Sequence2 AG YGCCT RAl ! Sequencel AGTGCC NG A
Sequence3 A NT NC - TGA! --->! Sequenced TTTGCCT - T
Sequenced TTTGCCT - T

Sequence5 T -- GCCTAT
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The icons in the UppeHeft cor [C] Close selected file [U] Duplicate selected file

ner of the window (Fig. 3) are (s) sue selected fie [0] Dataer (0] Associte settings
shortcuts to the main com | § /

marcs von e Oried, [ A6] G K[9] @Ik [wl9] @
Osearch@BatchGand OToolsO / /!

menus. Most of these function$ [L] Load Data file [A] Analysis [1S] Save all files in | [T Tree viewer

] h
(Nexus or Fasta) Settings

are S_elf-exple_lnatory . and are [R] Run heuristics search  [ftR] Run batch
associated with an interactive

Omouse-over® help system. Wgd. 3 The MetaPIGA main functionalities icons. These functionalities :

WI”_ however (_:“SCU_S_S below the OBatch@ndOToolsfenus. Between brackets: shortcut command lettets.
MAJOr  FUNCHONAIITIES. IS v ;
commands can be called using

a short-cut of typ©Ctrl/Cmd-+letter@.g, OCtrl/Cmd+LOr opening a Nexus or Fasta ple

NOTE: COMMAND LINE LAUNCH. It is particularly useful to launch MetaPIGA in command line if you want to
send jobs to a distant server. Yowstuse theDmp_console®ecutable (and né@@MetaPIGACSImply type the com
mandOmp_console®ith the following arguments:

# [noupdate] : MetaPIGA will not check the MetaPIGA download server for an update;

[nogui] : MetaPIGA will run without graphical interface (but textual progress), executing all bles given in argument.
[width=] : set the console width (default = 80). Necessary for progress bar display without GUI.

[silent] Launches MetaPIGA without any GUI or text progress.

[aFilename] : The Nexus/Fasta ble that will be opened by MetaPIGA and execlitedyifi] is set. If several ble
names are given, they will be run sequentially as a batch.

For example, to run sequentially two nexus Hdslel.nexdhd Oble2.nexfithtout GUI under Windows, type:
Onp_console.exe noupdate nogui blel.nex ple2.nexO

Refer toOSection 5.8@ how building batch bles manually, and¥appendix Z6r the full list of MetaPIGA com
mands that can be incorporated in Nexus bles.

#
#
#
#

5.3. [D] Dataset Settings

5.3.1 Overview

! The dataset settings are accessed by clicking ohutten|@| or by selecting in the menu:
ODatasetO ODataset settingddis window allows to:

# debne and manage charsets;

# include/exclude taxa, characters, and charsets;

# debne and manage dataset partitions;

# debne outgroup sequences;

# debne a range of Codons inside a nucleotide sequence.
This window is divided into two tabs. The prst tBlafase} handles charsets, partitions, outgroups,
and excluded taxa. The seco@b@on$ allows debning Codon characters in nucleotide sequences.
! The corresponding window for ti@ranoidea_1b.nekf® is shown below (Fig. 4). The 7 out
group taxa and the 10 charsets were predebned (hence, recognized by the program) in the nexus Pl
using a metaPIGA block as highlighted in green below. See Appendix 2 for the full list of
MetaPIGA commands.
#NEXUS
BEGIN DATA;
DIMENSIONS NTAX=111 NCHAR=3679;
FORMAT DATATYPE=DNA interleave MISSING=? GAP=- ;

MATRIX
The data matrix is here in interleaved format

END;
BEGIN METAPIGA;

MetaPIGA 3.0 manuﬂm * p13



charset name=RAG1 set{1-555};

charset name=rhod1 set{556-870};

charset name=rhod4 set{871-1045};

charset name=Tyr set{1046-1579};

charset name=12V16 set{1580-3080};

charset name=16S set{3081-3679};

charset name=RAG_AmbigAlign set{67-84};

charset name=Tyr_AmbigAlign set{1211-1228},

charset name=12V16_Ambigalign set{1610-1615 1671-1684 1721-1762 1784-1801 1817-1867

I 1892-1900 1911-1915 1953-1999 2048-2055 2070-2086 2107-2116 2128-2199 2208-2219

| 2237-2262 2287-2304 2308 2324-2332 2349-2352 2363-2370 2378-2390 2411 2431-2454

| 2567-2611 2673-2700 2722-2728 2742-2831 2864-2884 2900-2988 3022-3080};

charset name=16S_AmbigAlign set{3090-3103 3128-3136 3149-3158 3318-3398 3438-3507

! 3513-3527 3649-3679};

outgroup {1004NesTho 0986DenAur 1052HylAre 0987PhrVen 1006CerOrn 1082LepMel! 1037Telsp.};
end;

All commands can be performed with the GUI (instead of using commands in the Nexus Ple) as de
scribed below.

£ 3 2 TheODatasetéh
: Dataset
! Use the>> and << but
tons to(i) transfer taxa in _?”dﬁ e | e o s partons
out of the outgroup, (i) L [ G ||| e ==
exclude/include taxa, (i) = comwwe & =< osseoenar 1215 =D
consider/disregard pre-debned  osisooe: Losziyie -
H 0936BooTe
charsets as partitions, arfiy) gg;jfg;p;;g Excluded taxas Excluded charses
include/exclude character sets e 1216 AUBIGALGN
from the analysis. Character isseon PR
sets Ocharsets@an be debned o = p—
and managed using the inter oo T T
face (see below). In Fig 4, one o
taxon and four charsets were il
eXC|Uded manua”y The Remove columns (characters) (" Define new charset ) ( Define pos 1,2,3 ) ( Edit charset )
OCharset Vlewemtton a”oWS © None O With gap(s) O With gap(s) or N(s) (' Delete charset ) ( Charset viewer )

selecting and visualizing any of

the charsets(highlighted in the = Fig. 4 TheODataset settinga@dow. ;
full dataset). CIicking O L@
ODebne new charsetfitton

opens a window for selecting characters to include in theamanset Multiple selections can be
performed with the mouse (and shift/ctrl/cmd keys depending on your O$amgeselectionool.

8enNo NEW CHARSET [ JeNe) NEW CHARSET

Mouse selection Position Mouse selection Position

(" Add selection ) (" Addrange ) C Add selection ) ( Addrange )
—————— —aT =l I A ol )
p— 1[3) to [3,679][3) using step of 1) . P 8 1[:) to [3,679][] using step of () —— H
QERETOTEEIET Removeirange RETTov e lextom (CRemoverange ™3 :

ey
<
CITL
CITL
CITL
<]
C
C
<
C
CIAL
C
B
C
]
[
B
C
B
C
B
C
C
(<]

L6 23
A|C A
AlC Al
G[C A
G[C Al
G[C A
A|C Al
AlC A
T[C A
T[C A
c[C A
C|C R ( A
T|C A
T|C A
c[C A
T|C A
K[C A
T|C A
T|C A
T|C A
T|C A
C|C A
c[C A
C[C Al
c[c A

EEEEEEEREEEEEEEEENEEENEE
| |

EEEEEEEEEEEEEEEEEEEEEEEE

olo[alalalalalalalala[alalalalalalalalalalalala

BEERREEEE

e (EancE ) e (eanee )
SAVE CANCEL { SAVE CANCEL

Fig. 5 The selection tool for defining new character sets. Select the characters to be included in the charsetaii
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In the brst example (Fig. 5), a set of 9+4+7 characters have brst been selected with the mouse, then
added to theharsetunder construction by using ti#Add selectiortfitton (red arrow in Fig. 5).

That button can be used multiple times to sequentially add different sets of characters to your new
charset Once a selection has been added, its colour is changed to avoid any ambiguity. Once click
ing the OSAVE®utton, you will have to supply a name (here, we @edHARSED for the new
charsetand it will appear in the list of availabtbarsetgFig. 7).

! Note that a charsetcan alsobe ... ... . ...
selected using thenge selectionool .. S, roon HE CHARSET

as in this second example (Fig.6) ( dwsdecion P —— | Q"L
where nucleotides between position 1 e —
and 300 have been selected eve
three positions. This allows for exam
ple to easily debPnestl2nd, and 3 po
sitions in a protein-coding sequenc
The mouse selectiotool (Fig. 5) and
the range-selectiontool (Fig. 6) can :
be used in combination. If your data
set is exclusively made of in-frame
protein-coding nucleotide sequencesf
quick debnition of brst, second, and§
third positions can be performed using"®
the ad-ho®Debne pos 1,2/afton in
the ODataset settingsO (Fig. 4). Ei
! Charsets can then be excluded,

EEEEEEEREEEEEEEEENEEENEE
GLELELELEEEEEEELEEGEGEGEGG

SAVE CANCEL

6. Defining a character set with the range-selection tool.

included from the analysis — OF i s s
considered/disregarded for data parti (Dataser |

tioning. In the example in Fig. 7, we = = ougrowr— [ o rariions

have 7 taxa in the outgroup, 1-ex EZ:Iii,”;;EE 22 | a7 RAGL == e
cluded taxon, 11 charsets of which 4 ' G Tovis =0

are excluded (in the present case i

these are ambiguously aligned posi i s oA
tions for different genes, hence, it was 1o,
chosen to remove them from tbe e || (52 GO

analysis), and 3 partitionsO16SO, s <
My_cHARSED All other non-excluded . i

characters (automatically grouped |nto Qosscactee |,

a virtual charset named OREMAIN Remove columns (characters (oefne newdharset ) ((Definepos 123) (Editcharser)
|NGO} @ None O With gap(s) (O With gap(s) or N(s) (Dot e (Crarserviewer)

Gaps The user can choose to remové

before the analysis is performed, ei ¢ Fig. 7. TheODatasetindow after defining the new charset
. L (Guy CHARSETQ and partmonmg of the data.

ther all columns with at least one gap~, S

or at least one gap or one ONO (OAQO or

OCOor 6GO or OTO).

“We assume that all partitions evolve on the same topology, but all other parameters (base freq, substitution matrix rates, shape pa
rameter of-distr , and proportion of invariable sit€nv) are estimated and optimized separately for each partition. Among-partition

rate variation parameters are introduced in the likelihood equation as a factor that modibes branch lengths for the corresponding par
tition. Branch lengths are optimized as usual, but the relative rates of partitions are optimized separately (with the constraint that the
weighted average of among-partitions rates is 1; weighting is according to each partitionOs gipppreeJor details.
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5.3.3 TheOCodongéb

! The codon tab consists ofadon range vieweand two buttons that are used for codon range
debnition. Codons are indicated with black letters on a light green background. The remaining of
the dataset is colored INVErSElY | . .
(Fig. 8). Pressing theOMake = * (oaeer iy
codonsGbutton will open the
codon maker window where '
you can debné) the range of
the coding sequenceand (ii)
the genetic code you wish to§
use (i.e, The Universal Code,
the Vertebrate Mitochondrial
Code, etc., see below)The
range of coding sequences cain
be debned by manually picking
the brst position in the datasétM:TheOCodonS® after defining the codon range within the
and pressing th&Set as brst -pO sequence. The Codon range is marked with the green background.
sitonCbutton in theOPick posi e
tionQool in the upper left corner ( A ! [‘"Z‘L‘.ﬁfﬁ?:iijm,,., C J E
of the window (Fig. 9, highlight

a). Similarly, pick the last posi
tion in the dataset and press the
OSet as last positiobditon. AF
ternatively, dePne the range by
entering the indexes of the brst
and the last positions in the top
middle part of the window (Fig.
9, highlight b). Note that the

prst and last positions must-de Fig. 9: The codon maker. Tools for defining codon rareer(db), the
i drop-down menu for selecting a DNA codg @nd the range of

Pne a range corresponding to anycleotides selected as cododsif purple) are indicated.

multiple of 3 nucleotides, If this

Is not the case,, the codon maker will trim the range to the closest smaller third nucleotide position.
Also, note that if some of the codons are either stop codons or ambiguous codons, the codon maker
will exclude the corresponding codons and a warning will pogmportant The nucleotides out

side of the debPned range of codons will be ignored during subsequent analyses. If you have charsets
debned before the translation to the codons, these charset will be available only if they are compati
ble with the codon range. These incompatible charsets will become available again as soon as you
revert to the nucleotide character mode (see below). If you are saving a codon range to a nexus Ple,

the incompatible charsets will not be saved.
The genetic codes (for codon translation) available in the drop-down menu (Fig. 9c) are:

——\
OK CANCEL

€[]
ICIAIGIAITITIA[AAITITIAITITIAICIA|CITICICIAIGIAITITIAITIGIA]A[AIC T
uuuuuuuuuuuuuuuuuuuuuuuuuuuuuuugug

EEEEEEEEEEREEEE]

I The Universal Code;

I The Ciliate, Dasycladacean and Hexamita Nuclear Code;
I The Echinoderm and Flatworm Mitochondrial Code;

I The Euplotid Nuclear Code;

I The Invertebrate Mitochondrial Code;
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I the Mold, Protozoan, Coelenterate Mitochondrial & The Mycoplasma/Spiroplasma Code;
I The Vertebrate Mitochondrial Code.

For additional information on genetic codes, please chittk://www.ncbi.nlm.nih.gov/Taxonomy/Utils/wprintgc.cgi

Once you have debned the codon range and the genetic code, p@Savk@itton and proceed to
debning your Analysis Settings (sectd below).

Revert to nucleotides.To revert debPned codons back into nucleotide characters, please press the
ORevert to nucleotiddsddton (Fig. 8). If some of your charsets became unavailable during codon
debnitions, they will re-appear in the list of charsets.

5.3.4Exiting the Settings Window

Once outgroup sequences, charsets, partitions, and excluded sequences and charsets have been de
fined (and, potentially, the range of codons), and the OOKO button has been hit, the main (entry)
window is updated (Fig. 10): the upper-right window lists the new settings and the lower-right win
dow indicates the excluded characters and excluded taxa in red, and the various partitions using a
color-coded font background. Switching to another dataset in the left window and modifying the
settings for that dataset does not affect the settings associates to the other datasets.

Note A dataset can be saved as a Nexus ble with both excluded taxa and excluded charset deleted from the
DATA matrix. To do this, use the metfile > Save modibPed dataset to Nexus'

[ XoNe) Metapiga 2.1

288 0K & ®w# @

Use this slider to change the selected dataset priority in a batch run) .

ISED) with 4 populations, 4 individua

or TREE using JC model and NONE dis

e using Genetic Algorithm, on branct s, among-partition rate

nAur 1006CerOrn 1037Telsp. 1052HylAre

and/or i and apply

34444444444
9012345

GTTAGAATCTTTGARAGA(
TCYGTTAGAWTTTTTGAAGAGATGAR Y
<«

H Settings changes saved

Fig. 10 The MetaPIGA entry window updated after defining the settings.
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5.4. [A] Analysis Settings

The analysis settings are accessed by clicking orbmtem or by selecting in the menu:
OSearchO OAnalysis settingsthe Settingswindow includes 5 tabs to switch among the corre
sponding parameter controls relevant @rfeuristicGOEvaluation Criterion@Starting tree(s)O
OOperators(andOMlsceIIaneousCDhe user can switch from on tab to another and conbrm ALL
changes by clicking on the OOKO button in ANY of the tabs.
Note that the analysis settings window always indicates in the lower left corner (blue frame in Fig. 11) the
amount of memory necessary for running the analysis given the settings so far selected. When the amount of
memory exceeds that allocated to MetaPIGA, the corresponding text turns red. To alleviate the problem, use
OTooldd OMemory Setting&éy. 1) to increase the memory allocated to MetaPIGA.

5.4.1. The OHeuristicO tab

We implemented four heuristics in MetaPIGAhi# climbing algorithm, aStochastic Simulated
Annealing algorithm (SSA]26, 42), a classicalsenetic Algorithm(GA; [27-29]), and themeta
population Genetic Algorithmbased on th€onsensus Pruningrinciple (metaGA[1]), all avait
able in theHeuristic tab(Fig. 11).

The Hill Climbing (HC) algorithms

The OStochastic H@fgorithm generates a new solution tree at each step (using available operators)
and accepts it only if its likelihood is better than the current solution. HC algorithms are fast but
tend to generate solutions trapped in local optima and are therefore highly dependent on the starting
tree localization in

ﬁ . . i

tree space as well - Anabyis setings

th H [ Heuristic | Evaluation criterion ~ Starting tree(s) = Operators = Miscellaneous |
as on e (un

@ Hill Climbing O Genetic Algorithm
known) tree Space (O simulated Annealing () Consensus Pruning (metaGA)
topograph ‘
p g p y : () stochastic hill climbing

Hence’ the user ) Random-restart hill cllmblng
can Choose to per Number of restart : |
form O Random- Eand_omk—resmn hill climbing - Iteratively performs N hill climbings, each time with a different initial tree. Among the N solution trees, only the

. . est is kept.

Note that, when choosing the ‘Neighbor Joining’ starting-tree option (‘Starting Tree(s)’ tab), the NJ tree will only be used for the first hill
reStNa'rt hl” Cl I mb climbing, and Loose N trees will be generated for all restarts. Likewise, when choosing 'user trees' but the number of provided starting trees is
1 1 smaller than N+1, LN) random trees will be generated for the missing starting trees.

IngOI' e " an alge Note also that the stop conditions (in the ‘miscellaneous tab’) are defined for one hill climbing. For example, when choosing 10 restarts and

2000 steps’ as the stop condition, 11 hill climbing of 2000 steps will be performed, but only the best scored tree, among the 11 results, will be

rithm that itera @ e
tively performsN
hill climbings,

each time with a

different initial | Fig. 11 TheOHeuristic®indow with theOHill Climbing@euristic selected and the
corresponding mouse-over help text. The blue frame highlights the amount of memory

tree. _Among theN required for running the analysis given the settings so far selected.

solution trees,

only the best is

kept. The user can bx the number of restarts (20 by default).
Figure 11 also illustrates the Omouse-overO help system of MetaPIGA: an explanatory note appears when mov
ing the mouse cursor over the corresponding beld, parameter, or radio-button, etc. In bgure 11, the-mouse cur
sor is over th®Random-restart Hill Climbinggdlio button.

Estimation of necessary memory : 16 Mb (oK ) ( CANCEL ) ( Setall parameters to default ) ( Set heuristic parameters to default )

The Stochastic Simulated Annealing algorithm (SSA)

The SSA algorithm uses statistical mechanics principles to solve combinatorial optimization prob
lems[42]; i.e., it mimics the process of minimal energy annealing in solids. The brst attempt to use
this approach for the evolutionary tree problem was introduced in 1985 by [48idwnd its use

for ML phylogeny inference was further developed in 2001 by Salter and [R8ArISSA starts

with an initial state (the starting tree) and randomly perturbs that solution (using available tree op
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erators). If the new state is better (lower energy, better likelihood), it is kept as the new current
state; if the new state is worse (higher energy, worse likelihood), it is accepted as the current state

with the probabilitye’ ®'™ , where!E is the negative difference in energy (here, the difference of

likelihood) between the two states, ahds the so-called Otemperatured of the syst@nis lbw-

ered slowly enough, the algorithm is guaranteed to bnd the optimal solution, but if the temperature
is lowered too slowly, the time to Pnd the optimal solution can exceed that of an exact search. The
obvious asset of the algorithm is its ability to momentarily accept suboptimal solutions, allowing it

to escape local optima whereas its obvious drawback is the difbculty to debne the shape and speed
of the Ocooling schedul&®, (the rate of the decreaseTh Efbcient schedules highly depend on

the dataset. The efpciency of the algorithm is unknown and optimization of its parameters has never
been performed. Before this optimization analysis (in progress) is bnalized, the SSA is pasvided

is for allowing users to explore its utility. The parameters available in MetaPIGA 3 for the SSA are
described in Appendix 2.

The Genetic Algorithm (GA)
The GA is an evolutionary computation approach that implements a set of operators mimicking
processes of biological evolution such as mutation, recombination, selection, and reprodugtion (
[44]). After an initial step of generating a population of trees, the individuals (specibc trees with
their model parameters) within that population @resubjected to mutation (a stochastic alteration

of topology, branch lengths or model parameters) and/or recombinatiofij) aatbwed to repro

duce with a probability that is a

function of their relative Ptness [2°4 ST ot A

value (here, their likelihood). | . icmm  ©come msomm —

Because selection preferen | © ling @ Conseasus Pruning enctaih

tially retains changes that im | <o e e e

prove the likelihood, the mean | ©ses © supersed ,
score of the population im | o Sl meamopaons | | b
proves across generations.| & et | | 5
However, because sub-optimal| = @me- o

solutions can survive in the | s —w@x rn o wds

population (with probabilities

that depend on the Se|eCtI0n Fig. 12 TheOHeuristic®indow with GenencAIgonthm@elected

scheme), the GA allows, [
principle, escaping local ep
tima. In MetaPIGA, we implementégalternative selection scheme@-ig. 12, se¢l]):!
# @anlO: individuals are assigned a probability of leaving an offspringa(copy of themselves) as a function of

their position in a list in which they are ranked by their score. The probability fob thdividual of leaving an
offspring to the next generation is equal to:

(n!i+1)

n(n+1)

# Qournamer: two individuals are drawn randomly from the populatiohioflividuals and one offspring is
produced from the individual with the higher score. Both trees are then placed back into the mating population
and the whole process is repeated untffspring have been generated. This is the default selection scheme
when using the GA.

# @eplacemef: two individuals are drawn randomly from the populatidnimdividuals and two copies of the
better individual are returned to the mating pool (parents are discarded). The process isskefieaed/heres
is the selection strength. The offspring population is generated as a copy of the post-selection parent population.

# Qmproved: only those individuals that have improved (in comparison to their likelihood at the previous genera
tion) are allowed to produce an offspring. Each individual that fails this test is discarded and replaced by a copy
of the current best individual.

# (Xeep the Be6i: only the best individualg(, with highest likelihood) is kept and all other individuals are re
placed by a copy of the best individual.
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All selection regimes (excefImprove@ndOKeep the best@lerate the maintenance of poor trees

in the evolving populations, an effect which allows escaping from local optima but increases search
time (see below how thmetaGAresolves that problem).

! We also implement oneescombination schemewhere each sub-optimal individual has a
probability (determined by the user) to recombine with a better individual. Recombination is per
formed by exchanging subtrees debPned by one (if any) of the identical taxa partitions in the two pa
rental treesi(e., one internal branch that debPnes subtrees including the same taxa but with poten
tially different sub-topologies). A recombination can be viewed as a large number of simultaneous
topological mutations.

! Beside the selection scheme and the possibility to perform intra-population recombinations,
the major parameter in the GA is thepulation size(set by the user).

The metapopulation Genetic Algorithm (metaGA)

This approach relies on the coexistenc® amteracting popu
lations[1] of | individuals eachR and| debned by the user);
the populations are not fully independent as they cooperate in
the search for optimal solutions. Within each population, a
classical GA is performed: trees are subjected to mutation
events, evaluation, and selection (5 alternative selection
schemes are available as in the GA above). However, all topo K Alowed 1xs
logical operators are guided through inter-popl_JIati~on COMPaliig. 13 The principle olCP. Before
sons debned and controlled ®@Zonsensus PruningOP;[1]): = atree is mutated, its topology is
topological consensus among trees across populations de;b?%@oifd with tlh?_SG Ofttrf]‘e best trees
- . . . . ._from other populations; the :
the _probablllty with WhICh dlffe_rent po_rtlons of each tree qréonsensus branches (bold red) define
SUbJeCted to tOpO|Oglca| mutations (F|g 13) These Comparthe partitions that can (green arrows)
sons allow the dynamic differentiation between internaind cannot (red arrows) be affected
branches that are likely correct (hence, that should be charélgzé(d‘)p?'og'ca' mutations;e., any
ith low probability) and those that are likely incorrect (hené peration moving a taxon across a.
Wi P y_ } ] S y geconsensus branch is prohibited.
that should be modiPed with high probability). e
Although CP allows for many

Allowed |
SPR

alternative inter-population. @220 doalysissettings :
Communication pI‘OCEdUI‘eS We [ Heuristic | Evaluation criterion = Starting tree(s) =~ Operators =~ Miscellaneous |
implemented (F|g 14) the tWO (O Hill Climbing () Genetic Algorithm
that we identibed as the mOSt (O Simulated Annealing  #) Consensus Pruning (metaGA)
usefl.”: Consensus type Operator behaviour Other
H OStrict CPO internal O strict O Blind Population
branches shared by all trees = © % ® supervised 411
across all populations can ~Selection Operator applied to—) | Individual
i O Rank (O all metapopulations 4|,
not be aﬁ_eCted by t0p0|0:g| () Tournament () each population Tolerance
cal mutations, all other in it , @ each individual — %
terngl branches are uneon ® :::;othee - P Inter-pop hybridization
Stralned' [;[ 3 o —1oll*l % Cores assigned [ 10][5] %
A . ~ : ecombination c
# OStochastic CPQefault) 1][3]

topological mutations affect !
ing a given branch are -re. A ) X
jected with a probability  Fig. 14 TheOHeuristic@indow with the @etaPopulation Genetic

proportional to the percent AldorithmGelected.

age of trees across all pepu
lations that agree on that branch.

The default selection methodor the MetaGA isOImprove@@ee above). This scheme greatly re
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duces the intra-population variability after each selection step but local optima are avoided thanks
to OConsensus Pruning®other words, the metaGA resolves the major problem inherent to
classical Genetic Algorithms by maintaining high (inter-population) variation even under

strong (intra-population) selection.

! As constraining entirely an internal branch from being affected by topological mutatiens nec
essarily increases the likelihood to be trapped in a local optimum, a tolerance patddedtaed

to 5% by the user in Fig. 14) is implemented, allowing any internal branch to be affected with a
probabilityt even if the corresponding branch is shared by all trees. The user of MetaPIGA has the
choice between @blind@nd aQsupervised@bcedure for handling constrained partitions (Fig. 14).

In the former, a topological mutation that affects a constrained branch is simply aborted and the tree
is left unchanged, whereas in the latter, topological operators exclusively target branches in a pool
of acceptable (unconstrained) candidates. Osaperviseddocedure is used as default because
preliminary analyses suggest that it allows trees to converge faster to higher likelihoods.

! The MetaGA allows for two, non-mutually exclusive, recombination RavQrsira-
population recombination@ower-left Peld in Fig. 15) where each sub-optimal individual at each
generation has a probability (instead of being mutated) to recombine with a better individual from
that population (as in the GA above), &ihter-population hybridization@wer-right Peld in Fig.

14) where, at each generation, there is a probability (dePned by the user) that all sub-optimal indi
viduals from one random population, instead of being mutated, are recombined with one individual
from another population; sub-optimal individuals from other populations experience the normal mu
tation procedure.

! As CP provides frequencies of internal branches shared among trees across populations, it
also indicates if the populations converge towards a stable set of soluéipmsywards a consensus

with stable branch frequencies. Hence, CP providdgsmping rulenot available to other heuristics:

the user can choose to stop the search when a series of successive mean relative error (MRE) values
remains below a threshold debned by the user. To increase independence among samples, MRE are
computed every>1 (.e., non-successive) generations. The user detpraswell as for how many
samples the MRE must remain below the specibed threshold before the search stSpsti@ee
5.4.5(The OMiscellaneousQ tai details.

5.4.2. The OEvaluation criterion® tab

Setting ML Models

This window allows debning substitution models and their parameters (Fig. 15). Trees are estimated
in MetaPIGA with the Maximum Likelihood criterion (ML) using one of 5 nucleotide substitution
models for DNA sequences, one of 11 amino-acid substitution models, or one of two codon mod
els. The implemented nucleotide substitution models [8fead refs therein)®Jukes CantorO

(JC), KimuraOs 2 parameterg®2P), OHasegawa-Kishino-Yano 19884KY85), OTamura-Nei
1993dTN93), andOGeneral Time Reversible (GTR)@e available amino-acid substitution mod

els are: th®PoissordhdOGTR20Models (extensions of, respectively, the JC and GTR models to

the 20 by 20 substitution matrix of protein sequences), and 9 empirical models for mitochondrial,
chloroplastic, and nuclear Protein sequend@MtMamOOMtReyGORtReyGCpRey@BLOS
SUM6B200VTDayhoff@JITTGandOWAGO he implemented codon substitution modelsGye

and ECM (Empirical Codon Model)[45, 46] For the empirical protein and codon models, state
frequencies can be set to the empirical values used by the authors who designed the corresponding
model. Alternatively, state frequencies can be set to those observed in the dataset under analysis.
Analyses can be performed with Rate Heterogeneity among sites using either a Gi€aetma
distribution of rates@ -distr) [35, 36] or aOProportion of Invariant Siteg@inv) [37], or both(! -

distr + Pinv). All parameters of the model (transition/transversion ratio or components of the rate
matrix, the shape parameter of thelistr, andPinv) can be set by the user or estimated from a NJ

tree (using th®Estimate starting parametelos@on,blue frame, Fig. 15).
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O TNO3 Rate matrix ® consensus tree only
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OIc O stochastic : 053] %
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0.5 1 rAlgorithm

C
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( Akaike Information Criterion
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1

( Bayesian Information Criterion )
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[ Genetic Algorithm
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Cores assigned : 4|7 O Discrete Gamma O P-Invariant Shape of Gamma distribution
Silesis 4 [ K Proportion of invariable sites
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CHae 1.0 mong-partition rate variation
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eNo Analysis settings
["Heuristic  Evaluation criterion | Starting tree(s)  Operators  Miscellaneous 1
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. N — 3
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O GTR20
e WAG Rate matrix e consensus tree only
orr [ Starting values (O at the end of (each) search
O Dayhoff -______F ~ —
- 1.62 2.35 O stochastic : 0.5][5] %
ovr 1.75 - 2.02 0.47 153 964 14
O BLOSUM62 1.62  2.02 - 17.25  0.84 4.9 3.01 O discrete: | 200[5] steps
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-y 3.26  1.68  0.84 0.1 S 031  0.07 fAlgorithm
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P 8 Among-partition rate variation
( Bayesian Information Criterion ) @ Empirical aa frequencies O Discrete Gamma O P-Invariant
—~ X subsets 41 - (a 5 : - "
. E—T (O Estimated aa frequencies 0 1.1% Estimate starting parameters
Cores assigned : 4l shape 1.0
Amino acid substitution model Model parameters
~Model selection Partition : | CHARSET1 [
® GTR20 A1 2 2
O WAG [ Rate matrix / bV
o [y %) (CFill R matrix )
0O
x Eaybot Starting values
VT
= -____“
O BLOSUM62 A | 525...1.6199... 2.3480... 3.2632... 2.8869... 5.0292... m
O CpRev | R_PB 7525... = 2.0187...0.4680.. 1.6782... 9.6447... 1.3953...
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Fig. 15 The ML model window for DNA (top panel) and Protein (middle panel) datasets. The purple arrow
indicates the drop-down menu for selecting the character set for which the settings are being defined: all ch
must be analyzed with the same single model (K2P and WAG models are selected in the examples shown),
parameter values of the chosen model (e.gtrémsition:transversion ratidor K2P or theestimated aa frequencie
for WAG) can be different for each partition. Lower panel: When using the GTR20 medehé general-time-
reversible model extended to the 20x20 aa substitution rate matrix), the 190 rate parameters can be optimiz
the searchif., if the RPM operator is selected), but the starting values can be set to the values of any of the
empirical models (WAG, JTT, ...) by selecting the model in the drop-down menu (red arrow 1), and hitiiRglth
R matrix(utton (red arrow 2).
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Note: for nucleotide substitution models, t@#ransition-transversion ratioQ/TV) is the parameter called
kappa i.e. the ratio between thate of Ti and therate of Tv. Because there are twice as many possible-trans
versions (A T; Al C; G T, G! C) as possible transitions (AG; T! C), thekappaparameter does not
equate to the rati®frequency of Ti/ frequency of. TRdd example, under the JC modelppa=1 butOFreqTi/
freqTv® 0.5. For the codon substitution modedgppa= GreqTi/freqTvO.

Note: Model parameter values can be estimated from the NJ tree usiOg stienate starting parametebs®

ton (blue frame, Fig. 15). However, if you stop the estimation before it completes, parameter values will not be
re-set to the original values but to the values obtained by the optimization algorithm right before it was
stopped

Automated choice of best Model (LRT, AIC, BIC)

One difbculty in ML phylogeny inference is to choose the OrightO substitution model: too-simple a
model will bt the data poorly and can lead to erroneous inference, whereas too-complex a model
will run more slowly and over-pbt the daia( too many parameters in relation to the data willgen
erate an increased variance for all parameters ... the model will describe noise in addition to the
data). The softwaresODELTEST and PROTTEST (http://darwin.uvigo.es implement statistical
methods for selecting the model that best bts the [th &nd refs therein). MetaPIGA makes the
procedure easier as it implements ltileelihood Ratio TesttheAkaike Information Criterion, and

the Bayesian Information Criterionand performs parameter optimization automatically: simply
choose your preferred model testing method (red frames in Fig. 15). For example, running the
Akaike Information Criterion test on th@ranoidea_1b.nekd will generate the results shown in
Figure 16: MetaPIGA proposes to use the GTR model with gamma-rate heterogeneity but no pro
portion of invariant sites. Accepting this proposition will set this model in MetaPIGA as well as the
starting parameter values (here, rate parameters and gamma distribution shape parameter) to those
evaluated during the test. As the various models are tested in parallel on all the CPU cores of your
machine, MetaPIGA will warn you if not enough memory is available, a problem that can easily be

N6 Analysis settings

I Heuristic Evaluation criterion Starting tree(s) = Operators Miscellaneous !

BOWC AIC results

Nucleotide substitution model Model parameters
Model selection Partition : | 16S z 10 first ranking

. ] A GTR+G: ML = 61 616.6258, K = 9, AIC = 123 251.2516

O GTR @4 GTR+G+l: ML = 61 669.3079, K = 10, AIC = 123 358.6157

O TN93 Lz (L TN93+G : ML = 61 849.8228, K = 6, AIC = 123 711.6456
O HKyss Ratioirans o nranayerst TN93+G+1 : ML = 61 849.6615, K = 7, AIC = 123 713.3229
& x2p 714 g HKY85+G : ML = 61 956.5968, K = 5, AIC = 123 923.1935

HKY85+G+1 : ML = 61 956.8294, K = 6, AIC = 123 925.6588
Olc K2P4G : ML = 62 111.2105, K = 2, AIC = 124 226.421

Starting values
K2P+G+l : ML = 62 111.2207, K = 3, AIC = 124 228.4415

LA [ _C || JC+G : ML = 65 705.8793, K = 1, AIC = 131 413.7586
- 1 JC+G+1 : ML = 65 705.8799, K = 2, AIC = 131 415.7599

Model testing

‘e

Likelihood Ratio Test 1 =

0.5 1

Best model is GTR with rate heterogenity without invariant sites.

Ve . = — N\ 1 0.5
Akaike Information Criterion Do et el
(" Bayesian Infom¥(ion Criterion ) Rate heterogeneity (No ) Eoves)
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Cores assigned : O Discrete Gamma ~ 7 ] Shape of Gamma distributio 7
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H MR cleotide substitution model Model parameters
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o T f ‘.
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rion
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Note: that partitions (dePned in ti@Dataset Settingaihdow, Figs. 4-10) are taken into account when per
forming a OModel TestO. Given that model testing can take several hours to run on large datasets (especially
with protein data, given the number of models to compare), MetaPIGA allows you to restrict model testing
(Fig. 16) to the comparison of a subset of models.

Note: if you want to abort model testing.¢, because you forgot to include/exclude taxa and/or charsets, or
want to change your partitioning of the data), hit @ANICEL TESTINGD button: testing will be aborted and

all optimizations performed so far will be ignored. On the other hand, hitting a OCANCEL CURRENTO button
will stop optimization on the model beirarrently evaluated; obviously, the results of the statistical tests will
then be contestable.

Intra-step optimization

All parameters of the model (transition/transversion ratio or components of the rate matrix, the
shape parameter of thedistr, andPinv), branch lengths, and among-partition relative rates can
experiencellIntra-step optimizatiorfilue frame in Fig. 15) either periodically during the search
and/or at the end of the search. The principle of stochastic methedgierstep optimization
methods), such as M@pproximations of the Bayesian approach, stochastic simulated annealing,
and genetic algorithms, is &/OID intra-step optimization. Hence, the default in MetaPIGA is that
all target parameters (chosen by the user) are NOT optirmgeestep (only the consensus tree
obtained after replicated searches --smation 5.4.5- will have itOs model parameters optimized).
Hence, the stochastic heuristic itself will optimize topology, branch lengths and other model pa
rameters during each search. When usinddilserete'or 'stochastic'options (blue frame, Fig. 15),
current best tree(s) are also optimized during the search, respectivelys exenpers of steps or

with a probabilityp at each step. These two options can obviously greatly increase running time.

Note: Forintra-step optimization, MetaPIGA implements a single algorithm: a genetic algorithm without re
combination; each tree to optimize is copied 7 times and the population of 8 individuals experiences mutations
(on selected targets); selection is performed with tournament; the GA is stops when the likelihood remains un
changed for 200 steps (generations). Future versions of MetaPIGA will also include alternatives to the GA
(such as, possibly, the PowellOs algorithm).

Note: theOconsensus tree onbyfion (blue frame, Fig. 15) is equivalent to @eever@ption when perform

ing a single search (one replicate). The two options differ only when preforming multiple replicatesc(see

tion 5.4.5below). When target parameters are optimized esetgps or stochastically, optimizationakso
performed at the end of (each) search.

5.4.3. The OStarting tree(s)O tab

As shown in Figure 17, the user can choose to produce the starting tree(s) éthares(s)[47]

or asRandom Tree(s)i.e., with random topology and random branch lengths) @lasose Neigh

bor Joining® (LNJ)ree(s),i.e, a pseudo-random topology (modibed frfif). For generating a

LNJ tree, the user specibes a proportion vae0¢1]) and, at each step of the NJ algorithm, the

two nodes to cluster, instead of corresponding to the smallest distance value, are randomly chosen

. - NTax(Ntax! 1 . :
from a list containing the ( > )P smaller distances, wheidTax is the number of se

guences in the dataset. Branch lengths are computed as in the NJ mmettioek. words, the LNJ

tree is a NJ tree with some topology randomization which amount is debPned by the usEhis
approach is a particularly useful compromise between random startingptrégsh@t require long

runs of the heuristic for optimization, and a good but Pxed topology (the NJ.¢rep=0) that

might be prone to generate solutions around a local optimum. The LNJ starting tree method is par
ticularly well adapted to the metaGA. Indeed, starting ffof(wherel is the number of individu

als (trees) per population amtis the number of populations) random trees will signibPcantly in
crease the search time whereas starting ffdtmdentical NJ trees will cause the stopping rule to be
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reached too fast (see below) with local optima solutions. On the other lidhdstarting trees
provide enough variation among populations for avoiding local optima but signibcantly
speed-up the search in comparison with usin@True randoms&larting trees

SN O Analysis settings

f Heuristic =~ Evaluation criterion ' Starting tree(s) « Operators = Miscellaneous

Tree generation Distance ma; Rate heterogeneity Invariable sites
O Neighbor Joining O cTR ) None ) None
@ Loose Neighbor Joining () TN93 () Discrete Gamma () P-Invariant
Range 10][7] % () HKYS8S shape 0.5 Proportion 0 %
() True Random O K2p Base composition

() User tree(s) ® JC Equa

None

Fig. 17 TheOStarting tree(sy@ndow.

models (see above) and with or with&utv and/or! -distr. Unless the user wants to start with trees with the highest likelihood
possible, we recommend using a simple and fast medgl JC and Poisson respectively for nucleotide and protein data) for
generating starting trees as they will anyway be highly modibed during the heuristic search. For codon substitution models, three
distance matrices are calculated (for codon positions 1, 2, and 3) using one of the available nucleotide substitution models. These
three matrices are then weighted based on the evolutionary information they provide and combined into the single distance ma
trix [48].
Note: When choosing th®Neighbor Joininggarting-tree option during @Random-restart hill climbingéarch (Heuristic tab,
section 5.4.), the NJ tree will only be used for the Prst hill climbing, érdNJ treesll be generated for all restarts.
Note: Arbitrary starting trees (in Newick format) can also be imported by the user. When clicking ®/ske tree(sy@dio
button then on th@&selectfutton (Fig.17), you will prompted to choose starting trees from a list. Various buttons allow you to
add more trees in that list either from &reeViewerd from Nexus Ples.
Notes if the Nexus ble contains user trees (in a Tree Block) and if you seléat/er tree(sifarting-tree option:
I The brst tree in the Tree Block will be used if you selected SA or stochastic HC as the heuristic;
I Thel prst trees in the Tree Block will be used when selecting GA as the heuristic optidnngithduals (one tree per indi

vidual);
I TheP Pprst trees in the Tree block will be used when selecting CP as the heuristit paigulations (one tree per popula

tion);
I If there are too few trees in the list of starting trees, MetaPIGA will cycle among the available trees;
I In the case of &®Random-restart hill climbing€arch (OHeuristicO tab, section 5.4.1), if the number of provided starting trees

is smaller thaiN+1 (i.e., the number of restarts plus 1), LNJ trees will be generated for the missing starting trees.

5.4.4. The OOperatorsO tab

All stochastic heuristics us®perators i.e., the topology and parametersO modibers allowing the
heuristic to explore solution space. In MetaPIGA, we implemented 5 operators for perturbing tree
topology and 6 operators for perturbing model parameters (see below). These operators can be used
in any combination, either at equal or user-debned frequencies. The user can choose for these fre
guencies to change dynamically during the seareh,MetaPIGA can periodically evaluate the
relative gains in likelihood produced by each operator and adjust their frequencies propdttionally

51f only some of the operators are made dynamic, their probabilities are assigned after subtracting from 1 the probabili
ties of the fixed operators. A minimum operator frequency can be set to prevent operators from being switched off. In
deed, an operator which is very inefficient early in the search could become efficient later in the search.
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In the example given in Pgure 18, ® o Analysis settings
the evaluation of the Opera‘torso pe| | Heuristic =~ Evaluation criterion = Starting tree(s) - Operators | Miscellaneous !

formances is computed every 100

i L i Operators selection Operators selection
generat'ons and the minimum -fl’e Operators Parameter Frequency Dynamic ) Ordered
quency of any selected operator |s gNN' olt] “ O Random
set to 4%. [;[ i:; 2 |:' g ® By frequency
! ONearest A Neighbor In{_er; ds T ol o Dynamicioperators
ChangeO Na\“), OSubtree Prunlng ™ sTs 7 ol ™ Interval 10017

. ~ 2 . H —_ _ : e 1[4]
RegraftingCSPR, and OTree Bisec ™ BLM ol ™ Minimum il
tion Reconnection(ﬁ%F@ are classi ™ BLMint oll;l ™ Frequencies
cal branch-swapping algorithms rm A L] T ol © gl

i isti  Gom o) ™ (_MAKE 100
used in many heuristics for phy : —

; ’IM o U ( RESET )
logeny inference[21]. MetaPIGA o APRM ol ™ ——

also implements the following {o
pology operators:

#

#

Qaxa SwapdK9: n randomly- M TheOOperators@b. -
celectod terminal branches ars
randomly swapped. The value mfcan be set to any number between 2 (default) and the total
number of taxaALL), or randomly choserRAND) at each generation.

Gubtree Swap@TS: 2 (default) or a random numberafD) of subtrees are randomly
swapped.

The 6 other operators affect model parameters:

#

#
#
#

OBranch Length Mutatior® K1) andQinternal Branch length mutatioBOMint). As our pre
liminary analyses (data not shown) indicated that branch length optimization yields external
branch lengths that are quite similar to those obtained through topology-constrained NJ (both on
a NJ topology and on a ML topology), we implemented a branch-length op&aiding) af

fecting internal branches only. We also implemented a branch-length op&iahdy that can

affect all (internal and external) branches.

ORate Parameters MutatidRPM): This operator is not available for td€ model as the rate
parameter is identical for all possible substitutions under this modeKalPandHKY models
consider two rates (the rate Gf and the rate ofv); hence, only th&appaparameter (ratio of

Ti andTv rates) can be affected. Th&I93model assigns 3 different rates: for transversions, for

A! G transitions, and for!T C transitions. Th& TR model allows assigning different rates for

the 6 possible substitutions! AT, A! C,&@ T,G C,Al G,andT C. Under theTN93and
GTRmodels, the user can choose that éRBM operation affects eithel@® (default) randomly
chosen rate parameter ei@rate parameters. Thé@andaO.Ocommands are equivalent-un

der theK2P andHKY models because, although there are two rates, there is only one free rate
parameter (the other one is set to 1).

OGamma Distribution Mutatio&DM): modiPes thé -distr shape parameter,

OProportion of Invariable sites MutatidPMj: affectsPinv.

Among-Partitions Rate MutationdPRM): affects the relative rates among partitions.

Notes

¥ The BLM, BLMint, RPM, and GDM operators affect their corresponding parameter by multiplying the pa
rameterOs value of the previous generation by a random number drawn from an exponential distribution (with
#=2), and shifted by 0.5 (such that the minimum value is 0.5 and the mean is 1).

¥ ThePIM (values between 0 and 1) aABRMoperators affect their corresponding parameters by multiplying
the parameterOs value of the previous generation by a random number drawn from a normal distribution (with
mean=1 and SD= 0.5). The resulting multiplier is rejected if ! 0.4.

¥ For LNJ starting trees, the initial length of all internal branches is computed with the NJ algorithm whereas,
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for random starting trees, they are drawn from an exponential distributioréwtifhand shifted by 0.001 (to
avoid zero length branches).

5.4.5. The OMiscellaneousO tab

This window allows the user to choose stop criteria and dePne the parameters of replicated searches
(to obtain estimates of branchesO posterior probabilities). In addition, the user can choose which log
ples to save on disk. Also, if a supported graphics card is available, the user can choose to use either

the CPU or the GPU for likelihood computation. Increase of computation speed is particularly sig
nipcant for protein and codon models.

Heuristic ] Evaluation criterion ] Starting tree(s) I Operahors‘ Miscellaneous
Stop criteria Replicates
Nec. Suf. _
@) Fixed number : 0L
[[] [E] steps: 0 steps
*) Variable number : stopping whe: elative error
[ E Time: 0 hours 01| minutes among 10| con: .
[7]  Automatic : 2004 steps without significant improvement of 0.01}4| % trees stay belov 5
Minimum 100 Maximum 10,000
@ B Consensus : mean relative error of 10 44| consecutive consensus
trees, sampled each 514 generations, stay below 5144 % [Parallelizaﬁon 4 ]
Output
Label:  |012x898 - Primate Directory :

C:\Users\calavera\Documents/MetaPIGA results P
Log files (number of asterisks indicate magnitude of slow-down / writing to dISk)

Heuris

[ Ancestral sequences (¥)

Consensus (** Heuristic trees ( Performances (*)

Run on a GRID (XtremWeb-CH)

| Activate GRID ~ Server address Client id MetaPIGA module id

Device for likelihood calculation

GPU
Move the mouse on parameters to get help.
l Estimation of necessary memory : 12 Mb I OK [ CANCEL ] [ Set all parameters to default ] [ Set miscellaneous parameters to default ]

Fig. 19 The OMiscellaneous@ndow for defining stopping condition(s), parameters for performing replicates (énd
obtaining estimates of posterior probabilities under the MetaGA), and the label of the directory in which all results
will be saved. Log files to be saved on disk can also be defined. The amount of memory required for running the

analysis (blue frame) has significantly increased because a complex model is used (Fig. 14) and because 4 cores
have been chosen for parallelization (red frame).

Stop Criteria

Exactly as in the MEapproximations of the Bayesian appro§2, 25]implemented in the soft

ware MrBayeg31] for which the user must debPne a number of generations and trees to sample be
fore stopping the search, all stochastic heuristics implemented in MetaPIGA require a stop condi
tion. We implemented several stop conditions in MetaPIGA; any number of conditions can be set
and each one can be necessary or sufbcient (Figad@{@D Guf.g8. The stop criteria are: number

of stepse.g, number of generations for the GA or the metaGA), elapsed time, and likelihood stabil
ity. The later, terme®Automaticid the GUI (Fig. 19), means that the search stops when the log-
likelihood of the best tree has not improved of more than a given percentage (debPned by the user,

6 The heuristic stops wheamy of the sufficient conditions is met or whalh necessary conditions are met. Conditions
are sufficient by default.
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0.05% by default) at any step duringteps f also debned by the user).

Note: that, when using th®Random-restart hill climbing@uristic (Fig. 11), the stop conditions are debned

for one hill climbing. For example, when using random-restart hill climbing with 10 restarts and 02000 stepsO
as the stop condition, 11 hill climbing of 2000 steps will be performed but only the best scored tree, among the
11 results, will be kept.

When using the metaGA heuristic, one can useCiiesensus@topping condition based on eon
vergence of the populations of solutions. Indeed, comparing (across generations) the frequencies of
internal branches shared among Bié trees provides a means for assessing whether the popula
tions converge towards a stable set of solutiors,towards a consensus with stable branch fre
guencies. Hence, a stopping rule, not available to other heuristics, can be used under Consensus
Pruning (=MetaGA): the user can choose to stop the search when a series of mean relative error
(MRE) values remains, across generations, below a threshold (in %) debned by the user.-In our ex
perience, using the Consensus stopping-rule with a threshold of 5% works very well when-perform
ing replicates (for estimating posterior probabilities of clades, see below). On the other hand, if you
perform a single search in order to bnd the single very best tree, you might want to experiment with
either lower threshold valueg.), 1%) or the stopping rule based on stability of the likelihood
value €.g, 200 steps without improvement of 0.01% of the log-likelihood value).

Note: To increase independence among samples, consensus trees are sampted dverynon-successive)
generations. For example, given two consensus TremdT,, corresponding to the consensus amongPthie
trees at generations 5000 and 5005, respectively, the MRE is computed as follows:

nPartition | Puw g P

T 1 oy
P
T

o1 |Max(! 7!

MRE(T,T,) = , WherenPartition is the sum of taxa bi-partitions observedlirandT;

nPartition

(but identical partitions are counted once), andand ! ; are the consensus values of bi-partifon treesT;

| Puog P

andT;, respectively. Note '[h%t'T'—TJ =1if either both! ; and! ; are nil, or if the corresponding

max(! 7,1 ")

T

internal branch does not exist in eitfieror T,. Internal branches that are absent from Botand T, are not
considered. If the MR&enso00,gensoosis above the user-debPned thresheld)( 3%), it is discarded and a new
MRE is computed for the comparison of generations 5005 and 5010. On the other handgdfiaWRgsnsoosis
below the threshold, a counter is incremented and a new MRE is computed for the comparison of generations
5000 with the next sample (here, corresponding to generation 5010). The user dePnes for how many samples
the MRE must remain below the specibed threshold before the search stops.
I
Replicates
This functionality is very important because it allows estimating the support of trees and
clades. For all stochastic heuristics implemented in MetaPIGA, the user can chose to repeat the
search many times, generating a majority-rule consensus tree among the replicates. This-is particu
larly useful under the metaGA because previous analjldesndicate thata set of multiple
metaGA searches produces trees and clades with frequencies that approximate their posterior
probabilities. Hence, metaGA branch support values would be comparable to posterior probabili
ties provided by M€approximations of Bayesian approaches. The user can either bx the number of
replicates, or specify a range of minimum and maximum number of replicates then choose to let
MetaPIGA stop automatically, exploiting the MRE metric in a similar way as the consensus across
populations in a single metaGA search (see above).
Note: Here, however, the MRE is computed using consensuses across replieat@sis the consensus
among the Pnal trees obtained between replicates 1L Alwdadditional replicate is produced when the MRE
amongN replicates remains below a given threshold. Consecutive replicates can be used because they are in
dependent. As an exampleNfis set to 10, and the brst MRE below the user-debned threstm|db¥o) in
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volves replicates 1-241 and 1-242, the MRE is computed 9 additional timebgetween the reference con
sensusli-241 andTj, for j corresponding to replicates 1-243, then 1-244, then 1-245, etc. The search stops if the
inter-replicates MRE remains below 5% for 10 consecutive replicates. On the other hand, the counter is reset to
zero as soon as the MRE exceeds 5%, and the new reference tree for computing the MRE is fheqnsat to

replicate The inter-generations (=intra-replicate) MRE stopping rule can be used in combination with the inter-
replicate MRE stopping rule, letting MetaPIGA decide both when to stop each replicate and when to stop exe
cuting additional replicates$.¢., when to stop the entire analysis).

Note: in most cases, performing multiple replicates is aimed at generating a consensus tree and estimating
support of internal branches, hence, it is usually not important to perform a bPnal intra-step optimization of all
model parameters at the end of each replicate. This is why the defaditrima-step optimizatior(@lue

frames, Fig. 15) i©consensus tree onlyOmeans that a Pnal round of optimization for branch lengths and
model parameters is NOT performed after each replicate (this will signibcantly save run time and will not
change anything to the internal branchesO frequeixiedf) is performed on the bnal consensus tias, (

model parameters and branch lengths are optimized on the consensus-tree topology). When the user chooses to
optimize best tree@at the end of (each) sear¢h® consensus tree is optimized as well. WitHdiserete'and
'stochastic'options, current best tree(s) are also optimized multiple times ceagtgeplicate as well as at the

end of each search.

The grid

To start an analysis on an XtremWeb-CH Grid, checkQhetivate GRID&eck-box and write

your grid credentials in the appropriate boxes. If your account is active and the MetaPIGA binaries
are uploaded to the MetaPIGA module, your analysis will start on the Grid after you présuin®
button. For user documentation, please refer to the following site:
www.xtremwebch.net/mediawiki/index.php/How_u&dease, contact us for additional information.

Log bles

The user can choose to write log Ples on disk. This is however mostly for debugging purposes and
performance testing such that only expert users might need this functionality. Selecting the log Ples
indicated with asterisks cdf) signibcantly slow down the search gnyl PIl up large amount of

disk space (with the magnitude of slow-down and Pll-up approximately indicated by the number of
asterisks). All log bles are written in the results folder (see below).

# Dataset- Working matrix log ble - Prints the compressed datasetD#taset.log’ The last row contains the
weight of each column,e., the number of times this data pattern is found in the data matrix.

# Distance® Distance matrix log Ple - Prints the distance matriXristances.log'

# Starting tree® Starting Trees log ble - Prints the starting tree(s)StaatingTrees.tre'

# Consensu§**) B Consensus log Ple - Ti@Consensus.logle records consensuses at each step of Consensus
Pruning. It requires disk space between 100 bytes and 1Kb per taxa and per consensus recorded. For example,
recording consensuses for a dataset of 200 taxa, using the metaGA heuristic for a bxed number of 5000 genera
tions will generate a ble between 100Mb and 1Gb for each replicate produced.

# Heuristic detailg(*) B Heuristic search log ble - THeeuristic.log'ble records details about each step of the
heuristic. Requires disk space between 500 bytes & 1 Kb per iteration of the heuristic.

# Heuristic treeg**) B Heuristic search tree ble - Thteuristic.tre'ble records each tree found at each step of the
heuristic. It requires disk space of +/- 130 bytes per taxa per tree recorded. For example, recording trees for a
dataset of 200 taxa, using the metaGA heuristic with 4 populations of 4 individuals each, for a bxed amount of
5000 generations will generate a ble of about 1.5Gb for each replicate produced.

# Operator statistic® Operator statistics Ple B Th®peratorsStatistics.logf@ records operator statistics at the
end of a search, as well as each time the operator frequencies have been updated.

# Operator detailg***) - Operators log ble - ThéOperatorsDetails.logble records details about the operators
used. It requires disk space of 200-300 bytes per taxa per operation. For example, recording operator details for a
dataset of 200 taxa, using the metaGA heuristic with 4 populations of 4 individuals each, for a bxed number of
5000 generations will generate a ble between 1.7Gb and 3.4Gb for each replicate produced.

# Ancestral sequencesAncestral sequences log ble - At the end of the heuristic, the ancestral sequence-probabili
ties are printed into th&ncestralSequences.ldgle
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# Performance$*) B TheOPerformances.logd® records the amount of time (in nanoseconds) used by each op
erator. It requires disk space of +/- 1 Kb per iteration of the heuristic.

Output label and directory

Viewing of the analyses results can be done in the MetaPIGA graphical interface. However, all re
sults are also written on disk for later retrieval, viewing and manipulation. When a MetaPIGA
search is started, a result directory (na®ddetaPIGA resultsi® generated in your home directory
(Mac OS X & Linux) or in theOMy documentggider (Windows). When you launch an analysis,
the results will be automatically saved in a folder named witBladel@vhich is, by default, the
name of the nexus Ple minus tBaexGxtension, see Fig. 19) followed by the date (year-month-
day) followed by the time (hour_min_sec) at which the search was started. This allows for-easy dif
ferentiation of analyses performed at different times on the same dataset. For example, the result
folder Oranoidea_1b - 2010-06-09 - 17_16_liGé€ludes the result bles for the analysis of the
Oranoidea_1b.nexdata set started on June 9, 2010 at 5:16:16PM.

At the end of the search, the result folder contains thR&3elts.nexi.e., a text Ple including:

I A MetaPIGA block corresponding to the search parameters;
I The data set;
I Atree block with the result treeisg .
" Either (if replicates have not been performed):
¥ The best tree found (among alP*l trees) named appropriatelye.§, OTREE
rana_~_2010~06~09 ~ 17 16 16 ~ Genetic_algorithm_best_sojutionO
¥ The best tree, of each of thé populations, named appropriatelye.d, OTREE
rana_~_2010~06~09 ~ 17 16 16 ~ Best_individual_of populatipn_00
Or (if replicates have been performed):
¥ The consensus tree (among all replicates) named appropriately, (OTREE
rana_~ 2010~06~09 ~ 17 16 _16_~ Consensus_tree ~ 200 rep)icatesO
¥ Then, for each replicate:
- The best tree found (among alP*l trees) named appropriatelye.§, TREE
rana_~_2010~06~09_~ 17 16_16_ ~ Genetic_algorithm_best_solution_[Rep_8]
- The best tree, of each of th® populations, named appropriatelye.d, OTREE
rana_~_2010~06~09 ~ 17 16 16 ~ Best individual_of population_0_[Rep_ 8]0

If replicates have been performed, the result folder will also contain a te@drsensusTree.treO

with the consensus tree among replicates. That tree is automatically updated in the run directory
after each replicatédénce, if a crash or power cut occurs, the latest consensus tree (summariz

ing all replicates that accumulated before the cut) can be loaded and visualized in MetaPIGA

after restarting. As the name of the tree includes the number of replicates, you will know when the
cut occurred.

! As the consensus tree Ple is in Newick format, it can also be loaded in tree viewing softwares
such as FigTree (http://tree.bio.ed.ac.uk/software/bPgtree/ or TreeView
(http://taxonomy.zoology.gla.ac.uk/rod/treeview.tml

If log Ples have been requested (see above), they will be printed either in the results folder or in cor
responding replicates subfolders.

5.4.6. Exiting the Settings Window

Once all settings have been chosen by the user f@®Hfseiristic@Evaluation CriterionOStarting
Tree(s)OOOperators@nd OMiscellaneousébs and the OK button has been hit, the Settings win
dow closes and the main (entry) window is updated with the new settings listed in the upper-right
window. The user can go back to the setting window at anytime for changing any parameter.
Switching to another dataset in the left window and modifying the settings for that dataset does not
affect the settings associates to the other datasets.
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5.5. [R] The Run window 2RO @K & ®%ww @

! e B R e |
The search is launched by clickon the
El

O[R] Run heuristic searchfdtton] (or by selecting in the men@SearcH® ORupnOOnce the

starting trees have been generated (this can take time), the user can follow the ongoing search by
looking at the lower left panel of the run window which displays graphical information specibc to
the chosen heuristic method. For example, bPgure 20 shows the running window for a MetaGA
search with replicates, 4 populations, and stopping rules as indicated in bgure 19. The lower-left
panel indicates the likelihood progression of each of the populations (the best tree likelihood in each
population is indicated) as well as which replicate is ongoing (rep 71). If you set replicates paralle
lization to >1 (see red frame in Fig. 19), tabs give access to the graphs corresponding to each CPU
core (core number 2 is selected in Fig. 20; red arrow).

! When using the Stochastic Hill Climbing (HC) or the simple Genetic Algorithm (GA), the
lower-left panel displays the likelihood progression of either the current tree (for stochastic HC) or
of the best tree in the single population of trees (for the GA). When using the SSA, it indicates the
progression of both th@temperaturedd of the likelihood. During a random-restart Hill Climbing,

the graphical interface indicates the likelihood of the overall best solution (green line), the best so
lution of the current restart (yellow curve), and the starting tree of each restart (red line). Magenta
and blue vertical lines indicate new restarts and replicates, respectively.

Corel ~Core2 | Core3 Core4d

Progess : job finished Time left before stopping : No time stop

Negative likelihood progression in current replicate 1 (Inter-generation MRE of 0%)
[ Best solution : 5 747.3626 _| Population 0 : 5 749.956 Population 1 : 5 747.3626

. Population 2 : 5 759.0359 _ Population 3 : 5 751.9232 . Starting tree (best) : 5 932.7867

«  334Mb i Replicates done 113/10000 CLOSE ) “Inter- icates MRE: 0. E

Fig. 20 The run window when replicates have been requested under the MetaGA heuristic. The best tree Iikélihood
: in each population is indicated :
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! In parallel with the likelihood progression displayed in the lower-left panel, the right panel
displays information on the current inferred phylogeny. When performing a single search (
without replicates) the tree displayed is the current best tree. When performing replicates (as in Fig.
20), the right panel shows the current consensus tree (and corresponding frequencies of internal
branches) among all replicates accumulated thus far. Hence, the right panel of the run window al
lows the user to observe, on the Ry, the progression of the phylogeny inference or (when using the
metaGA) the progression of posterior probabilities of branches. In both cases, the user can switch
between phylogram and cladogram (blue arrow in Fig. 20). The current values of the inter-
generations (=intra-replicate) MRE and inter-replicate MRE (see Ostopping rulesO above) are also
indicated (red frames in Fig. 20).

! Once the search is completed, a window will pop up reminding you that all results (best trees
and consensus tree) have been saved in your result folder, but will also propose youQ#lsend
best trees@r theOConsensus tree onlgGheOTree Viewe(€eesection 5.6elow) for further ma
nipulations (rerooting, exporting, changing substitution model and further optimizing moedel pa
rameters, reconstruction of ancestral states, etc).

! When using theXtremWeb-CH Grid , the run window shows the status of the workers:
gueued, waiting, processing, completed, killed, or in error (see Fig. 21 for details). Workers with the
statusOcompletdfave already sent their results back to your local machine. To use the XtremWeb
Grid, please, refer to the following web site:
http://www.xtremwebch.net/mediawiki/index.php/How_use

| _|QueueD: 9767 M wartING: 131 [IREADY: 44 | PROCESSING: 48 [ compleTE: 9 [xieD: o [l ERROR: 1

Replicate 7
| __| PROCESSING

Replicate 1
| _| PROCESSING

Replicate 3
\ _ | PROCESSING

Replicate 6

\ _| PROCESSING \ _| PROCESSING __| PROCESSING

Replicate 2
[ — __| PROCESSING

[Replicabe 4 ereplicate 5

I

Replicate 14
\ __| PROCESSING

Replicate 8
| __| PROCESSING

Replicate 9
| __| PROCESSING

Replicate 16
__| PROCESSING

Replicate 23
\ __| PROCESSING

Replicate 10
| __| PROCESSING

Replicate 11
| __| PROCESSING

Replicate 12
\ _ | PROCESSING

Replicate 13
\ __| PROCESSING

m

Replicate 21
__| PROCESSING

Replicate 15

Replicate 17
__| PROCESSING |

Replicate 18
__| PROCESSING l

Replicate 19
__| PROCESSING |

Replicate 20
__| PROCESSING |

__| PROCESSING

J

Replicate 22
\ __ | PROCESSING

[ [
[ [ [
B B [
[ [ B
[ moesne | [T mirocmwe | [~ Moo
- [ B
[ B B
- B -

Replicate 28
| __| PROCESSING

Replicate 24
B compLETE

Replicate 25
B compLETE

Replicate 26
__| PROCESSING

Replicate 27
| __| PROCESSING

\ __| PROCESSING \ __| PROCESSING — __| PROCESSING — __| PROCESSING

Replicate 42
\ [l rResoY

Replicate 36
__| PROCESSING

Replicate 39
| __| PROCESSING

Replicate 40
| __| PROCESSING

Replicate 41
| __| PROCESSING

JJ

Replicate 37 Replicate 38
| __| PROCESSING

[ coMpLETE
Replicate 44

I comPLETE

Replicate 49
| __| PROCESSING

Replicate 43
\ [l rResoY

Replicate 45
[ compLETE

Replicate 46
__| PROCESSING

Replicate 47
| __| PROCESSING

Replicate 48
| __| PROCESSING

Replicate 56
__| PROCESSING

Replicate 50
[ compLETE

Replicate 51
B compLETE

Replicate 52
I ERROR

Replicate 53
[ compLETE

Replicate 54
\ _ | PROCESSING

Replicate 55
__| PROCESSING

- [
[ [ [ [
I [ [ [
- B [ [
[ [ [ [
- [ [ [
B [ - B

JJJJJJJJ

1

rRelecahe 57 Replicate SSﬁ Replicate 59 | rRelecahe 60 I |—Repllcate 61 | rRepl»cate 62 | rRelecahe 63

JJ

STOP |iInterreplicates MRE: 8.67%

Fig. 21 TheORunfindow when using a XWCH grid. Status of worker are color-coded. A white box indicates that

. the replicate is waiting to be submitted to the grid whereas a gray box means that the replicate is waiting for. an

. available worker. A blue box indicates that the worker is selected will start the analysis. A yellow box |nd|cates that
i the replicate is running. A green box indicates that the replicate is completed and successfully retrieved from the
grid. Finally, a red box means that MetaPIGA cannot retrieve the result or that the worker is not responding (error
replicates are not used and have no effect on your analysis). Replicates stopped by the user are indicated W|th a
black box Okilledd :
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5.6. [T] The tree viewer 2 3] @)% w}:)\ o

[T] Tree viewer

5.6.1. VIeWIng and evaluatlng trees ............................................................................
The Tree Viewer is opened by clicking on the

O[T] Tree viewerﬁljtto (or by selecting in the men@ToolsO OTree viewetdrees can be
saved in th®Tree viewediher at the end of a search or by importing trees from bles. The user can
even type (or copy-paste) a tree in Newick format in the lower left panel (red frame in Fig. 22), give
it a name and add it to thiieeeVieweDs list of trees. The Tree viewer allows to display, rename, or
remove any of these trees at any time. Oi@ear listButton delete all trees from the Tree viewer.
Buttons at the bottom of the right panel allow to display the selected tree in various styles (rectan
gular, triangular, circular, phylogram), and show/hide its nodesO numbers or its branch lengths.
Other buttons allow rerooting a tree at any node, and save or print one or several selected tree(s).
The upper right panel indicates the parameters of the model (for each partition, if any) and the cor
responding likelihood (yellow oval; Fig.22) of the selected tree. Obviously, for computing a likeli
hood, every tree must be associated to a dataset, hen@réeeViewedly lists the trees that are
relevant to the active dataset. The latter can be selected eitherOCtimeent datasestroll down
list (Fig. 23) or in the MetaPIGA main window (Fig. 2 and 10). This allows the user to easdy man
age trees generated with different datasets.

Note: Several trees can be simultaneously selected from the list by@samgmand click@d/orOshift-click®

This allows removing several trees simultaneously. On the other hand, all other commands (model change,

printing, rooting, ancestral state reconstruction, etc.) will affect only the tree highest in the list of selected trees.

Tree viewer

Add tree from file ) ( Clear list

Current dataset 012x898 - Primate ?

Rename ¢ Remove Model

A

Available trees
T — -
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus pruning best solution_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 0_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 2_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 3_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus pruning best solution_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 1_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 2_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 3_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus pruning best solution_Rep_2
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 1_Rep_2
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 2_Rep_2
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 3_Rep_2
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus pruning best solution_Rep_4
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 0_Rep_4

N17u0AQ  Drimata  IN11 NE 12 NN 24 €& Bact indiidual af manulatian 1 Dan 4

Tree Name ([ Addto list )

Tree in Newick format

— S e — e
. > [+] Show ancestral states recg) "ﬁction/p(f / / / / \\ \\
V Show/hide /| [save’selected ) Print
Rectangular cladogram node tree(s) to disk | selected
Triangular cladogram Phylogram number [ oo oot tree(s)
i export selected
Circular cladogram Show/hide branch lengths  tree(s) as images

Fig. 22 The MetaPIGA tree viewer with one tree selected in the list. Red arro®@Mieé) button gives access ta a
window (Fig. 23) for optimization of parameters and/or branch lengths and re-computation of the corresponding
Likelihood under any substitution model. Green arrow: button giving access to the ancestral state reconstruction
panel (Fig. 24). :
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! Clicking on theOModel®utton in theOTree &6 Evaluation settings of selected tree
Viewer(fred arrow; Fig. 22), opens tkEvaluation 'é Rate matrix Nucleotide substitution

: i H Ratio transition:transversion O GR @ k2p
settingsindow (Fig. 23) that allows (for the se 5. Sl T Iow i
lected tree) to (re-)optimize model parameters an(z O HKkvss

Starting values

or branch lengths and re-compute the correspon I R M | e Pecerogencity

MY_OTHER_CHARSET

ing likelihood under any settings of model parame s == . ; { s: b
ters. Note that, although parameters can be man|¢ 1 54. 1 - subsets | 4][1]

shape [0.57533¢

Among-partition rate : 0.95

ally set for each partition separately by using th ——
vertical tabs (Fig. 23), clicking on th@Optimize e pimizopuomerro—dil EE
model parameters&r OOptimize branch lengthsC
button will perform joint optimization for all pafti
tions. Once the model setting have been conbPrmt -
by clicking theOOK®utton, the upper-right panel Cox ) (Ceancer )

of the OTreeViewer(ig. 22), and the tree |tself, 0 23 The evaluatlon Semngs win dOW
will be updated with the new parameter values. . o

O P-Invariant

(" Optimize branch lengths )

| 'REMAINING

5.6.2. Ancestral states reconstruction

During phylogeny inference under ML, the probabilities of all possible character states at all nodes
are computed for all characters. This provides means for reconstructing ancestral sequentes both
silico and in the laboratorye(g, [10-14]). Clicking on the button indicated with a green arrow in

Fig. 22 gives access to the ancestral state reconstruction paneOdfré@/iewer&imply select an

internal node on the tree for viewing its corresponding ancestral sequence. Various buttons allow for
different display styles and for exporting the ancestral sequence(s) (and the corresponding statistics)
either of the selected node or of all internal nodes of the tree. The ancestral sequence reconstruction
we implemented is Empirical Bayg$9].

000 Tree viewer

Add tree from file Clear list

Current dataset 012x898 - Primate B3

N [ N [
Rename Remove Model

Available trees

ol Memes -
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus pruning best solution_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 0_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 2_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 3_Rep_3
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus pruning best solution_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 1_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 2_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Best individual of population 3_Rep_1
012x898 - Primate - 2011-06-13 - 00_34_56 - Consensus prumng best solution_Rep_2

N17u802  Drimara  IN11 . NE 12 AN 24 €& Al af naniilatian 1 Dan 2

Tree Name ( Add to list )

Tree in Newick format

ESEENEEY

[-]1 Hide ancestral states reconstruction [-]

m / GG G A

for each site, a colored bar represents the cL% of the corresponding nucleotide cL Nucleotide with lower cL% are
ATAA G A GGA ATATA G GG AA AAA
A >

Fig. 24 The ancestral state reconstruction panel displays the conditional likelihood propor‘[ionsE of
each state at each site for the node 6, directly selected on the tree in the upper-right p&ahd’he
I buttons allow exportmho disk a text file with the ancestral states of the selected node or of all

nodes respectively. Use andm buttons to switch between a view where bars of the

. histogram, for each character, are in front of each others (with the column of lowest likelihood :

. proportion in the front) and a stacked histogram. The sequence indicated at the top corresponds to the
most Ilkely ancestral sequence :
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5.7. Building and running batch [U] Duplicate selocced fie O] Associate sertings
Ples with the GUI iﬂ/‘ 19 T i o]

1S] Save all files
|[n a]Nexus batch ["R] Run batch

MetaPIGA supports the use of batch ples that can g

be either written manually (see MESBCHion or
generated using tools available in the GUI: datasets

and their settings can be duplicated, settings can be OstampedO from one dataset to another, ar
multiple combinations of datasets and settings can be saved in a batch pble that can be run either in
the GUI (with various graphical information on search progress) or using command line.

5.7.1. Transferring analysis settings among datasets

Batch bles are particularly useful for running different datasets with the same analysis settings.
Imagine for example that you have opened 4 datasets in MetaPlG¥R%898 - PrimateOPRO

TEINS - 36x958@ranoidea_1p&nd0055x1314 - mpldhd that you have chosen all settings (us

ing the various tabs in th&nalysis

Settingswindow, seesection 5.3

for the datasetanoidea_1b Now, ?’H‘@ @‘ J“ *@‘/Qm‘ %

as shown in bgure 25, you cah Usemussnderrochangerheselecreddatas(pnomymabarchrun
transfer these settings t0 any GOM ey
bination of other opened datasets b) OTEN 5
(i) choosing the source dataset, thel ez
(ii) clicking on theO[O] Assomate .

settlngstuttor. (or by selecting | '
in the menu:OBatchD) OAssociate Fig. 25 Transferring settings from one dataset to other dataset(s)
selected dataset analysis settings®-
then (iii) selecting the dataset(s) A _
you want to transfer the settings to, &l click on theOAssociatditton.

# The batch can then be run in the GUI by clicking on@h&] Run batchﬁbutton (or by se

lecting in the menudBatchO ORun all datasets in a bafchO )
# Alternatively, the user can save the batch by clicking orO8ave all bles in a Nexus batchO

button®] (or by selecting in the men@BatchO OSave all datasets in a batch Nexu$.H1ei®
ple can be run in command line.d, on a distant server) or re-imported in MetaPIGA and run
through the GUI.

5.7.2. Duplicating datasets for batch bles

Batch bles are equally useful for running sequentially a single data set under multiple different set
tings: for example analyzing your favorite dataset with different substitution models or with differ
ent heuristics. First make as many duplicates of your dataset (©&ll2k898 - Primat@CFig. 26)

as you wish by clicking on th@[U] Duplicate selected datasbt@ton (or by selecting in the
menu:OBatchO ODuplicate selected datajeT®en, select a duplicate and change the settings as
required (in theDAnalysis settingadhdow). In this way, you can for example run a batch ble that
will sequentially run theOPrimate@Primate_]1@Primate_2@nd OPrimate_3&atasets with, re
spectively the JC, K2P, HKY, and GTR substitution models. Note that, when duplicating a ple, the
settings listed in th®Dataset settingaihdow (outgroup taxa, charsets, partitions, etc.) are -dupli
cated as well.
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Yol Metapiga 2.1

21O K[| Bol% |t

8 - Primate
PERVISED) with 4 populations, 4 individuals, a tolerance of 5

h rate matrix R for TREE using

sensus tree using Genetic m, on branch lengths

Yol Metapiga 2.1

28O @K @

8 - Primate
Erm Ol ta 898 - Primate_1
Prir U PERVISED) with 4 populations, 4 individuals, a tolerance of 5
Prima

Likelir
tition A

. Fig. 26 (a) Duplicating datasets arftl) the parameter panel indicates the modified settings as choserOpplhe
. Analysis Settingsfindow (here, we have changed the substitution model to K2P with rate heterogeneity (and
| estimated starting parameters) for @Rrimate_Idiplicate whereas the initial settings for @Rrimate@ataset is |
Jo). |

Notes when running a batch pble:

# The run window is simplibed (in comparison to what is described abdveciion 5.5 Beside basic statistics on
the current run, the batch run window displays (in two separate panels) the log ble information on the current run
and on the overall batch. Two buttons allow for stopping either the current run or the entire batch of runs.

# The result trees of all replicates of all runs are automatically added@taeViewerO

5.8. Building batch bles manually

Instead of using the GUI, you can manually build Nexus batch Ples. As an example, the ble below
will run the single dataset of 15 taxa and 100 characters brst with the JC model then with the GTR
model + gamma-distributed rate heterogeneity.

The full list of MetaPIGA commands for manually building batch ples are available Apfien

dix 1.

Check the end ofsection 5.Zor instructions on how running MetaPIGA in command line (this
Is particularly useful if you want to send jobs to a distant server).

#NEXUS
[Metapiga - LANE (Laboratory of Artificial and Natural Evolution, University of Geneva)]

BEGIN BATCH;

RUN LABEL=15-100 DATA=data_1 PARAM=param_1;
RUN LABEL=15-100_1 DATA=data_1 PARAM=param_2;
END;

BEGIN METAPIGA;

[BATCHLABEL=param_1]

HEURISTIC CP CONSENSUS=STOCHASTIC OPERATOR=SUPERVISED NPOP=4 NIND=4 TOLERANCE=0.05
HYBRIDIZATION=0.1 SELECTION=IMPROVE RECOMBINATION=0.1 OPERATORAPPLIEDTO=IND NCORE=1,;
EVALUATION MODEL=JC DISTRIBUTION=NONE PINV=0.0;

OPTIMIZATION ENDONLY ALGO=GA TARGET{BL };

STARTINGTREE GENERATION=LNJ(0.1)

MODEL=JC DISTRIBUTION=NONE PINV=0.0;
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OPERATORS { TXS(2) STS(2) TBR NNI SPR BLM } SELECTION=RANDOM,;

SETTINGS LABEL=15-100;

STOPAFTER AUTO=200 CONSENSUS MRE=0.03 GENERATION=5 INTERVAL=10;
REPLICATES AUTOSTOP=MRE(0.05) RMIN=100 RMAX=10000 INTERVAL=10 PARALLEL=1,;
OUTGROUP { ANABAENA_SP2 },

END;

BEGIN METAPIGA,;

[BATCHLABEL=param_2]

HEURISTIC CP CONSENSUS=STOCHASTIC OPERATOR=SUPERVISED NPOP=4 NIND=4 TOLERANCE=0.05
HYBRIDIZATION=0.1 SELECTION=IMPROVE RECOMBINATION=0.1 OPERATORAPPLIEDTO=IND NCORE=1;
EVALUATION

MODEL=GTR RATEPARAM{ A(0.5) B(0.5) C(0.5) D(0.5) E(0.5)} DISTRIBUTION=GAMMA(4)

DISTSHAPE=1.0 PINV=0.0

OPTIMIZATION ENDONLY ALGO=GA TARGET{ BL R GAMMA };

STARTINGTREE GENERATION=LNJ(0.1) MODEL=JC DISTRIBUTION=NONE PINV=0.0;

OPERATORS { TXS(2) STS(2) TBR NNI SPR BLM RPM(ALL) GDM } SELECTION=RANDOM,;

SETTINGS LABEL=15-100_1;

STOPAFTER AUTO=200 CONSENSUS MRE=0.03 GENERATION=5 INTERVAL=10;

REPLICATES AUTOSTOP=MRE(0.05) RMIN=100 RMAX=10000 INTERVAL=10 PARALLEL=1,;

OUTGROUP { ANABAENA_SP2 },

END;

BEGIN DATA;

[BATCHLABEL=data_1]

DIMENSIONS NTAX=15 NCHAR=100;

FORMAT DATATYPE=DNA MISSING=? GAP=- SYMBOLS="01" LABELS ITEMS=STATES STATESFORMAT
=STATESPRESENT NOTOKENS;

MATRIX
Anabaena_sp2! ! CAAGATTACAGACTAACTTATTACACACCTGATTACACACCTAAAGATACAGATATTCTGGCGGCATTCCGTGTTACACCCCAGCCCGGAGTTCCCTTTG
Chara_conniv! ! AAAGATTACAGATTAACTTACTATACTCCTGAGTATAAAACTAAAGATACTGACATTTTAGCTGCATTTCGTGTAACTCCACAACCTGGCGTTCCACCTG
Chlor_ell! ! AAAGACTACCGTTTAACTTACTATACTCCTGATTACCAACCAAAAGACACTGATATTCTTGCAGCGTTCCGTATGACTCCTCAACCAGGTGTTCCACCAG
Volvox_ro! ! AAAGATTATCGTTTAACATACTACACACCTGACTATGTAGTAAAAGACACTGACATCTTAGCAGCATTTCGTATGACTCCACAACCAGGTGTTCCACCTG
Sirogonium_melanosp! AAAGATTACAGACTTACATATTACACTCCTGAATATGAGACCAAAGAAACTGATATTTTAGCTGCATTCCGCATGACTCCTCAGCCTGGAGTACCACCTG
Zygnema_peliosp! AAAGATTACAGACTTACCTACTATACTCCTGATTATGAGACCAAAGAAACCGACATTTTAGCTGCATTCCGCATGACTCCTCAAGCTGGAGTTCCACCAG
Conocephalum_92! AAAGATTATCGATTAACTTATTATACTCCGGATTATGAAACTAAAGATACGGATATTTTAGCAGCATTTAGAATGACTCCTCAGCCTGGGGTACCAGCAG
Dumortiera_100!! AAAGATTATCGATTAACTTATTACACTCCGGATTATGATACCAAGGATACAGATATTTTGGCAGCCTTTAGAATGACTCCTCAGCCTGGAGTACCAGCAG
Marchantia_5! ! AAAGATTATCGATTAACTTATTACACTCCGGATTATGAGACCAAGGATACGGATATTTTAGCAGCATTTAGAATGACTCCTCAGCCTGGAGTTCCAGCGG
Bazzania_jm! ! AAAGATTATAGATTAACCTATTATACGCCTGAATATGAGACCAAAGAGACAGATATTTTGGCAGCATTTCGTATGACTCCCCAACCGGGAGTACCACCTG
Metzgeria_3! ! AAAGATTACAGATTAAATTATTACACTCCAGATTATGAAACTAAAGATACAGATATTCTAGCAGCATTTCGTATGACCCCTCAGCCTGGAGTACCAGAAG
Porella_4! ! AAAGATTATAGATCAACTTATTATACTCCCGACTATGAAACAAAGGAGACAGATATTTTAGCAGCATTTCGTATGACTCCTCAACCTGGAGTACCAGAAC
Anthoceros_6! ! AAAGATTATAGATTAACCCATTATACCCCTGATTACGAGACCAAGGATACTGATATTTTGGCAGCGTCTTGAATGACTCCTTAACCAGGGGTGCCACCTG
Tetraphis_9! ! ?2?22?2????AGATTAACTTATTACACTCCAGATTATGAGACCAAAGAGACCGATATTTTAGCAGCATTTCGAATGACTCCTCAACCCGGAGTACCACCTG
Sphagnum_jm! ! AAAGATTACAGGTTGACTTATTACACCCCGGAGTATGCTGTCAAAGATACCGACATTTTGGCAGCATTTCGAATGACTCCTCAACCTGGAGTACCACCCG
;
END;
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5.9. TheOToolsfMenu

In addition to functionalities discussed above (@EeeViewerection 5.6.1the OAncestral states
reconstruction(anel,section 5.6.2and theOMemory settingsfihdow, Fig. 1a), théTools@enu
(Fig. 27a) also gives access t@aree Generator&OConsensus Traafider, and a tool for com
puting pairwise distances. Ti¥Tree Generato(Big. 27b) allows for the generation of the NJ tree
or any number of Loose Neighbor Joining (LNd¢tion 5.4.Bor random trees. The trees generated
are automatically transferred to tRereeViewen@hder appropriate names.q, NJ, LNJ_1, LNJ 2,
RANDOM_1, RANDOM_2.

a b.
eno Generate tree using dataset 012x898 - Primate
Tree generation Distance ma [Distribution Invariable sites
() Neighbor Joining O GTR ® None ® None
: @ Loose Neighbor Joining \_/ TN93 \_/ Discrete Gamma v P-Invariant
Range 10][7] % O HKY8S ape 0 Proportior ( %
Tools Help (O True Random ) K2P

2 Tree Viewer £ ®c
[& Tree Generator
[}l Ancestral states reconstruction

Build consensus tree Outgroup
- C te dist: Use dataset settings to change outgroup and excluded taxa. No outgroup is currently defined.
ompute distances

8 Memory settings ®M ( Generate ) | 100/%] trees

Fig. 27 (a) The Tools menup), the Tree Generator.

In the OConsensus tree build@FiQ. 28a) trees in the left panel (corresponding to all trees from the
OTreeViewer€an be moved to the right panel for building a majority-rule consensus tree (with fre
guencies of clades) which is then automatically added tortbeViewerunder a chosen name
(Omy_consensus_treeO in Fig. 28a). The pairwise distances tool (Fig. 28b) allows for computing
pairwise distances (among sequences of the active dataset) in the form of absolute numbers of dif
ferences or various distances: uncorrectexh@ or corrected following a nucleotide or amino-acid

or Codon substitution model with or without rate heterogeneity. Distances can be exported to a text
ble for spreadsheet applications such as Excel.

eno Compute distances of dataset 012x898 - Primate

( Compute ) ( Saveto file y

() Absolute number of differences Rk
@ Distances
Distance correction
O GmR

O TN93

O HKY85

O k2p

®c

;, None

000 Consensus tree builder

i Usethe ( TreeViewer ) to load trees and then

Rate heterogeneity

@ None

O Discrete Gamma

update ) Dataset 012x898 - Primate ]

© [Available trees (458 trees) Tree name | my_consensus_kree
H 012x898 - Primate - 2011-06-13 - 19_0

H 0.2
i 012x898 - Primate - 2011-06-13 - 19_00_2 Consensus (5 trees)
i |012x898 - Primate - 2011-06-13 - 19_00_2 012x898 - Primate - 2011-06-13 - 19_00_20
i |012x898 - Primate - 2011-06-13 - 19.00_2 | , . |012x898 - Primate - 2011-06-13 - 19_00_20 Invariable sites
| 012x898 - Primate - 2011-06-13 - 19.00_2 | ~_>>_J |012x898 - Primate - 2011-06-13 - 19_00_20
i |012x898 - Primate - 2011-06-13 - 19_00_2f) _ | 012x898 - Primate - 2011-06-13 - 19_00_20
| 012x898 - Primate - 2011-06-13 - 19_00_2 << 012x898 - Primate - 2011-06-13 - 19_00_20
i |012x898 - Primate - 2011-06-13 - 19_00_2
¢ |012x898 - Primate - 2011-06-13 - 19_00_2 %
' |012x898 - Primate - 2011-06-13 - 19_00_2
H 012x898 - Primate - 2011-06-13 - 19_00_2
| 012x898 - Primate - 2011-06-13 - 19_00_2
i |012x898 - Primate - 2011-06-13 - 19_00_2
,,,,,,, i TS

(" Build consensus tree
(_Build consensus tree )

| 7

Fig. 28 (a) the Consensus tree buildér) the tool for computing pairwise distances.
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5.10. Troubleshooting

! Please, donOt hesitate to contacDosde.Grbic@unige.cbr'michel.milinkovitch@unige.ch
if you encounter problems or bugs. We are also open to suggestions for improving the software.

A few problems that can arise when using MetaPIGA are listed below.

Launching

When launching, MetaPIGA checks for the availability of updates (unless you have used the argu
ment [noupdate] in command line). If you are connected to the internet, and there is no update to
download, MetaPIGA will simply proceed with launching. If there is an update available,
MetaPIGA will request your authorization to perform that update. If you are not correctly connected
to the internet when launching the software, MetaPIGA will simply proceed with launching.

Java errors at launch

# The Java 1.6 Virtual Machine (VM) must be installed on your computer for running MetaPIGA.
If you only have earlier Java version(s) installed, your computer will com@anwith an er
ror like that shown in Fig. 29. The Java 1.6 VM can be installed for Windows and Linux at
http://java.com/en/download/manual.jgpor Mac OSX, simply run th®Software Updatééx
ture available on th®Apple menut® check, on your Mac, if Java 6 is installed and active, sim
ply launch theOTerminal.app@vailable in theOUtilitiesOsub-folder of theOApplicationsO
folder. Then check your Java version by typ{igva -versionO, and pressing ENTERwu are
using the Snow Leopard Mac OS (OS X 10.6), you can check the version(s) of Java installed on
your machine by launching tf@®Java Preferences.appQilable in theDUtilitiesOsub-folder of
the OApplications@older. Make sure that Java 6 (or later) is in the list AND actiee (arked
as in Fig. 30). You DONOT need to remove earlier Java versions (that might be required for older
softwares). Note that if your Mac OS is older than 10.5, it will not support Java 1.6 ... hence, you
will not be able to run MetaPIGA.

e 00 Startup Error 800 Java Preferences
v
;‘)/ An error has occurred during startup: [ General | Security Network  Advanced !

- . p - . java Applet Plugin
java.lang.UnsupportedClassVersionError: Bad version number in .class file s B g

at java.lang.ClassLoader.defineClass 1(Native Method)

at java.lang.ClassLoader.defineClass(ClassLoader.java:676) !
at java.security.SecureClassLoader.defineClass(SecureClassLoac| !
at java.net.URLClassLoader.defineClass(URLClassLoader.java:26 !
at java.net.URLClassLoader.access$100(URLClassLoader.java:56
at java.net.URLClassLoader$1.run(URLClassLoader.java:195)

Run applets: () In their own process

@ Within the browser process
Default, more compatible

™ JavaSE6 64-bit Web browsers use this order to determine the first
- compatible version to use for applets.

at java.security.AccessController.doPrivileged(Native Method) ™ Java SE 6 32-bit

at java.net.URLClassLoader.findClass(URLClassLoader.java:188) ——
at java.lang.ClassLoader.loadClass(ClassLoader.java:317) Option: Restore Defaults
at sun.misc.Launcher$AppClassLoader.loadClass(Launcher.java Drag to change the preferred order

at java.lang.ClassLoader.loadClass(ClassLoader.java:307) 4

at java.lang.ClassLoader.loadClass(ClassLoader.java:252)
ST TS TSRS i
64-bit Java applications, Web Start applications, and command line

C oK) ™ JavasE6 : ; :
OK i ) X tools use this order to determine the most appropriate
4 Java SE 6 32-bit version to use.

X Java Applications

(" Restore Defaults )

Fig. 29 Error message at launch due to the abseric R T
of a Java 1.6 (or later) VM

Changes take effect in browsers and Java applications the next time you open them.

# If MetaPIGA crashes at launch, it can also be due to a lack of memory. Try closing other applica
tions, or change the maximum amount of memory allowed to MetaPIGA: in the ble
Omp2_console.vmoptiofts@t you can bnd at the root of the MetaPIGA folder, i.e., where the
program is installed) set the Xmx value (and not the Xms value) to a lower value (expressed in
megabytes; this valusust be a multiple of 256)."Note however that, to avoid problems, we
made the installer allocate to MetaPIGA half of the memory available on your running machine.
This should insure MetaPIGA to launch properly, even if other programs are running. Once
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MetaPIGA has launched, tt@memory setting$i® the OTools@enu of MetaPIGA) allows
changing the amount of memory allocated to MetaPIGA. The maximum value available in
Omemory settings@536 Mb on a 32-bit systere(, the maximum allowed by java on such a
system) ... even if the computer is equipped with more than 2Go of RAM. On the other hand, the
maximum value available on a 64-bit systeine.(most of modern machines) can be much
higher than 1536 Mb but is constrained to the amount of memory available on that nmaichine
nus512Mb.

Recovering results if a crash occurs

A OResults.nexsde is written to the Results directory (see endeation 5.4.5when the search is
completed. On the other hand, f@onsensusTree.trefle is automatically updated in the run di
rectory during the search."Hence, if a crash occurs, for example after a signibcant running time in
volving a number of replicates, ti@onsensusTree.treléle (summarizing all replicates that accu
mulated before the crash) can be loaded and visualized in MetaPIGA after restarting. As the name
of the tree includes the number of replicates, you will know when the crash occurred. As-the con
sensus tree Ple is in Newick format, it can also be loaded in tree viewing softwares such as:
-FigTree(http://tree.bio.ed.ac.uk/software/Pgtiee/
-TreeView(http://taxonomy.zoology.gla.ac.uk/rod/treeview.html

Others

# When negative eigenvalues are encountered under GTR, an error message is generated and the
search crashes.

# Sequences too dissimilar (>0.75 for DNA sequences, >0.95 for Protein sequences, and > 0.5 for
standard binary data) can cause an error when computing distance matrices. The data quality
control button i(e., OscissorO buttsaction 5.2.2and theOcheck for saturatiofidhction in the
ODataset®enu allow avoiding that problem.
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dation, the SociZtZ AcadZmique de Geneve, the Georges and Antoine Claraz Foundation, the Ernst
& Lucie Schmidheiny Foundation, and the OAAA/SWITCH D e-infrastructure for e-science pro
gramO. We thank Nabil Abdennadher and Mohamed Ben Belgacem (HES-Geneva) for assistance in
the deployment of the Grid version of MetaPIGA. We thank Kim Roelants for designing the
MetaPIGA logo (the Rying pig .... becauséORigs donCt Ry, but MetaPIGA dogsO
Third party libraries : MetaPIGA makes use of the following third party libraries"(source code
available through the corresponding links):
¥ The CERN Colt Scientibc library 1.2.0 for pseudorandom number generation and statistics:
http://acs.Ibl.gov/software/colt/
¥ JAMA : A Java Matrix Package for matrix manipulations and eigen values decomposition:
http://math.nist.gov/javanumerics/jama/
¥ The BioJava library to parse NEXUS Pleip://www.biojava.org/
BioJava: an Open-Source Framework for Bioinformatics
R.C.G. Holland; T. Down; M. Pocock; A. Prli$; D. Huen; K. James; S. Foisy; A. Dréger; A.
Yates; M. Heuer; M.J. Schreiber
Bioinformatics (2008) 24 (18): 2096-209F0i: 10.1093/bioinformatics/btn397
¥ The Google Collection classes library for its BiMap:
http://code.google.com/p/google-collections/
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)22 <#1-/ Y%+# I>H#/=+ . CH#> 1. 11>#$%.2 90 COI#: | KO@#1#+B! $4# - /[#+1=%11%2/0!=400/#$0!. 12->#1%22
LASUHMLS/10?21"#$%& Y H*!. 1 1$4# I AHT-/1.18-$192#1%1>1/#1>1.$!$0 1$4#18+05+%<!?0+!+-11.15!@. $4(
$A#1-[#10?1$4# . 1$#+72%=#:1;4./ 1./ 18%+N=-2%+23!-/#7?-2 1?0+18#+?0+<.15!-1/-8#+|./[#>/-==#/ .1#<-2N!
2015!+-1/IEC%$=4192#/G:!'11$4%$! =%/#B! $4#!=-/$0<.L#> /#M15/10?!"#$%&' () ! <-/$!C#!1.1=2->#>1.1
AHT-/1.18-$192#1.11$4#120+<!0Q¥A$%8.5% |CAQHBIP+-=$-+#10?1$4./ IC20=D! ./ I>#/=+.CHAUH#+#%?
$H+:1A0$# 1$4%$B!.?130-1>01P$! 2.D#1$38.15 1$4#18%+%<#$#+/#M15/130-+/#27B!30- =% 1!-/#I$4#"#!
-[H+1. 1$#+2%=#1$0!5#1#+%$#B!/%I#B!%1>1+-11C%$=4192#/:!

QO1I#1N016
R4#11% !18%+%<#$#+!./1%//0=.%3$#>1@.$4!.1?70+<%NOLI CHI@##1!+0-1>18%+#1$4#/#/\E|GB!$4#+
10!C2%1D!IC#?0+#10+!@.$4.11$4#!8%+#1$A#/#/:1' SO+#7%<82#6!
DISTRIBUTION = GAMMA4)
=%110$!CH @+.T#1

DISTRIBUTION = GAMMA( 4)
10+

DISTRIBUTION = GAMMA 4 )
10+

DISTRIBUTION = GAMMA( 4 )

)22 18%+%<#$#+/ ICHI@##1!/,-%+#>1C+%=D#$/ IU!V!%+#108N01%2 1%1>!=%1 IC#0<.T#>B!%1>!"4
SAHL! -1#>#2%-2$! 1%2 APE+2.1#>1! $4#! C20=D! >#/=+.8NO1G:! W#/=+.8NO1! 0?! $4#!=0<<%1>/!./
5.1#11.11$4#1%COI#!-/#+1<%1-%2! EX#=N OMNZo/#S$! /H#NMES/P

Batch files

[0-1=%11#%/.23! =+#%$# IC%$=4192#/B! $0!+-11<-2N82#1%1%23/#/1%-$0<%N=%223:1\%$=4192#/ 1%
11@4.=4130-1=%1!%>>1%/ <%13! >%$% !C20=DB!<#$%8.5%!C20=D/B!%1> I$+##!C20=D/1%/130-!@
%>>1%1=0<<#1$!.11$4#19+/$! 2. 1#10?1#%=4!<#$%8.5% IC20=D |.1 1$4# 1?0+<[ NI R Wi 2+/. 15!

label ] :1;4#1B!=+#%%$#!%!C%$=4!C20=D !$4%%$!%//0=.%$E G¥s24$%1C=B B ¥ok #$%8.5%!
C20=D!-/.15!$40/#12%C#2/:\;4#!-/#!0?1%!$+##!C20=D!./'08N01%?2:

SO+!#7%<82#B!$0!+-119%615.1#1 >%$%/#$! @ .$41* 1> |#+#1$!/#$/ 10?18%+%<#S#+/ ESA# [H=01>+#,-.+
>HI1#>1/$%+N15!$+##/GBI$4#1CY%$=4192#!@.22!200D!2.D#!$4./6

BEGIN BATCH _ 5

RUN LABEL=Orun10 DaTA=labell ParAmlabell ;

RuN LABEL=Orun20 DaTA=labell PaArRAMlabel2 Tree=label2 ;
END

BEGIN DATA [ BATCHLABEL = labell ]
E

END

BEGIN TREE [ BATCHLABEL = label2 ]
E

END
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BATCH Block

BEGIN BATCH
RuN LABEL=Orun_label® Data=data_block_label
PARAM-mMetapiga_block label [T REES=tree_block label |
RuUN E

END

METAPIGA Block

BEGIN METAPIGA;
[H EURISTIC
OHCI[R ESTART = nbr_of_restart ]
| SA [ CooLINGSCHEDULE= OLUNDY| RP(delta ) | CAucHY| BoOLTZMANN| Geonfalpha )
| LIN| TrRI | PoLy| Exp| Loc| PER| SPER| TANH| CosHJ [Lun C = lundy c ]
[Lun ALPHA = lundy_a ] [l NITACCEPT= value ][ FINALACCEPT= value | [DELTAL =
ORERCENf( P)] | BURNNO] [ REHEATING = ODECREMENTEA) | THRESHOLOP) | Never)]
[ CooLiING= OSTEPq steps ) | SK(s,f ) O [DYNCS]
| GA [NI ND = individuals ] [SELECTION = ORNK | TOURNAMENT REPLACEMENT S)]
| | MPROVE] KEerPBESTO] [R ECOMBINATION= rate ] [OPERATORPPLIEDTO = OSIEP |
1 NDO]
CP [C onNsENSUS= OSTRICT | STOCHASTI®)] [OPERATOR= BLIND | SUPERVISER [NPoOP
populations ] [NI ND = individuals ] [T OLERANCE= tolerance ] [H YBRIDIZATION

rate ] [S ELECTION = ORWK | TOURNAMENT REPLACEMEN( s)] | | MPROVE| KEER
BESTO] [R ECOMBINATION= rate ] [OPERATORPPLIEDTO = OSEP | Popr | I NDO] [NCORE
= cores O ;]

[E VALUATION [R ATE = OBRANCH| TREED] [D ATATYPEECODONCODONRANGStart_position-
end_position }] [MopeL= OGTR| TN93 | HKY85| K2P | JC | GTR20| WAG|
JTT | DAYHOFH VT | BLOSUM62| CPREV| MTREV| RTREV| MTMAM POISSON
| GTR2| ECM| GYO] [] [R ATEPARAM{ param ( value ) E}] [AAFREQ= OEMPIRICAL|
EsTIMATEDD] [DISTRIBUTION = ONONE| GaMMASsubsets ) | VDP(subsets )O] [DisT-
SHAPE = shape ]| [Pl Nv = proportion_of_invariant 1]

[S PECIFIC PARTPARAMPARTNAME = charset-name  [R ATFPARAM{ param (value ) E}] [DIsT-
SHAPE = shape] [Pl Nv = proportion_of_invariant]

[OPTIMIZATION ONEVER | CONSENSUSREE | ENDSEARCH)| D|sc(s) | StocH p)O [ALGo=
algorithm ] [T ARGET{ param E }] ]

[S TARTINGTREE [G ENERATION= ONJ, LNJ(range ), Ranpoym GVENO] [MopeL= OGTR]|
TN93 | HKY85| K2P | JC | GTR20| PoissoN| GTR2| NoNE] [DISTRIBUTION =
ONoNE| Gammhshape )| VDP(subsets )O] [Pl Nv = invariant ] [P1 = OERQUAL |
ESTIMATED | CONSTAN®];]

[O PERATORS{ operator [( parameter )] [operator [( parameter )] E]} [SELECTION =
ORanDOM| ORDERED| FREQISTQ] ;]

[F REQUENCIES{ operator(frequency) E~ } ; ]
[D YNAMIGFREQ DYNOPERATORS{ operator E  } [DI NT = interval ] [DMIN = minimum_fre -
quency ;]

[S ETTINGS [REMOVEOL = ONoNE| Gap | NGPO] [DIR = Ooutput_directoryd ] [L ABEL
= Orun_label® ] [GRID[ SERVER = address ][ CLENT =id ][ MobuLE= id ]] ;]

[S TOPAFTER [S TEPS = steps ][ TIME = hours ][ AUTO = steps|[ AUTOTHRESHOLD=
value] ][ CoNseNnsUSMRE = error ][ GENERATION = steps ][ | NTERVAL = steps |]
[N ECESSARY{ stop_condition E i

[R EPLICATES [A uTcBTOP = ONONE| MRE[(error )]O] [RNumM= nbr_rep ] [RMIN =
nbr_rep ] [RMAX = nbr_rep ] [l NTERVAL= interval ] [P ARALLEL = cores ];]

[OuTGrRoOUP{taxa E } ; ]

[ DELETE {taxa E } ]

[ CHARSETNAME = charset-name  SET{character-set E } JJE

[ ExCLUDE{ charsetE } ;]

[ PARTITION {charsetE } ;]

[L oc{logFileE } ;]

END
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Description of the parameters:

1.

HEURISTIC "M\3!>#7%-2$B!"#$%8.5%!-/#M %80 & 4#-+.IN=!E(B!%!5#1#N=1%250+.$4<!@.$4!=01/#1/-/'8+-1.15_!
[ 1x+ - [+0*1'#23,4554  1?20+1>#$%.2/G:!
¥ HC I"#3%%"&%$: (B)##!/8%=#1./\#7820+#>1-/.15120=%2!8#+$-+C%NO01/'E0?!$0802053!%1> 0+!C+%1=412#15%

%1>"0+1<0>#218%+%<#$#+/G: | AH@ |S+##/' @ .$4!.<8+01#>12.D#2.400>1%+#!%2 @ %3/ %==#8$#>! @ 4#+#%/! $+
@O+/#/=0+#1%+#!1%2@%3/!>./=%+>#>:1:4./!./'$4#!0/$0=4%/N=14.22|=2\NE AISP irpterhent a meta-

heuristic called ‘random-restart hill climbing'. When REsTART8%+%<#$#+!./1/#$5!$0!%!1%2-#!5+#%$#+!1$54%1a
ResTART1!hill climbings are iteratively performed, each time with a different initial tree. AmonBethe

STARF1 solution trees, only the best is kept.

Note that, when choosing the ONeighbor JoiningQ starting-tree optBmmEseRGTREE 8%+%<#J#the NJ

tree will only be used for the first hill climbing, and Loose NJ trees will be generated for all restarts. Like
wise, when choosing 'user trees' but the number of provided starting trees is smaRestha&T1, LNJ

random trees will be generated for the missing starting trees. Note also that the stop cofatRIrERir-

TER 8%+%<#$#re defined for one hill climbing. For example, when choosing 10 restarts and 02000 stepsO
as the stop condition, 11 hill climbing of 2000 steps will be performed, but only the best scored tree, among
the 11 results, will be kept.

SA D +$',%-./0"1))/-%$)*21X$%+N1512-+0<196!/. 1521 $+HH#BIS+##1/8%=#1 [1#T7820+#>1-/.15120=96218#+$-+CIUN(
$08020531%1> 0+!C+%1=412#1534/19%1> 0+1<0>#218%+U<#SH#+G: I AH@ S+ @.$4!. <8+01#>12.D#2.400>1%
Yo==H8$H#>B! @ 4+HY/'\$+H @ .$41 @O-+H/=0-+#1%+#1%==#8$#>| QB4 YIBHUTHUIERERD?!CO$A I $4#!
8+080-+NO1%SHISH=+#6/#1. 11/=0+#1%1>19%!=01$+0218% +SH TS SSHIB I 4=1106>> N01%2!. 120#H%
NO1!./1%I%.2%C280T$#8'20,"#:81b8N<.L%NO1IC3IX.<-2%$#>1) 1 L# A2+ DSBI**aBlcY deBlfghHfea!
EhdeZG:
| SCHEDULED ;4#1i=002.15!/=4#>-2#jI>#/=+ CH#/\A0 @ <SANT "8 SHOB t>H=+HYo/#/1>-+ 151$4#1+-1:
| ISAHISH<BH+YS-+HVOKH+ISH=+H<HL SNV 1> I$AH#I<U T <-<I1-<CH+OPIGH<BH+VoS-+H#I>HE+HH<H#1$/\CH
20+ +#I#N 15 SAH SH<BH+0S-+#IS0ISA#1/$Y0+N 15! $H< SHRBSEA NGB+ Vo< HS#H+1
C#20@G:17=#8$!20+\Sd#N=002.15!/=4#>-2#BIIE%1>! @4#1!.$!%882.#/G1%-+#1=0<8-$#>1%/120220 @/6
@4#+#11./1%11-88#+1C0-1>1011$4#1=4%15#1.112. D#2.400>B11./1$4#1.1.N%21%1>!1$4#191%2 Bo==#8$%1=
SH+/E/HHICH20@G:)1%. 2% C 24! =4H>-24#]1%+#16
O LUNDY- :4#1=002.15!/=4#>-2#1>#/=+.C#>1C3!m-1>3!EhdeYG:!
@ 341!
C#.15!$4#18%+%<#$H+1$4%$1=01$+02/1$4#1+%$#10?!1=002.15E.$/11%2-#1./In1hG! @ 4#+#11./'\$4#1 1
J#,-#1=HIBIE$Y%7%G! /\$A#11-<C#+10?/. $#/B1%61>11%+# /43 CHS @ HHUR VAR R DY
+O<HSH+HICH20@G%1>11./1$4#120512. D#2.400>10?1$4#11#.54C0+100. 1. 151$+##:I SP/IS4H >H#2%6-2
|=A#>-24:

RAdelta ) D )I+%NOH8#+=#1$!=002.15!/=4#>-2#:!
CAUCHYD S%/$!Q%-=43!/=4#>-24:]

BOLTZMANND \02$L<%11!/=44#>-2#:

GeoNalpha ) B (#O<#$+.=l/=4#>-2#:]

LIN D m.1#%+!/=4#>-24#:!

TRI D ;+.%15-2%+!/=4#>-2#:!

PoLy D &02310<.9%2!/=4#>-2#:]

ExP D ;+%1/=#1>#1$%2!E#7801#1N%2G!/=4#>-2#:]
LOG D ;+%1/=#1>#1$%2!E205%+.$4<.=G!/=4#>-2#:!
PER D ;+%1/=#1>#1$%2!E8#+.0>.=G!/=4#>-2#:
SPER D +%1/=#1>#1$%2!E/<00$4#>18#+.0>.=G!/=4#>-2#:]
TANH D K38#+C02.=!E$%14G!/=4#>-24#:!

CosH D K38#+C02.=IE=0/4G!/=4#>-2#:!

O O OO0 O OO O OO0 o o o

I LUNC D ;4#!8%+%<#$#+!1-/#>1. 11$UDY=002.15!/=4#>-2#:1[0-1=%1/#$!.$/11%2-#ICH#$@##11UaBh V1% 1>
SAHI>H?%-2811%2-#!./1a:Y:

I LUNALPHA D ;4#18%+%<#$#+!1-/#>]. 11$UKDY=002.15!/=4#>-2#:1[0-1=%1V/#$!. $/!1%2-#I C#I@##1!UaBhV!
%1>I$A#I1>#?7%-2811%2-#!./1a:Y:
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| NITACCEPTD '$P/1$4#1.1.N%2!<%7.<-<!8+0C%C.2.$3!EG!$0!%==#8%!%!$+## @.$4!%! O @0+/#P!2.D#2
K#1=#B!.$!@.22!>#91#!$4#!/$%+N15!$#<8#+%$S-+#!-/#>| @ 4#1!/.<-2%$#>19%11#%2.15!/$%+$/10+! @ 4#1
SH<BH+US-+#! .\ +#HS I FEHEATING CH20@G:!'$P/1%!8+0C%C.2.$3B!=40/#1IC#$@##1!UaB!hVB!.//#$!$0
C3I>#7%-2%:1J/#>1@.$41%22!=002.15!/=4#>- 24N =#8F!

FINALACCEPTD '$P/!1$4#!191%2!1<%7.<-<I8+0C%C.2.$3!$0!%==#83$!%!$+##!@.$4!%!0@0+/#P!2.D#2.400
@.22!>#91#1$4#1#1> . 151$#<8H#+%S-+#1-1#>1 @ 4#1!/.<-2%$#>1%11#%2.15!/40-2>1#1>10+ CH?0+#! +#/#N 1
AR SH<BH+%S-+# I HREHREATING CH#20@G:!'$P/1%!8+0C%C.2.$3B!=40/#1!C#S@##1!UaB!hVB!<-/$!C#!/<%
$4%1LNIT ACCEPT%1>!./1/#$!1$0!a:ah!C3I>#2%-2%:b123!-/H3NBTS1 BPoL YBEX PR o dBPERBS PERB!

HYPTANH %15HYPCOSH =002.15!/=4#>-2#/:

DELTAL D WHSH+<.1#/140@!!./1.1.N%2.L#>:11/I-[#>1$01=0<8-$#!$4#!/$%+N15!$#<8#+%$-+#B1%61>1./1$4#
<0%7.<-<I>./$%1=#ICHS@##1!%!=-++#1$!/02-N01!%1>!%!@0+/#!/02-N01!$4%$!=0-2>IC#!%==#8$#>1@.
8+0C%C.2.$3!07?!:

0 PERCEN{p) D L/V#$!$0!1%!8#+=#1RHBASAH#! A#.54C0+!p0.1.15!;+##1205!2.D#2.400>:1[0-1=%1!
[#31$4#119%62-#IPRTHS@##1!UaBhV!1%1>1$4#1>#7%-2$!./'a:aah!Ea:hq!0?!$4#!Ap;G:!

0 BURN N B X#2#=%$#>108#+%$0+/1%+#!-/#>1011$4#!/$%+N15!S+##1?20+19%!C-+1H.1!8#+.0>107!*a! %!
=0ON01/1?0+!#%=4108#+%%$0+:!;4#1<%7.<-<!=4%15#!.1!205!2.D#2.400>!0C/#+1#>1>-+.15!$4./18#+.
J-1#>1%t

REHEATING D WHS$#+<.1#/I-1>#+!@4.=4!=01>.NO1!$4# ! $#<8#+%S-+#1./|+#/#$5!$50!$44#!.1.N%2!/$%+N 15!
$H<8H+%D-+#:

0 NEVERD #<8#+%$-+#!./1#1#++#/#$B!C-$!$4.//08N01!=%1!0123!C#!/#2 oW BRIP4 !
CAUCHBBOLTZMANN%1XBEOMETRIC =002.15!/=4#>-2#/:

O DECREMENTEd) D #<8#+%$-+#1./\+#/#3 @441 $!4%/ > H=-cibbtiith ) SP/| S 44 >#?YR2S$!

HEATING 08NO1B!-/%C2#!@.$41%22!=002.15!/=4#>-2#/:

0 THRESHOLOP) D #<8#+%$-+#1./I+#/#3@4#1!.$!%T%.1/1%!$4+#/402>1#,-%2!$0! AOS#!$4%$!<-/$
C#1/<%22#+1$4%1'h!1%1>!/-r=#1$23!/<%22!Ea:aah!./\$4#>#?% - TR I6R TG O8N0 1!
=001'0123!C#!-/#>!@Q.BK¥DBRPBCAUCHBBOLTZMANNY 1 XBEOMETRIC =002.15!/=4#>-2#/:

COOLING D 1/$%C2./4#/1$4#!1-<CH#+10?2IN<#/!%!$+##1./1<0> 9> I CH?0+#| SA# I S#<8#+%S-+#1. [\ >H=+#%/H#>
[0-1=9%1!=400/#!C#$@##1!*1=002.15!$38#/6

0 ISTEPY steps ) D X$%3!%$!$4#!/%<#$#<8H#+%P-+#!20+1%!5.1#111-<C#+10?!/$#8/:1!

0 SFK(s,f ) D mO@#+!$4#!SH<8#+%S$-+HUbkE#/#/10+F 12%0.2-+#/B!@4.=4#1#+!1=0<#/19+/$:!
X-==#/[#/'%+#$+##1<0>.9=%NO01/!$4%3$!. <8+01#!$4#!2.D#2.400>19%1>17%. 2-+#/1%+#$40/#'$4%$
10%:!;4./'CooLING./!-/#>IC3I>#7%-2$B! @ spH!% 1 $Ishaa:

¥ GAD 3/)/45"1%*67%$.8". )$!#%=4!/$#8!E5#1#+%N01G!0?!$4#14#-+./N=B!#%=41.1>.1.>-%2!0?!%!808-2%N01!0
S+##1.1'<-$%S#>1-/. 151 $A#! /#2#=F#>108#+%S0+/:IW#% 4! 1/-+1.19%2!0?!1.1>.1.>-%2/1./'=01$+022#>1-/. 15!%! /#2#-
[=4#<#:

NIND D ;4#11-<C#+10?1.1>.1.>-%2/IE$S+##/G!@.$4.1!$4#1808-2%NO01IE/#$G: I X#$!$0!e!C3I1>#?%-2$:
SELECTION D ;4#!<#$40>!-/#>1$0!=01$+02!>#%$4!"1/-+1.1%2!0?!.1>.1.>-%2/!6

0 RANK D R#!.<82#<#1$!%!+%1D!/#2#=N01!/.<.2%+!$0!$4%$!>En+@#HddeB!"02:\.02:!
[102:'hYB!*ggH*eZ@G#!.1>.1.>-%214%.15!$4#14 . 5B4&Y1%-$0<%6N=%223!%220 @#>!$0!2#%I|#!
Bsa:*YtNI NDO]/8+.15!E#B!=08.#/10?!.$/#2?G|. 11$4#11#7$!I5#1#+%N01:;4#1B1#%=41.1>.1.>-%2!./!
%I//.51#>1%!8+0C% @R BR#%I.15!%1!0]/8+.15!%/!1%!?-1=N01!0?!.$/!80/.N01!.11%!2./$!.1!@4.=4!
1>.1.>-%2/1%+#1+% 1 D#>1C31$44#.+1/=0+#:1; 4#! 8- BV (S L8BB1 > . >-%21071 2#%]. 15!%iL!0]
[8+.151$0!$4#11#7$15#1#+%NO01!./1#,-%21$06

0 TOURNAMEND ;@0!.1>.1.>-%2/'%+#1>+% @ 1!+%1>0<23!?+0<!$4#!808-2PANG1%02IB!%1>!
01#!0]/8+.15!./18+0>-=#>1?2+0<!$4#1.1>.1.>-%2! @ .$4!4.54#+/=0+#:\0S4 1 $+##/1 Y% +#1$4#1182%=#>!
C%=D!.1$0!$4#!<%N15!808-2%N01B!%1>!$4#! @402#!8+0=#//!./\ +{B}B4$HS U YOI 2!
CH#1I5#1#+%$#>:1:4./1 . ['$A#I>H#?%-25! /[#2#=NO01!<#$40>:

0 REPLACEMENTD ;@0!.1>.1.>-9%2/1%+#!>+% @ 1!+%1>0<23!?+0<!$4#!808205N L0 2/!
%1>1$@0!=08.#/10?1$4#ICHTH+!.1>.1.>-%21%+#!+#$-+ 1#>1$0!$4#!1<%N15!8002 HE8Yo+# 15/ Yo+#!1> .,
=0%+>#>G:;4#!18+0=#//\./|+#8#S0bikAt/B| @ 444V $A#! /$+#15$410?1$4#! /[#2#=NO1Ehid!C3!>#
?%-2$GB!$4#1!$4#!10]/8+.15!808-2%N01!./\5#1#+%$#>1%/1%11#7%=$!=083!0?!$4#80/$SH/#2#=NC
#1%$!808-2%N01:

0 | MPROVEDID1231$40/#!.1>.1.>-%2/1$4%$!4%|#!/=0+#/| CHT#+$4% 1 | SLAIRO A 24D < $44#!
8+#1.0-/'5#1#+%NOh+#!D#8$:119%=4!.1>.1.>-9%2!$4%3$! ?%.2/'$4./1S#/$!./!> ./=%+>#>1%1>1+#8 2% =#:
=083!0?1$4#!=-++#1$!C#/$!.1>.1.>-%2:!
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0 KEEPBEST D b12334#IC#/$51>.1.>-%210?1#%=41808-2%N01!./'D#8%$B!0$4#+/1%+#1+#82%=#>!C3!%!
=083!0?!.$:

I RECOMBINATIOND 1%=4!=0-1$#+H/#2#=$#>!/-CHO8N<%2!.1>.1.>-%2!4%/1% BECES@#2$8VaB!hV!
%1>1/#$!$0!a:h!C31>#7%-2$G!$0!+#=0<C.1#!@.$41%!CHT#+!.1>.1.>-%2!.1!$4#!808-2%NO01:lu#=0<C. 1%
8H#H+?0+<#>IC3I#7=4%15.15!/-CS+##/'>#I1#>1C3101#10?!1$4#! . >HIN=%21$%7%!8%+NNO01/!.1!$4#!$@0!8
$+##E. #:BI0O1#. 1$#+1%2!C+%1=4!$4%$!>#O1#/!/-CS+##/1.1=2->.15!$4#!/%<#1$%7%!C-$! @.$4!80$#1
> J#+#1$!/-CH$080205.#/G:!'?110!=0<<01!C+%1=41#7./$/B!$4#!10]/8+.15!./!>#91#>1%/1%!=083!0?!$4#!C#/
A>.1.>-%2:1)1+#=0<C.1%NO1!#1#1$!=%1! C#! . #@#>!%/1%!2%+5#!1-<C#+10?!/.<-2$%1#0-/18080205.=%2
$%NOL/: AR IHT%=3!8+0=#>-+#I>#8#1>/1011$4#! /#2#=N01!/=4#<#6

0 RANK B u#=0<C.1%N01!./110%$'%I1%.2%C2#!-1>#+1$4%$!/#2#=N01!/=4#<#:

0 TOURNAMEND R.$41%!8+0C%C8BE31#!0]/8+.15!/#$!%k#+!%!$0-+1%<#1$!./110$5!%!=083!$4+#!
1>.0.>-%2!1@.$414.54#+!/=0+#1C-$1%!+#=0<C.1%NO1ICH#S @##1!$4#'$ @ 0! $+##/ ShP0 S 4% #! CH#1
N%223!1>+%@1!?0+!$0-+1%<#1$:

0 REPLACEMENTD R.$4!%!8+0C%C8BEBI23I01#E.1/$#%>10?!$@0G!=083!0?1$4# I CHTH+!.1>.1.>-%2!
SHES-+1#>1501$44#1<%N15!8002: 1 4#! /#=01>1.1>.1.>-%21+#$-+1#>!1./1%!+#=0<C.1%NO1!CH#S @##1!
$4H#S@O0!S+##/'$4%$14%I#! CH#11.1.N%223!1>+% @ 1:

0 | MPROVED!%=41.1>.1.>-%2!$4%3$!>0#/110%$!4%I#1%!/=0+#! CHT#+!$4% ICEASGSHIP 0k |
$448+#1.0-/I5#1#+%NO0/1%!8+0CY%BMBE 2! 2#%1.15!%1!0]/8+.15!C3!1+#=0<C.1.15!@.$4!$4#!
=-++#1$ICH#/$!.1>.1.>-%2:!

0 KEEPBEST D 1%=4!.1>.1.>-%2!$4%$!>0#/!10$!4%I#1%!/=0+# CHT#+1$4% ICIS6S O P11
1>.1.>-%021%/19%!8+0C% BRI BRI ?! 2#%I.15!%1!0]/8+.15!C3!+#=0<C.1.15!@.$4!$4#!=-++# 13 CH#/$!
1>.0.>-%2:

| OPERATORPPLIEDTO D | ND ./I$4#1>#7%-2%

0 STEP D )$!#%=4!/$#8!0?1$4#!4#-+./N=B!%!/.152#!<-$%N01!08#+%S0+.//#2#=$#>1%1>1%882.#>!
#%=41$+##10?1#%=4!808-2%N01:

0 | ND D )$'#%=4!/$#8!0?'$4#14#-+./IN=B!#%=4!.1>.1.>-%2!.//#8%+%$#231%//.51#>1%0H-$%N01!08#
$0+

¥ CP D &6)9/)9,9":7,)%)*";</.-31= : ;4./1./'$4#!=0+#10?!1$4#!v<#3$%&08-2%N01!5#1#N=!) 2504 $4<v!E
-, [+0*1'#23?, @A&;,BBCD5EDFGD5E4GEEBHAES08-2%0N01/G!1=01$%.1. 1 BBOBHAE . 1> .1.>-%2/G!%+#!
?20+=#>1$0!=008#+%$#!. 11$4#!/#%+=4120+$4#108N<% 2! $+##/:)$!#%=4|/$#8|ES# 1#+%NO1G |0 Mb4#1 4#-+./N=|
%02/1%+#!<-$%$#>1702 2089 A15808-2%NOQL /#1/-/1+-2#/: IWH%S4!™1/-+1.19%2!10?!.1>.1.>-%2/!.['>#I1#>1-/.15!
%! /#2#=NO1!/=4#<#:

I CONSENSUSD STOCHASTIC ./'=40/#11C3!>#7%-2%

0 STRICT D )13!IC+%1=41/4%+#>1C31%22!$+##/'%=+0//1%22!808-2%N01//Ehaaq!=01/#1/-/G'@.22!1
<-$%$#>:1"-$%N01/!01!%13!0$4#+!C+%1=4!@.22!C#!-1=01/$+%.1#>:!

O STOCHASTIC D 1%=4!C+%1=4'E8%+NN01G!=0<<01!$0!%%$!2#%/$!$@0!$+##/'@.22KC#!%//.51#>1%
[#11-1N%2-#:1;4#!8+0C%C.2.$3!0?!1%13!<-$%N01!%]#=N15!$4%3$!8%+NNO1!./thHE=01/#1/-/!
1%2-#G:17%<82#6!.?1%!5.1#11C+%1=41./\/4%+#>1C3!h*1%<01G(E S-S0/ E6N01/10?d!. 1
>.1.>-%2/1#%=4GB!%13!<-$%N01!%]#=N15!$4%3$!C+%1=4!@.22!C#!%==#8%#>!@.$4!%!8+0C%C
NC+%1=4!/4%+#>IC31%22!$+##/!@.22! 1#1#+CHI<-$%S#>:

I OPERATORD '?!108#+%%$0+!./!/#BAAD B!%!<-$%N01!C+#%D.15!%!=01/#1/-/'@01PS$!C#!%882.#>!%1>!$4#
S+ @.22!+#<%.1!-1=4%15#>1-1N2!$4#1 1#7$1<-$%NO 1! EYHHEEL 2I08HMOUIISO+! ./ /BHISR
VISEDB!$4#108#+%$0+!@.22!/#%+=41?0+!=%1>.>%%$#!<-$%N01/!$4%$!>01P$!C+#%D!%13!=01/#1/-/:1"?
=%1>.>%$#1#7./$/B!1101<-$%NO01L!./18#+20+<#>1%1>I1$4#1$+##1 @ . 221 +#<%.11-1=4%15#>HIN2|1$4# 1#7$!
#+%NO01:

I NPop D ;4#!1-<C#+!0?!808-2%NO01/IE/#$/G:IX#$!$0!c!C3!1>#7%-2%:

I NIND D ;4#11-<C#+10?1.1>.1.>-%2/'E$+##/G!@.$4.11#%=41808-2%NO01E/#$G: I X#$!$0!c!C3!>#7%-2$:

I TOLERANCED ;4#!CONSENSUS0<<%1>!=01/$+%.1/140@!/4%+#>!C+%1=4#/1%+#!<0>STertsR; 44!
ANCE8%+%<#$#+19610.>/18%+NNO1/I$0! CH=0<#VP{BLAWSBt#//.C2#!$0!<-$%NO1TAERANCE
8%+%<#$#+14#28/1%10.>.15!$0!CH!$+%88#>1.119%!80//.C2#120=2%2!08N<-<:IX#$!$0!a: Y!C3!>#?%-2%$:17%
R.$4AN#8'2#, 2*+>"+¥ T 1>1%1$02#+%1=#10?!a:hB!%13IC+%1=4/4%+#>!C31%221$+##/!./'%1 3@ %3!<-$
%!8+0C%C.2.$3!0?'a:h:

I HYBRIDIZATION D )$!#%=415#1#+%N01B!$4#+#1./1%!8+0C%C.2.$3IECH#S@##1!UaB!hV!IPA1>!/#$!$0!a:h!C
?%-2$G!$4%$1%22!/-CHO8N<%2!.1>.1.>-%2/!?+0<101#!+%1>0<!808-2%N01!%+#!110$!<-$%$#>!C-$B!.1/
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+#=0<C.1#>!1@.$4!01#!.1>.1.>-%2!?+0<!%10$4#+1808-2%N01_!/-CHO8N<%2!.1>.1.>-%2/'"MH0<!0$4#+!80
20%6NO1/1#78#+ . #1=#1$4#110+<%2!<-$%NO01!8+0=#>-+#:
SELECTION D ;4#!<#$40>!-/#>1$0!=01$+02!>#%$4!"1/-+1.1%2!0?!.1>.1.>-%2/!6

0 RANK D R#!.<82#<#1$!%!+%1D!/#2#=N01!/.<.2%+!$0!$4%3$'>En#@#HddeB!"02:\.02:!
[102:'hYB!*ggH*eZ@G#!.1>.1.>-%214%.15!$4#14 . 5B4&Y1%-$0<%N=%223!%220 @#>!$0!2#%I|#!
Bsa:*YtNI NDO]/8+.15!E#B!=08.#/10?!.$/#2?G|. 11$4#11#7$!I5#1#+%N01:;4#1B1#%=41.1>.1.>-%2!./!
%I//.51#>1%!8+0C% @R BR#%I.15!%1!0]/8+.15!%/!1%!?-1=N01!0?!.$/!80/.N01!.11%!2./$!.1!@4.=4!
1>.1.>-%2/1%+#1+% 1 D#>1C31$44#.+1/=0+#:1; 4#! 8-V (S L8BB1 > . >-%21071 2#%]. 15!%i1 ! 0]
[8+.15!$0!$4#! 1 #7$!15#1#+%N01!./1#,-%2!$06

0 TOURNAMEND ;@0!.1>.1.>-%2/'%+#!>+% @ 1!+%1>0<23!?+0<!$4#!808-20ANG1%02I/B!%1>!
01#10]/8+.151./18+0>-=#>12+0<!$4#!.1>.1.>-9%2!@.$4!4 . 54#+!/=0+#:\0S4 | $+##/1 Yo +#1$4#1182%0=#>!
C%=D!.1$0!$4#!<%N15!808-2%N01B!%1>!$4#! @402#!8+0=#//!./\ +{B}B4 5L LHI2!
CH#1I15#1#+%$H>:

0 REPLACEMENTD ;@0!.1>.1.>-9%2/1%+#!>+%@1!+%1>0<23!?+0<!$4+#!808-206N 1 %02/!
%1>1$@0!=08.#/10?1$4#ICHTH+!.1>.1.>-%21%+#!+#$-+ 1#>1$0!$4#!<%N15!8002 HE8Yo+# 15/ Yo+#1> .,
=0%+>#>G:;4#!18+0=#//\./!+#8#S0bikAt/B| @ 444V $A#! /$+#15$410?1$4#! /[#2#=NO1Ehid!C3!>#
?%-2$GB!$4#1!$4#!10]/8+.15!808-2%N01!./\5#1#+%$#>1%/1%11#7%=$!=083!0?!$4#80/SH/#2#=NC
#1%$!808-2%N01:

0 | MPROVEDID1231$40/#!.1>.1.>-%2/1$4%$!4%|#!/=0+#/| CHT#+$4% 1 | SIATRO A 24D < | $44#!
8+#1.0-/15#1#+%N01!1%+#D#8%:11%=4!.1>.1.>-%2!$4%%$! ?%.2/'$4./'S#/$!./1> .[=%+>#>1%1> 1+ #82%-=
=083!0?!1$4#!=-++#1$!IC#/$!.1>.1.>-9%2:1;4./1 . ['SA# I >#?%- 25! /[#2#=NO1!<#$40>:!

0 KEEPBEST D b123!1$4#!IC#/$!.1>.1.>-%2!0?!1#%=4!808-2%N01!./|D#8$B!0$4#+/1%+#!+#82%=#>IC3 !
=083!07?!.%$:

RECOMBINATIOND [%=4!=0-1$#+H/#2#=3#>!/-CHO8N<%2!.1>.1.>-%2!4%/'% BECZ%@2:$B)aB'hV!
%1>1/#$!$0!a:h!C3I>#7%-2$G!$01+#=0<C.1#!@.$41%!C#T#+1.1>.1.>-%2!.1!1$4#!808-2%NO01: lu#=0<C. 1%l
8#+70+<#>IC31#7=4%15.15!/-CS+##/'>#91#>1C3!101#10?!1$4#! . >HIN=%2!$%7%!8%+NNO01/!.1!$4#!'$@0!8
$+##/E. #:BI0O1#. 1$#+1%2!C+%1=4!$4%S!>H#O 1#/!/-CS+##/1.1=2->.15!$4#!/%<#1$%7%!C-$! @ .$4!80$#1
> |#+#1$!/-CH$080205.#/G:!'?110!=0<<01!C+%1=41#7./$/B!$4#!10]/8+.15!./I>#91#>1%/1%!=083!0?!$4#!C#/
A>.1.>-%2:1)14+#=0<C.1%NO1!#1#1$!=%1!C#! . #@#>!%/1%!2%+5#!1-<C#+10?!/.<-2$%1#0-/18080205.=%2
$%NOL/: AR IHT%=3!8+0=H#>-+#I>#8#1>/1011$4#! /#2#=N01!/=4#<#6

0 RANK D u#=0<C.1%N01!./'10$!%1%.2%C2#!-1>#+$4%$!/#2#=N01!/=4#<#:

0 TOURNAMEND R.$4!1%!8+0C%C8BE31#!0]/8+.15!/#$!%k#+!%!$0-+1%<#13$!./110$!%!=083!$4#!
1>.1.>-%2!@.$414.54#+!/=0+#1C-$1%!+#=0<C.1%NO1!CH#S @##1!$4#' S @ 0! $+##/ ShP0$! 4% #! CH#1
N%223!>+%@1!1?0+!$0-+1%<#1%:

0 REPLACEMENTD R.$4!1%!8+0C%C8B&BI23!01#!E.1/$#%>10?!1$@0G!=083!0?!$4#IC#TH#+!.1>.1.>-%2!
NN+#$-+1#>1501$4#1<%N1518002:1:4#! /#=01>1.1> .1.>-9%021+#$-+1#>! /1% +#=0<C.1%NO1!IC#$ @##1!
$4#1S@O0!$+##/'$4%$14%I#! CH##1!.1.N%223!1>+% @ 1:

0 | MPROVED!%=4!.1>.1.>-%2!$4%3$!>0#/1103$!4%I#1%!/=0+#! CHT#+!$4% ICEASE S A 0k |
$448+#1.0-/I5#1#+%NO%0/1%!8+0CY%BMBE 2! 2#%1.15!%1!0]/8+.15!C3!+#=0<C.1.15!@.$4!$4#!
=-++#1$ICH#/$!.1>.1.>-%2:!

O KEEPBEST D 1%=4!.1>.1.>-9%2!$4%%$!>0#/!10$!4%I#!%!/=0+#!CH T #+!$4% ITE4SbS O PIEUBH!
1>.1.>-%21%/!%!8+0C% BRBRE 7! 2#%1.15!%1!0]/8+.15!C3!+#=0<C.1.15! @.$4! $4#!=-++# 1S C#/$!
1>.1.>-%2:

NQGORE D ;4#!1-<C#+10?!1=0+#/"8+0=#//0+/1%//.51#>1?0+18%+%22#2!8+0=#//.15:!W.J#+#1$!808-2%N01/!
@.22!C#1%//.51#>1$0!> J#+#13!=0+#/: I X#3$!$0'h!C3!>#?%-2$'E10!8%+%22#2.L%NO1G:!R)UA'A(6!$4./'8Y
[40-2>1C#1=01/.>#+#>!.11=0<C.1%NO01! @ . PASAHIEL 8%+%<#$#+BERLICATESG:!'S!./1%>]./#>1$0!

2H#H%I# I SANHOCORESY+%<#$#+!$0h! @4#1!130-18#+?0+<+#82.=%S#/! @ . $4!8%+%22#2.L%NO1:
OPERATORPPLIEDTO D | ND ./!1$4#!1>#7%-2%

0 STEP D )$!#%=4!/$#8!0?!$4#!4#-+./N=B!%!/.152#!<-$%NO01!08#+%S0+!.//#2#=$#>1%1>1%882. . #>!
#%=4!$+##10?14#%=41808-2%N01

0 Pop D )$!#%=4!/$#8!0?!$4#!4#-+./N=B!#%=41808-2%NO01!./!/#8%+%$#23!%//.51#>1%4<-$%6NO1!0E
$0+IE(B!$4%$!08#+%$0+!./1%882.#>1$01%22!.1>.1.>-%2/'@.$4.1!%!808-2%N01G:

0 | ND D )$'#%=4!/$#8!0?1$4#14#-+./IN=B!#%=4!.1>.1.>-%2!.//#8%+%$#231%//.51#>1%H-$%N01!08#
$0+
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EVALUATION M3I>#7%-2$B!"#$%&' () 1#1%2-%$#/|$+##/! @ . $41$4#1<% 7 .<-<I2.D#2.400>!=+.$#+.01!-/.15!%!/.152#!+%$
<0%$+.KI?20+!$4FREB!$48C!I<0>#2!%1>1101+%$#1 44 $#+05#1#.$3:|A0$#!$54%$!. 215441 >%5%/#$!./18%+NNO1#>!1@ . $4
=4%+/#$/B!/0<#!8%+%<H#HREFHFARANB DIST SHAPEB Pl NVG!=%1!C#!0l#++.>>#1!@ . BH$dittlc PARTPARAM
=0<<%1>1?70+1#%=4!8%+NNO1:

¥ RATE ";4#1+%$#1<%$+.7IUEC3!1>#7%-2$B!"#$%& () -/#1 0 1# THROS B4 #!

BRANCHD NOT AVAILABLE YET - )I>.J#+#1$!+%$#!<%B¢/TV#>1?20+1#%=4!1C+%1=4:!
TREE M)V 152#!1+%$#! <% Bk [H#>1%=+0//'$4# @402#$+##:

¥ DATATYPECODON:4./I$SOD#11>#91#/1$4%S$! 1-=2#0N>#/1.11$4./1>%$%! /#$!/40-2>ICH!. 1 $#+8+#$#>1%/1=0>01/:1;4
$0D#114%/'$0!C#!1?0220 @ #>TRIGH#ANGHirst_position last_position $0D#1B!@4#ir#tOpositiorP!
%1>185t_positioP!>#91#1$4#!+%15#10?!11-=2#0N># 1>HT#/1$4%$! @ .22 CH!. 1$#+8+#3$#>1%/1=0>01/:

¥ MODEL MW#8#1>.15101!$4#!1>%$%$38# EWA)!0+!&ub;I'AI0+!1X;) AW)UWGB!$4#!1>#7%-2$!/-C/INSCEIL 1 <0>#2!./!
PoIssONB!O@TRB!+#/8#=NI#23:![0-!=%1!/#3$!/-C/N$-NOL!<0>#2/'@.$46

GTRD (#1#+%2H;.<#Hu#l#+/.C2#!<0>#2!?20+!1-=2#0N>#/.

HKY85 b K%/#5#@%Hw./4.<0H[%10'hdeY!<0>#2!E1-=2#0N>#/G:

TN93 D ;%<-+%HA#.lhddZ!<0>#2|E1-=2#0N>#/G:

K2P D w.<-+%x/1*1&%+%<#$#+!<0>#2|E1-=2#0N>#/G:

JC D p-D#/1Q%1$0+!hdfd!<0>#2!E1-=2#0N>#/G:

GTR20 M(#1#+%2H;.<#Hu##+/.C2#1<0>#21?0+!18+0%#. 1/
WAGMRA#2%1>1%1>1(02><%1!<0>#2!E8+0$#.1/G:

JTT NMpO01#/H;%320+H;40+13$01!<0>#2!E8+0%#.1/G:
DAYHOFFMW%340]!<0>#28+0$#.1/G:

VT My%-+.%C2#!;.<#!/-C/IN$-NO1!<%$+.7!E8+0$#.1/G:
BLOSUM62"\mbXJ"f*IE\mb=D/!10?!%<.10!%=.>IXJC/N$-NO1!"%$+.7G!/-C/N$-NOIE8XIb#71/G:
CPREVAMNQ420+082%/$!+#1#+/.C2#1/-CINS-NOIEB»@R#.1/G:
MTREV/Mu#l#+/.C2#!<.$0=401>+.%2!/-C/N$-NO1!<0>#2!E8+0%$#.1/G:
RTREVMu$uly!/-C/N$-NO1!<%$+.7IE8+0$#.1/G:
MTMAM"$<%<!<0>#2!E?0+!<.$0=401>+.%2!>%$%G!E8+0%$#.1/G:
PoissonN M&O0.//011<0>#2E8+0$#.1/G:

GTR2 M(#1#+%2H;.<#Hu#l#+/.C2#1<0>#21?0+!/$%1>%+>1C.1%+3!>%$%:
ECMAI<8.+.=%2!=0>01!<0>#2!?0+!=0>01!>%%$%:

GY M(02><%1H[%15!<0>#2!?0+!=0>01!>%%$%:

¥ RATH:’ARAM"'X#$'$4#'I%2 #/10?1#%=418%+%<#$#+10?1$4#1+%$#!<%$+.71u:

A| B| C| D| ED ;4#191#18%+%<#$H#+/$4%$I=01ICHI#S!@.$4!(;u: X#$I$01a: YIC3I>#2%-23:

K D ;4#1D%88%!8%+%<#$#+10?IW*&1%1>IKw[eY:IX#$!1$01a: Y IC3I>#2%-2$:

K1 | "K21D ;4#1*18%+%<#$#+/10?1; AdZIE+#/8H=KI#2BY#1$+%61/ NOL/ICHS@##1!8-+. 1HBI%1>!
$+%1/.NOL/ICHS@##1183+.<.> 1#/G:IX#$!$0!a: YIC3I>#2%-28$:

AR| AN| AD| E| WY| WV| YVID ;4#hed!8%+%<#S$#+/1$4%S$I=0%1ICHI#S120+1(;u*a:);44#3!
=0++#/801>1$0!$4#1-88#+1+ 54$1$+.96152#10?1$4#1(;ul/-CIN$-NOL!<%$+.7B! @.$41$4#*4%<.101%=.>/10-
SH+H>1C3196284% CHN=%6210+>#+10?1$ 44 +1ZH2HT#+1%<#1E) U AIWIQ!Z! N IK I ImIw!ISI&AX ;IR I[lY G:1SO
%<82#B)NH{UI+%SH!./I/#$!-/. 15)u18%+%b<#SH+EU)!@.22110$! CHI+#=051.L#>G: IX#$1$01a: Y IC3I>#2%-2

¥ AARREQMJ/#>1?0+1#<8.+.=%218+05#.1!1<0>#2/'@.$4!-1#,-%2#,-.2.C+.-<!/$% S#! ?- By c A IE 3!
>#?%-2%$G:

EMPIRICAL MI,-.2.C+.-<19%<.10H%=.>1?+#,-#1=#/1%+#197#>130!$4#1#<8.+.=%2!1%2-#/| +H#=N15!#/N
<%$#/10?!$4#!1=0++#/801>.15!<0>#2:
ESTIMATED MI,-.2.C+.-<!%<.10H%=.>!?+#,-#1=#/1%+#!97#>1$0!$40/#10C/#+1#>!. 11$4#1>%$%/#$:

¥ DISTRIBUTION ~L4#1+%$#!4#$#+05#1#.$3IE101#!C31>#?%-2$G:

NONE MAO!+%$#!4#$#+05#1#.$3
GAMMAMUY%$#14#$#+05#1#.$3!70220@.15!%! (%<<%!>./$+.C-NO1:!;4#!1-<CH#+10?!1+%$#!=%$#50+.#/!EC
>H?%-2$G1%1>1/4%8#!8%+%<#$#+1%284% | E>#?%-2$shG!=%1ICH#I>#91#>:

¥ DIST SHAPE - X4%8#!18%+%<#$#+!E%284%G!0?1$4#!5%<<%!>./$+.C-NOL:IX#$!$0!h:alC3!>#?%-2$:

¥ PINV D &+080+N01!0?!.11%+.%C2#!/ $#/\EC#S@##1!a! % DIHIDILEBHEOD1$GIC3I>#2%-2$:
SPECIFIC PARTPARAM /X 8#=.9=1#1%2-%N01!8%+%<#$#+/|=% LI CH#!/#$ 20+!#%=41=4%+/#$!/#8%+%S#23!.?1$4#!>%$
8%+NNO1#>:I"?BECIFIC PARTPARANL/!>#91#>120+1%!5.1#118%+NNO1B!8%+%<#$#+/I>#9 LN A UPAIHA!
=0<<%1>!@.22!C#!-/#>:

MetaPIGA 3.0 manuﬂm t pa7



¥  PARTNAME M;4#11%<#10?1$4#18%+NNO1!$0!@4.=4!1$4#!8%+%<#$#+/1%8823:1);;|A;'bA6!$4#18%+NNO1!1%<#!
<-/$!%2@%3/|C#!>#91#>! CHROFEPARANBDIST SHAPH% 1P| NV,
¥ RATEPARAMAMIX#S$!SA#!1%2-#10?1#%=418%+%<#$#+10?1$4#1+%$#!<%S$+.7!u:

A| B| C| D| ED ;4#91#18%+%<#$#+/1$4%$I=%1ICHI#$I@.$4(;u: X#$1$01a: YIC3I>#2%-2%:

K D ;4#1D%88%!8%+%<#$#+10?2IW*&1%1>IKw[eY:IX#$!$01a: Y IC31>#2%-2$:

K1 | 'K2ID ;4#1¥18%+%<#$#+/10?!, AdZIE+#/8#=KI#2B+#!$+%1/ NOL/ICHS @##1!8-+. 1HBI%1>!
$+%1/.NOL/ICHS@##1183+.<.>. 1#/G:IX#$!$01a: YIC3I>#2%-2$:

AR| AN| AD| E| WY| WV| YVUD ;4#lhed!8%+%<#$#+/1$4%S$1=% 1ICH!/#$120+!(;u*a:!; 443!
=0++#/801>1$01$4#1-88#+1+.54$1$+.9%6152#1021$4#1(;ul/-C/N$S-NO1I<%$+.7BI @ .$41$4#!*#1%<.101%=.>/10-
SH#+#>1C31%284%CHN=6210+>#+10?1$4#. +1ZH2#T#+ 1%<#/1E)IWIAIWIQIZII (K ImIw!"ISI&IX!;IR[lyG:1SO
%<82#BI)NH{uU!+%S$#1.//#$!-/. 15!)ul8%+%<#S$#+IEU) @.22110$!CHI+#=051.L#t>G: IX#$!$01a: Y IC3I>#2%-2

¥ DIST SHAPE - X4%8#!18%+%<#$#+!E%284%G!0?1$4#!5%<<%!>./$+.C-NOL:IX#$!$0!h:alC3!>#?%-2$:
¥ PINV D &+080+N01!0?!.11%+.%C2#!/ $#/\EC#S@##1!a! % DIHIDILIEBHEOD1$GIC3I>#2%-2$:

OPTIMIZATION "S0+!=0195-+.15!.1$+%H/$#8!08N<.L%NOL!?+#,-#1=.#/B!%250+.$4<!1%1>1$%+5#$/.1;4#+#!1%+#!Y!@

=400/.15!@4#1!"#$%&'() O8N <. L#/\$4#1$+##1>-+. 15190144+ . /N-NHV S8 10108N<.L%NO011%250+.$4<!./1%882 #>:!
R.$4ENDSEARCHB!91%2!$+##/1%+#I08N<.L#>1%$!$4#1#1>10?1$4#14#-GINGENRIFBREEB!0123!$4#191%P=01
[#1/-11$+##1C-.2$!-/.1519%221+#82.=%$#/!./'08N<.L#> | E@4#1!8#+?0<+.15!/. 1 R H0HBL+EBRHBH82. =% $#B! 10!
=01/#1/-1'./'C-.2$!%1>!10!. 1$+%H/$#8!08N<.L%NO01!0?!$%+5#$!8%+%<#$#+/!./| SBEHOELHPB ! R !
C#$@##1!Ua:ahB!hVB!$4#+#1./1%!83806SHD2-885#8!$0!1 08N <. L#!1$4#!1$+#BIBCKA ) B!S+##/!@.22!C#HOBN
<.L#>1#1#+ 3B /$#H8/ N AOSHI SAHBD . SETOCHHLLDISCBI08N<.L%NO1!0?!1$4#191%2!1$+##/1./1%2/018#+20+<#>1%$!$44
#1>10?1$4#14#-+ IN=IEA#1=#B!%$!$4#1#1>10?1#%=41+#82.=%$#!. ?1<-2N82#!+#82. =% $#HMEH BENBO+<#>G1%1>!
SEARCHBSTOCHRALDISCEBS4#191%2!1=01/#1/-/'$+##1./'%2/0108N<.L#> @4#1!<-2N82#1+#82. =% $#/! %o +#!
8#+?20+<#>:[0-1=%1!%2/0!/#$!6

¥ ALGO MNX#$!$4#19%6250+.$4<!-/#>1?20+!. 1$+%H/$#8!08N<.L%NO1L:

GAD (#1#N=19%250+.$4<:1X.<82#!()!@.$40-$!+#=0<C.1%NO016!#%=4!$+##$0!C#08N<.L#>!./1=08.#>!g!
N<#/1%1>1$4%%$!808-2%N01!0?!e!.1>.1.>-9%2/1.[\#78#+.#1=.151<-$%NO01/'E0?!$%+5#$/BIHH#ICH#20@ G:!X;
NO1!./18#+?20+<#>! @I BMPROVEE/##!%COI#G:!;4#1()!./1/$088#>! @ 4#1!$4#12.D#2.400>!+#06.1/!- 1
=4%15#>1?0+1*aa!/$#8/IE5#1#+%NO01/G:

POWELLD NOT AVAILABLE YET - W.+#=NO1!/#$!E&Q0@#22P/G!<#$40>!.1!<-2N>.<#1/.01/B!-/.15!502>#1!
[#=NO11/#%+=4!$0!C+%=D#$!%!<.1.<-<!0?!$4#!2.D#2.400>!?-1=N01B!%1>N\+#1$P/\<#$40>!$0!./02%$#
<l.<<:

DFOD NOT AVAILABLE YET - W#+.1%NI#HS+###b8N<.L%NO1:!;4#!<#$40>!-/#>1./'%!$+-/$H+#5.01!
%250+.$4<!$4%$!#<8203/!.1$#+802%N01!<0>#2/10?21>#5+##1%$!<0/$!*1$0!C-.2>1%!<0>#2!0?!1$4#!0Co#
?-1=NO1:;4#!1<0>#2/'%+#!=01/$+-=$#>!-/. 15| A#@$01!?-1>%<#1$%2!802310<.%2/:

¥ TARGETMX#$!$4#1$%+5#$/10?1$4#108N<.L%NO1!8+0=#>-+#:!

BL D \+%1=412#15%4/:

R D &%+%<#$#+E/G!0?1$4#!+%$#!<%$+.7IUIE10$!+#2#1%1$! @.$4!p-D#/1Q%1$0+!<0>#2G:

GAMMAD X4%8#!18%+%<#¥#3807?1$4#!5%<<%!>./$+.C-NOLIE0123!+#2#1%1$! @4#1 1+ %$#! 4#SH#+05# 1#.9
J-1#>G:

Pl NV DB &+080+N01!0?!.11%+.%C2#!/ . $#/\E0123!+#2#1%1$!@4#1!.11%+.%1$Y. $#/!%+#!-/#>G:

APRATE B )<015H&%+NNO1!+%$#!1%+.%NOLIE+#2%NI#!C+%1=412#15$4/1%+#10123!+#241%1$! @ 4#1 !¢
1#$1./'8%+NNO1#>!.1$0!=4%+/#$/G:

5.  STARTINGTREE MN"#$40>!-/#>1$015#1#+%$#!1$4#!/$%+N15I$+HE/GI20+!1$4#14#-+ IN=:1R4A#1!-/. 151/$Y%HN 15! $+###/I5#:
#+%$#>IC3IAW!I0+IMADPIEH#ICH#20@GB!%!<0>#2!E%1>180$#1N%223!+%$#! 4#$#+05#1#.$3!>./$+ IE-N011%1>18+(
[%+.9%C2#!/.$#/G!<-/$!%2/0IC#!/#$!?20+!=0<8-N15!$4#!>./$% 1=#!<%$+.7:

¥  GENERATIONM\3I>#7%-2$B!"#$%&'()!-/#/'mO0/#! A#.54C0+!p0.1. 15!, +##/ EMAPG!%/!/$%+N151$+#4/:

NJ AX$%+N15I$+##/1%+#1C-.2$!-/. 151$4#1A#. 54C0+!p0.1. 15! <#$40>IEX%.$0- [} A#.IhdegG:

LNJ(range ) ~NmOO/#IA#.54C0+p0.1.15:1u%15#1./1%!84#+=H#1$%5#!1%2-#BISA%SI<-/$ICHIS5+H%$H+1$4Y
%1>1/<%22#+!1$4%11h:1X$%+N15I$-+##/14%#18/#->0H+%1>0<1$080205 . #/1C%/#>1011$4#1 A#.54C0+!p0.
%6250+ .$4<:1;4#1=2%//. =%21Ap!<#$40>100.1/1*110>#/14%I.151<.1.<% 21+ % SHH=0++H=$#>1BL/$% 1 =#: I K#+
>H#+IMAPBI%!2./$1=01$%. { EBIGE#! x (NTax x NTax-1 )/ 2) [<%22#+1>./$%1=#/!@.22!IC#!C-.2$!
%1>I1$@0!L0>#/1@ . 221CHI+%1>0<231#24#=$#>17+0<1. $:\+ %6 1=412#15$4/1%-+#1=0<8-$#>110+<%2231-/.15
A#.54C0+1p0.1.15!<#$40>IEX%.$0-1}A#. |hdeg GatRiA#BY+%<#$#+1./1=20/#1$01aBI$S4# MADIS+##! @ . 22!
C#1/.<.2%+!$01$4#11#.54C0+100.1.15!$+##_1.21.$P/1=20/#1$0!hBISA#IS+##1@.221#74.C $HH#1IN%2231%!
802053:
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RANDOMMX$%+N15!$+#4#/14%I#1+%1>0<!$080205.#/1%1>14+%1>0<IC+%1=412#15%4/:1 A0!>./$% 1=#!<%$-
-/#>B1/0130-1=%1P$!=400/#!%!/-C/IN$-NO1!<0>#210+!4+%%$#!>./$+.C-N0O1!0+!8+080+N01!0?!.11%+.%C2#!/.
;4#1+9%1>0<1$0802053!./15#1#+%$#>1C3!/$%+N15!@.$4!%!i+00$j! L0>#! @ . $4!$4+##1C+%1=4#/1#1>.15)¢
@.%$41%1!008#1!/20$P:'R#ID10@!$4#!2./$1021$7P 2RI 2HB #! D10 @' $4%$!$44! 1 -<CH#+10?]. 1$#+1%2!
10>#/1.11$4#191%2!$+##! @ 21 EAMOSG: | 4# S+H#H#I5H1#+%S0+1=3=2#/1$4+0-541$4#!12./$'0?108#1!/20%/:!
19%=4IN<#1%1108#1!/20%!./!l./. $#>B!$4#+#1./1%!8+BEAIFOER 21 $4#1/20$1#.$4#+! @ .$4101#!0?1$4#!
9%1%.2%C2#1$%7%!0+!@.$4!101#!0?1$4#1%1%.2% C2#1. 1$#+1%2!10>#/E=011#=$#>!$01$@0!1#@!C+%]
#1>.15!@.$41%1108#1!/20$G:1)1!. 1$#+1%2! 10>#!./'%2 @%3/1%>>#>1.?210123!01#108#1!/208!+#<%. 1/:!;44
+.$4<!1/$08/!@4#11%22!1. 1$#+1%2!10>#/1%1>1$%7%!4%I|#! CH##1!. 1=0+80+%$#>:I\+%1=412#15%$4/1%+#!:
?+0<1%11#7801#1N%2!>./$+.C-NOL'E@.$4!~shGB!%1>!/4 k#>1C3!a:aah!E/-=4!$4%3$!$44#!<.1.<-<!1%2-#!.
a:aah!%1>!$4#!<#%1!./'h:aahG:

GVEN MNIAHISHHHE/IG:"?21IEXUL92#!1=01%$%. ITBEE C20=D!E%1>!$4#1=0<WEN!./I-/[#>GB!%1>!
2130-1/#2#=$:8A10+HQA %/ $4#144-+./N=108NO1B!$4#!9+/$!S+##!. 11$4#1$5+##!1C20=D!@.22! C#!20%>#>1%
-[#>19%/1/$%+N15!1$+##:1'2130- 1 /[#2EEHS 4 #144-+ . /N=108NO 1! @Bt 808-2%N01/B!$BEDA9+/$!

$+##/1. 1'S4RREEC20=D!@.22!C#!2 A#S+1EL8#+1808-2%N01G: !'"?!30- | /# BASHHA#144-+ . /N=!
O8SNO1B!$AH NDO+/$!$+##/1. 1I$SAREEC20=D!@.22! C#!2 (OVAHAS+HEL8H#+!.1>.1.>-%2G:!"0+#!08NO1/!
?0+!.<80+N15!-/#+!/$%+N15!$+##/1%+#1%1%.2%C2#!. 11$4#! (I E/##!80.1$!Y: Z:c:!. 11$4#!<%1-%2!1%COl#

¥ MODEL MNW#8#1>.15!101!1$4#1>%$%$38# EWA)!0+!&ub;|'Al0+!X;) AW)uWGB!$4#1>#2%-23$!/-C/N$-NO1!<0>#2!$0!
5#1#+%$#!>./$%1=#<%$ICHPHISSONBI 0@ TR B! +#/8#=NI#23:1[0-1=%1!/#$!/-C/N$-NO1!<0>#2/!@.$4!6

GTRD (#1#+%2H;.<#Hu#l#+/.C2#!<0>#2!?20+!1-=2#0N>#/;

HKY85 B K%/#5#@%Hw./4.<0H[%10!hdeY!<0>#2!E1-=2#0N>#/G:

TN93 D ;%<-+%HA#.lhddZ!<0>#2!E1-=2#0N>#/G:

K2P B w.<-+%x/1*1&%+%<#$#+I<0>#2IE1-=2#0N>#/G:

JC D p-D#/1Q%1$0+!hdfd!<0>#2!E1-=2#0N>#/G:

GTR20 Bli(#1#+%2H;.<#Hu#l#+/.C2#!<0>#2!?0+!8+0%#.1/:

PoissoN BI&0.//011<0>#21E8+0%$#.1/G:

GTR2 Bl(#1#+%2H;.<#Hu#l#+/.C2#1<0>#21?0+!/$%1>%+>1C.1%+3!>%$%:
NONE - A0!>./$%1=#!<%$+.7:!

¥ DISTRIBUTION ";4#!1+%$#14#$#+05#1#.$3IE101#!C31>#7%-2$G!

NONE MAOQ!+%$#!4#$#+05#1#.$3:
GAMMAN U%$#!4#$H+05#1#.$3!120220@.15!%!(%<<%!>./$+.C-NO1:;4#11-<C#+10?!+%$#!=%$#50+.#/1./'9
$0!c!IC-$!$4#!/4%8#18%+%<#$#+19%0284% | E>#?%-2%sa: Y G1=%1ICHI>#I1#>:

¥ PINv MN&+080+N01!10?!.11%+.%C2#!/ . $#/IIECHS@#1!al % DIHIBIXESHEO61$C! C3I># b 1H{ 6B | $4#!
$0$%2!1-<C#H+10?1/.$#/1./1%>0-/$#>1$014%|#1>./$% 1=#/'#,-%21$0!$4#!<#%1!11-<C#+10?!/-C/N$-NOL1/!101#+!1%+.%
1.$#/10123:

¥ P M\%/#1=0<80/.N01!0?!.11%+.%1$!/ . $#/\E-1#>(A2BUPEG:

EQUAL N 4#!.11%+.%13$!/.$#/'@.22!14%|#1C%/#!=0<80/.NO1!#,-%2!$0!a:*Y:

ESTIMATED ";4#!.11%+.%13$!/.$#/'C%/#!=0<80/.NO1!./1/#$!$0!$4#1%|#+%5#! C%I/#!=0<80/.N01!%=+0//!%2:
1#,-#1=#l.

CONSTANTMEW#?%-2$G!;4#!.11%+.%1$!. $#/1C%/#!=0<80/.NO1L./\/#$!$0!$4#!%1#+%5#!CY%/#!=0<80/.NO]
$4#1.$# @4.=41%+#1=01/$%1$:

6. OPERATORBMX#$/!1$4#108#+%$0+/1-/#>1$0!15#1#+%$#! 1#@!/02-NOL!IS+##/:1[0-1=%1!2./$!<0+#1$4%1!01#!08#+%$0+B!
[0<#1=2%114%|#!/8#=.9=18%+%<#$#+/:!
¥ SELECTION ;4./'\D#3@0+>!=%1!C#!/#$!$06!

ORDERED- I X#2#=%#>108#+%$0+/1%+#!=40/#1!01#!%k#+1%10$4#+:!
RANDOM-  EW#?%-2$GIX#2#=3$#>108#+%$0+/1%+#!+%1>0<23!>+%@1:!
FREQIST - X#2#=$#>108#+%$0+/1%+#!>+%@1!70220@.15!8+0C% CERINHIEMOES>!. 1]

¥ 'P20PERATOREBY+06<#SH+1./110$!/HSBI"#$%E ()-/#1$4#170220 @. 15!08#+%6$0+NDE! BPIHREG!
TXS(2), STS(2) :!1)1%.29%C2#108#+%$0+/1%+#6

NNI (NEARESFN EIGHBOR| NTERCHANGE - ;@0!5+%1>H=4.2>+#11C+%1=4#/10?1%!+%1>0<!.1$#+1%2!
10>#!%+#!/@%88#>:

SPR (S UBTREE PRUNING AND REGRAFTING B u#<O0I#/1%!C+%1=41?+0<!$4#1$+##! @ .$41% /T S+##!%$
$%=44#>130!.$1%1>!+#H5+%Kk/\$44!-CS+H###2/# @ 4#+#:

TBR (T REEB ISECTION-R ECONNECTIOND \+#%D/1%!C+%1=4!%1>!+#=011#=$/#%=4!0?!$8#'$@0!/-C
$+##/1011%!+%1>0<IC+%1=4:!
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I TXS (T AXA SWAR - X@%8/1%!5.1#1!1-<C#+!0?1+%1>0<23H=40/#1!2#%I|#/\E>#I1#>| CHBO##1!8%+#1
SA##IG:1;4411%2-#1?20+1$4./108#+%$0+!./1%! 1-<CH+ICHS@##1!*19%61>1$441 1 -<CH#+10?124#%1#/:1[0-1=%1!%2
1#$!$4#18%+%<H#SHALBE/ @ %08!%622! 2# Y RAGIOIE/ @ %68!%!+%1>0<!1-<C#+10?12#%I#/G:1"?!130-1/#$!%!
1-<C#+!/<%22#+!34%11*BI*12#%|#/! @ . 22| C#18#+<-$#>:1"?130-/#$!%! 1-<CH+5+#%S#+1$54%11$4#!1-<C#-
2#%I#IBIL 1 2#%1#/|@ . 22| CHI8#H+<-$#>: IWH#?%-2$18% PY<#$#+!./!

| STS (SUBTREE SwAR D \3!>#?%-2$B!/@%8/!$@0!+%1>0<23H=40/#1!.1$#K1MBR OPHHHA
$4%3$!=01$%.1!<0+#1$4%1101#12#%?G:!'?1$4#!8%+VdRuGHoU1/E8%610?*BIS4# @ 402#!$+## @.22!
C#1>.1.>#>1.1$01%!+%1>0<!1-<C#+!0?!/-CS+##/B1%1>19%2210?1$4#<!@. 22! CH#!8#+<-$#>:

| BLM (B RANCHLENGTHMUTATION) B u%1>0<23!=4%15#/1$4#!12#15%$410?!%!+%1>0<23H=40/#1!C+%1=4!
C31<-2N823.15!$4#!8%+%<#$#+P/119%2-#10?1$4#!8+#1.0-/!5#1#+%N01!C31%!+%1>0<!1-<CH#+!>+% @ 1! ?-
#7801#1N%2!>./$+.C-NOLIE@.$4!~s*GB!%1>!/4 k#>1C3la:YE/-=41$4%$!$4#!<. 1.<-<!1%2-#!./!1a:Y1%1>!$
<#%1!./'hG:

I BLMINT (B RANCHLENGTHMUJTATION ONLY ON INT ERNAL BRANCHEE B u%1>0<23!=4%15#/!$44#!
2#15%$410+1%!+%1>0<23H=40/#1!.1$#+1%2!C+%1=4!C3!<-2N823.15!$4#18%+%<#$#+P/11%2-#10?!$4#!¢
5#1#+%N01!C3!%!+%1>0<!1-<C#+!>+%@1!?+0<!%11#7801#1N%2!>./$+.C-NOLIE@.$4!~s*GB!%1>!/4 |
a:YIE/-=41$4%$!$4#1<.1.<-<!1%2-#!./'a:Y1%1>1$4#1<#%1!./IhG:

I RPM(RATE PARAMETERSMUTATION) BPu%1>0<23!=4%15#/'$4#!1u!<%$+.7!1%2-#/1C3!<-2N823.15!$4#!
1902-#10?1$4#!8+#1.0-/'5#1#+%N01!C3!%!+%1>0<!1-<CH#+!>+% @1!?+0<!%1!#7801#1N%2!>./$+.C-NO1!E
~s*GB!%1>!/4.k#>1C3la:YIE/-=4!$4%$!$4#!<.1.<-<!1%2-#!./1a:Y1%1>1$4#1<#%1!./'h G| &%+%<#$#+1?20+!$
08#+%$0+!./1$4#11-<CH+10?1ul#2#<#1$/1$0!=4% 1S#'GH!0+!

| GDM(GAMMADISTRIBUTION MUTATION) BPu%1>0<23!=4%15#/!$4#1%6284%)!8%+%<#3$#+10?1$4#!(Yo<<%!
>./$+.C-NO1!IC3!<-2N823.15!$4#18%+%<#$#+P/11%2-#10?1$4#!8+#1.0-/'5#1#+%N01!C3!%!+%1>0<!1-<Ct
>+%@1!?7+0<!1%11#7801#1N%2!>./$+.C-NOLIE@.$4!~s*GB!%1>1/4 k#>1C3la: YIE/-=41$4%$!$4#!<.1.<-<!|
J1a:Y1%1>1$4#1<#%1!./1hG:1b123!%I1%.2%C2# @4#1!5%<<%H>./$+.C-NO1!+%$#! 4#$#+05#1#.$314%/!C;
2#=$#>:

I PIM (P ROPORTION OF| NVARIANT MUTATION) BPiu%1>0<23!=4%15#/$4#!8+080+N01!0?!.11%+.%C2#/!

1. $#/'C31<-2N823.15!$4#!8%+%<#$#+P/11%2-#10?1$4#!8+#.0-/'5#1#+%N01!C3!1%!+%1>0<!1-<CH#+!>+%(
?+0<!%!10+<%2!>./$+.C-NOLIE@.$4!<#%1sh!%1>IXWs!a:YG:!;4#!1+#/-2N15!<-2N82 #+!./I+#o#=F#>1.?1s!
a:c:b123!%I1%.2%C2#! @4#1!8+080+N01!0?!. 11%+.%C2#!/. $#/1 4%\ CH# 1 [#2#=$#>:

I APRM(A MON€EP ARTITION RATE MUTATION) Pu%1>0<23!=4%15#/1$4#!%<015H8%+NNO1!+%$#/!20+!
+#2%NI#!IC+%1=412#15$4/IC3!<-2N823.15!$4#18%+%<#$#+P/11%2-#!10?!$4#!8+#1.0-/'5#1#+%N01!C3!%
1-<C#+1>+%@1!7+0<!%!10+<%2!>./$+.C-NOLIE@.$4!<#%1sh!%1>IXWsla:YG:!;4#1+#/-2NH 5!<-2N82.#+!
o#=$#>1.?1+la:c:b1231%I%.2%C2# @4#1!$4#1>%$%/#$!./'18%+NNO1#> @ .$4!i=4%+/#$/):

FREQUENCIES- J/#>I$0!/#$!$4#12+#,-#1=4#/10?!08#+%$0+/Bhei&br(frequency).
DYNAMIGFREQ D b8#+%$0+/!/#SMA0I+$!'24%1#1$44#.+18+0C%C.2.N#/10?!-/#1%-$0<%N=%223!%>0-Ch##Bo$ ! #1#+3!
1$/@BO!+#|#=3!$4#.+!+#2%NI#!=01$+.C-NO1/!$0!/=0+#!.<8+0l#<#1$/ E$4#!8+0C%C.2.$3!07?!-/.15!%!/8#=.9=108#+90S
A=+H%/#>10+1>H#=+#%/#>B1.?1.$/1=01$+.C-NO1!$0!$4#!/=0+#!. <8+0I#<#1$!./1. 1=+H#%0/#>10+>H=+#%0/#>B | +#/8#=NI#
=00 11/#$!/0<#18%+%<#$#+/1?70+!>31%<.=1?+#,-#1=#/
¥ DyNOPERATORR;4#12./$10?108#+%$0+/!./1/#$!$0!>31%<.=:
¥ DINT DI'1$#+1%2!E.111-<C#+10?1/$#8/G-/#>1$01+#=0<8-$# A 2+#,-#1= #:1X#$!$0haa! C3I1>#7%-2$:
¥ DMN DIS+#,-#1=#/'=%1x$|CHI>H=+#%/#>]-1>#+I$4#120 @#+!CO1>!:IX#$!$0!a:ac!C3!>#7%-23:
SETTINGSIMXO<#!I<./=#22%1#0-/1"#$%&' () /#M15/!
¥ ReMOVEOL B X#$!$BONE C3!>#?%-2$B!$+#%N15!5% SNERIMGHRRMI0+UG! . 111-=2#0N>#1>%$%/#$/B!0+!%/!
RE%13!%<.10!%=.>G!.1!8+0$#.1!>%$YHEBDEAN $Y61>%+>1>%$%/#S$/: 1 QY% 1| CH#! /#EHE$420H$0!
+#<01.1514#1#+31=02-<1!=01$%.1.15!%!5%8! EXNQGSH THEG<01. 151#1#+3!1=02-<1!=01$%.1.15!%!5%8!0+!%!
A€ 111-=2#S0N># 8+0%$#.1°/$%1>%+>1>%$%/#$/:
¥ DR NWHOLH/$A# @402#!8% 4! @ A#+#1S4# Uu#-2$/1?202>#+!@. 22! C#182%=#>:\3!I>#7%-2$B ! +#/-2$/1202>#+/\¢
O"#$5%&'()!+#/-2$/P1202>#+1.1130-+140<#!> +#EROBBE0=-<#1$/P!.1!R.1>0@/G:!"?!130-!-/# !
=0<<%1>1.11%!A#7-/'92#B!30-!"JX;!8-$!$4#1202>#+11%<#I CHS@##1!,-0$#/:
¥ LABEL MNWHO1#/'\$44#11%<#10?!$44 u#/-23/1?02>#+1?20+10-$8-$!192#/:1Q4%15.15!$4#! 2% C#2!=4%1 54/ $4# u/-2¢
202>#+11%<#IC-$110$!$4# L#7-/192#1 1%<#:1;4#1Uu#/-2$/1202>#+1@ . 22! CH#!182%=#>1. 1$0!$4#!> . +#=$0+3I>#91#>
$AHDIR |=0<<%1>:L4#1u#/-2$1702>#+]./11%<#>1@ . $4!.$/12%C#2!?0220 @#>!C3!$4#!>%SH#! E3# % +H<01$4H>%0!
20220 @#>IC3ISA#IN<HIEA0-+,<.1,/#=C%$!$4#! @4.=41$4#! [#%+=41@%/!/$%+$#>:1;4./'%220 @H ?0+!#%/3!>.]#
NOZL!0?!1+#/-2$/18#+20+<#>1%$!> J#+#1SIN<#/101!$4#/%<#!>%$%/#$:1"? I3BEHS4HY 1>1. 119 A#T-/!
92#B!30-1"JX;!8-$!$4#1 2% C#211%<#CHS@##1!,-0$#/:
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10.

11.
12.

13.
14.

15.

16.

¥ GRID D NOT AVAILABLE YET - "#3%&'()!@.22!+-1!$4+0-5419%!(u'W!-/.15!$4#1€S+#<R#CHQKI<.>>2#@ Yo+#!
E/MHATE6™ @@ @: 7$+#<@#C=BIHS-|<-/$!/8#=.?3!S4#! [#+|#+1%>>+#//\E#:5:!
SERVERHTTP// _ADDRESS3080 GB!30-+!.>#1N9#+!101!$4#(QWAE '=0<<%1>G!%1>1$4#! >#1NO#+10?!$4#!
"#$%&'()!<0>-2#1011$4#! (u'WIKDDULE=0<<%1>G:|A0$#!$4%$! @ 4#1!"#$%&' () +-1/1011%! (U'WB!.$!>0#/!10$!
S#1#+%$#!%1312031024H0<<%1>1./1.510+#>G:|(u'W!+-11.151./1>./%C2#>1C3!>#7?%-2$:
OQUTGROUPMX#$/1%13!1-<CH#+10?!1$%7%!$4%$! @.22!120+<!$4#10-$5+0-8!E%22!10$4#+!$5%7%!%+#!1.11$441.15+0-8G:!
@.22!1#1#+1<.71-81$%7%!CHI @##11$4#10-$5+0-81%1>1$4#!.15+0-8:!; 4#1$+##1./'+00$#> I CHS @##1!0-$5+0-819%61>1.1
DELETE MX#$/19%13!1-<C#+!10?!$%7%!$4%3$! @ .22 C#!+#<01#>!?+0<I$4#!%1%23/./:
CHARSETD WH#91#/1%!=4%+/#$!_130-!<-/$!-/#1%!> [H3HIWET =0<<%1>1?0+!#%=4!=4%+/#$!$0!|CH#!>#91#>:IS0+!
#%=4101#B!30-I<-/$!5.1#! [$AME %1>1%!2./$!0?!=4%+%=$#+!180/. NEEIHIG0H4+#91.151%!+%15#!10?!1=4%HAo=$#+!80
/.NO1/B!30-!=%1!-/#!*180/.NO1/!/#8%+%$#>CTBRIHH#125 GB!%1>180$#1N%22RYHTHBAH!. 1$#+1%2!/.L#:!S0+!
#7%<8260-125/3 @.22!$%D#!80/.M01/163, 66, 69, 72, E, 120, 123:11Q4%+/#$/\=%1ICHI>H#I1#>1%/!
$4#1=0<C.1%NO01!0?!0$4#+!=4%+/#S E>#I1#>14. SMEF ARG C20=DG!0+!C3!$4#!=0<C.1%N01!0?!=4%+/#$E/G!
%1>!1=4%+%=$#+!2./$:
EXCLUDE MX#$/1%13!1-<C#+10?1=4%+/#$/1$4%$! @ .22\ C#1#T7=2->#>1?7+0<I$4#1%1%23/./:)|1=4%+/#$!. #91#>1C3!*|
$#+180/.NO1/!E26DH#125 GB!0+!=%1!C#!>#91#>!@ G44R4#T=0<<%1>:
PARTITION MWW 1.>#/1$4#1>%$%!<%$+.7!.11=4%+/#$/1%1>1=0<8-$#12.D#2.400>!/#8%+%$#23! 20+!1#%=41=4%+/#$:!)
JISHI1#>1C31*1=4%+%=$#+!80/.NOBE2IBH#EB!0+!=%1!C#!I>#91#>] @ GARSET=0<<%1>:
STOPAFTER INX#$/1$4#1/$08!=+.$#+.0110?!1$4#14#-+./IN=:1)13!1-<C#+!10?!=01>.NO1/'=%1!C#!/#3$!%1>1#%=4101#!=%1!
1#=#11%+310+/-r=#1$:;4#144-+ IN=!/$08/! @4#1!%13!0?!$4#!/-r=.#1$!=01>. NO BRUBABLYI Vst =#//%+3!
=01>.NO1/1%+#!<#$:!1Q01>.N01/1%+#!/-r=.#1$!C3!>#7%-2$1%1>!=%1!C#!/@.$=4!3$0! 1 #=MHOEEIARY5! $4#!
=0<<%1>:"BTOP AFTER./!10$!/#$B!$4#14#-+./N=1@.22!10$!/$%+$!C-$!/$%+N15!$+##E/G! @ .22 C#|5# 1 #+%$#>:
¥ STEPS - W#91#/1%!<%7.<-<!1-<C#+10?!5#1#+%NO01/:
¥ TIME D 1)220@/'$0!/$08!$4#!14#-+./N=1%k#+19%!5.1#11%<0-1$!'0?'N<#!E.1!40-+/G:
¥ AuTO D AUTO@.22!/$08!$4#!14#-+.IN=!.21$4#!C#/$!/02-NO11#1%2-%N01!>0#/1P$!.<8+01#!<0+#!1$4%11%!5.1#1!8
=#1$%5AE OTHRESHOLIBY%+%<#$#+B!/#$!$0!a:aaah! C3IH806a2HE1%6$!%1 3/$#8!>-+. 151 $4#1>#9 1 #>]
1-<C#+10?1/$#8/:
¥ CONSENSUSD CONSENSUS%1!0123!IC#!-/#>1@.$4!Q01/#1/-/'&+-1.15|E<#$%()!4#-+./IN=GB!%1>!@.22!/$08!$4#!
A#-+ . IN=1@4#11$4# ! <#% 1 1+#2%NI#1#++0+1%<015!=01/# 11-N$ar¥AB Y% +%<#3$#+B!/#$!$0!ha! C3!>#7%-2$G!
+#<%.1/ICH#20@!%!5.1#11%2-#E/H8RESRAH %o<#S$#+Bla:aZ! C3I>#?%-2$G:1%=4!=01/#1/-/'$+##1./IC-.2$!-/.15!%
$+##/1?7+0<1%221808-2%N01/!. 11%!5#1#+%N01:)/1=01/#1/-/'$+##/'$#1>110$!$0!1%+3!<-=4I CHS @## L *1=0 1 /#=-
S5#1#+%N01/B!$4#!-/#+!./'%>1./#>1$01%220 @ /#1#+%2!5#1#+% N0 1/ CHS @## TENRBRTINBW@ $4+#H
$#+BI/#$!1$0!YIC3I1>#?2%-23G:
¥ NECESSARYD ;4#!?0220@.15!=01>.N01/1=%1!C#!/@.$=4#>1$0! 1/8TH4BF BIE BAUTABCONSENSUS
REPLICATESIN; 4#11-<C#+10?IN<#/1$4#<#$%4A#-+./N=1@ .22 CH#!+#8#%$#>1 @ . $4!$4#!/%<#1>%$%/#$:!) $!1$4#1#1>B %
<%00+.$3H+-2#1=01/#1/-/'$+##!./18+0>-=#>:\31>#7%-2$B!0123!01#!S+##!1./18+0>-=#>:
¥ AUTCETOP D )>>/1%!/$08!=01>.NO1!$0!+#82.=%$#/P!5#1#+%NO1:!
I NONE- \3!I>#7%-2$B!$4#+#!./110!/$08!=01>.NO1B!/0!%!5.1#1!1-<C#+10?!+#82.=%3$#/!./'8+0>-=#>:1[0-1=%
[#$I$4#!1-<C#+10?1+#82.=%S#/18+0>-=HRUANBI +Yo<#H P+
I MRE(rror ) D ;4./108N011%220@/"#$%&'()!$0!/$08!8+0>-=.15!+#82.=%$#/! @ 4#1!$4#!"#% L Iu#2%NI#
[++0+19%<015!=01/#=-NI#=01/#1/-/'$+H##/1+#<%.1/'\C#20@!%!5. [ #EHIA2-11%! %02-#| CHS @ ##1 !
UaBhV!/#$!$0!a:aY!C3!>#7%-2%:!
0 RMIN B ;4#1<.1.<-<I1-<C#+10?1+#82.=%$#/!$0!8+0>-=#:IW#?%-2$!1%2-#!./'haa:
0 RVAXD ;4#1<%7.<-<!1-<C#+10?!+#82.=%$#/1$0!8+0>-=#:IW#?%-23$!1%2-#!./Ihalaaa:
O | NTERVALD ;4#!11-<C#+!10?!=01/#=-NI#'=01/#1/-/'$+##/!E/#$!$0'ha! C3!>#?%-23G!$4%$!<-/$!
4%I|#1%!"ul!C#20@!96!5.1#1!1%2-#1C#?0+#!/$088.15!$4#!8+0>-=N01!0?!+#82.=%F#/!:
¥ PARALLEL D ;4#!1-<C#+10?!+#82.=%$#/!$0!C#!+-1!. 118%(BIR #2306 1#0-/23G:\3!>#?%-2$B!$4./18%+%<#$#+!
JI#SIS0Th!EL10!8%+%22#2!8+0=-RIUAYGE:116!'$!./1/$+01523!%>1./#>110$!$0!-/#19%!1%2-#!5+#%S#+1$4% 11 $4#!
1-<C#+10?18+0=H#//0+/"=0+#/1%1%.2%C2#!011$4#!+-11.15! -RBPE*:! 6!54./18%+%<#$#+!<-/$ICH=01
[ >#+#>1.11=0<C.1%N01!@.$4!$4#!8% +BHHEET (B! $4#! 1-<C#+10?1=0+#/"8+0=#//0+/'%// .5 1#>1?70+18%+%2
2#218+0=#//.15|R";K'Al%!+#82.=%$#G:|SO+!#7%<82#B!.?130-!-/#1%!=0<8-$#+! @ . $AND> O # 8B YU B A !
$#+130!!1% 1> PARALLELBY%+%<#$#+!$0!cB!/-=41$4%$!1#%=41+#82.=%$#!@.22!-/#!%!/. 152#!|=0+#!E. . #:B!c!+#82
@.22!C#!+-11/.<-2$%1#0-/23G:I'?130-!-/#1%!=0<8-$#+! @ .$4!e!=0+#/B! S0 NESAHR BB BAH S #+1$01*1901>]
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SAHPARALLELIBY%+%0<#$#+1$0!CB!/-=41$4%$!#%=41+#82.=%$#! @.22!-/#!$@0!=0+#/I)AW!c!+#82.=H$#/|@.22!C?
$%1#0-/23:

17. Lod"NX#$!$4#1205192#/130-!@%1$!%/10-$8-$:!;4#31=%1!5.1#130-11%2-%C2#!.1?0+<%N01!01! @4%$!4%88#1/!>-+.15
#7#=-NO1I0?!"#$%&'():\#1% @ %+#!$4%$!/#2#=N15!$4#!205192#/!.1>.=%%$#>| @ . UGBS L8+ Ya1/$2A120 @!
>0@1!$4#!#%+=41%18P2!-812%+5#1%<0-1$!0?!>./D!/8%=H#E@.$4!$4#!<%51.$->#!0?1/20@H>0 @H!"1922H-8!%688+
<%$#23!.1>.=%$#>IC31$4#!1-<C#+10?1%/$#+./D/G:11)221205!92#/1%+#! @+. TH1!. LIS4#1+#/-2$/1202>#+:]

¥

¥
¥
¥
¥

DATA - RO+D.15!<%$+.7!1205!92#!H!&+.1$/1$4#1=0<8+#//#> | T EBHPHSF UG 2%/$+0@!=01$%. 1/1$4#!
@#.54%'0?'#%=4!=02-<1B!.:#:B!$4#1 1-<CH#+10?N<#/1$4./!>%35%!8%T#+1!./1720-1>!. 11$4#!>%$%!<%$+.7:!:
DIsT B W./$%1=#1<%$+.7!1205!92#H!&+.13/!$4#!>./$% 1M =H#HH2THHE0 O

TREESTART D X$%+N15!;+##/1205!92#!H!&+.1$/!$4#!/$%+N 16!8$8HEIRDBO>(#8"O

HEUR (*) B K#-+./N=!/#%+=41205!92#'ONAG8'>U2(MIBH +#=0+>/1>#$%.2/'%CO-$!#%=4!/$#810?¥4#!4#-+./
N=I-/#>:I'$l+#,- +#/1>./D!/8%=#IC#S@##1!Yaa! C3$#/1%1>IhIwC!8#+!.$#+%N01!0?!1$4#144-+./N=:

TREEHEUR (**) D K#-+./N=!/#%+=41$+##92#19NV"98">U2 (HR@ +H#=0+>/1#%=4!$+##1?20-1>1%3$!#%=4!/$#8!
0?1$4#14#-+.IN=:1'$I+#,- +#/1>./D!/8%=#10?!F H'hZal C3$#/18#+1$%7 %! 8#+!$+## +#=0+>#>:1SO+!#7%<82#B! +#-
$+##/170+1%!1>%%$%/#3$107?!*aa! $%7%B!-/. 15!$4#!<#35%() | 4#-+./N=!@.$4!c!808-29%6N01/!10?!c!.1>.1.>-%2/1#%=4B!
97#>1%<0-1$!0?!Yaaa!5#1#+%N01/!@.22!5#1#+%$#!1%!92#10?!%CO0-$!h: Y (C!?20+1#%=4!+#82.=%$#!8+0>-=#>
CONSENSUS**)  DQO1/#1/-/'205!192#!H!; B +>"+>9>(/*MR2#!+#=0+>/1=01/#1/-/'%3$'#%=4!/$#8!0?'Q01/#1
[-N&+-1.15:I'$!+#,-. +#/1> /D!/8%=#|C#$@##1'haa! C3$#/1%1>hwC!8#+!$%7%!%1>18#+!1=01/#1/-/I+#=0+>#>:1S0
#7%<82#B!+#=0+>.15!=01/#1/-/'?0+1%!>%$%/#3$!0?!*aa!$%7%B!-/. 15!$4#<#$%() |4#-+./N=1?0+1%!97#>11-<CH
Yaaa!5#1#+%N01/!@.22!5#1#+%$#!1%!92# C#S@##1haa"C!%1>!h(C!?0+!1#%=41+#82.=%$#!8+0>-=#>:
OPDETAILS (***) - b8#+%$0+/1205!92#! Ekbh8#+%$0+/WH$% B 2205#=0+>/1>#$%.2/1%CO-$!$44!108#+%
$O+/1-/#>1'$1+#,- +#/1>./DV/8%=#10?1*aaHZaal C3$#/18#+1$%7%!8#+!108#+%N01:! SO+!#7%<82#B!+#=0+>.15!08¢
>#$%.2/170+1%!>%$%/#3$!0?!*aa!$%7%B!-/. 15!$4#!<#$%() | 4#-+./N=!@.$4!c!808-2%N01/10?!cl.1>.1.>-%2/ 1#%=
97#>11-<C#+10?!Yaaa!5#1#+%N01/!@.22!5#1#+%$#!%!92# CHS@##1!h:g(C!%1>1Z:c(C! 20+H%=41+#82.=%$#
>-=H>:

OPSTATS Dlb8#+%$0+!/$%N/N=/192#!CIBH+%350+/XS%N/N-G2205#R+0+>/108#+%$0+!/$%N/N=/1%3$! $4#!#1>!
0?1%!/#%+=4B1%/! @#22!%/'#%=4IN<#1$44#108#+%F$0+!?+#,-#1=#/\4%I# CH##1!-8>%$#>:

ANCSEQ (*) - )1=#/$+%2!/#,-#1=#/1205!92#H")$!$4#1#1>10?1$4#14#-+ . IN=B!S4#1% 1=#/$+%2!/# H1=#18+0C%
N#/10?1#%=4!. 1$#+1%2!10>#1%+#18+.15#>1. 150! $4#!X) L=#/$+%2 X#,-#1=#/.205x!92#:

PERF (*) D ;4#10&#+?0+<%1=#/:205P!192#!+#=0+>/1$4#1%<0-1$!0?!N<#'E.1!1%10/#=01>/G!H#>!C3!#%=410
#+%030+:1'$I+#,- +#/1>./DV/8%=#10?!F H!'h!wC!8#+!. $#+%N01!0?!$4#14#-+./N=:
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Select thedSimulated Annealing@io button in th€©Heuristic@indow to see all available parame

ters (Fig. 31). We implemented 14 highly-parametrized cooling schedules in MetaPIGA, including
the OLundy€ooling schedulg26, 43] The user can control all cooling schedule parameters: the
starting temperature computation method, the maximum acceptance probability, the temperature
decrease frequency, and the possibility of Oreheating®. Changing the cooling schedDldein the
risticOwindow will change the set of available parametite that several of these cooling sched

ules are quite similar to each others such that we might reduce the number of available schedules in
future versions of MetaPIGA.

(S IONG) Analysis settings

[ Heuristic Evaluation criterion Starting tree(s) Operators Miscellaneous !

O Hill Climbing () Genetic Algorithm
{*) Simulated Annealing () Consensus Pruning (metaGA)
Cooling Schedule Temperature decrement Cooling schedule preview
® Lundy Transcendental O After 20 steps
(O Ratio-Percent O Exponential @ After 10 successes
O Logarithmic or 100 failures
O Fast Cauchy () Periodic
- Reheating
() Boltzmann () Smoothed periodic
- ) Never
 Geometric _ ® After 300 decrements
I~ Hyperbolic of temperature
( Linear (U Tangent () When temperature reach
O Triangular () Cosinus 0.001 % of

. starting temperature
() Polynomial

Lundy beta parameters Estimation of dL
c= 0.5 [%] ® Burn-in period

| () O % of
alpha = 0.5 1,

Neighbor Joining Tree

. Fig. 31 TheOHeuristic®indow with Gimulated annealing@lected and th®Lundy schedulséitings.

In each of the 14 available cooling scheduléss the temperature aftedecrements, and # is the
maximum number of temperature decrements before reinitializatity(the starting temperature).
Except for theOLundy schedu)d@(andT- when relevant) is computed as follows:

n #L

InA

"L
InA,

where%lL is the upper limit of likelihood change, whereasandA: are, respectively, the initial

and pnalOmaximal acceptance parametés the maximal probability to accept a tree with a
worse likelihood. Hencedo and A debne the initial and Pnal temperature values, and the cooling
schedule debPnes how the temperature is decreased between these two values. The various cooling
schedules (and corresponding curve equations of temperature change) are listed befarwith

A+ debned by the user. The cooling schedule requires debning the number of iteratjahe (
number of times operators have been used to generate a change in the tree) after which-a tempera
ture decrement is performed. The user can choose €itltae number of iterations (steps) (o)

the number of successes (generating better trees) or failures (not generating better trees) required
before a temperature decrement is performed. As decreasing the temperature translates-into reject
ing more easily trees with lower likelihoods, a reheating parameter allows debning when-the tem

; I and! | T = 1
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perature is reinitialized t@o to facilitate crossing of valleys in likelihood space. Finally, the method

for dePning?6L (required for computing the initial and Pnal temperatures) is also chosen by the user
either as the percentage of the Likelihood of the Neighbor-Joining tree or as an estimate generated
by burn-in. In the latter case, each mutation operator is applied 20 times on the starting tree and the

maximum differe

nce of likelihood observed is used%is The table below shows the cooling

schedules implemented in metaPIGA.

&66%8$)*"958/0,9 &67719:6)08)*'5,7>/"1?,-46) 57>/
L ~ c
"@,)0A" T I @.$4 = "InNJT
@" #)n+# m
I"#$%&'&()*&+&(,&f 1./1$4#!1=002.15!+%$# E.$/11%2-#!./In1hG!%1>!./1=0<8-$#>!-/. 15§
-./0%.1)%&2( 0 r+0<1$4#1>%$%nis6the number of sequencesis the number ¢
(3.5./,4 aligned columns; and& have values between 0 and 1, &ridJ
is the log likelihood of the neighbour-joining tree.
"B-46CD/75/)."
T, =!/T! with' <1
1"#$%82(/(3.$./5 4
"E-9."&-,58A T = % 1
-
"F6%.G'- T, =2
6.G9) Ini
"3/6'/.7$5" _
T =T/t  with&<l
1"4$%&2(/(3.$./ a4
!
" * 0 |T—T"T0%”
H7$') ,%-7 HLF OﬁT! '&
T,! T.)(" +1 T,! T.)(" +1
oowngsss [1= T g ) GITIC 3
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9.1. Introduction

! The Maximum Likelihood approach to phylogeny inference is based on the use of a-substitu
tion model that allows computing the likelihood of a ties, the probability that its topology and
branch lengths (given the model parameters, such as instantaneous substitution rates, state frequen
cies, gamma distribution of rates, etc) yielded the observed data. Substitution models used in the
Peld of phylogeny inference are Markovian: the conditional probability distribution of future states
depends only upon the present stage, the probability of change of a character from stébestate

j does not depend on the history of the character beforei side also assume that the Markov
process is homogeneous(, the instantaneous substitution probabilities are identical everywhere

in the tree) and time-reversible (the substitution ratej is identical to the substitution rgté ).

Given time reversibility, the likelihood of a tree does not depend on where that tree is rooted. In
other words, trees are unrooted and the choice of outgroup taxa (orienting the tree in time) is an as
sumption performed by the user. Finally, we assume that different charaeterdifferent posi

tions in the multiple alignment) evolve independently, such that the likelihood of every character
can be computed separately.

9.2. The General-Time-Reversible (GTR) Model

! The easiest way to represent a model is by using a n@airixwhich each elemei®; is the
instantaneous substitution rate from siate state. We use here the example of a 4x4 matrix for
nucleotide substitutions, but the concept is the same for amino-acid substitutions or codon substitu
tions (but the corresponding matrices are then 20x20 and 64x64, respectively).

fO! (pHa"c +pb" g +pc” ;) pa’ pb" pc"; f‘
Q=% HY" 5 V(UG 5+ pd"; + pe";) pd” g He" (
o ph’ b (" + i+ ) ut"s {
%) :uj”A uk”C :UIHG | (.uj”A+:UKHC+IUIHG) E

where( is the equilibrium frequency of stateand) is the mean instantaneous substitution rate.
The latter is modibed with relative rate parametets ...,| specibc to each possible substitution.
However, as indicated above, we use time-reversible models, suerdghbth, c=j, d=i, e=k, and

f=l. The diagonal elements of the matrix make the sum of each line equal to zero.

The instantaneous substitution rate mafigan be decomposed into a rate ma®iand an equilib
rium frequency matrix :

Q=R X "## # # # ! ! Equation 2

where
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$! pa pb pc %
g Ha ! opd ope .1 ! ! Equation 3

%uc ueﬁ;f !:&

and

#" 0 0 0 &

% ( .
%0 "¢ 0 0 (1 | ! | Equation 4
_% n (

%0 s O E

go o o0 ",

The mean instantaneous substitution rate can be computed as follows:

1 .
U= $ACT—G/Q rol ! ! ! Equation 5
i#] © ]
where
2 a#, b#ty ot \
Q=% a#, " d#s ey ) ! Equation 6
&b, d#. o f# )
& C#, e, f#, %

9.3. Computing the likelihood of a tree

! The principle for estimating the likelihood of a tree is based on computing the probability of a
substitution from stateto statg (with i andj possibly identical) given the lengiof the branckx.

Given that a nucleotide in a sequence can experience multiple substitutions through time-the prob
ability of observing a substitution between two nodes is not a linear function of the branchvlength
but takes the form:

! Equation 7

pity=e ™ 11

where# andt are the substitution rate and the time, respectively. Note that it is not possible-to sepa
rate# andt because a branch can be long due to a long time and/or a large rate. In other words, the
branch length i¢t.

When considering the GTR model, the equation takes the form

p(t)=€¥r + 1 1 1 1 Equation8
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WhereQ is the instantaneous substitution matrix (equation 1). The equation can be computed by
using the eigenvectors and eigenvalues of the matrix.

Partitions are incorporated in the computation by multiplyi(ig Equation 8) by ,, i.e., the rela

tive rate of partitionp. Relative rates of partitions are optimized separately but each partition is
weighted according to its siz&(p), and the weighted average of among-partitions rates is con

strained to li.e.
nPar

! " Sp)t =1t ! ! ! Equation 9

p

LetOs take a simple example. If the observed sequence data, and the tree to evaluate are respe:
tively:

Taxon_1 ACCGTCATCAGG
Taxon_2 GCTATCGCCAGC
Taxon_3 ACCGTTATCAGG
Taxon 4 CLCTGTCGTCAGG

the likelihood of that tree is the probability to generate the observed data given the substitution
model. The process is performed separately for each position (each column in the alignment). LetOs
consider the Prst position (underlined in the sequence alignment above). The states at the internal
nodesX andY are unknown. Imagine that bathandY were of staté\. Given that Taxa 1 and 3-ex
hibit a A, and that Taxa 2 and 4 exhibiGathe full probability of observing the brst position given
the tree is the Probability to:

observe no change betwe¥irA) and Taxon_1(A) given branch lengtin

AND! | observe no change betwe¥A) and Taxon_3(A) given branch lengtin
AND! ! observe a change froK{=A) to Taxon_2(€) given branch lengtin
AND! ! observe a change froK{=A) to Taxon_4(€) given branch lengtiu
AND! | observe no change froK(=A) to Y(=A) given branch lengtis

In probabilistic terms, the full probability of observing stafe$s, A, andG for, respectively, the
sequences 1, 2, 3, and 4, GIVEN that the internal né@eslY exhibit the statd is:

h(A,G,A,G$ X=A,Y=A) = Paa(v1) . Paa(V3) . Pac(V2) . Pac(Va) . Paa(Vs)!! Equation 10

However, we donOt know the unobserved states of the internal nodes, such that the combination
considered aboveXEY=A) is only one possibility. Hence, we have to consider each possible com
bination of states. In the simple tree above, there are only 2 internal nodes and 16 possibilities:

X=A andY=A!l combination 1

X=A andY=G! combination 2

X=A andY=C! combination 3

X=T andY=T! combination 16
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Hence, the full probability of generating the Prst position in the alignment abeystatesA, G,

A, andG for, respectively, the sequences 1, 2, 3, and 4) isuireof the probabilities of combira

tions 1 to 16. In other words, the real (unobserved) states of the internal nodes corresponded to
combination lor combination 2 ...or combination 16. In probabilistic terms, we therefore need to
compute:

Prob(combination ) + Prob(combination 2+ ... +Prob(combination 1§ ! Equation 11
! where Brob(combination JO is equation 10.
To generalize, the likelihood of observing the prst position of the alignment above given the follow

ing tree

‘ s
I N s
. . . .
' . . S
N .
~(A) @ T2
. . .
. . .
AN . .
N ’
AN . .
. . .
.

T3
(A)

IS (equation 12):

h(AG,AG) :gxpxe(w) PxG(VZ)@ny(VS) Pya(v) Pya(v9)

Note the parametey in equation 12, which is the equilibrium frequency of state
Finally, the likelihood of the tree given the full alignment is

L=1 L ! ! ! ! ! ! ! ! ! I Equation 13
! wherelL; is the likelihood of position

To avoid the manipulation of exceedingly small values, it is much more convenient to compute the
log likelihood of a tree as follows:

InL=1 InL ! ! ! ! ! ! ! ! ! ! I Equation 14

Much additional information can be found in the references given i@Baekground&ection
(Section 2) of this manual.
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