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1. Disclaimer

This program is free software; you can redistribute it and/or modify it under the terms of the GNU
General Public License as published by the Free Software Foundation; either version 2 of the
License, or (at your option) any later version. This program is distributed in the hope that it will be
useful, but WITHOUT ANY WARRANTY; without even the implied warranty of MERCHANTABILITY
or FITNESS FOR A PARTICULAR PURPOSE. See the GNU General Public License for more details.
You should have received a copy of the GNU General Public License along with this program; if not,
write to the Free Software Foundation, Inc., 59 Temple Place - Suite 330, Boston, MA 02111-1307,
USA. The jModelTest distribution includes Phyml and Consense (Phylip package) executables.
These programs are protected by their own license and conditions, and using jModelTest implies
agreeing with those conditions as well.

2. Purpose

jModelTest is a tool to carry out statistical selection of best-fit models of nucleotide substitution. It
implements five different model selection strategies: hierarchical and dynamical likelihood ratio
tests (hLRT and dLRT), Akaike and Bayesian information criteria (AIC and BIC), and a decision
theory method (DT). It also provides estimates of model selection uncertainty, parameter
importances and model-averaged parameter estimates, including model-averaged phylogenies. The
theoretical background is described elsewhere (Posada and Buckley 2004b; Sullivan and Joyce
2005).

3. Citation

When using jModelTest you should cite all these:

Posada D. In press. jModelTest: Phylogenetic Model Averaging. Molecular Biology and Evolution.

Guindon S and Gascuel O (2003). A simple, fast and accurate method to estimate large phylogenies
by maximum-likelihood". Systematic Biology 52: 696-704.

And if you use jModelTest to build a model-averaged tree, you should also cite this:
Felsenstein, J. 2005. PHYLIP (Phylogeny Inference Package) version 3.6. Distributed by the author.

Department of Genome Sciences, University of Washington, Seattle (USA).
http://evolution.genetics.washington.edu/phylip.html

4. History

Version 0.0 (March 2005): started the program.
Version 0.1 (February 2008): the first version of jModelTest is released.
Version 0.1.1 (April 2008): minor changes.
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5. Usage

jModelTest is a Java program developed in Xcode under MacOS X 10.5. It provides a GUI where
the user can select the input file (a DNA alignment) and specify the different options for the model
selection analysis. To accomplish most of its tasks, jModelTest builds up a pipeline with several
freely available programs:

= ReadSeq (Gilbert 2007): DNA alignment reading.

= Phyml (Guindon and Gascuel 2003): likelihood calculations. In Mac OS X and Linux the
program uses Phyml beta version 3.0, which is faster but can be unstable.

= Consense (Felsenstein 2005): consensus trees.

= Ted (D. Posada): euclidean distances between trees.

5.1 Operative Systems

Although jModelTest it is optimized for MacOS X, executables are provided to run the program
under Windows XP and Linux. In order to avoid potential problems during execution, the program
folder and folders therein should be located under a path without spaces.

5.2 Starting the program

jModelTest can be started in the OS systems described above if a recent Java environment is
properly installed (see http://www.java.com/). After double-clicking on the jModelTest.jar file, the
program console, with several menus and a text panel, should open (Figure 1) (if this does not work,
open a console prompt, move to the jModelTest folder and type “java —jar jModeltest.1.0.jar”). The
text in this console can be edited (“Edit > ...”) and saved to a file, (“Edit > Save console”) or printed
(“Edit > Print console”) at any time.

000 jModelTest 0.1
File Edit Analysis Results Tools Help About

77777777777777777777777777777 JModeltest @.1 --------mmoomomooooooooooo e
(c) 2007 David Posada, Department of Biochemistry, Genetics and Immunology
University of Vige, 3631@ Vigo, Spain. e-mail: dposada®uvigo.es

Tue Jan 22 11:21:39 CET 2008 (Mac 0S X)

BETA NOTICE
This is a beta version. Please report any error or apparent bugs. Thanks.

| Likelihood scores not available No data file loaded

Figure 1. jModelTest console.
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5.3 Input datafiles

The input file for jModelTest is a DNA sequence alignment in any of the formats allowed by
ReadSeq (Gilbert 2007) (see http:/iubio.bio.indiana.edu/soft/molbio/readseq/java/), including fasta,
phylip, nexus, and other standards (note that ReadSeq does not read in long sequence names in
several formats). An input file can be specified by clicking on the menu “File > Load DNA
alignment”.

5.4 Likelihood settings

Likelihood calculations are carried out with Phyml (Guindon and Gascuel 2003). There are 88
models currently implemented in jModelTest, including 11 substitution schemes, equal or unequal
base frecuencies (+F), a proportion of invariable sites (+1) and rate variation among sites with a
number of rate categories (+G) (Table 1). The panel for the likelihood calculations is available from
the menu Analysis > “Compute likelihood scores” (Figure 2). Here it is possible to a large extent to
specify which models will be compared (a minimum of 3, and a maximum of 88). For example, the
user can select a diferent number of substitution schemes, whose exact names will depend on the
+F, +1 and +G options.

3 schemes: JC, HKY and GTR.

5 schemes: JC, HKY, TN, TPM1, and GTR.

7 schemes: JC, HKY, TN, TPM1, TIM1, TVM and GTR.

11 schemes: JC, HKY, TN, TPM1, TPM2, TPM3, TIM1, TIM2, TIM3, TVM and GTR.

For each model, there is the option of fixing the topology or to optimize it. In all cases branch
lengths will be estimated and therefore counted as model paramenters. A fixed tree can be
estimated using the BION] algorithm (Gascuel 1997) with the JC model, or it can be specified by the
user from a file (in Newick format). Alternativel, potentially different BIONJ or a ML tree can be
estimated for each model, which will require more computation time, specially for the ML
optimization. Note that the LRTs methods will only be available when the likelihoods scores are
calculated upon a fixed topology.

e 0O Likelihood settings

Likelihood settings

Number of substitution schemes

O3 Os Oz ® 11

Base frequencies Rate variation C
nCat
™ +F M+ M+G | 4
Base tree for likelihood calculations
O Fixed BIONJ-)C C Fixed user topology
() BION) ® ML optimized
Default Settings Cancel t Compute Likelihods J

Figure 2. Settings for the likelihood calculations.
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The likelihood computations can take a very variable amount of time depending on the data,
number of candidate models and tree optimization. The console will print out the parameter
estimates and likelihood scores (Figure 3). In addition, a progress bar will show how these
calculations proceed (Figure 4).

File Edit Analysis Results Tools Help About

Maximum likelihod estimation for the GTR+G model.

ML optimized tree topology

Model = GTR+G

partition = @12345

-lnL = 1054.7220

K=19

fregh = 0.4236

fregC = @.1519

fregG = ©.2022

freqT = 0.2223

R(a) [AC] = ©.8371

R(b) [AG] = ©.4259

R(c) [AT] = ©.6177

R(d) [CG] = 1.2465

R(e) [(T] = ©@.9172

R(f) [GT] = 1.0000

gamma shape = ©.0300

Computation time = @0h:00:00:03 (@2h:09:@93:07)

Maximum Likelihod estimation for the GTR+I+G model.

ML optimized tree topology

Model = GTR+I+G

partition = ©12345

-lnL = 1@51.7553

K =20

fregh = 0.4229

freqC = ©.1520

freqG = 0.2023

freql = ©.2228

RCa) [AC] = 1.2168

R(b) [AG] = ©.4920

R(c) [AT] = @.7222

R(d) [CG] = 1.5223

R(e) [CT] = 1.1913

R(f) [GT] = 1.0000

p-inv = 0.9030

gamma shape = 97.679@

Computation time = @0h:00:00:07 (02h:09:10:04)

Computation of likelihood scores completed. It took @2h:00:10:04. P |

Likelihood scores loaded for 24 models (optimized trees) aP6.fas

Figure 3. Likelihood calculations.

B a

Calculating TIMI+G (55/88) total time = @0h:00:11:07

resssssesiibes

Cancel

Figure 4. Progress bar for the likelihood calculations.
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Table 1. Substitution models available in jModelTest. Any of these models can include invariable

sites (+l), rate variation among sites (+G), or both (+1+G).

Free Base Substitution
Model  Reference parameters frequencies Substitution rates
(Jukes and Cantor
JC 1969) 0 equal AC=AG=AT=CG=CT=GT 000000
F81 (Felsenstein 1981) 3 unequal AC=AG=AT=CG=CT=GT 000000
K80 (Kimura 1980) 1 equal AC=AT=CG=GT; AG=CT 010010
(Hasegawa, Kishino,

HKY and Yano 1985) 4 unequal AC=AT=CG=GT; AG=CT 010010
TNef (Tamura and Nei 1993) 2 equal AC=AT=CG=GT; AG; CT 010020
N (Tamura and Nei 1993) 5 unequal AC=AT=CG=GT; AG; CT 010020
TPM1 = K81 (Kimura 1981) 2 equal AC=GT; AT=CG; AG=CT 012210
TPM1uf (Kimura 1981) 5 unequal AC=GT; AT=CG; AG=CT 012210
TPM2 2 equal AC=AT; CG=GT,; AG=CT 010212
TPM2uf 5 unequal AC=AT; CG=GT,; AG=CT 010212
TPM3 2 equal AC=CG; AT=GT,; AG=CT 012012
TPM3uf 5 unequal AC=CG; AT=CT; AG=CT 012012
TIM1ef (Posada 2003) 3 equal AC=GT; AT=CG; AG, CT 012230
TIM1 (Posada 2003) 6 unequal AC=GT,; AT=CG; AG, CT 012230
TIM2ef 3 equal AC=AT; CG=GT,; AG; CT 010232
TIM2 6 unequal AC=AT,; CG=CT; AG; CT 010232
TIM3ef 3 equal AC=CG; AT=CGT,; AG; CT 012032
TIM3 6 unequal AC=CG; AT=GT; AG; CT 012032
TVMef  (Posada 2003) 4 equal AC; AT, CG; GT; AG=CT 012314
TVM (Posada 2003) 7 unequal AC; AT; CG; GT; AG=CT 012314
SYM (Zharkikh 1994) 5 equal AC; AG; AT; CG; CT; GT 012345
GTR = REV (Tavaré 1986) g unequal AC; AG; AT; CG; CT; GT 012345
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5.5 Model selection and averaging

Once all likelihood scores are in place, models can be selected according to different criteria from
the menu (“Analysis > ...”).

5.5.1 Akaike information criterion (AIC)

Under the AIC framework, the user can select whether to use the AlCc (corrected for small samples)
instead of the standard AIC, which is the default (Figure 5). If the AICc is specified, the user needs to
specify the sample size, which by default is the number of sites in the alignment. A confidence
interval (Cl) of models including a specified fraction of the models (by default 100%) will also be
built according to the cumulative weight. When model does not fit completely within the CI (the
previous model in the sorted table has a cumulative weight below the Cl and this model has a
cumulative weight above the Cl and) it will be included in the CI with a probability equal to the
portion of its cumulative weight that is inside the Cl. For example, in the table displayed in the
Figure 5, the model F81+G has a probability of (0.9500 — 0.9412) / 0.0220 = 0.4 of being include
within the 95% CI.

Parameter importances are rescaled by the total weight of the models included in the confidence
interval. In order to obtain and model averaged estimates, weights are rescaled by the parameter
importance. If the user wish to do so, a block of PAUP* commands specifying the likelihood settings
of the AIC model can be written to the console.

e O Akaike Information Criterion (AIC) Settings

AIC Settings

Sample size

! Use AICc correction

100

0

™ Do model averaging 0 20 40 60 80 100

™ Calculate parameter importances Confidence interval

) Write PAUP* block

Default Settings Cancel Do AIC calculations

Figure 5. Options for the AIC selection.

Once the calculations have been carried out, the program reports the model selected, which is the
one with the smallest AIC. Model selection uncertainty is displayed in a table in which models are
sorted in increasing order according to their AIC score. This table also includes the AIC differences
and the relative and cumulative AIC weights (Figure 6). These results are also available at the

"Model > Show model table" menu, in which the selected model is displayed in red. After this, the
confidence interval, parameter importances and model-averaged estimates are displayed (Figure 7).
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_______________________________________________________________ 2
- -
. AKAIKE INFORMATION CRITERION (AIC) .
- L
Model selected:
Model = F81+I
partition = 200000
-lnL = 1@53.5426
K =14
freghA = 0.4199
freqC = @.1559
freqt = @.2015
freqT = @0.2227
p-inv = 0.9050
* AIC MODEL SELECTION : Selection uncertainty
Model -lnL K AIC delta weight cumiNeight
F81+I 1853.5426 14  2135.@853 0.0000 0.4329 0.4329
HKY+I 1853.@685 15 2136.1371 1.8518 0.2559 @.6888
F81+1+G 1853.5486 15 2137.@973 2.0120 0.1583 9.8471
HKY+I4G 1@53.e76@ 16 2138.1521 3.0668 0.0934 @.9405
F81+G 1856.547@ 14 2141.0941 6.0088 0.0215 0.9619
GTR+I 1851.7484 19  2141.4968 6.4115 0.0175 @.9795
HKY+G 1056.0339 15  2142.0677 6.9824 0.0132 0.9927
GTR+I+G 1851.7553 2@ 2143.51@5 8.4252 0.0064 9.9991
GTR+G 1054.7220 19 2147.4441 12.3588 0.0009 1.0000
F81 1064.9642 13 2155.9284 20.8431 1.29%e-005 1.0000
HKY 1064.4392 14 2156.8784 21.7931 B8.02e-006 1.0000
GTR 1063.1661 18 2162.3322 27.2469  5.25e-007 1.0000
JC+I 11@3.11@9 11  2228.2219 93.1366 2.58e-021 1.0000
K8@+1 1102.7@25 12  2229.4050 94.3197 1.43e-021 1.0000
JC+I+G 11@3.117@ 12 2230.2340 95.1488 9.44e-022 1.0000
K8@+I+G 1102.7@88 13  2231.4176 96.3323 5.23e-022 1.0000
1046 1106.4447 11 2234 .889%4 99.8041 9.21e-023 1.0000
K8@+G 1185.99e6 12 2235.9813 100.896@0 5.33e-023 1.0000 .
SYM+I 1102.5299 16 2237.0599 101.9746 3.11e-023 1.0000 -
SYM+I+G 1102.5367 17 2239.@735 103.9882 1.14e-023 1.0000 v
Likelihood scores loaded for 24 models (optimized trees) aP6.fas

Figure 6. Results of the AIC selection. -InL: negative log likelihood; K: number of estimated
parameters; AlIC: Akaike Information Criterion; delta: AIC difference; weight: AIC weight;
cumWeight: cumulative AIC weight.
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_______________________________________________________________ 2
- -
. AKAIKE INFORMATION CRITERION (AIC) .
- L
Model selected:
Model = F81+I
partition = 200000
-lnL = 1@53.5426
K =14
freghA = 0.4199
freqC = @.1559
freqt = @.2015
freqT = @0.2227
p-inv = 0.9050
* AIC MODEL SELECTION : Selection uncertainty
Model -lnL K AIC delta weight cumiNeight
F81+I 1853.5426 14  2135.@853 0.0000 0.4329 0.4329
HKY+I 1853.@685 15 2136.1371 1.8518 0.2559 @.6888
F81+1+G 1853.5486 15 2137.@973 2.0120 0.1583 9.8471
HKY+I4G 1@53.e76@ 16 2138.1521 3.0668 0.0934 @.9405
F81+G 1856.547@ 14 2141.0941 6.0088 0.0215 0.9619
GTR+I 1851.7484 19  2141.4968 6.4115 0.0175 @.9795
HKY+G 1056.0339 15  2142.0677 6.9824 0.0132 0.9927
GTR+I+G 1851.7553 2@ 2143.51@5 8.4252 0.0064 9.9991
GTR+G 1054.7220 19 2147.4441 12.3588 0.0009 1.0000
F81 1064.9642 13 2155.9284 20.8431 1.29%e-005 1.0000
HKY 1064.4392 14 2156.8784 21.7931 B8.02e-006 1.0000
GTR 1063.1661 18 2162.3322 27.2469  5.25e-007 1.0000
JC+I 11@3.11@9 11  2228.2219 93.1366 2.58e-021 1.0000
K8@+1 1102.7@25 12  2229.4050 94.3197 1.43e-021 1.0000
JC+I+G 11@3.117@ 12 2230.2340 95.1488 9.44e-022 1.0000
K8@+I+G 1102.7@88 13  2231.4176 96.3323 5.23e-022 1.0000
1046 1106.4447 11 2234 .889%4 99.8041 9.21e-023 1.0000
K8@+G 1185.99e6 12 2235.9813 100.896@0 5.33e-023 1.0000 .
SYM+I 1102.5299 16 2237.0599 101.9746 3.11e-023 1.0000 -
SYM+I+G 1102.5367 17 2239.@735 103.9882 1.14e-023 1.0000 v
Likelihood scores loaded for 24 models (optimized trees) aP6.fas

Figure 7. AIC confidence interval, parameter importances and model-averaged estimates.

10
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5.5.2 Bayesian information criterion (BIC)
The options (Figure 8) and results for the BIC selection are analogous to those described above for
the AIC, expect for the lack of a correction for small samples.

80N
~BIC Settings
Sample size
631

M Calculate parameter importances Sl
]
T 4
8 Do model averaging 0 20 40 60 80 100

) Write PAUP* block

{ Default Settings J l Cancel J { Do BIC calculations

Figure 8. Options for the BIC selection.

5.5.3 Decision theory performance-based selection (DT)

The options for the DT selection (Figure 9) are analogous to those described above for the BIC.
However, the calculation of weights here is different. This because DT statistic is of a different
nature, and the standard theory does not apply anymore. Right now, the DT weights are simply the
rescaled reciprocal DT scores ((1/DT;)/sum). The weights reported here are very gross and should be
used with caution. Remember also that parameter importances and model averaged estimates use
these weights.

80N
DT Settings
Sample size
631

M Calculate parameter importances Sl
]
T 4
8 Do model averaging 0 20 40 60 80 100

) Write PAUP* block

{ Default Settings J l Cancel J { Do DT calculations

Figure 9. Options for the DT performance-based selection.

11
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5.5.4 Sequential likelihood ratio tests (sLRTs)

Sequential likelihood ratio tests for model selection can be implemented under a particular
hierarchy of likelihood ratio tests (sLRTs), in which the user can specify the order of the LRTs and
whether parameters are added (forward selection) or removed (backward selection) (Figure 10).

Alternatively, the order of the LRTs can be set automatically or dynamically (dLRTs) by comparing

the current model with the one that is one hypothesis away and provides the largest increase (under
forward selection) or smallest decrease (under backward selection) in likelihood (Figure 11). The
sLRTs will be available only if the likelihoods scores were calculated upon a fixed topology, due to
the nesting requirement of the chi-square approximation.

™ O Hierarchical Likelihood Ratio Tests (hLRT) Settings

hLRT Settings
Confidence level LRT Forward/Backward Selection
0.01 @™ Forward () Backward
Hypotheses order
freq M -
Perform dynamical LRTs
titv A * v
2tidty e
gamma v
pinv " Write PAUP* block
Default Settings Cancel Run
Figure 10. Options for the sequential LRTs.

The number and type of hypotheses tested (i.e., of LRTs performed) will depend on the particular
models included in the candidate set. The possible tests are:

= Base frequencies

freq = unequal base frequencies (option +F, Figure 2).

= Substitution constraints (nss = number of substitution schemes in Figures 2 and 11)

titv = transition/transversion ratio (nss=3,5, 7, 11).

2ti4tv = 2 different transition rates and 4 different transversion rates (nss = 3).
2ti = 2 different transition rates (nss =5, 7, 11).

2tv = 2 different transversion rates (AC=GT and AT=CG when nss = 3 and 5; all
options for nss = 11).

4tv = 4 different transversion rates (nss =5, 7, 11).

® Rate variation among sites

gamma = gamma-distributed rate heterogeneity (option +G, Figure 2).
pinv = proportion of invariable sites (option +I, Figure 2).

In the case of the TIM and TPM family for nss = 11, the model with highest likelihood (TIM1 or

TIM2 or TIM3; TPM1 or TPM2 or TPM3) will be used in the LRT. The level of significance for each

individual LRT can be specified. By default this is value 0.01. The standard chi-square
approximation is used in all tests, except for those involving gamma distributed rate variation among
sites or a proportion of invariable sites, where a mixed chi-square is used instead. The default

hierarchy for 24 models (nss=3, +F, +I, +G), in which the order of tests is titv-2titv-pinv-gamma is

displayed in Figure 13.

12
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3 substitution types

JC <™ 5 HKY <Y 5 GTR

5 substitution types TPM1
JC <™ 5 HKY <
TN <> GTR
7 substitution types
4tv TVM 2ti
TPM1 GTR
JC < 5 HKY / \ TiM14*
11 substitution types _— ity TVM ot
/ TPM2 GTR
TPM3\TIM1
JC < 5 titv HKY TIM2 4tv
\ TIM3
Figure 11. Possible LRTs for different substitution types according to the number of substitution

schemes specified (Figure 2). The exact names of the models compared will change according to the
+F, +1 and +G options and the outcome of their LRTs.

5.6 Model averaged phylogeny

Like any other model parameter, the program can compute a model averaged estimate of the tree
topology (Figure 12). This estimate is obtained by calculating a weighted (using will be AIC, BIC or
DT weights) consensus (majority rule) from all the trees corresponding to the models in the
candidate set (or within a given confidence interval) (Figure 13). This option is only available when
the tree topology has been optimized for every model. A strict consensus can also be computed,
although in this case the weights have no meaning.

13
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~Phylogenetic averaging

~Criterion for tree weights

Qac Oacc Osc OQor

~Consensus type Confidence interval = 100%

@ Majority rule () Strict |---|---|---|---|--9
0 20 40 60 80 100

[ Default Settings ] [ Cancel ] [ Run J

Figure 12. Options for the sequential LRTs.

File Edit Model Analysis Tools Help About

rGT 1.0000
pinv(I) 0.9046
alpha(G) 0.0289
pinv(IG) 0.9046
alpha(I6) 97.8056

™

Numbers have been rounded.

(I): considers only +I models.
(G): considers only +G models.
(IG): considers only +I+G models.

Setings:

Consensus tree obtained with the Consense program from the PHYLIP package by Joe Felsenstein
Consensus type = 50% majority rule

Using AIC weigths as tree weights

Using 24 models in the 1.8@ confidence interval = F814I HKY+I F81+4I+G HKY+I+G F81+G GTR+I
HKY+G GTR+I+G GTR+G F81 HKY GTR JC+I K8@+I JC+I+G KB8Q+I+G JC+G KB@+G SYM+I SYMeI+G SYMsG IC
K80 SYM

Model averaged phylogeny = (((P4:1.9,P5:1.0):0.96,(P6:1.9,P1:1.0):1.0):1.0,P2:1.0,P3:1.0);

Numbers on branches represent phylogenetic uncertainty due to model selection.

<>

Likelihood scores loaded for 24 models (optimized trees) aPé6.fas

Figure 13. Console output showing a model-averaged phylogeny for 24 models with the AIC.

14
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6.1 LRT calculator

The program includes a very simple calculator to perform likelihood ratios tests using the standard
or a mixed chi-square approximation (Figure 14). The models tested should be nested (the null
hypothesis is a special case of the alternative hypothesis).

B

a

6o~ = WRraatr

r=InL null model

2345.1325

rLikelihood Ratio Test for Nested Models

~-In alternative model
2342.1783

~degrees of freedom

3

~Chi-square distribution

@ standard () Mixed

LRT = 5.908401
P-value = 0.116153

l Default Settings

J

Cancel J Run

Figure 14. LTR calculator.

6.2 Results table

The likelihood scores (Figure 15) and the results from the different analyses (Figure 16) are stored in
a table that can be displayed at any time from the menu “Results > Show results table”.

r

a

eoc~ 0 Resus 0000000000000

[ Models | AIC AlCc BIC DT !

1D ' Name | Partition | =InL p | fA |fC |fG
1[3C 000000 1,114.978 10|- - - .
2/1C+1 000000 1,103.111 11/- - -
3/1C+G 000000 1,106.445 11/- - -
4)JC+I+G  |000000 1,103.117 12/- - -
5/F81 000000 1,064.964 13/0.4203 0.1546 0.2C
6/F81+I 000000 1,053.543 14/0.4199 0.1559 0.2C
7/F81+G 000000 1,056.547 14/0.4203 0.1547 0.2C
8/F81+I+G (000000 1,053.549 15/0.42 0.1558 0.2C
9/K80 010010 1,114.505 11/- - -
10/K80+I 010010 1,102.702 12[- - -
11/K80+G 010010 1,105.991 12[- - -
12/K80+I1+G [010010 1,102.709 13[- - -
13|HKY 010010 1,064.439 14/0.4204 0.1544 0.2C
14/HKY+I 010010 1,053.068 15/0.4201 0.1556 0.2C
15/HKY+G 010010 1,056.034 15/0.4204 0.1544 0.2C
16/HKY+I+G |010010 1,053.076 16/0.4204 0.1555 0.20
17[TrNef 010020 1,114.406 12/- - -4
18(TrNef+1 010020 1,102.642 13[- - I
4 >

Decimal numbers are rounded. Click on column headers to sort data in ascending or descending order (+Shift)

14 January 2008

Figure 15. Model table showing the likelihood scores and parameter estimates for each value.

15



jModelTest ¢ phylogenetic model selection and averaging

["Models | AIC | Alcc BIC DT !

ID Name | Partition | =InL p AlC | deltaAlC | weig
1 Jc 000000 1114.9777 |10 2249.9554 (114.8702 [0.0 4
2 JC+I 000000 1103.1109 /11 2228.2219 93.1366 0.0
3 JC+G 000000  |1106.4447 |11 2234.8894 |99.8041 0.0
4 JC+I1+G 000000  |1103.117 |12 2230.234 |95.1488 |0.0
5 F81 000000  |1064.9642 |13 2155.9284 |20.8431 |0.0
6 F81+l 000000 1053.5426 |14 2135.0853 |0.0 0.1¢
7 F81+G 000000 1056.547 |14 2141.0941 |6.0088 0.0¢
8 F81+I+G |000000 1053.5486 |15 2137.0973 |2.012 0.07
9 K80 010010 1114.5054 |11 2251.0108 |115.9256 0.0
10 K80+! 010010 1102.7025 |12 2229.405 |94.3197 0.0
11 K80+G 010010 1105.9906 |12 2235.9813 |100.896 0.0
12 K80+1+G 010010 1102.7088 |13 2231.4176 |96.3323 0.0
13 HKY 010010 1064.4392 |14 2156.8784 |21.7931 0.0
14 HKY +I 010010 1053.0685 |15 2136.1371 1.0518 0.11
15 HKY+G 010010 1056.0339 |15 2142.0677 |6.9824 0.0C
16 HKY+I+G 010010 1053.076 |16 2138.1521 |3.0668 0.04
17 TrNef 010020  |1114.4055 |12 2252.8109 |117.7256 |0.0 *
18 TrNef+l 1010020 _ 11102.642 |13 2231.284 |96.1987 0.0 ¥
&= — <4 >
Decimal numbers are rounded. Click on column headers to sort data in ascending or descending order (+Shift
14 January 200

Figure 16. Model table showing the AIC scores and related measures. The AIC model is indicated in
red.

7. The package

The jModelTest package includes several files in different subdirectories. These files should not be
moved around. It is best to put the jModelTest folder in a path without spaces.

jModelTest

+ - doc

+ - examples

e exe
+ ---- phyml
+ ---- consense
+ - ted

+ jModelTest.x.x.jar

+ o license

+ README.html
README.html: quick instructions and comments for users.
/doc/jModelTest.x.x.pdf: Documentation in PDF format
/examples/example.nex: an example data file in NEXUS format
/exe/phyml/*: phyml executables for mac OS X, windows and linux.
/exe/consense/*: consense executables for mac OS X, windows and linux.

/exe/ted/*: ted executables for mac OS X, windows and linux.

/license/gpl.html: GNU general public license in HTML format
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7.1 Example file

The example file (example.nex) included is an alignment of 10 DNA sequences 1000 bp long. This
alignment was simulated on a tree obtained from the coalescent process and under the HKY+I
model, with these parameter values:

Effective population size = 10000

Mutation rate per nucleotide per site = 5e-5
Base frequencies (A, C, G, T) = 0.4, 0.2, 0.1, 0.3
Transition/transversion rate = 4

Alpha parameter of the gamma distribution = 0.4

8. Theoretical background

All phylogenetic methods make assumptions, whether explicit or implicit, about the process of DNA
substitution (Felsenstein 1988). Consequently, all the methods of phylogenetic inference depend on
their underlying substitution models. To have confidence in inferences it is necessary to have
confidence in the models (Goldman 1993b). Because of this, it makes sense to justify the use of a
particular model. Statistical model selection is one way of doing this. For a review of model
selection in phylogenetics see Sullivan and Joyce (2005) and Johnson and Omland (2003). The
strategies includes in jModelTest include sequential likelihood ratio tests (LRTs), Akaike Information
Criterion (AIC), Bayesian Information Criterion (BIC) and performance-based decision theory (DT).

8.1 Sequential Likelihood Ratio Tests (sLRT)
In traditional statistical theory, a widely accepted statistic for testing the goodness of fit of models is
the likelihood ratio test statistic (LRT):

LRT =2 (¢,-1,)

where £, is the maximum likelihood under the more parameter-rich, complex model (alternative
hypothesis) and £, is the maximum likelihood under the less parameter-rich simple model (null

hypothesis). When the models compared are nested (the null hypothesis is a special case of the
alternative hypothesis) and the null hypothesis is correct, the LRT statistic is asymptotically
distributed as a x* with g degrees of freedom, where g is the difference in number of free parameters
between the two models (Kendall and Stuart 1979; Goldman 1993b). Note that, to preserve the
nesting of the models, the likelihood scores need to be estimated upon the same tree. When some
parameter is fixed at its boundary (p-inv, a), a mixed »’ is used instead (Ohta 1992; Goldman and
Whelan 2000). The behavior of the x* approximation for the LRT has been investigated with quite a
bit of detail (Goldman 1993a; Goldman 1993b; Yang, Goldman, and Friday 1995; Whelan and
Goldman 1999; Goldman and Whelan 2000).

8.1.1 hLRT

Likelihood ratio tests can be carried out sequentially by adding parameters (forward selection) to a
simple model (JC), or by removing parameters (backward selection) from a complex model
(GTR+1+Q) in a specific order or hierarchy (hLRT; see Figure 17). The performance of hierarchical
LRTs for phylogenetic model selection has been discussed by Posada and Buckley (2004a) .
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Equal base '\J,(S)
frequencies (3 df) F81
/ \
Transition rate equals Jc F81
transversion rate (1df) vs Vs
K80 HKY.
) \ \\
Equal transition rates and Pf;sso H‘fs‘(
equal transversion rates (4 df) SYM GTR
A B A
Equal rates JC K80 SYM F81
among sltes (1 df) vs vs Vs Vs Hv? GstR
JCiG K80+G SYM+G F81+G HKY+G GTR+G

No Invariable Jc JC+G K80 K80+G SYM SYM+G F81 F81+G HKY HKY+G GTR GTR+G
sites (1 df) vs Vs Vs vs Vs Vs vs Vs Vs \5 vs vs

JC+ JC++G K80+l K80+1+G SYM+ SYM+I+G F81+l F81+1+G HKY-+1 HKY+I+G GTR+l GTR++G

A/\R A/\R A/\R A/\R A/\R A/\R A/\R A/\R A/\R A/\R A/\R AR

VP N P S A s S SAY=F A W A N L e

MODEL SELECTED Jc JC+G K80 K80+G SYM SYM+G F81 + HKY HKY+G GTR GTR+G
JC+I JC++G K80+! K80++G SYM+| SYM++G F81+l F81+1+G HKY+I HKY+I+G GTR+l GTR+H+G

Figure 17. Example of a particular forward hierarchy of likelihood ratio tests for 24 models. At any
level the null hypothesis (model on top) is either accepted (A) or rejected (R). In this example the
model selected is GTR+I.

8.1.2 dLRT
Alternatively, the order in which parameters are added or removed can be selected automatically

(Figure 18). One option to accomplish this is to add the parameter that maximizes a significant gain
in likelihood during forward selection, or to add the parameter that minimizes a non-significant loss

in likelihood during backward selection (Posada and Crandall 2001a). In this case, the order of the

tests is not specified a priori, but it will depend on the particular data.

Figure 18. Dynamical likelihood ratio tests for 24 models. At any level a hypothesis is either

accepted (A) or rejected (R). In this example the model selected is GTR+1. Hypotheses tested are: F =

base frequencies; S = substitution type; | = proportion of invariable sites; G = gamma rates.
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8.2 Akaike Information Criterion

The Akaike information criterion (AIC, (Akaike 1974) is an asymptotically unbiased estimator of the
Kullback-Leibler information quantity (Kullback and Leibler 1951). We can think of the AIC as the
amount of information lost when we use a specific model to approximate the real process of
molecular evolution. Therefore, the model with the smallest AIC is preferred. The AIC is computed
as:

AIC =-2/+2K,

where £ is the maximum log-likelihood value of the data under this model and K; is the number of
free parameters in the model, including branch lengths if they were estimated de novo. When
sample size (n) is small compared to the number of parameters (say, n/K < 40) the use of a second-
order AIC, AIC, (Sugiura 1978; Hurvich and Tsai 1989), is recommended:

2K(K +1)

AIC, = AIC + ,
n-K-1

The AIC compares several candidate models simultaneously, it can be used to compare both nested
and non-nested models, and model-selection uncertainty can be easily quantified using the AIC
differences and Akaike weights (see Model uncertainty below). Burnham and Anderson (2003)
provide an excellent introduction to the AIC and model selection in general.

8.3 Bayesian Information Criterion
An alternative to the use of the AIC is the Bayesian Information Criterion (BIC) (Schwarz 1978):

BIC =-2/+Klogn

Given equal priors for all competing models, choosing the model with the smallest BIC is equivalent
to selecting the model with the maximum posterior probability. Alternatively, Bayes factors for
models of molecular evolution can be calculated using reversible jump MCMC (Huelsenbeck,
Larget, and Alfaro 2004). We can easily use the BIC instead of the AIC to calculate BIC differences
or BIC weights.

8.4 Performance-based selection

Minin et al. (2003) developed a novel approach that selects models on the basis of their
phylogenetic performance, measured as the expected error on branch lengths estimates weighted by
their BIC. Under this decision theoretic framework (DT) the best model is the one with that
minimizes the risk function:

-BIC; /2

‘ e
-BIC; /2
=1 2 e !
Jj=1

where
23

B -B[ - IE (B, - B,y
=1

and where t is the number of taxa. Indeed, simulations suggested that models selected with this
criterion result in slightly more accurate branch length estimates than those obtained under models
selected by the hLRTs (Minin et al. 2003; Abdo et al. 2005).
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8.5 Model Uncertainty

The AIC, Bayesian and DT methods can rank the models, allowing us to assess how confident we
are in the model selected. For these measures we could present their differences (A). For example,
for the ith model, the AIC (BIC, DT) difference is:

A, = AIC, - min(AIC),

where min AIC is the smallest AIC value among all candidate models. The AIC differences are easy
to interpret and allow a quick comparison and ranking of candidate models. As a rough rule of
thumb, models having A; within 1-2 of the best model have substantial support and should receive
consideration. Models having A; within 3-7 of the best model have considerably less support, while
models with A; > 10 have essentially no support. Very conveniently, we can use these differences to
obtain the relative AIC (BIC) weight (w) of each model:

exp(-1/2A,;)
W, = "Qr
Er=lexp(—1/2A,)

which can be interpreted, from a Bayesian perspective, as the probability that a model is the best
approximation to the truth given the data. The weights for every model add to 1, so we can establish
an approximate 95% confidence set of models for the best models by summing the weights from
largest to smallest from largest to smallest until the sum is 0.95 (Burnham and Anderson 1998, pp.
169-171; Burnham and Anderson 2003). This interval can also be set up stochastically (see above
“Model selection and averaging”). Note that this equation will not work for the DT (see the DT
explanation on “Model selection and averaging”).

8.6 Model Averaging

Often there is some uncertainty in selecting the best candidate model. In such cases, or just one
when does not want to rely on a single model, inferences can be drawn from all models (or an
optimal subset) simultaneously. This is known as model averaging or multimodel inference. See
Posada and Buckley (2004a) and references therein for an explanation of application of these
techniques in the context of phylogenetics.

Within the AIC or Bayesian frameworks, it is straightforward to obtain a model-averaged estimate of
any parameter (Madigan and Raftery 1994; Raftery 1996; Hoeting, Madigan, and Raftery 1999;
Wasserman 2000; Burnham and Anderson 2003; Posada 2003). For example, a model-averaged
estimate of the substitution rate between adenine and cytosine (pA-C) using the Akaike weights (w;)
for R candidate models would be:

R
a EMWI‘ I, (M) @,
Ps-c =
W+((pA—C)

where
R
W+ ((pA—C) = Ei=1 WiI(PAfc (Ml)

and

1if is in model M.
I (M)= Du_c . i
Pac 0 otherwise
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Note that need to be careful when interpreting the relative importance of parameters. When the
number of candidate models is less than the number of possible combinations of parameters, the
presence-absence of some pairs of parameters can be correlated, and so their relative importances.

8.6.1 Model averaged phylogeny

Indeed, the averaged parameter could be the topology itself, so we could construct a model-
averaged estimate of phylogeny. For example, one could estimate a ML tree for all models (or a best
subset) and with those one could build a weighted consensus tree using the corresponding Akaike
weights. See Posada and Buckley (2004a) for a practical example.

8.7 Parameter importance

It is possible to estimate the relative importance of any parameter by summing the weights across
all models that include the parameters we are interested in. For example, the relative importance of
the substitution rate between adenine and cytosine across all candidate models is simply the

denominator above, W+ (@ac).
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