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Abstract

Models of nucleotide substitution are commonly used in the analysis of
DNA sequences. In this unit a protocol is described for the use of the
program MODELTEST (coupled with PAUP*) to find the best-fit model
of substitution for the sequence alignment at hand. An example data
file is analyzed and the interpretation of the results is discussed. Some
background theory on model selection and a discussion of the
relevance of models is included at the end of the unit.



Choosing the best-fit model of nucleotide substitution

Models of nucleotide substitution are commonly used in the analysis of
DNA sequences, especially in the estimation of evolutionary
parameters and in the construction of phylogenetic trees. A common
problem that a researcher has to face is the objective selection of such
a sample. The program MODELTEST (Posada and Crandall, 1998)
offers two sound statistical procedures to carry out this choice.

This protocol describes the joint use of the program MODELTEST and
PAUP* (Swofford, 2000) to select the best-fit model of nucleotide
substitution for a given set of aligned DNA sequences. The three basic
steps within this protocol consist of the estimation of a phylogenetic
tree, the estimation of likelihood scores for the candidate models, and
the selection of a particular model given these likelihood scores. The
first two procedures are carried in the program PAUP* with a batch file
included in the MODELTEST package. The discussion in this unit
summarizes the theory behind the procedure and provides several
caveats and guides for interpretation of the results. Particular
comments about the implementation different platforms are also
given. Users are encouraged to download the most current versions
from the MODELTEST and PAUP* Web site

USING MODELTEST AND PAUP* TO SELECT A MODEL OF
NUCLEOTIDE SUBSTITUTION

Necessary Resources

Hardware

The program MODELTEST is a standalone application compiled for
Linux, Unix, Windows and Macintosh platforms. The C code is freely
available, and therefore the program can be compiled in any platform
and ran in any computer. The program PAUP* is also available in a
variety of platforms.

Software

MODELTEST was developed to work with the output provided by the
program PAUP* although alternative programs might be used for the
calculation of likelihood scores. The interaction between PAUP* and
MODELTEST is described in Figure 6.5.1. MODELTEST and PAUP can be



obtained from the web sites described at the end of this unit.
MODELTEST is freely available, while PAUP* is commercial software
licensed by Sinauer.

Data Files

The initial data file with aligned DNA sequences should be in any of the
formats recognized by PAUP* (e.g., NEXUS, PHYLIP, PIR). Figure 6.5.2
shows an example file in sequential NEXUS format. A PAUP* batch file
is included in the MODELTEST package in order to obtain an output file
from PAUP* that is becomes the input for MODELTEST. The
MODELTEST package includes several files in different subdirectories:

README.html: quick instructions and comments for the users.
/batch/modelblock: the batch file with PAUP* commands to obtain

likelihood scores for the competing models in the proper format
for MODELTEST

/bin/Modeltest3.1.mac: A Macintosh (OS 9) executable
/bin/Modeltest3.1.macX: A Macintosh (OS X) executable
/bin/Modeltest3.1.win.exe: A Windows executable
/doc/Modeltest3.1.pdf: Documentation in PDF format
/license/gpl.html: GNU general public license
/sample/sample.nex: an example data file in NEXUS format
/sample/sample.scores: file with likelihood scores produces by *PAUP

after loading sample.nex and executing the modelblock batch
file.

/sample/sample.log: a log file describing the calculations performed by
PAUP* to obtain sample.scores

/sample/sample.out: the output file of MODELTEST resulting from the
analysis of sample.scores.

/source/modeltest3.1.c: ANSI C source code
/source/Makefile: Makefile for compilation of MODELTEST in UNIX-like
environments

The example file (sample.nex) included in MODELTEST and used also
as an example here is a simulated data set with 10 aligned DNA
sequences 1000 bp long. This alignment was simulated on a tree
obtained from coalescent process and under the HKY+I model, with
the next 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

Loading the data file in PAUP*

PAUP* is commonly used in Macintosh OS 9, where a complete GUI
application is available. In Windows PAUP* has a much simpler GUI,
but enough for the purposes here. This part protocol will refer to the
GUI versions of PAUP* (Macintosh and Windows), but it will also
describe how the same can be accomplished in the command line
versions (Unix-like environments).

1. Start PAUP* by double-clicking on the application file

In Unix type paupx.x in the command line.

2. Select Open from the File Menu in the PAUP* interface.

In the browser window that appears set the Initial mode to
Execute, and then select your data file (in this example use
sample.nex), which should be in NEXUS format.  In Unix type
execute sample.nex. PAUP* will display information indicating
whether the file has been correctly processed. If the file is not in
NEXUS format, the GUI version of PAUP* can still import it if it is
in PHYLYP, MEGA, PIR or MSF format (other less common
formats are also admitted). Go to the File Menu and select
Import Data. Set the options to the proper Format, Data type
and check the Interleaved button if your sequences are in
interleaved format (see elsewhere). The file will be then opened
automatically in the *PAUP editor in NEXUS format. You can now
save this file (File > Save) or execute it (File > Execute).

Executing the modelblock batch file in PAUP*

3. Select Open from the File Menu in the PAUP* interface. This will
make PAUP to run for some time (minutes to hours) and to generate a
file with likelihood scores and parameter estimates (sample.scores)
(Figure 6.5.3).

In the browser window that appears set the Initial mode to Execute,
and then select the batch file modelblock.  In Unix type execute
modelblock. PAUP*will start processing the commands modelblock first



estimate a neighbor-joining tree, and then to calculate likelihood
scores for 56 substitution models. The likelihood calculations can take
from a few minutes (like for sample.nex) to even days, depending on
the complexity of the data. Remember that at this point you are just
running PAUP* (you have not used MODELTEST yet). Two files will be
created during this run in the PAUP* directory. The file sample.scores
will be the input file for MODELTEST, and it is often convenient to
rename it to yourdata.scores. The other file produced by PAUP*,
sample.log, it is just intended to check that everything has proceeded
normally.

Running MODELTEST

Again, this part protocol will refer to the GUI versions of MODELTEST
(Macintosh), but it will also indicate how the command-line versions of
MODELTEST can be used (Windows and Unix-like environments).

4. Double click the MODELTEST application file. This will bring up a
GUI (Figure 6.5.4) where the input and output files can be selected,
and where arguments can be specified.

5. Click on the left File button. This will bring up a browser window to
select the file with the likelihood scores (i.e., sample.scores)

6. Click on the right File button. This will bring up a browser window to
select the file where MODELTEST will print out the results (e.g.,
yourdata.modeltest.out). Alternatively, the output can be saved after
execution.

7. Type in the Argument line any of the arguments to change the
default options. Possible arguments (explained in the program
documentation) are:

-a : alpha level for the LRT tests (e.g. -a0.01)
-c : Likelihood Ratio calculator mode
-i : AIC calculator mode
-f : Input from a file for AIC calculation
-? : Help

8. Click on the Run button. The analysis will be finished in a few
seconds. If you have not previously selected an output file, go to the
File menu and select Save. The MODELTEST analysis is done.



In Unix and Windows MODELTEST has to be executed from the
command line. In the case of Windows this command line is accessed
through a DOS window (MS-prompt, Console). Consult specific
Windows documentation for information on command-line features. To
automatically carry out steps 4-7 of this protocol in Windows or Unix
type in the command line modeltest3.1 < sample.scores >
modeltest.out. Options can be entered, for example, by typing
modeltest3.1 –a0.01 < sample.scores > modeltest.out.



THE MODELTEST OUTPUT

The first section of the MODELTEST output consists of the log
likelihood scores from the file sample.scores. This feature provides an
easy check of the procedure and a simultaneous display of the
likelihoods for all the 56 substitution models compared in MODELTEST
3.1 (Figure 6.5.5). The other sections of the output relates to two
main statistical procedures to select a best-fit model, the hierarchical
likelihood ratio tests (hLRT) and the Akaike Information criterion
(AIC).

In the case of the hLRT procedure (Figure 6.5.6), MODELTEST prints
first information about the likelihood ratio tests performed, including
the corresponding P-value.  Next, MODELTEST describes the model
selected, indicating the values of the parameter of this sample. It is
important to note that these estimates were obtained by PAUP*, not
by MODELTEST. MODELTEST does not estimate any parameter.
Finally, MODELTEST prints out a block of commands for PAUP*. These
commands can be very useful if the user wants to use the best-fit
model for further analyses, for example to estimate a phylogeny (see
elsewhere in the Unit) in PAUP*. In order to use it, this command
block should be copied and pasted after the data block in the NEXUS
file (i.e., sample.nex). When such file is then executed in PAUP*, these
commands will automatically set up the selected sample.

In the AIC section (Figure 6.5.7) MODELTEST prints again a
description of the selected model and a block of PAUP* commands.
The last part of the AIC output is the AIC differences (called deltas)
and the Akaike weights for every model, which can be used to get an
idea of model selection uncertainty. The models are ordered according
to their Akaike weights, and the first model it is always the model
selected by the AIC.

INTERPRETING MODELTEST RESULTS

There are two different statistical approaches to model selection
implemented in MODELTEST (LRT and AIC), and in some cases they
will indeed select different models. Believing more the results from one
or the other technique is really up to the philosophy of the particular
user, and such a choice should be made upon a good understanding of
both approaches. An introduction to these model selection strategies
and some useful references can be found at the end of the unit.



Results from the example data set (sample.nex)

The hierarchical likelihood ratio tests selected the HKY+G ( = HKY+G)
model as the best-fit model for the sample.nex data set (Figure 6.5.6).
There were a total of six LRT performed, two of them rejected, and
four of them accepted. The hypothesis tested by each LRT is indicated,
as well as the log likelihood corresponding to the models contrasted,
the number of degrees of freedom, the value of the LRT and the
associated P-value. Parameter estimates corresponding to the best-fit
model (these estimates were calculated by PAUP*) are also indicated.
If the goal is to estimate a phylogenetic tree, these parameters can be
fixed and a heuristic search performed under the maximum likelihood
criterion. The commands require to load this model in PAUP are below
in the MODELTEST window (not shown in this figure, but see Figure
6.5.7).

The AIC criterion also selected the HKY+G model as the best-fit model
(Figure 6.5.7). The corresponding log likelihood, AIC and parameters
estimates are also indicated. In Figure 6.5.7 we can also see the set of
PAUP* commands that the user can attach to its NEXUS file to specify
this model in PAUP* for further analysis.  The Akaike weights are also
indicated. In this case we can see that there is not that much
confidence in the best-fit model, but it rather seems that there is a set
of perhaps four plausible models  (models having deltas (Di) within 1-2
of the best model have substantial support; see the background
section) that could be considered.

In this case both strategies have identified the true model as the best-
fit model (remember that the sample.nex data set was simulated
under the HKY+G model). In general, this seems the case with model
selection strategies (Posada, 2001; Posada and Crandall, 2001b),
which suggests that model selection strategies can successfully
identify features from the data. However, a very important
consideration is that in real life the true model will not be one of our
candidate models. We are trying to approximate an unknown complex
model, not to find the true sample.

COMMENTARY

Background Information



Selecting Models of Evolution

Phylogenetic estimation is problem of statistical inference. When using
DNA sequences to estimate phylogenetic relationships we need to
specify some probability model that describes the different
probabilities of change from one nucleotide to another. However, this
model is not always made explicit, like in the case of maximum
parsimony. Indeed, models are not just interesting from the point of
phylogenetic reconstruction, but also because models of substitutions
are themselves descriptions of the evolutionary process at the
molecular level. Importantly, models do not try to mimic the exact
process of molecular evolution, which indeed is unknown, but they
rather try to approximate it.

Common models of nucleotide substitution include parameters that
describe base frequencies, the substitution rates among the four
nucleotides or the distribution of the rate of evolution among sites
(rate variation) and among lineages (the molecular clock). Some
models assume that the base frequencies are equal, while other
models allow them to vary freely, with the only constraint that they
have to add to 1. When reversibility of change is assumed, i.e., the
probability of changing from nucleotide i to nucleotide j is the same as
the probability of changing from nucleotide j to nucleotide i, there are
six possible substitution rates among the four nucleotides (rAC, rAG,
rAT, rCG, rCT, rGT). Complex models allow these six rates to vary
freely, while less complex models place some constraints on their
variation (for example, that all transitions and all transversions have
the have the same rate; rAG = rCT ≠ rAC = rAT = rCG = rCT). Rate
variation among sites can be included in the model by simply
assuming that there is a proportion of invariable sites (p-inv) while the
rest of the sites evolve at the same rate. Or we can assign to each site
a certain probability of belonging to a specific rate category. This set of
probabilities is conveniently described by a discrete gamma
distribution with four categories (G) (Yang, 1994; Yang, 1996). When
the shape parameter of the gamma distribution (a) is small most of
the sites evolve very slowly, but a few sites have moderate-to-fast
rates. When a increases, most of the sites evolve at medium rates,
and a few at slow and fast rates. When a is infinity, all the sites evolve
at the same rate. Also, we can consider that rates of evolution may be
different in different parts of the tree. Figure 6.5.5 describes the basic
substitution models included in MODELTEST. For those interested in
details of the models, Swofford et al. (Swofford et al., 1996) provide a
comprehensive review of common models. More complex models
indeed exist (e.g. Goldman and Yang, 1994; Huelsenbeck, 2002;



Huelsenbeck and Nielsen, 1999; Muse and Gaut, 1994; Schöniger and
von Haeseler, 1994; Thorne et al., 1998; Tuffley and Steel, 1998), but
their application is still uncommon, mainly because these models have
not yet been implemented in software packages.

Goodness of fit

It is important to understand how well the models we use to make
inferences fit the data. A way of assessing the fit of a single model to
the data is to calculate the maximum value of the likelihood function
under the multinomial distribution as an upper bound to which the
likelihood of any model can be compared as a test for model fit
(Goldman, 1993). The likelihood function under the multinomial
distribution refers to an unconstrained model of evolution, and for n
aligned DNA sequences of length N sites (excluding gapped sites) it
has the form

L =  (pb )nb

bŒ¬
’

where ¬  is a set of 4n possible nucleotide patterns that may be
observed at each site, pb  is the probability that any site exhibits the
pattern b in ¬ given the tree and a substitution model, and nb is the
number of times the pattern b is observed out of the N sites. We
should realize, however, that this test is very stringent, and most
models offer a significantly worse fit that the multinomial. This does
not imply that the models we use today are inadequate to provide
reasonable estimates, but rather that current models do not provide a
perfect description of the underlying evolutionary process. Since we
never expect model of evolution to be correct in every detail, this test
is perhaps best used to estimate how far the assumed model deviates
from the underlying process that generated the data (Swofford et al.,
1996).

The Likelihood Ratio Test

The likelihood ratio test (LRT) statistic is one of the most widely used
tools for comparing the fit of two competing models:

LRT = 2 (ln L1 – ln L0)



Here L1 is the likelihood maximized under the more complex model
(which is the alternative hypothesis) and L0 is likelihood maximized
under a simpler model (null hypothesis). The value of the LRT is
always equal to or greater than zero, even if the simpler model is the
true one, simply because the superfluous parameters in the complex
model will always provide a better explanation of the stochastic
variation in the data than the simpler sample. When the models
compared are nested (the simple model is a special case of the
complex model) twice this statistic is asymptotically distributed as c2

with a number of degrees of freedom equal to the difference in
number of free parameters between the two models. When the P-value
associated to the LRT is significant (i.e. smaller than some
predetermined value, like 0.05) we conclude that the additional
parameters in the complex model increase significantly the fit to the
data. On the other hand, a LRT close to zero suggests that the
complex model does not fit the data significantly better than the
simple sample.  The c2 distribution approximation for the LRT statistic
is not appropriate when the null model is equivalent to fixing some
parameter at the boundary of its parameter space in the alternative
model (Whelan and Goldman, 1999). In this case, the use of a mixed
c2 distribution (50% c0

2  and 50% c1
2 ) is appropriate. An example of this

situation is a LRT between two models that differ only in that the
complex model includes a parameter for the proportion of invariable
sites, which ranges from 0 to 1. The simple model is a special case of
the complex model where the proportion of invariable sites is fixed to
0, which is at the boundary of the range of the parameter in the
complex sample. The use of LRTs in phylogenetics is reviewed by
Huelsenbeck and Crandall (1997) and Huelsenbeck and Rannala
(1997).

Hierarchical Likelihood Ratio Tests

We can consider that when we compare two different nested models
through a LRT we are actually testing hypotheses about our data,
represented by the difference in the assumptions among the models
compared. Therefore, we think of testing several hypotheses in a
hierarchical manner to “arrive” to the best-fit model for the data set at
hand (Frati et al., 1997; Huelsenbeck and Crandall, 1997; Posada and
Crandall, 1998). For example, to test the equal base frequencies
hypothesis, we could do a LRT comparing JC vs. F81, as these models
only differ in the fact that F81 allows for unequal base frequencies
(alternative hypothesis), while JC assumes equal base frequencies



(null hypothesis).  This is one of the strategies implemented in
MODELTEST (Figure 6.5.8).

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), which is a measure of the
information that is lost when a model is used to approximate full
reality. The smaller the AIC, the better the fit of the model to the data.
This is approximately equivalent to minimizing the expected Kullback-
Leibler distance between the true model and the estimated sample.
The AIC penalizes for the increasing number of parameters in the
model, so it is taking into account not only the goodness of fit but also
the variance of the parameter estimates. It is computed as:

AICi = -2 ln Li + 2 Ni,

where Ni is the number of free parameters in the ith model and Li is
the maximum-likelihood value of the data under the ith sample.

The AIC offers several interesting advantages. First, the AIC compares
several candidate models simultaneously (while the LRT is a pairwise
comparison). Second, it can be used to compare both nested and non-
nested models. And third, model-selection uncertainty can be easily
quantified using the AIC differences and Akaike weights. AIC
differences (Di) are rescaled AICs, where the model with the minimum
AIC has a value of 0:

  

† 

D i = AICi -minAIC

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 Di within 1-2 of the best model have substantial support and
should receive consideration. Models having Di within 3-7 of the best
model have considerably less support, while models with Di > 10 have
essentially no support (Burnham and Anderson, 1998). Akaike weights
are the normalized relative AIC for each candidate model, and can be
interpreted as the probability that a model is the best approximation to
the truth given the data:
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for R candidate models.  A very interesting application of the Akaike
weights is that inference can be averaged from those models where
the Akaike weights are nontrivial. For example, a model-averaged
estimate of a (the shape of the gamma distribution for rate variation
among sites) would be:

  

† 

ˆ a = wi ˆ a ii=1

R

Â

Indeed, we could also think of estimating phylogenies under the best
models and combine these trees according to their Akaike weights
Burnham and Anderson (1998) provide an excellent introduction to the
AIC and model selection.

The Importance of Models Selection

The relevance of models of nucleotide substitution in evolutionary
studies has been extensively discussed. It is clear that the use of one
model of evolution or another may change the outcome of the
phylogenetic analysis (Cunningham et al., 1998; Kelsey et al., 1999;
Leitner et al., 1997; Posada and Crandall, 2001a; Sullivan and
Swofford, 1997). The performance of a method is maximized when its
assumptions are satisfied, and therefore some indication of the fit of
the data to the phylogenetic model is necessary (Huelsenbeck, 1995).
In general, phylogenetic methods perform worse when the model of
evolution assumed is incorrect (Bruno and Halpern, 1999; Felsenstein,
1978; Huelsenbeck, 1995; Huelsenbeck and Hillis, 1993). Cases where
the use of wrong models increases phylogenetic performance (see
Posada and Crandall, 2001c; Xia, 2000; Yang, 1997) are exceptional
and rather represent a bias towards the true tree associated with
violated assumptions (Bruno and Halpern, 1999). However, the
relationship between the fit of the model to the data and the ability of
the model to correctly predict topology is not completely
straightforward (Buckley, 2002; Gaut and Lewis, 1995). Topology
estimation by methods such as maximum-likelihood is relatively robust
to the model used (Fukami-Kobayashi and Tateno, 1991; Sullivan and
Swofford, 2002; Yang et al., 1995). The evaluation of reliability of the
estimated trees depends critically on the model; false or simple



models tend to suggest that a tree is significantly supported when it
cannot be (Buckley and Cunningham, 2002; Buckley et al., 2001; Yang
et al., 1994). The use of appropriate models is especially critical for
parameter estimation. When a relatively simple model of substitution
is assumed, the transition/transversion ratio, branch lengths, and
sequence divergence are underestimated, while the shape parameter
of the gamma distribution is overestimated (Adachi and Hasegawa,
1995; Buckley et al., 2001; Tamura, 1992; Wakeley, 1994; Yang et
al., 1994; Yang et al., 1995). Moreover, the outcome of different tests
of evolutionary hypotheses, like the molecular clock, may depend on
the model of evolution assumed (Zhang, 1999). Also, simple models of
substitution can increase the number of false positives when
comparing tree topologies (Buckley, 2002).

Critical Parameters and Troubleshooting

MODELTEST is a fairly simple program, and the other parameter that
can be set is the alpha level for the individual LRT tests, which by
default is set to 0.01. This values aims to provide a family alpha
level of 0.05, and results from a standard Bonferroni correction
considering that there will be 5 or 6 LRT performed (the exact
number of LRT cannot be known a priori). Sometimes problems
arise because of the interaction with PAUP*, and the user should check
PAUP* web site in case of problems with the format of the likelihood
scores file (sample.scores). It is important to distinguish whether we
are running PAUP* or MODELTEST. To keep up to date with problems
and or updates of MODELTEST, the user needs to register its copy.
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Burnham and Anderson. 1998. See above.

This book provides a very clear and accessible explanation of different
issues around model selection, particularly for the AIC. The book is
written by ecologists and it includes many biological examples. A
fundamental reference for any biologist doing data analysis.

Swofford et al., 1996. See above.

This chapter is still the most comprehensive review of phylogenetic
inference today. It provides a detailed description of several
substitution models and their use in phylogenetics.

Posada and Crandall. 2001b. See above.

A simulation study of the performance of different strategies for
selecting models of substitution. Includes a detailed description of the
different selection strategies.

Internet Resources

http://www.evolgenics.com/software

MODELTEST Web site

http://paup.csit.fsu.edu/index.html

PAUP* Web site



Figure legends

Figure 6.5.1. Flow chart of the model selection procedure using PAUP*
and MODELTEST.

Figure 6.5.2. Aligned sequences in sequential Nexus format in the file
sample.nex. This file can be read by PAUP*.

Figure 6.5.3. Likelihood scores for different models of substitution in
the file sample.scores. This is the format require by MODELTEST.

Figure 6.5.4. MODELTEST 3.1 GUI in Macintosh OS 9. The input file
can be chosen by selecting the left File button, while MODELTEST
output can be redirected to a file by selecting the right File button.
MODELTEST arguments can be entered in the Argument field.

Figure 6.5.5. Basic 14 models of substitution included in MODELTEST.
Circles represent base frequencies, while rectangles represent
symmetric substitution rates among nucleotides. Frequencies or rates
with the same color are constrained within the same parameter. The
number of free parameters for each model is the number of different
colors minus two (because base frequencies have to add to one and
the substitution rate G¤T is arbitrarily set to 1). Each one of this
models can also include rate heterogeneity by specifying a proportion
of invariable sites (+I), gamma distributed rates (+G), or both (+I+G).
This makes 14 x 4 = 56 models in MODELTEST. For example, there
will be JC, JC+I    JC+G, and JC+I+G models.

Figure 6.5.6. Section of the MODELTEST output corresponding to the
hierarchical likelihood ratio tests (hLRT).

Figure 6.5.7. Section of the MODELTEST output corresponding to the
Akaike Information Criterion (AIC).

Figure 6.5.8. MODELTEST hierarchical likelihood ratio tests. At each
level the null hypothesis (upper model) is either accepted (A) or
rejected (R). The models of DNA substitution are: JC (Jukes and
Cantor, 1969), K80 (Kimura, 1980), TrNef (TrN equal base
frequencies; see below), K81 (Kimura, 1981), TIMef (TIM with equal
base frequencies), TIV (TIV with equal base frequencies), SYM
(Zharkikh, 1994), F81 (Felsenstein, 1981), HKY (Hasegawa et al.,
1985), TrN (Tamura and Nei, 1993), K81uf (K81 unequal base
frequencies; see above), TIM, TIV, and GTR (Rodríguez et al., 1990).



G: shape parameter of the gamma distribution; I: proportion of
invariable sites. df: degrees of freedom.



Input the scores file in MODELTEST

Execute the batch file modelblock in PAUP*

Execute NEXUS file with aligned sequences in PAUP*

model.scores

PAUP* run produces

BEST-FIT MODEL OF NUCLEOTIDE SUBSTITUTION

Run MODELTEST

PAUP* loads the data

model.nex

Intepret the results
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