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Abstract. Models of sequence evolution play an im-
portant role in molecular evolutionary studies. The use of
inappropriate models of evolution may bias the results of
the analysis and lead to erroneous conclusions. Several
procedures for selecting the best-fit model of evolution
for the data at hand have been proposed, like the likeli-
hood ratio test (LRT) and the Akaike (AIC) and Bayes-
ian (BIC) information criteria. The relative performance
of these model-selecting algorithms has not yet been
studied under a range of different model trees. In this
study, the influence of branch length variation upon
model selection is characterized. This is done by simu-
lating sequence alignments under a known model of
nucleotide substitution, and recording how often this true
model is recovered by different model-fitting strategies.
Results of this study agree with previous simulations and
suggest that model selection is reasonably accurate.
However, different model selection methods showed dis-
tinct levels of accuracy. Some LRT approaches showed
better performance than the AIC or BIC information cri-
teria. Within the LRTs, model selection is affected by the
complexity of the initial model selected for the compari-
sons, and only slightly by the order in which different
parameters are added to the model. A specific hierarchy
of LRTs, which starts from a simple model of evolution,
performed overall better than other possible LRT hierar-
chies, or than the AIC or BIC.
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Introduction

Models of nucleotide substitution—hereafter models of
evolution—play a relevant role in molecular evolution-
ary studies (Lio` and Goldman 1998; Steel and Penny
2000). Models of evolution are commonly used to de-
scribe sequence evolution through the estimation of pa-
rameters such as sequence divergence, base frequencies,
transition/transversion ratios, synonymous/nonsynony-
mous substitutions, divergence times, etc., and for the
estimation of phylogenetic trees. The accurate estimation
of these parameters may depend on the model of evolu-
tion assumed. For example, when a simple model of
evolution is used, transition/transversion ratios and
branch lengths may be underestimated (Adachi and Ha-
segawa 1995; Tamura 1992; Wakeley 1994; Yang
1994a; Yang et al. 1994; Yang et al. 1995). Indeed, the
use of correct models may be crucial to statistical tests of
evolutionary hypotheses (Zhang 1999). Moreover, the
use of a particular model of evolution may change the
results of a phylogenetic analysis (Cunningham et al.
1998; Kelsey et al. 1999; Leitner et al. 1997; Sullivan
and Swofford 1997)—in general, phylogenetic methods
may be less accurate (recover an incorrect tree more
often), or may be inconsistent (converge to an incorrect
tree with increased amounts of data) when the model of
evolution assumed is incorrect (Bruno and Halpern 1999;
Felsenstein 1978; Huelsenbeck and Hillis 1993; Penny etCorrespondence to:David Posada;email: david.posada@byu.edu
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al. 1994). Indeed, model selection is not important just
because of its consequences in sequence analysis, but
because the characterization of the evolutionary process
is itself a legitimate pursuit.

To study the evolutionary process acting at the mo-
lecular level, and because models of evolution may in-
fluence the results of the analysis, the selection of a
particular model of evolution for the analysis of a par-
ticular data set should be justified. A common strategy
for model selection is the arbitrary use of complex,
parameter-rich, models. However, this approach has sev-
eral disadvantages. As a large number of parameters
need to be estimated, the analysis becomes computation-
ally difficult and requires a large amount of time, and
more error is included in each estimate. Ideally, models
should incorporate as much complexity (parameters) as
needed. Several statistical procedures have been adapted
to sequence data for choosing among alternative models
of evolution. Among these, the likelihood ratio tests
(LRTs) (Felsenstein 1981; Felsenstein 1988; Goldman
1993a; Goldman 1993b), and the Akaike information cri-
terion (AIC) (Akaike 1974), are the most commonly used
in sequence analysis (Corneli and Ward 2000; Hasegawa
1990a; Hasegawa 1990b; Muse 1999; Tamura 1994;
Wang et al. 2000). Other model selection strategies, like
the Bayesian information criterion (BIC) (Schwarz
1974), might also be suitable for the selection of a model
of evolution (Morozov et al. 2000).

The absolute accuracy and relative performance of
several statistical procedures for model selection has re-
cently been evaluated under different conditions (Posada
and Crandall 2001a). The study showed that the tree used
for the estimation of the different parameters and likeli-
hood of a particular model of evolution does not affect
model selection as far as this tree is a reasonable estimate
of the phylogeny (i.e., not a random tree). The study also
showed how the parameter addition sequence and the
starting model in the comparisons might have an effect
on the selection of models of evolution. However, only a
few topologies were used in the study to simulate the
data, and the effect of branch length variation in model
selection was not taken into account.

In this study, the performance of different hierarchies
of LRTs, and the AIC and BIC model selection proce-
dures is compared under different branch lengths in four-
taxon trees. This is accomplished by simulating DNA
sequences under a known model of nucleotide substitu-
tion and recording how often this true model is recovered
by the different model-selecting strategies.

Methods

Data Simulation and Models

Nucleotide sequences were simulated under four-taxon trees for which
the lengths for two sets of branches were varied independently (Fig. 1).

The models of nucleotide substitution used in the simulations (the true
models) were the Jukes–Cantor model (Jukes and Cantor 1969) (JC),
the Hasegawa–Kishino–Yano model (Hasegawa et al. 1985) with rate
variation among sites (HKY +G) and the general time-reversible model
(Tavarè1986) with rate variation among sites (GTR +G) (Table 1). The
values of the parameters were arbitrarily chosen to fit into a range of
values commonly observed in real data sets. The rate variation among
sites was incorporated using the discrete gamma distribution with four
rate categories (G) (Yang 1993; Yang 1994b; Yang 1996a). Four dif-
ferent sequence lengths were simulated in the case of the GTR +G

model (100, 500, 1000 and 3000 characters), while for the JC and HKY
+ G models, only 1000 characters were simulated. For each set of
conditions, 100 replicate data sets were simulated using the program
Seq-Gen 1.1 (Rambaut and Grassly 1997).

Likelihood Estimation

The likelihood of a tree is calculated as the probability of observing the
data if the tree is true, under a given model of nucleotide substitution.
To estimate the relative fit of different models to a given data set, the
likelihood obtained for a fixed tree may be contrasted under the alter-
native models. The tree estimated from the data, and used to estimate
the parameters and likelihood of the models compared will be referred
hereafter as thebase tree.Because the base tree does not affect the
model-selection procedure as long as it is an estimate of the phylogeny
and not a random tree (Posada and Crandall 2001a), a neighbor-joining
tree (Saitou and Nei 1987) estimated under the JC model of evolution
was used to estimate the model parameters and the likelihood of the
models. For each simulated data and base tree, twenty-four likelihood
scores, corresponding to twenty-four different models of evolution
(Figure 1), were calculated in PAUP* (Swofford 1998).

Model Selection Strategies

The estimated likelihood scores were used to select the best-fit model
of evolution for each data set using three different strategies and nine
variations of those.

Fig. 1. Parameter space and trees used in the simulations. The three-
branch parameter (p) and the two-branch parameter (q) varied from
0.01 to 0.75 in increments of 0.05. The grid is a 16 × 6 array in which
each square represents 100 simulations.
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Hierarchical likelihood ratio tests (hLRTs).The LRT statistic is
used extensively to compare the quality of fit of two different models:

d 4 2 (ln L1 − ln L0)

whereL1 is the maximum likelihood under the more parameter-rich,
complex model (alternative hypothesis) andL0 is the maximum like-
lihood under the less parameter-rich simple model (null hypothesis).

When the compared models are nested, that is, the null hypothesis
is a special case of the alternative hypothesis, and the null hypothesis
is correct, this statistic is asymptotically distributed asx2 with q de-
grees of freedom, whereq is the difference in number of free param-
eters between the two models (Kendall and Stuart 1979). The appro-
priateness of thex2 approximation of the LRT statistic when comparing
models of evolution has often been debated (Goldman 1993a; Goldman
1993b; Whelan and Goldman 1999; Yang 1996b; Yang et al. 1995).
Moreover, the simplex2 is expected only if the null model corresponds
to fixing some parameters in the alternative model to values inside the
parameter space. When the null model corresponds to fixing one pa-
rameter at the boundary of its range in the alternative model, a mixed
x2 (or x2) distribution, consisting of 50%x2

0 and 50%x2
1, should be used

(Self and Liang 1987). Recent simulation studies using models of evo-
lution reinforce this result (Goldman and Whelan 2000; Ota et al.
2000). In more complicated cases the null distribution of the LRT
statistic might not be known. The effect of using a simplex2 for all
LRTs, the more common way LRTs have been used in the past, is also
evaluated here.

Likelihood ratio tests can be performed in a hierarchical manner to
estimate the best-fit model for a particular data set (Frati et al. 1997;
Huelsenbeck and Crandall 1997; Posada and Crandall 1998; Posada
and Crandall 2001a; Sullivan et al. 1997; Yang et al. 1994). It has been
suggested that the choice of the best-fit model is affected by the order
of parameter addition (Cunningham et al. 1998; Posada and Crandall
2001a). To explore this question, four different hierarchies of LRTs
with different sequence of parameter addition/removal have been used
(hLRT1-hLRT4) (Table 2 and Fig. 2), wherehLRT1 andhLRT3 start
in a simple model (JC) andhLRT2 andhLRT4 start in a complex model
(GTR + I + G).

Traditional statistical tests such as LRTs are designed to reject the

null hypothesis, not to prove it. Because of this, type I error (reject the
null hypothesis when it is true) is perceived to be much more serious
than type II error (fail to reject the null hypothesis when it is wrong).
To adjust for the inflation of type I error when performing multiple
LRTs, a standard Bonferroni correction was applied—because 4 or 5
LRTs were carried out in each case, the individual alpha level was set
to 0.01 in order to preserve on average a family alpha level of 0.05.
Because the null hypothesis can be wrong in many ways, the type II
error is in general unknown. No attempt to correct for type II error was
made, as there is not an obvious procedure to correct for this kind of
error when performing multiple LRTs. Type I and II errors were also
estimated from the performance results for thehLRT strategies.

Dynamical Likelihood Ratio Tests.An alternative to the use of a
predefined hierarchy of LRTs is to let the data itself determine the order
in which the hypotheses are tested. In this way, the hierarchy used does
not have to be the same for different data sets. The algorithms sug-
gested (dLRT1 anddLRT2) are as follows:

Bottom-up (dLRT1)

1. Start with the JC model and calculate is likelihood. This is the
current model.

2. Calculate the likelihood of the alternative models differing by one
assumption and perform the corresponding nested LRTs.

3. If any hypothesis or hypotheses are rejected, the alternative model
corresponding to the LRT with the smallest associated P-value be-
comes the current model. In the case of several equally smallest
P-values, select the alternative model with the best likelihood.

4. Repeat steps 2 and 3 until no hypothesis can be rejected. The current
model is the selected model.

Top-down (dLRT2)

1. Start with the GTR + I+G model and calculate its likelihood. This
is the current model.

2. Calculate the likelihood of the null models differing by one assump-
tion and perform the corresponding nested LRTs.

3. If any hypothesis or hypotheses are not rejected, the null model
corresponding to the LRT with biggest associated P-value becomes
the current model. In the case of several equally biggest P-values,
select the null model with the best likelihood.

Table 1. Simulation parameter values

Parametersa JC HKY +G GTR + G

pA 0.25 0.35 0.35
pC 0.25 0.15 0.15
pG 0.25 0.25 0.25
pT 0.25 0.25 0.25
k — 2 —
wA–C — — 2
wA–G — — 4
wA–T — — 1.8
wC–G — — 1.4
wC–T — — 6
wG–T — — 1

—
a — 0.5 0.5

a p 4 (pA, pC, pG, pT) describes equilibrium base frequencies, and
has three free parameters, because of the constraint that the sum is one.
w 4 (wA–C, wA–G, wA–T, wC–G, wC–T, wG–T) describes the substitution
rates among bases, and has five free parameters, because of the con-
straint wX–Y 4 wX–Y/wG–T. The parameterk describes the transition/
transversion ratio, a specific constraint onw, k 4 (wA–G 4 wC–T/wA–C

4 wA–T 4 wC–G 4 wG–T). The parametera is the shape parameter of
the gamma distribution (G), which was simulated with 4 discrete cat-
egories.

Table 2. Model selection strategies

Methoda
Parameterb

addition Starting model r1
c r2

LRT1 p · k · w · I · G JC — —
LRT2 p · w · k · I · G GTR + I + G — —
LRT3 G · I · k · w · p JC — —
LRT4 G · I · w · k · p GTR + I + G — —
dLRT1 dynamic JC — —
dLRT2 dynamic GTR + I + G — —
AIC1 — simultaneous comparison 2 2
AIC2 — simultaneous comparison 2 5
BIC — simultaneous comparison — —

a hLRT: hierarchical likelihood ratio test.dLRT: dynamical likelihood
ratio test. AIC: Akaike information criterion. BIC: Bayesian informa-
tion criterion. AIC4 r1 × ln likelihood + r2 × number of free param-
eters. BIC4 2 × ln likelihood + ln sample size (number of characters)
× number of free parameters.
b p: base frequencies.k: transition/transversion bias.w: substitution
rates among nucleotides.G: rate heterogeneity among sites.I: propor-
tion of invariable sites.
c rn represents the penalty value.
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Fig. 2. Hierarchical likelihood
ratio tests. Likelihood ratio tests are
used to compare two different
models at a time. The simpler
model represents the null
hypothesis. A model is accepted (A)
or rejected (R) and the next LRT in
the corresponding path is performed
until a final model is selected.
Several starting models (in
parentheses) and several orders of
parameter additions were evaluated
(A–D: hLRT1 to hLRT4). The
models of nucleotide substitution
are: JC (Jukes and Cantor 1969),
K80 (Kimura 1980), SYM
(Zharkikh 1994), F81 (Felsenstein
1981), HKY (Hasegawa et al.
1985), and GTR (Tavare´ 1986).G:
rate heterogeneity among sites; I:
proportion of invariable sites. df:
degrees of freedom.
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5. Repeat steps 2 and 3 until every hypothesis can be rejected. The
current model is the selected model.

The alternative paths the algorithm can generate can be represented
graphically (Fig. 3). Regarding multiple significance, it is not clear how
to consistently apply the Bonferroni correction in this case. The number
of tests performed may vary in each case. Also, several tests are per-
formed but only some of them are actually considered. I decided to use
an individual alpha value of 0.01 in all tests. In any case, the P-values
obtained are generally so small that the different possible corrections
for the Type I error inflation should not change the final outcome.

Akaike information criterion (AIC, Akaike (1974)).The AIC penal-
izes for the increasing number of parameters in the model:

AICi 4 −2 ln Li + 2 Ni

whereNi is the number of free parameters in theith model andLi is the
maximum-likelihood value of the data under theith model. Smaller
AIC values indicate a better fit of the model to the data. I will use the
term AIC1 for this standard definition, as the penalty of the AIC1 was
empirically “tuned” to obtain an AIC2 (AIC2i 4 −2 ln Li + 5 Ni). This
“tuning” was carried out by running several simulations and finding
which penalty would increase the identification of the true model.

Bayesian information criterion (BIC, Schwarz (1974)).The BIC
measures the relative support data give to different models:

BICi 4 −2 ln Li + Ni ln n

wheren is the sample size (sequence length). The smaller the BIC, the
better the fit of the model to the data.

Results and Discussion

Accuracy of Model Fitting

The accuracy of the different model selection strategies
was defined as the number of times a method recovered
the correct model out of the 100 replicates, i.e. the prob-
ability of recovering the true model (Fig. 4). When the
true model was simple (JC), most methods performed
extremely well, with accuracies of 95–100%. However,
the AIC1 only recovered the true model about 50% of the
time. In this case all hypotheses tested are true and type
I error was on average around 4%. When the true model
was of medium complexity (HKY +G), the accuracy of
thehLRT1 method was over 90% in the presence of any
short branches, but vastly decreased when all branches
were medium or long, when the model recovered was
more complex than the true one (due to type II error, see
Fig. 5). The rest of the methods performed much worse

Fig. 3. Dynamic likelihood ratio tests. Starting with the simplest (JC)
or the most complex model (GTR + I +G), LRTs are performed among
the current model and several possible alternative models.p: base

frequencies.k: transition/transversion bias.w: substitution rates among
nucleotides.G: rate heterogeneity among sites. I: proportion of invari-
able sites.
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because an increase of type I, and especially, type II error
(Fig. 5). When the true model was the complex GTR +G,
accuracy increased with more characters, i.e., model se-
lection methods are efficient. With 100 characters, all
methods performed poorly (due mainly to type II error
for the bottom-up approaches; data not shown), although
AIC1 did a little better than the rest. With 500 characters,
the performance ofhLRT1, hLRT3 (due to a big de-
crease in type II error) and AIC1 increased considerably,
especially for trees with short-medium branches. With
1000 characters, most methods recovered the true model
80–100% percent of the time over a large portion of the
branch length space. ThehLRT1 and hLRT3 strategies
performed badly with short internal branches. With 3000
characters most methods showed performance values of
90–100%. ThehLRT3 showed an unexpected decrease
over the upper part of the branch length region. The
proportion of the parameter space more difficult was the
lower left corner, where all branches are very short, and
consequently, simpler models were inferred.

In general, thehLRT1 performed better than the other
strategies, due to its reduced probability of type I and II

error (Fig. 5). For as few as 4 taxa, 1000 characters were
necessary for reasonable success when the true model
was simple or complex. However, it has been shown that
with 10 or more taxa, 500 characters are enough to obtain
good performance (Posada and Crandall 2001a). Me-
dium complexity models seem more difficult to recog-
nize, and type II error becomes common. The AIC1 is
biased towards complex models, and that is the reason
why it performed better than the other methods when
GTR + G was the true model and only 100 or 500 char-
acters were simulated, but also it is the reason it per-
formed much worse than the other methods when the
true model was the simple JC. Increasing its penalty (i.e.,
AIC2) seems to correct for this bias. Failure to identify
the GTR +G in the case ofhLRT2 andhLRT4 is more
often because of type I error, especially for trees with
short internal branches (Fig. 5).

The hLRT3 accuracy pattern was very unusual and
deserves a tentative explanation. For the upper left re-
gion, this method increases its performance from 100 to
1000 characters, but suddenly drops with 3000 charac-
ters. If this pattern is an artifact, it might be due to a bad

Fig. 4. Model selection accuracy.
The probability of selecting the
model that generated the data for
nine different model selection
strategies is presented. Colors
indicate the number of times each
strategy recovered the true model
out of 100 replicates. The axes of
each plot are the same as in Fig. 1.
Each plot is a 16 × 16 array in
which each point represents results
from 100 simulated data sets. The
P-values for the non-boundary
LRTs were obtained by
approximation to a standardx2,
while for the boundary LRTs a
mixed x2 was used.
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Fig. 5. Testing hypotheses. The
conditional probability of rejecting
or failing to reject the null
hypothesis given that the null
hypothesis is true or false is
presented. The axes of each plot are
the same as in Fig. 1. Each plot is a
16 × 16 array in which each point
represents results from 100
simulated data sets with 1000
characters.
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optimization of the likelihood scores for that region. It is
known that, for small number of taxa, estimating the
pattern of among-site rate variation is extremely difficult
under mixed I +G models (Gu et al. 1995; Sullivan et al.
1999). However, other methods use the same likelihood
estimates without showing a similar behavior. It seems
that there might be an alternative explanation. The model
selected in this area is GTR + I + G, which, by looking
at this hierarchy, indicates that the model JC +G is being
rejected incorrectly against JC + I + G (type I error).
While the JC +G likelihood is always equal or worse
than the JC + I + G for all number of characters, and this
difference increases with the number of characters, it
only becomes significantly worse (and the parameter is
incorrectly included in the model) with 3000 characters.
Why this bias occurs precisely in this region of the
branch length space is not obvious.

LRTs and Starting Models

Model selection procedures such as the LRTs necessarily
start with one model, to which other models are com-
pared. An open debate in statistics is whether model
selection procedures should start with a simple model to
which parameters might be added (bottom-up), or with a
complex model from which parameters might be re-
moved (top-down). In the context of nucleotide se-
quences, both approaches have been commonly used
(e.g. Kelsey et al. 1999; Sullivan and Swofford 1997),
although there is no evidence of that either strategy is
superior (but see Posada and Crandall 2001a). For ex-
ample, if we start with the simple JC model, we can add
the parametera (rate variation among sites) and check
whether the likelihood improves significantly (i.e. per-
form the LRT JC vs. JC +G). If this is the case, rate
variation is added to the model, while, if the likelihood
does not improve significantly, rate variation is not
added. In either case, the potential addition of other pa-
rameters is tested in a similar way. On the other hand, we
can start with the complex GTR + I + G and remove the
a parameter from it, to test whether imposing the restric-
tion of no rate variation decreases significantly its like-
lihood (i.e. perform the LRT GTR + I + G vs. the GTR
+ I). If the likelihood does not decrease significantly, rate
variation is removed from the model. If it does decrease,
rate variation is kept in the model. Either way, the re-
moval of additional parameters is tested in a similar fash-
ion.

In this simulation, and for the hierarchical LRTs, the
bottom-up strategies (hLRT1 and hLRT3) seem to per-
form better than the top-down ones (hLRT2 andhLRT4),
although hLRT3 decreases its performance with 3000
characters. In general, bottom-up strategies have more
power and smaller type I error, especially in the case of
the hLRT1. Top-down LRTs are more often subject to

type II error when the true model is HKY +G, but they
are more prone to type I error when the true model was
GTR + G (Fig. 5). In the case of the dynamical LRTs,
however, the top-down approach seems to work slightly
better than the bottom-up approach.

LRTs and the Order of Parameter Addition/Removal

Given that a bottom-up or a top-down approach is taken,
different parameters of the model may be added or re-
moved, respectively, in a specific order. For example, we
can test first for the addition ofk and later for the addi-
tion of p, or vice versa. The order in which parameters
are added or removed determines which hypotheses are
tested in the presence of which parameters. For example,
thek hypothesis can be tested by comparing JC and K80,
with no additional free parameters, or by comparing F81
versus HKY, where the parameterp is also present in
both models.

If the presence of additional parameters does not af-
fect the LRTs, we expect the order in which parameters
are added or removed not to change the final model
selected. Whelan and Goldman (1999), and Goldman
and Whelan (2000) found that this is the case when the
LRT is performed assuming the true model as the null
hypothesis. However, this is not the situation here, as the
null hypothesis will be the true model in only a few of the
LRTs performed. Nor is it the case with real data, as the
true model is unknown. On the other hand, Zhang (1999)
showed that LRTs of the transition/transversion bias or
rate variation are affected by the presence or absence of
other parameters. For example, the failure to take in ac-
count unequal base frequencies led, in Zhang’s simula-
tions, to the rejection of the null hypothesis of no tran-
sition bias much more often than expected. Using an
empirically generated phylogeny, Cunningham et al.
(1998) observed that the choice of the best-fit models
was affected by the order of addition of parameters, but
their conclusion would be the opposite if they had cor-
rected for type I error in their Table 1. In these simula-
tions, the patterns of accuracy ofhLRT1 and hLRT3

(except for 3000 characters), and ofhLRT2 andhLRT4

were very similar, which indicates that the order in which
parameters were added or removed to or from model had
a weak effect. Indeed, other hierarchies of LRTs could
exist where this might not be true. Only in the case of
HKY + G being the true model, testing first for equal
base frequencies (hLRT1) reduced the probability of type
I error.

LRT Distribution and Mixedx2

The wrong use of a standardx2 distribution instead of the
appropriate mixedx2 distribution in the case of boundary
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parameters, did not have a significant influence on the
performance of the different model-fitting strategies. In
fact, the accuracy patterns in the branch space were al-
most indistinguishable (compare Figs. 4 and 6). Al-
though the standardx2 distribution may be significantly
different from the true LRT distribution in the boundary
case, the P-values obtained in LRTs of evolutionary hy-
potheses are often so small that this bias does not com-
promise previous analyses that used the incorrectx2 ap-
proximation. Indeed, the appropriatex2 distribution
should be used in each case.

Relevance of Models

The relevance of models of nucleotide substitution to
molecular evolution and phylogenetic studies is well
documented. Through the selection of a model, the pro-
cess of molecular evolution is characterized. Further-
more, the use of appropriate models is especially critical
for parameter estimation.

The use of naively simple models, even when recov-
ering the correct topology, can result in wrong estimation
of parameters, especially when rate variation is ignored
(Yang 1996a). Simple models tend to underestimate
branch lengths (Adachi and Hasegawa 1995; Tamura
1992; Yang et al. 1994), sequence distances (Golding
1983), transition-transversion ratios (Wakeley 1994;
Yang et al. 1994; Yang et al. 1995), or strength of rate
variation among sites (Yang et al. 1995). Simple models

may be conservative in LRTs of the molecular clock
hypothesis (Zhang 1999).

In general, more complex models will fit the data
better than simpler ones. However, when using complex
models a large number of parameters need to be esti-
mated from the same amount of data, and more error is
included in each estimate. Errors in parameter estimation
may compromise phylogenetic accuracy, especially for
small data sets. Over-parameterization may lead to a loss
of discriminatory power.

Phylogenetic methods often perform worse when the
model of evolution assumed is incorrect (Bruno and
Halpern 1999; Felsenstein 1978; Huelsenbeck 1995;
Huelsenbeck and Hillis 1993). When substitution rates
vary among lineages, the use of an appropriate model is
of utmost importance for obtaining a correct tree topol-
ogy (Philippe and Germot 2000; Takezaki and Gojobori
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 always straightforward (Fukami-
Kobayashi and Tateno 1991; Gaut and Lewis 1995;
Russo et al. 1996; Takahashi and Nei 2000; Yang et al.
1995). Cases where the use of wrong models increases
phylogenetic performance are the exception (e.g. Posada
and Crandall 2001b; Yang 1997), and they might rather
represent a bias towards the true tree associated with
violated assumptions (Bruno and Halpern 1999). Finally,
simple models tend to suggest that a tree is significantly
supported when it cannot be (Yang et al. 1994), and can

Fig. 6. Model selection accuracy
using a standardx2 for all tests.
The probability of selecting the
model that generated the data for
the LRTs selection strategies is
presented. Colors indicate the
number of times each strategy
recovered the true model out of 100
replicates. The axes of each plot are
the same as in Fig. 1. Each plot is a
16 × 16 array in which each point
represents results from 100
simulated data sets. TheP-values
for all LRTs were obtained by
approximation to a standardx2

distribution.
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cause rapidly evolving taxa to be confidently but incor-
rectly grouped (Bruno and Halpern 1999).

Conclusions

The choice of appropriate models is thought to be espe-
cially important when there is large branch length varia-
tion. Here it is shown that there are model selection
procedures that perform well over the branch length
space given enough characters. The order in which pa-
rameters were added or removed to a model did not have
an effect, but the starting model influenced model selec-
tion. A specific hierarchy of LRTs performed slightly
better than other hierarchies, or than the AIC or BIC
strategies. Thex2 distribution used for the LRTs did not
seem to make a difference, although the proper distribu-
tion should be used in each case.

Models are necessary and useful simplifications, and
none of them are exactly correct when dealing with real
data. Even the best-fit model is far from the true model
underlying the evolution of the sequences under study.
Although these simulation results pertain to a perfect fit
between models and data, they offer us some useful in-
sights. If model-fitting procedures are able to recognize
some features of the process of nucleotide substitution in
simulated data sets (equal or unequal base frequencies,
rate variation, etc), it can be expected that the same meth-
ods will recognize these same features in real data sets,
selecting more realistic, although still imperfect, models.
And as more assumptions of a method are justified, the
performance of that method will become better and bet-
ter. Indeed, the identification of best-fit models is of
utmost importance to recognize and understand the pro-
cess of molecular evolution.

Although it is clear that the use of a correct model
improves parameter estimation, the relationship of mod-
els to phylogeny estimation is not straight forward. Ap-
propriate studies are needed in order to understand
whether the use of best-fit models actually improves
phylogenetic reconstruction.

Model fitting should be routine in sequence studies. A
program facilitating this task, Modeltest (Posada and
Crandall 1998), can be downloaded free at http://
bioag.byu.edu/zoology/crandall_lab/modeltest.htm.
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