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Notation:

e M characters, sites, or columns;

N leaves, taxa, or sequences;

K plausible trees to be tested;

B bootstrap replicates;

0 difference in log-likelihood between trees

0(0;,T;|X) is the likelihood of the tree i and the numerical parameters 6; given the data
(proportional to Pr(X16;,T;)

In L(60;,T;|X) is the log-likelihood of the tree i and the numerical parameters 6; given the data
(proportional to Pr(X16;,T;)

d; is the standard deviation of the log-likelihoods for 6;,T;.

6;U) is the standard deviation of the log-likelihoods for 6;, T; computed on bootstrap replicate
j-

Cavender (1978): Citation for Cavender part of CFN model. Defines rejection regions based on
low probability of observing the data patterns. Focusses on regions of pattern count space (for four
taxa) in which the parsimony score of the best tree is at least r steps better than the next best tree.
Table 2 (page 277) shows the critical value of r needed to assure various « values. For a = 0.05
you have the depressing:

M 3 4 10 15 20 30 40
r 2 3 5 7 9 13 15

Notes that Pr conflicting synapomorphy can be as high as 1/4 (and as high as the probability of
the true synapomorphy). He notes that this test is not “locally most powerful” nor is it unbiased.



Points out that you can estimate the tree if you don’t know the number of constant characters
(p278; relevant to the Mkv model of (Lewis, 2001)).

Felsenstein (1985): Introduces the bootstrap to phylogenetics. p784 - use of columns as justifiable.
p786 - test of monophyly of a clade. Reject the alternatives if they occur is 5% of bootstrap
estimates.

p786 - does not correct for inconsistency rather “a confidence interval within which is contained
not the true phylogeny, but the phylogeny that would be estimated on repeated sampling”

p787 - multiple tests problem and need to correct for it.

p787 - difficulties caused by tree space.

p787 - delete 1/2 jackknife

p788 - use of pattern weights to implement bootstrapping.

p790 - perfect Hennigian data, ”rule of three” and discussion of connection to clean data and
random support around a trifurcation.

Gaut and Lewis (1995): Simulation study of ML inference and LRT in the four-taxon case. ML
tree estimation is found to be robust to modeling errors. The authors compare the distribution of
the LRT to the x? and find that they do not match (they mention the possibility of using a mixture
of X2, but also cite Thompson via pers comm to (?) that this may not be a problem in this context
because the likelihood is continuous over the trifurcation). LRT using x3 would reject too often if
the model is too simple.

Sanderson (1995): Extensive discussion of objections to bootstapping centered around independence
of samples and difficulties with defining a universe of characters to sample from.

pp313-315 provide a nice discussion of objections to Neyman-Pearson hypothesis testing in general.

Huelsenbeck et al. (1996): Introduce a likelihood-ratio test for monophyly in which monophyly
is the null. The test statistic is J, the difference in log-likelihoods for the ML subject to the
constraint of monophyly and the ML tree found under no constraints. Significance is assessed using
the parametric bootstrap. They note that the parametric bootstrap is prone to overconfidence
when the model used to generate the data is too simple.

Goldman et al. (2000): Very clear discussion of the selection bias problem in most uses of the KH-
test and survey of the tests up to that point. They introduce a cumbersome scheme of mnemonics:

a priori | posteriori selection of candidates

NonParametric | Parametric

full | partial | no optimization of parameters on bootstrap reps.

centered | uncentered

compare attained ¢ to null distribution: directly | using normality assumption | additional
normal assumptions (& estimated from the sitewise 6(m) values) | stronger assumption that
the sitewise §(m) are normally distributed.

Pg 660 clear description of the SH test:

1. Calculate the test statistic for each tree: & = In L(0,T|X) — In L(6;, T;| X)



2. for each bootstrap rep 1 < 57 < B:
(a) Calculate and store tl(-j) = In L(0;, T;| X )

3. For each tree calculate the centering offset:

B
f:=(1/B)Y_ 7
j=1
4. For each tree 7 and stored bootstrap result j calculate: cz(»j ) = tz(j ) t;

5. For each bootstrap rep 1 < j < B find the largest likelihood relative to the mean for the tree:

%) = max [cz(-j )} over all ¢

6. P-value for T; ~ the fraction of reps for which ¢\9) > §;

Point out (pp661) that if an incorrect (a posteriori) KH test is not significant, then the correct SH
test won’t reject either.

Berry et al. (2000): follows the decision-theoretic framework of Berry and Gascuel (1996) but uses
a quartet-distance as a measure of distance from the true tree. A fully-resolved tree is constructed
and then poorly supported branches are collapsed.

Billera et al. (2001): describe a geometric approach to tree-space that enables a metric distance
that can be used to find centroid trees from a collection of trees (e.g. in summarizing bootstrap
results).

Aris-Brosou (2003b): Discuss the fact that the plethora of tests and differing P-values often reflect
differing nulls. Discusses a “natural” null is that the k trees are equidistance from the unknown,
true distribution (u); thus E,(¢(61,T1|X) = E,{¢(0k,Tk|X)} for all trees in the null. Introduces
two means of reducing the composite hypothesis over trees to a simple hypothesis. In his frequentist
significance test (FST), the mean of the maximized log likelihoods is used as

K
hor(X) = (1/K) Y 00, T3] X)
=1

resulting in a test like the SH test.

In the frequentist hypothesis test (FHT) the ML tree is used to calculate hg -(X); he argues that
this make it similar to the bootstrap.

Argues that FST is geared toward identifying a set of “close” trees; while FHT tries to identify the
true tree.

Analysis of real data points to underparameterization of the available models, and leads to a
recommendation to adopt conservative tests. AU test showed sensitivity to model mis-specification

but still found to be “safer” than other hypothesis tests.

In both cases, the algorithm then consists of the following;:



1. For each tree: 0; = ¢(0;,T;|X) — ho - (X)
2. Calculate the test statistic for each tree: t; = v;/d;

3. for each bootstrap rep j:
(a) s = (80— 41) &)
(b) 59 = min [sgj)} over all i < K

4. P-value for T; ~ the fraction of reps for which §() < ¢;

This is similar to SH, except the test-statistic rather than the resampling is centered.

Aris-Brosou (2003a): A Bayesian version of the methods introduced in Aris-Brosou (2003b) where
the posterior is weight trees in the reduction from complex to simple hypothesis.

Erixon et al. (2003): Simulation study comparing BP to posterior probabilities under the same
model. Find posteriors to be sensitive to model misspecification (high Type I error).

BP tended to be lower than posterior probabilities, and both were lower than the probability of
reconstructing the tree given more data (but they did not sweep over branch length space).

Galtier (2004): analytical and simulation study of the effect on extreme violation of the indepen-
dence assumption (including repeating data patterns and mimicking the effect of pairing across an
RNA stem). Non-independence decrease accuracy of parsimony, but did not decrease BP. “Should
we, therefore, worry about past and future interpretations of bootstrap scores? Probably not too
much because the influence of nonindependence on the bootstrap score appears slight. The overes-
timation was always < 10% in Figure 1.” Consecutive-site vs dispersed bootstrap procedures were
compared and suggested as a means of testing for the effect of non-independence in real analyses.

Huelsenbeck and Rannala (2004): show that posteriors behave as expected when the true param-
eters are drawn from the prior. This paper focusses on Bayesian inference, but is relevant to
the interpretation of other studies that examine whether or not BP can be used as Pr correct
reconstruction.

Anisimova and Gascuel (2006): Approximate LRT for branches introduced. For testing a branch,
0 is calculated by looking for best two ML scores among the three trees that resolve the polytomy
created by collapsing the branch.

26 shown to follow 1y3+ 3x} when null is known a priori. But Bonferroni or “cubic” correction was
needed to account for selection bias. For lower P-values, the Bonferroni correction is to conservative,
and the cubic correction is:
Px1-(1-0a)® = 3a+0(a?)
~ 15— 1.5FX2(25)

where F\2(26) is the cumulative probability function for the X3 evaluated at the LRT (which is 26).
This 1mphes that if § > 2.25, then P-value will be < 0.05.



“When the analysis model describes data well, the type I error rate obtained using Bon-
ferroni corrected mixture distribution is close to the significance level «, so that the stan-
dard LRT remains accurate. Moreover, our results suggest that minor (but detectable)
deviations from model assumptions do not significantly affect its accuracy. However,
when important factors (e.g., transition/transversion ratio, rate variation among sites)
are not accounted for, the test can become very inaccurate.(p545)”

They find 1-BP to be excessively liberal for some tree shapes. They attribute the difference to
plotting Type-I error rates against « cutoffs conditionally on tree shape rather than Pr true branch
vs cutoff binned by BP (which they find to differ based on simulation tree shape).

Svennblad et al. (2006): Detailed discussion of how the Bayesian interpretation of BP given by
Efron et al. (1996) does not correspond to a Bayesian phylogenetic analysis in which the prior
is placed on tree/model parameters (rather than a uniform prior over pattern frequency space).
They also discuss how the set of separately informative data patterns is not the same for ML and
Bayesian approaches (e.g. an AACT pattern would support 12|34 in a Bayesian context, even under
JC, because of interactions between longer on which the changes can occur and the branch length
priors).

Wrobel (2008): Review of topology testing including BP and Bayesian clade posteriors.

Susko (2009): Examining the star-tree (which should correspond to an lfc), Susko shows that
(contra Efron et al., 1996) the BP is not first-order correct. Instead, it is conservative. The general
approach is to look at the distribution of bootstrap scores from points generated at the star tree,
and see how this distribution changes as M increases. If BP were first order correct then, for large
M, the distribution should be uniform (such that 1 — BP is uniform and gives the correct P-value
for any «). In fact, “BP as large as y arises less frequently than y x 100% of the time.” (p218).
Susko attributes this to the relevant lfc being a at a point where three topologies come together.
The AU test returns less biased P-values, but they still do not satisfy first-order correctness.

?: survey of branch support. Simulate under K80+covarion and HKY+I'y models.
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