
Lecture 8 – Searching Tree Space 
 

I. Introduction: There are many uses of phylogenies (I would say most) for which a “good” tree 
isn’t good enough, and we really are interested in (at least trying to find) the best tree under 
some optimality criterion.  

 
Papers published in the phylogenetics literature almost always include phylogenies produced 

using some type of search of the vast tree space, under at least one (often two or three) of 
the optimality criteria we’ve discussed. 

 
These searches range from exact searches (very rarely), that guarantee that we’ll find the 

optimum topology(ies), to heuristic searches, that aim to search only a portion of the tree 
space. Heuristic searches traditionally work by hill climbing, and therefore are not 
guaranteed to find the optimal tree(s); that is, they are susceptible to becoming trapped on 
local rather than global optima. 

 
We can think of the problem in terms of tree space, with the array of possible trees spread out in 

two dimensions and the third dimension being optimality. So each tree has an optimality 
score, and trees are linked by a single branch swap (which we’ll examine in a few minutes).  

 
There may be local optima, regions of tree space that contain good, but not best trees. These are 

called tree islands. 
 
The challenge is to traverse tree space, avoiding these local optima, and find the global 

optimum. The degree to which there are multiple peaks in this tree landscape determines 
how difficult a task this is. 

 
II. Exact Searches – There are two ways that we can guarantee that we’ll find the globally 

optimum tree.  
 

A. Exhaustive Searches 
 
The most straightforward manner in which to do this is to look at all possible trees. Doing so 

will hit all optimality peaks, and we are guaranteed to find the global optimum. 
 
Obviously, this is limited to small data sets, but understanding how an exhaustive search works 

will facilitate our discussion of other types of searches. 
 
Exhaustive searches first require a means of generating all possible topologies for a particular 

set of taxa. 
 
This is accomplished via a search tree. We’ve already hinted at what a search tree is in our 

look at stepwise-addition algorithms.  
 



 
This is a central concept in searching for optimal trees because it conveniently defines tree 

space and provides a way to traverse it. 
 
We can also use this approach to get a rough idea if our data contain phylogenetic information 

by looking at the shape of the distribution of tree scores. 
 
Random data (i.e., with no hierarchical structure) should have a distribution of tree scores that 

is roughly normal. Conversely, data that do contain phylogenetic signal should have a 
skewed distribution of tree lengths.  

 
Thus, a tree-score distribution that is significantly skewed is a good sign. Lots of papers used 

to report skewness statistics (which can be estimated from a tree-score distribution of 
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random sample of trees rather than the exact distribution produced by exhaustive searches). 
However, this is a very low hurdle and there is virtually always a significant skew. 

 
The structure of the search tree also suggests a more efficient exact search. 
 
B. Branch & Bound Searches 
 
This method uses the search tree, and first follows some path until all taxa are added.  
 
The score of the tree is then stored as the current bound, and another path through the search 

tree is traversed.  
 
As soon as the current bound is exceeded, passage out the current branch of the search tree is 

halted. There’s no way that proceeding out the path (i.e., adding taxa) will shorten the tree 
(if the criterion is parsimony), so no phylogeny farther out that part of the search tree can be 
optimal.  

 
This approach allows one to conduct an exact search, without having to examine all possible 

trees. The approach is viable for up to around 14 - 15 taxa for parsimony and clean data. 
 

IV. Heuristic Searches – As I’ve mentioned, for most applications we’re forced to search for 
optimum trees using some type of heuristic search.  

 
These are not guaranteed to find optimal trees.  
 
The most common implementation of heuristic searches generates a starting tree with one of 

the algorithmic approaches (usually stepwise addition), and then tries to improve on this tree 
by a series of local rearrangements. 

 
Rearrangements are accomplished via branch swapping, and there are a number of 

approaches. We’ll look at three, from least to most rigorous. 
 
A. Nearest-neighbor interchange (NNI) is the least rigorous swapping approach.  
 

Consider the six-taxon tree show below: 
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There are two possible NNI rearrangements per internal branch. These are indicated by the 
arrows for the thick middle branch. For a tree with n taxa, there are n – 3 internal branches. 
Thus, there are 2(n – 3) NNI rearrangements for any tree.  

 

 
 
This figure shows all 6 possible NNI rearrangements of this tree.  
 
Note that, for six taxa there are 105 possible topologies, and a greedy NNI search might only 

examine 7 (the starting tree plus all six rearrangements). 
 
B. Subtree Pruning-Re-grafting (SPR) is a more rigorous swapping scheme. 
 

This method operates by breaking all branches to make subtrees and grafting the subtrees 
onto each branch of the remaining trees. Consider again the same 6-taxon tree: 
 
 
Here, we have labeled the internal branches x, y, & z. 
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The idea is to generate subtrees by breaking each branch, and then re-grafting the subtrees in 
all possible ways: 

 

This shows the SPR rearrangements that result from pruning branches x, y, & z. 
In addition, each of the terminals would be pruned and regrafted to all possible branches. 
 
Thus, there will be 4(n – 3)(n – 2) SPR rearrangements. For this six-taxon tree, there would 
be 48 rearrangements of 105 possible trees, so SPR searches tree space pretty well for 6 taxa. 
However, some of the 48 rearrangements are redundant, so we aren’t actually looking at 48 
unique trees. 
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C. Tree bisection-reconnection (TBR) is the most rigorous strategy for branch swapping. 
 

 
 
 
If we bisect the tree at branch x and reconnect to branch u, we would get the tree shown. 
Reconnections would also be made to branches z, w, & v. 
 
 

 
 
If we bisect the tree at branch y and reconnect to branch v, we would get the tree shown. 
Reconnections would also be made from branch to branches y’ & w, from branch s to 
branches y’, v, & w, and from branch y to branches v & w. 
 
All branches are bisected, and reconnected in all possible ways. It’s not possible to generalize 
how many TBR rearrangements could be made for a tree of a given size (as we could with 
NNI & SPR), but TBR swapping searches tree space more thoroughly than SPR or NNI. 
 
So, of the three commonly applied branch-swapping strategies, NNI is the least rigorous, 
SPR is next, and TBR is the most rigorous. 

 
By building a starting tree and hill climbing from it, we can conduct a heuristic search of 

tree space. 
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D. The next question of how greedy should we be? 
 

Let’s use as an example a smallish 26-taxon data set,  
 
First, let’s be very greedy.  
 
It’s common to encounter ties during tree building. During the stepwise addition of taxa to 

build a starting tree, I only saved one tree per step (arbitrarily the first of the shortest 
options). 

 
 Furthermore, we can encounter ties during branch swapping. That is, we may swap to a new 

tree that has the same score we’re swapping. A greedy approach will ignore that, and only 
reset the tree for swapping if we find a better tree. I only swapped on the single shortest 
tree I’ve saved. 

 
NNI, I’ll look at 42 trees (if I ignore ties). 
SPR, I’ll look at 2072 trees (if I ignore ties). 
TBR, I’ll look at 5816 trees (if I ignore ties). 

 
We can be far less greedy by saving multiple trees at each step in stepwise addition (and 
therefore using more than one starting tree for swapping), and by saving all possible optimal 
rearrangements for branch swapping. 
 

So now,  NNI: 140 
SPR: 6212 
TBR: 16,604 

 
In this case, I found the same trees as the more greedy approaches, but that’s often not the 

case. 
 
 

E. Avoiding Local Optima with Random Addition Sequences 
 

Due to the hill-climbing nature of these heuristic searches, they are prone to getting stuck in 
local optima. These are tree islands that don’t contain the globally optimal tree(s).  

 
The most common thing that is done to check for tree islands is to use the addition-sequence 

dependence of step-wise addition in building starting tees. 
 
We mentioned earlier that the order in which we sequentially add taxa in step-wise addition 

can have an influence on the tree that is built. 
 
If these different starting trees occur on different tree islands, we may be able to avoid 

becoming trapped on a local optimum. 
 



Typically, this is done by using random addition sequences to build the starting trees, and 
swapping is conducted to completion on each. We may use 100 random addition 
sequences, or as many as practical. 

 
So in the above example, using the least greedy strategies and using starting trees generated 

by 100 random addition sequences, we’ll look at 341,355 different trees. 
 

 First     Last                     First   Times 
Island      Size      tree      tree        Score    replicate     hit 
---------------------------------------------------------------------- 
     1         2         1         2          278            1      99 
     2         1         -         -          279           97       1 
 
So there are two islands, one with two trees of 278 steps and one with one tree of 279 steps.  
 
This approach is usually used for data sets of up to around 100-200 taxa. 
 

V. Newer Approaches for Large Datasets (which are becoming the norm). 
 

These are based on the idea that we may be better off spending less effort searching one 
island and more effort searching for multiple islands. 

 
A. Transforming Tree Space 

 
One implementation of this concept is called the Parsimony Ratchet, and it’s also known as 

Island Hopper. This was developed by Nixon (1999. Cladistics 15:407-414.) and is 
implemented in TNT (Goloboff et al. 2008. Cladistics 24:774-786). 

 
The idea is to alternate between searches using the original data matrix and searches on a 

perturbed data matrix.  
 
So, we get a starting tree by stepwise addition from the data with equal weights.  
 
Then, some random subset (usually 20 –25 %) of the characters is given additional weight. 

This perturbed data set is searched with TBR greedy swapping, but using the starting tree 
generated by the original stepwise addition on the original data. 

 
Once a new tree is found, the original weights are restored and TBR swapping is conducted 

in the new tree with the equally weighted data. 
 
This process is iterated a couple hundred times to complete a run. 
 
The idea is that the perturbations allow one to visit novel tree islands that would not be 

examined using conventional heuristic search strategies. 
 
This has been shown to be very effective and efficient for data sets of up to 500 taxa. It finds 

shorter trees much faster than conventional heuristic searches. 



 
The method is called the Parsimony Ratchet, but it can be applied to searches under any 

optimality criterion (Vos, 2003, Syst. Biol. 52:368-373). 
 

B. Simulated Annealing 
 
In the mid 1980’s, computer scientists developed Simulated Annealing, a method of 
optimization designed to search a large, complex, discrete search space.  

 
It applies quite well to phylogenetics because these are exactly the properties of tree space. 
 
Laura Salter Kubatko was one of the first to apply it to phylogenies as a means of estimating 
ML trees (Salter and Perl, 2001. Syst. Biol. 50:7). 

 
It applies an MCMC approach to searching tree space and stochastically permits down-hill 
moves across tree space. 

 
Steps: 

Generate an initial state (i.e., a starting tree). The early implementations used a random 
tree; recent implementations build a starting tree by stepwise addition. 

 
Propose a stochastic change to the initial state (usually a minor change). This was 

initially derived via a random NNI, but bigger swaps are now allowed. 
 
If the proposal improves the tree (i.e., has a better ML score), the move is accepted. 
 
Proposals (NNIs) that degrade the tree are accepted with a small probability that is 

proportional to how much worse the proposed tree is than the current tree.  
 
Some stopping rule is enforced. 

 
The idea of simulated annealing is to alter the acceptance probability over the course of the 

MCMC run. 
 
In early generations, the probability of accepting a worse tree is relatively high. This provides 

a good chance of moving between tree islands early on, in the hopes that we’ll find the 
globally optimum island 

 
As the chain runs longer, the probability of accepting a worse tree is decreased, and the rate 

of change is called the cooling schedule. Thus, later in the chain the run is behaving 
increasingly like a hill-climbing approach. 

 
Stamatakis (2005. Proc. of  IPDPS2005) has implemented a modified simulated annealing in 

his RAxML package.  
 



First, RAxML starts with MP trees generated by stepwise addition and several random 
addition sequences. 

 
Second, “lazy” SPR is used to propose new trees that results in enormous time-savings. 
 

There’s a limit in the number of re-grafts that are examined (only fairly close to original 
tree). 

 
Then, branch lengths are optimized only for the three branches adjacent to the re-grafting 
point. New trees that decrease the likelihood are sometimes accepted early in the 
run. 

 
Third, RAxML builds proposals to alter branch lengths and model parameters that are only 

accepted if they improve the likelihood (i.e., this aspect of the searches are entirely hill 
climbing). 

 
This approach allows pretty thorough searches of tree space really quickly, which permits us 

to estimate ML trees for very large data sets (e.g., a few thousand taxa). It has become a 
preferred approach to ML-tree estimation. IQTree (Nguyen et al. 2014. Mol. Biol. Evo. 32) 
is similar. 

 
C. Genetic Algorithms. 

 
Genetic Algorithms have had an enormous influence in recent years and their application to 

phylogenetics was pioneered by Paul Lewis (1998. Mol. Biol. Evol. 15:277). 
 
The idea is to use representations of a population of individuals (in this case, of candidate 

trees), selection based on fitness (in this case likelihood scores), mutation (tree 
rearrangements), and recombination to evolve an estimate of the ML tree.  

 
So, we start with a population of individuals. 
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FIG. 1.—Representation of a population in a phylogenetic GA. This population has n individuals, each of which specifies a topology,
specific lengths for each branch in the topology, and a specific value for the � parameter of the HKY model. The description of the topology
follows the Newick convention described in both Swofford and Begle (1993, pp. 143–146) and Felsenstein (1995). The lnL score is computed
from the empirical base frequencies, the value of the � parameter, and the tree description, and is used to rank the individuals from best (highest
lnL) to worst (lowest lnL).

lated natural selection, with those specifying fitter so-
lutions leaving, on average, more ‘‘offspring’’ to the
next generation than individuals of lower fitness. Each
‘‘generation,’’ individuals are subjected to ‘‘mutation’’
and ‘‘recombination’’ events, with mutation and recom-
bination operators defined according to the nature of the
problem and the method used to encode solutions to the
problem. Over time, the population increases in average
fitness due to the action of natural selection on variation
introduced by mutation and recombination.

The ability of GAs to find near-optimal solutions
quickly in the face of complex data makes them ideal
candidates for the problem of phylogenetic inference,
especially when many taxa are included or complicated
evolutionary models (necessitating the use of computer-
intensive inference methods such as maximum likeli-
hood) are applied. In the case of phylogeny reconstruc-
tion, the single chromosome of each individual can be
designed to encode a single phylogenetic tree, along
with its branch lengths and the values of other param-
eters comprising the substitution model used. Mutation
and recombination operators can be defined for phylo-
genetic trees, and the fitness of an individual may be
equated to its natural log likelihood (lnL) score. Trees
with higher values of lnL thus tend to leave more off-
spring to the next generation, and natural selection in-
creases the average lnL of the individuals in the simu-
lated population. The tree with the highest lnL after the
population fitness ceases to improve is taken to be the
best estimate of the maximum-likelihood tree.

While not the first application of a GA to the phy-
logeny inference problem (see Matsuda 1996), the phy-
logenetic GA described here implements significant in-
novations designed to improve the ability of the algo-
rithm to infer phylogeny for large numbers of taxa and

parameter-rich substitution models. Genetic algorithms
(and especially parallel implementations of GAs) offer
the potential for inferring maximum-likelihood trees for
large data sets involving hundreds of sequences.

Materials and Methods

The program written for this study (GAML: genetic
algorithm for maximum likelihood phylogeny inference)
implements the HKY (Hasegawa, Kishino, and Yana
1985) nucleotide substitution model and uses the max-
imum-likelihood criterion for ranking trees. It begins
with a single population of n individuals, each of which
consists of a tree description (Newick standard format
described in Swofford and Begle 1993, pp. 143–146;
Felsenstein 1995, main.doc) and a value for the transi-
tion/transversion rate ratio, �, a parameter of the HKY
model. Other parameters of the HKY model include
branch lengths and equilibrium nucleotide frequencies.
The branch lengths (measured as expected number of
nucleotide substitutions per site) are specified as part of
the tree description (fig. 1). While the equilibrium nu-
cleotide frequencies could be incorporated into the in-
dividuals as well, they were simply equated to the em-
pirical nucleotide frequencies for the purposes of this
study to make the results directly comparable to the pro-
gram PAUP* (Swofford 1998). The fully specified tree
description (tree topology plus branch lengths), the val-
ue of the � parameter, and the base frequencies together
allow the likelihood of the tree to be computed.

At the start of a GA run, each individual in the
population is initialized with a random tree topology in
which each branch length is set to an arbitrary value x
(for example, 0.05). Before the run begins, each branch
length is changed slightly using the same method de-



 
There are n-individuals, and each is a fully defined tree, with branch lengths and model 

parameters (represented here by kappa – more on this later). These are random trees with 
randomly drawn branch lengths. 

 
These are ranked by their likelihood scores. The individual with the highest rank leaves k 

offspring in the next generation and the probability of the other individuals leaving 
offspring is proportional to their rank. 

 
All individuals in the offspring population are subject to branch-length and model mutations, 

and all but the k descendants from the previous best tree are subject to topological 
mutations.  

 
Branch-length/model mutations – a small fraction of random branches are multiplied by a 

randomly drawn gamma factor & and the same is done for model mutations. 
 
Topology mutations – (n - 1)µ trees are subject to topological mutation, and these are simply 

a random SPR swap. 
 
Recombination is conducted (at rate r) by randomly selecting a branch from one offspring 

and pruning the subtree it defines. The second tree involved in recombination is pruned of 
the taxa in the subtree and the subtree is reattached to it. 
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FIG. 2.—Recombination involves selecting a second parent and
using it to modify an offspring individual that has been copied, perhaps
with modification, from the first parent. Specifically, the topology of
the offspring individual is cut at a random branch, producing a subtree
(dotted lines in leftmost tree) and a remainder tree (solid lines in left-
most tree). Tip nodes represented in the subtree are then pruned from
the second parent (dotted lines in middle tree). Finally, the subtree
(dotted lines in rightmost tree) is added to what is left of the second
parent after pruning (solid lines in rightmost tree).

rienced mutation, either of its topology, of its � param-
eter, or of one or more of its branch lengths, and may
thus already differ from its first parent. With probability
r for each offspring, a second parent is selected at ran-
dom from the parental population, and recombination is
effected as follows. A random branch is chosen from
the tree specified by the offspring individual, and the
subtree defined by that branch is removed from the off-
spring tree. The tips represented in that subtree are then
pruned from the second parent’s tree, and this pruned
tree is then joined to the subtree taken from the offspring
tree, making a new tree with the full complement of tip
taxa (fig. 2). While the same individual from the parental
population can assume the role of first or second parent
in a number of recombination events, no offspring in-
dividual can be the product of more than one recombi-
nation event.

This recombination operation sets GAs apart from
other maximum-likelihood phylogeny search algorithms
in allowing potentially good portions of two distinct
trees to be brought together. A second way in which the
GA described here differs from Matsuda’s (1996) im-
plementation is that in Matsuda’s implementation, an ef-
fort is made to seek out particularly good portions of
each participating tree to recombine. No such mecha-
nism was incorporated into the GA described in this
paper because of the concern that such attempts to speed
up the search may in fact hamper the ability of the GA
to effectively explore the search space.

Results and Discussion
The Conventional Approach to Maximum-Likelihood
Phylogeny Inference

For small numbers of taxa, all possible unrooted
phylogenetic trees can be examined, thus ensuring that
the globally optimal (maximum likelihood) tree is iden-
tified. For large numbers of terminal taxa, however, the
number of possible unrooted trees is too large to permit

exhaustive enumeration, and heuristic search strategies
must be employed. In a commonly used approach, a
starting tree is obtained by random stepwise addition,
and branch swapping is initiated on this stepwise addi-
tion tree. This tree search strategy is used in both
DNAML (Felsenstein 1995) and fastDNAml (Olsen et
al. 1994), as well as PAUP (Swofford and Begle 1993).
The random-addition tree is created by starting with a
tree composed of three randomly chosen taxa. A fourth
randomly chosen taxon is attached to all three branches,
in turn, and the placement resulting in the four-taxon
tree having the highest likelihood score is used as the
starting tree for adding the fifth randomly chosen taxon.
This process continues until all n taxa are added to the
tree.

Branch swapping strategies include nearest neigh-
bor interchange (NNI), subtree pruning/regrafting
(SPR), and tree bisection/reconnection (TBR). These
three strategies are explained fully by Swofford and Be-
gle (1993). All involve making systematic changes to a
tree in an attempt to find a topologically distinct tree
having a higher likelihood score. For example, in SPR
swapping, every possible subtree is removed (pruned)
from the starting tree and reattached, in turn, to every
remaining branch. Once a rearrangement with a higher
likelihood score is found, the branch-swapping process
begins again using that rearrangement as the starting
tree.

Because of the systematic nature of branch swap-
ping and the computational burden imposed by use of
the maximum-likelihood optimality criterion, an analy-
sis using a combination of these two approaches can be
quite costly in terms of time (Kuhner and Felsenstein
1994). As a result, researchers attempt to speed up the
process by (1) using a criterion other than maximum
likelihood, (2) using a clustering approach rather than
performing an heuristic search, or (3) including fewer
taxa in the analysis. All of these alternatives have draw-
backs.

The maximum-likelihood criterion is advantageous
for a number of reasons, including the ability to model
a variety of factors thought to affect nucleotide sequence
evolution, robustness to violations of its model assump-
tions (Huelsenbeck 1995a), and resistance to long-
branch attraction (Gaut and Lewis 1995). Maximum
likelihood also makes use of more information in the
data than do other optimality criteria. For instance, some
information is lost in converting a discrete data matrix
(composed of observations of particular characters or
nucleotide sites on each taxon) into a matrix of pairwise
estimates of evolutionary distance (Penny, Hendy, and
Steel 1992). Thus, criteria based on pairwise distances
must necessarily work with less information than dis-
crete character methods, such as parsimony or likeli-
hood, that operate directly on the original observations.
Parsimony, however, discards potentially relevant infor-
mation as well. While constant and autapomorphic char-
acters do not affect parsimony tree lengths, such char-
acters are quite useful in identifying long branches and
thus avoiding long-branch attraction. Maximum likeli-
hood, by operating on the original observations and es-



This is repeated for as many generations as it takes for the fitness of the best individual to no 
longer be increasing. 

 
Derek Zwickl has modified Paul Lewis’ GA as his PhD dissertation and the result is GARLI, 

which is becoming very widely used. 
 
GARLI improves on the original implementation. 

 
Topological mutations include NNI & SPR rearrangements, and some of the latter are 

constrained to be local SPRs (subtrees can only be reattached close to their original 
location). 

 
The starting population may be generated by stepwise addition with random addition 

sequences or it may be generated using random trees.  
 
There is limited branch-length optimization after topology mutations. 

 
D. Commonly Used Approximate Searching Programs 
 
RAxML: 
Starting tree via parsimony stepwise addition & many random addition sequences. 
Makes maximal use of subtree structures. 
Lazy random SPR rearrangements (evaluates under ML).  
Regrafts only close to prune point and BL optimization only for three branches closest to 

regraft point.  
Permits simulated annealing MCMC. 
Limited BL optimization (one round of Newton-Raphson). 
Model parameters optimized via hill-climbing. 

 
IQTree: 
Candidate set of (100) starting trees via parsimony stepwise addition with random addition 

sequences.  
Rank under ML and select 20 best. 
Hill climb on each with local NNI (under ML), reoptimizing only neighboring branches and 

retain best 5 trees. 
Select one at random for stochastic NNI; select internal branch at random for NNI swapping. 

Add perturbed tree to set of 5 if it’s better than any and start over.  
Repeat until 100 random perturbations has not found a better tree.  

 
PhyML: 
Starting tree via BIONJ (default), Parsimony (presumably stepwise addition, but it’s not 

defined anywhere), a random tree, or even a user-defined tree. 
Filters SPR rearrangements: For all subtrees, all regrafts are scored under parsimony. Only 

good regrafts (under parsimony) are evaluated under ML and only lengths of close 
branches are re-estimated.  



Downslope movement can be approximated by evaluating (under ML) regrafts that are a few 
steps (can be tuned – recommend PT=5) longer than the tree in memory. 

After filtered SPR searching is done, all model parameters and branch lengths are re-
estimated. 

Implements approximate LRT of branch significance (developed by authors).  
 

 


