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Summary. In this paper we present an iterative 
character weighting method for the construction of  
phyletic trees. An initial tree is used to calculate the 
character weights, which are the number of  muta- 
tions normalized so that the possible range is cor- 
rected for. The weights obtained are used to adjust 
the tree; this process is iterated until a stable tree is 
found. Using data generated according to a model 
tree, we show that the trees constructed by the it- 
erative character weighting method converge to the 
true underlying tree. Using biological data, the trees 
become closer to the systematic classification of  the 
species concerned, and patterns conflicting with the 
phylogenetic pattern can be singled out. The method 
involves a combination of  minimal length methods 
and similarity methods, whereby the strict parsi- 
mony criterion is relaxed. 
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Introduction 

Protein and DNA/RNA sequences are preeminently 
suitable data with which to construct evolutionary 
trees (phyletic trees). The minimum number of  mu- 
tations is often used as a criterion for selecting the 
"best"  tree. The only way to be sure of  finding the 
minimal tree is to generate all possible trees and 
select the one with the minimum number of  mu- 
tations. Because for more than eight compared se- 
quences the number of  possible trees "explodes," 
studying all trees becomes impossible, and one must 
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resort to less successful tree-generating methods, 
which will not necessarily produce the minimal tree. 

Parsimony fails to converge to the " t rue"  tree if 
mutation rates are very unequal in different lineages 
and not very low in most characters, as Felsenstein 
(1981) has demonstrated. He suggested, therefore, 
the use of methods that do not strictly minimize 
mutational cost. Such methods have to use the in- 
formation value of  characters, as characters are not 
equally informative due to back mutations, con- 
vergence (possibly as a result of functional con- 
straints), etc. In the context o f  taxonomic pattern 
recognition, Hogeweg (1976a,b) has demonstrated 
that iterative character weighting enables us to filter 
out noisy and inconsistent characters, and to single 
out conflicting patterns. In this method relative 
weights are assigned to characters according to the 
degree of  character difference between the clusters. 
When using molecular data, one usually evaluates 
characters along the branches of  a tree, instead of  
on the basis of  their distribution in clusters. Fan'is 
(1969) was the first to apply an iterative weighting 
procedure for inferring phylogenies. In this proce- 
dure, the weights are allotted to characters according 
to the degree of  compatibility with a tree. Here we 
introduce a modified procedure, which uses as char- 
acter weights the number of  mutations normalized 
so that the possible range in the number of  muta- 
tions is corrected for. In this method an initial tree 
is used to calculate the weights and the weights ob- 
tained are used to adjust the tree; this process is 
iterated. Trees are constructed by a method that can 
correct for unequal mutation rates in different lin- 
eages [i.e., the present-day-ancestor method (KlotZ 
et al. 1979; Klotz and Blanken 1981; Blanken et al. 
1982)1. 

We show that in the case of  artificial data the 
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constructed trees converge to the true underlying 
tree and that  in the case o f  biological data  the trees 
converge to one or more  patterns.  The  me thod  is a 
tool for singling out  conflicting patterns. The  num-  
ber o f  muta t ions  tends to decrease in successive 
trees, al though the min imal  tree is usually not  
reached. One o f  the advantages o f  the m e t h o d  is 
that the m i n i m u m  muta t ion  cri terion can be re- 
laxed, which was Felsenstein's  suggestion. 

Methods 

Introduction 

The mutation rate can differ greatly both between molecules and 
within molecules. For example, cytochrome c has an extremely 
low mutation rate, whereas fibrinopeptides have a high mutat ion 
rate. Within molecules, both highly conserved sites and variable 
sites (e.g., third positions in coding sequences) occur. Moreover, 
even if  the expected mutat ion rate is the same at all positions, 
the actual amount  of  change will vary because of chance. If  the 
mutat ion rate is either too low or too high (relative to the t ime 
scale ofspeciation events), information about the phylogeny can- 
not be preserved. Therefore, molecules mutating slowly should 
be used to assess phylogenetic relationships among distantly re- 
lated species, and molecules mutating rapidly should be used to 
assess phylogenet ic  r e l a t ionsh ips  a m o n g  closely re la ted  
(sub) species. 

In our method for constructing phyletic trees, we use parts of  
sequences that mutate rapidly and parts of  sequences that  mutate 
slowly in the same way as we use sequences with different rates 
of change. Then positions with a low mutation frequency to a 
large extent define the overall structure (main groups) of  the tree 
and positions with a high mutat ion frequency to a large extent 
define the detailed structure (subgroups). For this purpose po- 
sitions with a small number  of  mutations should be weighted 
more highly than positions with a high number  of  mutations. 
However, the number  of  mutations cannot be calculated without 
a phyletic tree. In order to solve this bootstrapping problem, we 
use an initial tree based on equally weighted characters to deter- 
mine the number  of mutat ions per position. The latter are then 
Used to calculate character weights. The weights obtained are 
Used to adjust the tree. This process is iterated until a stable tree 
is found, i.e., until two successive trees are the same. 

Outline of the Method 

The general outline of the procedure is as follows: 
1) A similarity matrix is constructed using equally weighted 

characters. For simplicity, we assume that  the sequences are al- 
ready aligned (see Discussion). 

2) The similarity matrix is used to construct a phyletic tree. 
Any tree construction method that  works with a similarity matrix 
can be used in this step, although it is preferable to use the present- 
day-ancestor method (Klotz et al. 1979; Klotz and Blanken 1981; 
Blanken et al. 1982) (see Discussion). 

3) Each character is evaluated according to its degree ofcom-  
laatibility with the given tree, i.e., the number  of mutations is 
determined at each position. In order to obtain the number  of  
rautations, internode sequences are constructed so as to minimize 
the total number  of  mutations in the given tree. This is done by 
using the back-tracking algorithm described in Hogeweg and Hes- 
per (1984) and in et al. (1987), which is equivalent to 

e first pass of FitchK~ (1971) parsimony procedure. It gives a 
minimal mutat ion solution only if  a binary similarity criterion 

is used. To calculate the weights, we normalize the number  of  
mutations obtained so as to correct for the possible range. The 
weights are used to adjust the similarities. 

4) The process is repeated from step 2 until a stable tree is 
found or until an identical tree topology recurs. 

The method differs from other weighting schemes (Farris 1969; 
Penny and Hendy 1985) in that  it combines min imum mutat ion 
methods and similarity methods. The weighting formula used 
here differs from that of Farris (1969) in that  it incorporates 
information content. Instead of using pairwise character com- 
patibility in order to weight positions, as do Penny and Hendy 
(1985), we use the degree of character compatibility with the tree 
and try to increase it during the iteration. 

Implementation of the Method 

The specific implementation of  the general scheme used in this 
paper is described in this section. 

The similarity between two sequences is computed as 

where, s(a, b) is the similarity between sequence a and b, n is the 
total length of  the sequence expressed as the number  of  nucleo- 
tides (amino acids), 6,~).~i) is 1 (same state at corresponding po- 
sitions of the sequence) or 0 (different states), and W~ is the weight 
at the ith position (initially, W~ = 1 for all i) [see Eq. (2)]. 

Trees are constructed by the present-day-ancestor method 
(Klotz et al. 1979; Klotz and Blanken 1981; Blanken et al. 1982). 
In this method it is assumed that there is a tree topology in the 
data, and, if  this assumption is warranted, we are able to find the 
correct tree topology (an unrooted tree), notwithstanding variable 
mutat ion rates in different lineages. For this purpose, the pairwise 
distances are converted to correct for their shared distance from 
a putative common present-day-ancestor. Any ancestor can be 
chosen. I f  there is a tree topology in the data all ancestors will 
yield the same correct tree topology (and therefore the minimal  
length tree). On the other band, if  there is no tree topology in the 
data, each ancestor can yield a different tree. There can be as 
many different tree topologies as there are ancestors. 

Weights are computed using the following formula: 

Wi = (MAXI - MIN0/(NMUTi - MINi + 1) (2) 

where Wi is the weight at the ith position, N M U T  i is the number  
of mutations (along the branches of  the tree) at that  position, 
MAXl is the maximum number  of  mutat ions possible at that  
position, and MINi is the min imum number  of mutat ions pos- 
sible at that  position. The value of MAXl and MINI depend only 
on the distribution of  nucleotides (amino acids) at the ith posi- 
tion, and are constants of a data set. Under  the condition that  
internodes are constructed so as to minimize mutational  cost, 
MINi and MAX~ are computed as 

MINi = NSTATESi - 1 (3a) 

MAX~ = N O T U  - NFSTATEi (3b) 

where NSTATESi represents the number  of  different states at the 
ith position, NOTU is the number  of OTUs included in the data 
set, and NFSTATE~ is the number  of  OTUs in which the most  
frequent state at the ith position occurs. 

Annotations to the weighting Eq. (2) include the following. 
1) ;l'he actual number  of mutat ions is corrected for the pos- 

sible range of mutations, so that positions having a distribution 
of  states that require a high number  of  mutat ions (relative to 
MIN3 will get higher weights if  the actual number  of mutat ions 
is low, than positions having a distribution of states for which 
MAXI - MINi is small. 
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2) Such a range normalization of the mutational frequency 
can be regarded as a way of measuring the information content 
of  a position. The qualitative behavior of  MAXi - MIN~ as a 
function of the distribution of  states is equivalent to that of 
information measures. 

3) A position can get zero weight if MAXi = MIN~. Only 
positions at which two or more states occur with a frequency 
greater than one will get a weight not equal to zero. Only these 
positions are relevant for the construction of the minimal tree. 

4) Positions not bearing information about the phylogeny 
may nevertheless have a high value for MAX~ - MINi. Suppose, 
for example, that at a certain position the bases A and G are 
completely interchangeable as far as their function is concerned. 
Provided that the mutation rate is sufficiently high, one expects 
in a data set an equal number of  As and Gs, yielding a high value 
ofMAXi - MIN~. However, the majority of  the other characters 
are not expected to be compatible with this spurious character, 
so on a tree this position requires a high number of mutations, 
which will then result in a low weight, although MAXi - MINi 
is large. Generally, a set of  informative characters compatible 
with a phyletic tree is generated during the iteration. A character 
that got a high weight because it was compatible with the given 
tree will have a greater share in the construction of  the next tree. 
This character and its associated tree will be supported by char- 
acters that are compatible with the new tree. 

5) In this paper, all initial trees are constructed with equally 
weighted characters, which include characters for which MAXI 
= MINt. If we were to use the value of MAXI - MINI as initial 
character weight, unreliable characters (as mentioned under 4) 
would get too high a weight. Then they would have such a strong 
influence on the initial tree that all successive trees would be 
biased. 

6) Without further adjustments, Eq. (2) can be applied to 
binary characters as well as to multistate characters. This weight- 
ing formula can thus be applied to both nucleotide data (4 states) 
and protein (20 states) data. 

Evaluation of the Method 

The method proposed above is investigated closely with the help 
of  artificial data as well as biological data. Two artificial data sets 
are generated according to a specific tree (the true historical tree) 
in order to test whether the method improves the initially re- 
constructed tree so that it better approximates the true tree. To 
measure the deviation between trees, two methods are used: the 
partition metric of Robinson and Foulds (1981) and the tree 
cohesion method introduced here. Minimal trees are generated 
by the branch and bound algorithm (Hendy and Penny 1982). 

Generation of Artificial Data: Simulation Model 

There are two concepts of evolution with respect to the signifi- 
cance of selection: evolution as a process predominantly deter- 
mined by positive selection (adaptation) and evolution as a pro- 
cess caused by random fixation (initiated, for example, by isolation) 
of selective neutral or nearly neutral mutations (neutral theory; 
this does not exclude negative selection). The model of evolution 
used in this paper is a minimal one, as it is based on the neutral 
theory. Neither positive nor negative selection is incorporated, 
and positions evolve independently of other positions. Because 
in our model the tree generation precedes the sequence genera- 
tion, we assume, in accordance with the neutral theory, that the 
emergence of a new species is caused by isolation rather than by 
adaptation of the genome. In fact, in all existing tree construction 
methods it is assumed that selection does not play a significant 
role in speciation. 

Tree Generation. The method used for the generation of trees 
is essentially the same as that described in Raup et al. (1973). 

Starting with one ancestral lineage, the model generates new lin- 
eages with a constant probability by creating new branches from 
already existing lineages. Each lineage also has a constant prob- 
ability of becoming extinct. 

Sequence Generation. The tree generated in this way is used 
to generate a set of sequences by passing an ancestral sequence 
through the tree. The sequence is duplicated at each branching 
point. The newly formed sequence will subsequently evolve in- 
dependently of its ancestor. Every sequence is subjected to mu- 
tation until it reaches a terminal point of the tree. Only point 
mutations take place. Insertions and deletions are not allowed, 
so the sequences need not be aligned to compute similarities. We 
start with a random ancestral nucleotide sequence (a gene), in 
which each base has an equal chance of being included. At every 
time-step each nucleotide at every position in the sequence has 
a constant and equal probability of being replaced by three of 
the other nucleotides. Although the expected number of  replace- 
ments per unit time is equal at all positions, the actual number 
of  mutations will differ due to chance. The sequences of all the 
terminal nodes of the tree are used to reconstruct the true tree. 
The sequences of the extinct species also are used, so an unequal 
mutation rate in different lineages is incorporated. This makes 
the reconstruction of the true tree more difficult. 

Generated Trees. Two specific trees, as generated by the mod- 
el, are used to check the method. Tree 1 (spanning 49 species) 
was generated using a branching probability of 0.008, an extinc- 
tion probability of 0.003, and a simulation time of 500 time- 
steps. On the basis of this tree, sequences of  200 nucleotides were 
generated using a mutation probability of 0.001. A tree of only 
11 species was generated, so the obtained trees could be compared 
with the minimal tree. The tree of  11 species was generated using 
a braching probability of 0.045, an extinction probability of 0.015, 
and a simulation time of 100 time-steps. On the basis of  this tree 
(henceforth referred to as tree 2), sequences of 150 nucleotides 
were generated using a mutation probability of 0.01. In these 
artificial data sets the mean and the variance of  the dissimilarity 
(tree 1:0.46 and 0.027, respectively; tree 2:0.47 and 0.028, 
respectively) are of  the same order of magnitude as in biological 
data sets. 

Biological Data 

We apply our method not only to simulated data, but also to 
biological data. By comparing the results obtained with biological 
data and artificial data, we may highlight processes that are not 
included in our minimal description of molecular evolution but 
that do take place in real evolution. As protein data, we use the 
40 N-terminal residues of the small subunit of ribulose.l,5-bi- 
phosphate carboxylase (henceforth referred to as RBC-SSU) of 
16 angiosperm species (see also van Ooyen 1987). The small 
subunits are encoded in the nucleus and together with the large 
subunits (encoded in the chloroplast) form an active enzyme, 
which in the chloroplast is involved in catalyzing the CO2 fixation 
reaction. The sequence data were taken from Martin et al. (1983), 
Martin and Dowd (1984a,b,c), and Smeekens et al. (1986). As 
nucleotide data, we use hemoglobin A sequences of  11 mam- 
malian taxa taken from table 2 of Penny et al. (1982). Although 
this table lists only positions that are relevant for the construction 
of  minimal trees, we use the same data so that we can compare 
our results with those of Penny et al. (1982). 

Tree Similarity 

Two methods are used to measure the (topological) deviation of 
a reconstructed tree from the underlying model tree. The first 
method is the partition metric of  Robinson and Foulds (1981) 



for comparing trees. By deleting an internal link in a binary tree 
we partition the set of objects in the tree into two subsets. From 
a binary tree spanning n objects we can derive n - 3 such par- 
titions, there being n - 3 internal links to delete. The difference 
between two trees is now measured as the number of partitions 
that can be derived from either of the trees but not from both. 
For n objects the partition metric takes even values between zero 
(identical trees) and 2n - 6 (no partitions in common). Small 
differences between trees are usually statistically significant be- 
cause of the large number of possible trees. 

There are two drawbacks to this method: (1) major and minor 
Partitions are equally weighted, whereas humans, when compar- 
ing trees, weight overall similarity more highly than similarities 
in detailed structure; and (2) a single replacement high up in the 
tree affects many lower partitions. 

In the second method, called tree cohesion, these shortcom- 
ings are remedied. Instead of counting the number of identical 
Partitions, we measure the similarity between partitions using 
~atanabe's (1969) entropic measure of similarity and cohesion. 
The tree cohesion has the following properties: (1) major parti- 
tions are more highly weighted than minor partitions, as Wata- 
.nabe's C has higher values for partitions dividing the set of OTUs 
~ato equal subsets than for partitions dividing the set into unequal 
SUbsets; (2) a partition need not match perfectly a partition of 
the other tree in order to increase the similarity between the two 
trees; and (3) each tree topology has its own maximum value, 
Which is determined by comparing the tree with itself. Chained 
trees have the highest maximum value. Note that the tree cohe- 
sion measures method similarity and the partition metric dissim- 
ilarity. For further details, see the Appendix. 

Cluster Analysis on Trees 

ltaving a measure for comparing trees, we studied trees by means 
~ analysis in which trees are treated as objects. Dendro- 
grams of trees were generated using UPGMA (Sneath and Sokal 
1973) as clusterings criterion and the partition metric as simi- 
larity measure. 

Results 

As a result o f  weighting, the present-day-ancestor  
trees become more  similar to each other. This holds 
for trees constructed on the basis o f  artificial data 
as well as for trees constructed on the basis o f  bi- 
.Ological data. Thus, weighting causes convergence 
trt tree structure. The trees constructed on the basis 
of artificial data converge to the true underlying 
aaodel tree. The trees constructed on the basis o f  
biological data are improved  by weighting in the 
Sense that they become closer to the systematic clas- 
sification o f  the species concerned. Furthermore,  the 
laattern reflecting phylogeny is separated f rom other  
l~atterns (i.e., convergence to more  than one pat- 
tern). It turned out that  the best tree is not  the most  
l~arsimonious one (this s tatement holds for artificial 
and biological data), We illustrate the informat ion 
~sed in m i n i m u m  muta t ion  methods  and in our 
r~ethod by studying a specific tree. This reveals that 
Our method  remedies some o f  the weaknesses o f  
~ainimum mutat ion methods.  

333 

Artificial Data 

Tree 1 (49 Species) 
I f  the whole sequence was used to reconstruct  the 

true tree, the initial trees were already very similar 
to the true tree and could hardly be improved  by 
iterative character weighting. Hence, only small parts 
(stretches o f  20 nucleotides) o f  the sequence were 
used. This also enabled us to investigate whether  
weighting brings about  convergence in trees based 
on different stretches o f  the sequence. Most  o f  the 
trees were constructed using the first 20 posit ions 
of  the sequences. Other  parts were less extensively 
studied using only a few species as present-day- 
ancestor. The results are summar ized  in Table 1. 

Convergence. In most  cases the stable trees (which 
are often obtained within three iteration cycles) are 
more  similar to the true tree than are the initial trees, 
as measured by the two similarity measures. This 
holds for trees constructed on the basis o f  different 
parts o f  the sequence as well as for trees generated 
using different ancestors. 

F rom Table 1 we can make the following obser- 
vations about  the convergence to the true tree. 

1) Although the improvemen t  in terms of  the 
number  o f  partit ions that perfectly match parti t ions 
o f  the true tree is usually rather small, the trees show 
that these are parti t ions of  the higher order  structure 
o f  the tree (see also Fig. 1). This is reflected by the 
tree cohesion, which then increases by a consider- 
able amount ,  as similarities in the higher order 
structure make a larger contr ibut ion to the total sim- 
ilarity. The tree cohesion can also increase as a result 
o f  partial improvements ;  these improvements  do 
not  contribute to the parti t ion metric. 

2) Parti t ions involving the major  structure o f  the 
tree sometimes improve  at the expense of  part i t ions 
involving the detailed structure o f  the tree. This 
happens when the tree cohesion measure detects 
improvemen t  while the number  o f  parti t ions that  
perfectly match partit ions of  the true tree does no t  
increase. 

3) Generally, the number  o f  muta t ions  drops af- 
ter weighting. The decrease is most ly  in the range 
o f  one to four, but  can sometimes be rather sub- 
stantial: as many  as eight muta t ions  are observed. 
Somet imes the number  of  muta t ions  increases as a 
result of  weighting (slightly in mos t  cases). I f  the 
increase was rather substantial, the weighting pro- 
cedure was found to generate trees that  were less 
similar to the true tree than were the initial trees. 
When biological data are used, a large increase in 
the number  o f  muta t ions  should be regarded as an 
indication that the weighting procedure has picked 
out an alternative pattern that does not  represent 
phylogeny. 
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Table 1. Results of weighting using artificial data (tree 1, 49 species) 

Tree cohesion 
Part of Present-day- 
sequence ancestor Before After 

Partition metric Number  of mutations 

Before After Before After 

1-20 1 0.36; 0.39 0.41; 0.43 42 36 94 90 
3 0.36; 0.35 0.36; 0.35 42 40 94 93 
6 0.40; 0.42 0.42; 0.41 42 38 92 89 
8" 0.35; 0.35 0.38; 0.37 46 44 94 94 
9 0.39; 0.40 0.39; 0.39 46 46 94 94 

11 0.33; 0.35 0.35; 0.33 44 42 97 96 
18 0.40; 0.38 0.42; 0.43 32 30 91 89 
19 0.35; 0.37 0.35; 0.37 48 46 95 93 
21 0.35; 0.36 0.35; 0.36 42 44 94 94 
24 b 0.35; 0.35 0.35; 0.35 46 40 94 96 
28 0.38; 0.37 0.41; 0.43 40 34 97 89 
32 0.37; 0.38 0.39; 0.39 46 38 95 92 
33 0.36; 0.35 0.36; 0.36 40 40 96 93 
35 0.35; 0.37 0.38; 0.40 44 42 95 95 

101-120 1 0.38; 0.40 0.39; 0.40 38 34 86 86 
24 0.36; 0.37 0.36; 0.38 46 46 89 93 
28 0.35; 0.38 0.35; 0.39 46 48 94 97 
32 0.36; 0.38 0.33; 0.37 50 58 93 102 
35 0.36; 0.36 0.37; 0.36 46 44 90 92 

171-190 1 0.33; 0.34 0.34; 0.37 50 52 98 t01 
24 0.31; 0.35 0.35; 0.38 48 52 97 100 
32 0.30; 0.29 0.37; 0.35 50 50 107 100 
35 0.31; 0.32 0.30; 0.32 56 56 101 107 

Results are shown of different present-day-ancestors and different parts of the whole sequence (stretches of 20 nucleotides). The 
deviation of the reconstructed tree (before and after weighting) from the true underlying model tree is measured by the tree cohesion 
measure and the partition metric of  Robinson and Foutds (1981). Note that  the tree cohesion measures similarity and the partition 
metric dissimilarity. For tree 1, the maximum value of the tree cohesion is 0.460; this is reached if  the reconstructed tree and the 
true tree are identical. The partition metric can range from 0 (identical trees) to 92 (2n - 6; no partitions in common). Number  of 
mutations before and after weighting are shown. The true tree has 90 mutations for part 1-20, 90 mutations for part 101-120, and 
99 mutations for part 171-190. These are not the number  of mutations that actually occurred in the simulation, but the numbers 
that are the min imum required on the true tree. The actual numbers are higher 
�9 The final, stable tree (the fifth tree after the initial tree) is not the best reconstruction of the true tree; the third tree is much better 

(0.395; 0.39 l, and 40) and of  all the six generated trees 0nitial + five iterated trees) has the lowest number  of  mutat ions (93) 
b NO stable tree is found; cycling occurs between the tree shown in the column After weighting and a tree of  95 mutations. The latter 

tree bears little resemblance to the true tree (0.343; 0.341, and 46) 

4) It appears that the true tree is not the most 
parsimonious one. Although we did not generate the 
minimal tree(s) (because o f  the large number o f  
species), we know that there are trees that have fewer 
mutations than has the true tree: for part 101-120 
we found a tree with 86 mutations, whereas the true 
tree has at least 90 mutations (see Table I). 

Tree 2 (11 Species) 
Convergence. The seven different initial trees ob- 

tained using each of  the I 1 species in turn as ancestor 
differ from each other on average by 4.67 pmu (par- 
tition metric units), whereas the five trees obtained 
by weighting using the seven trees as initial tree 
proposals, differ from each other on average by 3.20 
pmu. The true tree is found among the five trees 
obtained by weighting; it is the tree having the fewest 
mutations (which is one more than the minimum). 
Comparison of  the dendrogram of  trees before and 
after weighting (Fig. 2) once again shows a marked 
convergence in tree structure after weighting. Note 

that the scale is identical for the two dendrograms, 
and that all trees tend to converge to the true tree. 
The average dissimilarity between the seven un- 
weighted trees and the true tree is higher than be- 
tween the true tree and the five trees obtained by 
weighting, being 4.29 pmu and 2.80 pmu, respec- 
tively. However, the tree to which most of  the ances- 
tors converge (see Fig. 3) differs from the true tree 
in that species 7 is wrongly placed between group 
(9,11) and (1,10) instead of  being chained to 5, as 
in the true tree (causing only one not matching par- 
tition). 

Comparison with Minimal Trees. The minimal 
tree, which has two mutations less than the true tree, 
differs from the true tree by 6 pmu, whereas the tree 
to which most of the ancestors converge after 
weighting (the converged tree) differs from the true 
tree by only 2 pmu. The five (minimal + 1) trees 
do not resemble the true tree as much as does the 
converged tree. The minimal tree differs from the 
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erated by the iterative weighting procedure (present-day-ancestor  
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equences. Groups  are dist inguished in the true tree in order  to 
tghlight improvements .  Horizontal  axis: dissimilarity level at  

Which the species are grouped, a True tree rerooted on species 
ld' Number  o f  muta t ions  = 90. h Cycle (cy) = 0. Initial present-  
aY'ancestor tree. N u m b e r  o f  muta t ions  = 94. Dissimilari ty to 

true tree according to part i t ion metric = 42. Tree cohesion sim- 
ilarity measures: TC(true tree, Toy.0) = 0.36. TC(T, .0 ,  true tree) 
= 0.39. TC(true tree, true tree) = 0.46. c Cy = 1. Present-day-  
ancestor  tree after one iteration. N u m b e r  o f  muta t ions  = 92. 
Part i t ion metr ic  = 38. Tree cohesion = 0.39; 0.41. d Cy = 2. 
Number  o f  muta t ions  = 90. Part i t ion metr ic  = 36. Tree cohesion 
= 0.41; 0.43. Stable tree. 
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Fig. 2. Dendrograms showing the similarity of the trees con- 
structed on the basis of  artificial data (tree 2, 11 species), (a) 
before weighting and (b) after weighting. The trees are represented 
by the species number  of the present-day-ancestor used to gen- 
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crate the tree. The true tree is also included in the dendrogram 
(denoted as TT). The figures in parentheses represent the total 
number of  mutations of the tree. Horizontal axis: dissimilarity 
level at which the trees are grouped. 

converged tree (and the true tree) in that species 
5 is joined to 2 instead of grouped in cluster 
(1,10,11,7,9), and in that species 9 and 11 do not 
form a separate cluster before they are joined to 
species 1 and 10. The grouping of species 2 and 5 
occurs in all the minimal and near-minimal trees 
and in most of  the initial present-day-ancestor trees, 
but not in the true tree and the weighted trees. 

We will illustrate some aspects of  our method 
and minimum mutation methods by comparing the 
minimal tree and the converged tree. 

Localness. Besides global information (minimiz- 
ing mutational cost over the whole tree obviously 
implies the pursuit of a global goal), minimum mu- 
tation methods use mainly local information. Once 
an internodal sequence is definitely established (in 
a way that minimizes mutational cost) the previous 
nodes are (and can be) discarded while new objects 
are added (see Fig. 4) (see also Cornish-Bowden 
1983). This information is used, however, by most 
similarity methods, because similarity between 
groups (objects) is calculated as an average of  the 

similarities of all pairs of objects. This point can be 
demonstrated by comparing the converged tree and 
the minimal tree with respect to the location of 
species 5, and relating this to character distribution. 
See, for example, position 56 of  the sequence. When 
the minimum number of mutations criterion is used, 
this position does not play any part in the distinction 
between group (1,10,11,9,7) from group (3,8,6,4), 
in which groups species 5 could be placed. In both 
cases it adds exactly one mutation to the minimal 
length tree. Similarity methods like the present-day- 
ancestor method can distinguish both groups, for 
the state at the 56th position of the sequence of 
species 10 is the same as the state at that position 
of the sequence of species 5. As a result, the simi- 
larity between species 5 and group (1,10,11,9,7) (the 
group in which 5 should be placed) is greater than 
between species 5 and group (3,8,6,4) (see further 
Fig. 3). In placing an object in a minimal tree, one 
considers only objects in the local neighborhood; 
other objects are, as it were, masked~ This phenom- 
enon and the one that will be discussed in the next 
paragraph are both involved in the placing of species 
2 and 5. 
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Unequal Evolution Time. M i n i m u m  muta t ion  
methods  tend to cluster species that have been mu-  
tating for a long t ime without  initiating new lineages 
(the branch lengths are then relatively long). For  
most  characters these species have unique states, 
which are not  relevant  for the minimal  length tree. 
As a result o f  chance, they will have  some characters 
in c o m m o n  that are not  present in other  species, so 
when mutat ional  cost is min imized  they will be pref- 
erentially jo ined together. Our  me thod  corrects for 
this undesirable effect, because MAXi - MINi o f  
positions displaying such a character  distr ibution is 
low. These posit ions carry relatively little infor- 
mation,  so at these positions we relax the pars imony 
criterion and allow a higher number  o f  mutat ions.  
As ment ioned,  a separate cluster o f  species 2 and 5 
is found in all minimal  and near  minimal  trees. 
These species have indeed had a long evolut ion 
without  initiating new lineages. The  sequences (see 
Fig. 3) show that for a number  o f  posit ions (for 
example position 20) bo th  species share a character  
state that is not  present in other  species, as a result 
o f  which MAXi - MINi is low. 

Biological Data RBC-SSU 

Convergence to Each Other. The use o f  each o f  the 
16 plant species as present-day-ancestor  yielded 
16 different initial trees, which differ f rom each oth- 
er on average by 20.2 pmu,  whereas the 15 trees 
obtained by weighting differ on average by 18.8 pmu. 
As with the artificial data, we see a reduct ion in the 
number  o f  trees and an increased similarity. Com-  
parison o f  the dendrogram of  trees before and after 
weighting (Fig. 5) shows that  the similarity structure 
between the trees becomes more  p ronounced  as a 
result o f  weighting. The dendrogram o f  the initial 
trees has no clearly distinguishable clusters, whereas 
the dendrogram of  the weighted trees shows two 
distinct main  clusters. Thus,  surprisingly, the trees 
do not  converge to one pattern,  as with the simu- 
lated data, but  to several patterns. In the model  used 
to generate the artificial data, the evolut ion o f  the 
sequences was not  constrained, so the sequences re- 
flect only their  evolut ionary history. In real evolu- 
tion, on the other  hand, sequences are subject to 
constraints that give rise not  only to a phylogenetic 
pattern, but  also to alternative, functional patterns 
in the data. 

Convergence to Systematics. The  pattern reflect- 
ing systematic classification is filtered out  (trees in 
cluster 2, see Fig. 5) and the trees are improved,  i.e., 
in bet ter  agreement  with the classification known 
f rom systematics. The  grouping o f  Rumex, Silene, 
and Spinacia (all members  o f  the Caryophyllidae),  

7 1 2 3 4 5 6 7' 
N L N N N N L 

I ) 
I I 

Fig. 4. Tree illustrating localness of minimal mutation meth- 
ods. Two possible platings of species 7 (7 and 7') are shown. 
Species 7 has amino acid L at a certain position. Both placings 
add exactly one mutation to the minimal length tree, although 
species 2 has the same amino acid as species 7. This information 
is discarded. A similarity method would join species 7 to group 
(1,2,3). 

which occurs in all o f  the trees in cluster 2 (and in 
the tree constructed with ancestor  = Vigna), appears 
in only 2 initial trees, whereas it appears in as many  
as 10 weighted trees. The genus Solanum (species 
Solanum and Lycopersicon), occurring in a lmost  all 
trees in cluster 2, appears in eight weighted trees and 
in only five initial trees. The  trees in bo th  o f  the 
smaller clusters o f  the dendrogram (clusters 1 and 
3) do not  make sense with regard to systematics. 
The  grouping o f  the Caryophyll idea occurs only in 
one tree, and the genus Solanum is not  grouped 
(Solanum and Nicotiana are connected before Ly- 
copersicon is jo ined on). In the trees in cluster 1 
even Lactua and Helianthus, both  of  which belong 
to the Compositae,  are separated in a lmost  all trees, 
whereas they show a clear affinity to each other  in 
all the trees in other  clusters. The  trees in cluster 1 
show the grouping o f  Brassica and Vigna, whereas 
in mos t  o f  the trees in the other  clusters Vigna shows 
a similarity to Vicia (both species belong to the Pa- 
pilionaceae). Thus,  cluster 1 (and 3) apparent ly com- 
prise trees displaying an al ternative pattern. 

Note  that  the weighted tree constructed by using 
ancestor = Lactua (Fig. 6), which is the best tree 
with respect to the classification known f rom sys- 
tematics, has a small n u m b e r  o f  muta t ions  (94), but  
not  the smallest number  among the weighted trees 
(and is certainly not  the m i n i m u m  tree, as there are 
many  trees with 92 mutat ions,  none o f  which is in 
agreement with systematics). 

Hemoglobin  A 
Convergence to Each Other and Systematics. Be- 

fore weighting there are nine different trees (ob- 
tained by using each o f  the 11 m am m al i an  species 
in turn as present-day-ancestor) ,  which differ f rom 
each other  on average by 6.06 pmu,  whereas the 
eight different trees obtained by weighting differ from 
each other  on average by 5.37 pmu.  The  similarity 
pattern has been sharpened up by weighting, though 
not  as clearly as with the RBC-SSU data. The  largest 
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l~ig. $. Dendrograms showing the similarity of  the trees constructed on the basis of  the RBC-SSU data (a) before weighting and (b) 
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the tree. Horizontal axis: dissimilarity level at which the species are grouped. Cluster 2 consists of  trees that represent the systematic 
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Fig. 7. The stable tree generated by the iterative weighting procedure using monkey (hemoglobin A data) as present-day-ancestor. 
Horizontal axis: dissimilarity level at which the species are grouped. This tree has 92 mutations. 

cluster consists of  trees that are in good agreement  
with what  is known about  the phylogeny o f  these 
species. In these trees (see for example the tree gen- 
erated by using monkey  as ancestor, Fig. 7), the 
kangaroo is separated f rom all other  species, the 
Ungulata are jo ined together in the correct  way, i.e., 
first cow and sheep (Bovidae), then pig, and then 
horse [i.e., the odd- toed (horse) and even- toed (pig, 
cow, and sheep) are separated], and the primates 
form a single group. The  position o f  dog, mouse,  
and rabbit  is less clear. The  trees o f  the other  three 
clusters in the dendrogram o f  trees can be charac- 
terized by the posit ion o f  the kangaroo: the kangaroo 
is jo ined  to horse, sheep + cow, and dog, respec- 
tively. In conclusion, the trees representing phylog- 
eny are filtered out and some alternatives are gen- 
erated. The  minimal  tree (89 mutat ions,  Penny et 
al. 1982) was found among the unweighted trees, 
not  among the weighted trees, among which a tree 
o f  90 mutat ions  is minimal  (this tree was also found 
by Penny et al. 1982). The tree to which most  o f  
the ancestors converge has 92 mutat ions.  

Conclusions and Discussion 

In this paper  we have proposed a new me thod  for 
the construction o f  phyletic trees, which makes use 
o f  the fact that muta t ion  rates can differ within se- 
quences. Positions are weighted according to the 
informat ion content  (measured as m a x i m u m  minus 
m i n i m u m  number  o f  muta t ions  possible) and the 
number  o f  muta t ions  required on a tree. Posit ions 
that have a relatively small numbe r  o f  muta t ions  
are weighted more  highly. In this way, the major  
clusters o f  the tree are based mainly  on the positions 
that mutate  slowly, and the detailed structure o f  the 
tree on the positions that  muta te  rapidly. One of  the 
advantages o f  the me thod  is that it involves a com- 
bination of  minimal  length methods  and similarity 
methods.  The me thod  allows the strict pars imony 

criterion to be relaxed. We found that  by means  of  
weighting (1) the pat tern in the present-day-ancestor  
trees becomes more  pronounced:  the trees converge 
to one or more  patterns, whereby patterns conflict- 
ing with the phylogenetic pat tern are singled out; (2) 
the true tree is approx imated  better, especially with 
respect to the major  structure o f  the tree (artificial 
data); (3) the trees becomes closer to the systematic 
classification of  the species concerned (biological 
data); and (4) the number  o f  muta t ions  tends to 
decrease, somet imes  even to the m i n i m u m  number.  
[When myoglobin data  are used (Table 1 o f  Penny 
and Hendy  1986), the m i n i m u m  tree is among the 
weighted present-day-ancestor  trees; not  reported 
on in this paper.] 

The tree-generating m e th o d  used to test our  pro- 
cedure can generate parts in the true tree that have 
strong radiation. I f  in a radiated group high up in 
the tree a species having a posit ion with a unique 
character  state is duplicated, this posi t ion will re- 
ceive a high weight, whereas without  strong radia- 
t ion this posit ion would get a zero weight. This could 
result in an incorrect  placing o f  the radiated group 
low in the tree, were it not  for the present-day-ances- 
tor  method,  which can correct  for this phenomenon:  
the radiated group will be at a great distance f rom 
most  o f  the other  objects, so it will be correctly 
placed high up in the tree. Therefore,  we prefer to 
use the present-day-ancestor  me thod  i f  the weight- 
ing procedure is used to construct  trees. 

The weighting formula used in this study is an 
ad hoc formula,  and variat ions on this general for- 
mula are o f  course conceivable (e.g., nonl inear  al- 
ternatives). Instead o f  MAX,  one could use in Eq. 
(2) the mean number  o f  mutat ions  over  all possible 
trees (given the character  distribution). Sometimes 
the m a x i m u m  value is unlikely to be reached, re- 
suiting in too high a weight, relatively. However ,  we 
do not  have an explicit formula  to establish the 
mean value. Experiments  done  with the mean (oh- 



tained by  M o n t e  Car lo  m e t h o d s )  i n s t ead  o f  the m a x  
did no t  suggest a s igni f icant ly  be t t e r  result .  

Convergence  of  the p r e s e n t - d a y - a n c e s t o r  trees to 
each o ther  can  be a t t r i b u t e d  par t ly  to the  fact tha t  
Weighting reduces  the n u m b e r  o f  characters .  T h e  
results are, however ,  by  no  m e a n s  t r iv ia l ,  because ,  
the trees converge  to a m e a n i n g f u l  pa t t e rn :  the  t rue  
tree or a c lass i f ica t ion closer  to sys temat ics .  More -  
OVer, we obse rved  no t  on ly  convergence  (to one  tree), 

but  also a n  e n h a n c e m e n t  o f  different  pa t t e rns  (i.e., 
COnvergence to m o r e  t h a n  one  pat tern) .  

Our  fu ture  work  will focus on  the  p e r f o r m a n c e  
of the weight ing  p rocedure  us ing  a m o d e l  tha t  ex- 
plicitly i nco rpo ra t e s  di f ferent  m u t a t i o n  rates  w i t h i n  
and be tween  sequences .  T h i s  can  be d o n e  in  a na t -  
Ural way by  sub jec t ing  the sequences  to f u n c t i o n a l  
COnstraints, wh ich  can  i nc lude  n o n l o c a l  cons t r a in t s  
associated,  for example ,  wi th  a fo ld ing  pa t te rn .  I f  
gap-genera t ing  even t s  ( i n se r t i ons /de l e t i ons )  are in -  
c luded as well  as subs t i t u t ions ,  it will  be  necessa ry  
to align the sequences  before weighting,  because  t hen  
pos i t ions  will no  longer  be  def ined  a priori .  T h e  
!nclus ion o f  gap-genera t ing  even t s  shou ld  also m a k e  
it poss ib le  to c o m b i n e  ou r  i t e ra t ive  charac te r  
Weighting m e t h o d  wi th  the  in tegra ted  m e t h o d  o f  
al igning sequences  a n d  cons t ruc t i ng  phyle t ic  trees 
(Hogeweg a n d  Hespe r  1984). 
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Appendix 

The tree cohesion measure (TC) is not symmetrical in T1 and 
T2, the trees for which the similarity is calculated. TC(T1, T2) 
and TC(T2, T1) for two strictly binary trees spanning n objects 
are defined as 

11-3 

TC(T1, T2) = 1/(n - 3) ~ max(c~ I 1 -< j -- n - 3) 
i - I  

n - 3  

TC(T2, T1) = l/(n - 3) ~ max(c 0 I 1 -< i -< n - 3) 
j - t  
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where n - 3 is the number  o f  parti t ions o f  each tree, and % is 
the similarity between the ith parti t ion o f T  1 and the j th  parti t ion 
o f  T2 as expressed Watanabe 's  (1969) C. C is defined as 

C = a log(fl log(,), + a)(fl + ~) + 6 + ~)('r + '~) 

/3 .y 
+ /3  log (a +/3)(a + ~,) + "Y log (8 +/3)(8 + 7) 

where 

n,,(x~, x,) n,o(Xk, x~) no,(X~, x,) n00(xk, x,) 
a - - , / 3  - - , 7  - - , 8 =  

n n n n 

where nH(xk, X~), for example,  is the number  o f  ls  that  coincide 
on the two rows Xk and x~, which here are part i t ions denoted  as 
a sequence o f  Is and 0s (of length n, total number  o f  objects). 
The ls  and 0s indicate whether  an object is a m e m b e r  o f  the first 
or o f  the second subset. The  subsets are formed by part i t ioning 
the whole set o f  n objects. First  or  second subset depends  on the 
orientat ion o f  the tree and is irrelevant for the similarity measure.  
The tree cohesion measure is mainly in tended as a descriptive 
measure,  and statistical or  mathemat ical  propert ies have not  been 
explored thoroughly. 


