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Lake’s evolutionary parsimony (EP) method of constructing a phylogenetic tree 
is primarily applied to four DNA sequences. In this method, three quantities-X, 
Y, and Z-that correspond to three possible unrooted trees are computed, and an 
invariance property of these quantities is used for choosing the best tree. However, 
Lake’s method depends on a number of unrealistic assumptions. We therefore 
examined the theoretical basis of his method and reached the following conclusions: 
( 1) When the rates of two transversional changes from a nucleotide are unequal, 
his invariance property breaks down. (2) Even if the rates of two transversional 
changes are equal, the invariance property requires some additional conditions. (3) 
When Kimura’s two-parameter model of nucleotide substitution applies and the 
rate of nucleotide substitution varies greatly with branch, the EP method is generally 
better than the standard maximum-parsimony (MP) method in recovering the 
correct tree but is inferior to the neighbor-joining (NJ) and a few other distance 
matrix methods. (4) When the rate of nucleotide substitution is the same or nearly 
the same for all branches, the EP method is inferior to the MP method even if the 
proportion of transitional changes is high. (5) When Lake’s assumptions fail, his 
x2 test may identify an erroneous tree as the correct tree. This happens because 
the test is not for comparing different trees. (6) As long as a proper distance measure 
is used, the NJ method is better than the EP and MP methods whether there is a 
transition/transversion bias or whether there is variation in substitution rate among 
different nucleotide sites. 

Introduction 

Lake ( 1987 ) recently proposed a method of reconstructing a phylogenetic tree, 
calling it the “evolutionary parsimony” (EP) method. This method is primarily applied 
to four DNA sequences and utilizes information on the transition/ transversion bias 
in nucleotide substitution. The actual procedure is to compute three quantities-X, 
Y, and Z-which are functions of the numbers of certain nucleotide configurations 
among the four DNA sequencesand to determine which of the three quantities is 
significantly different from zero. If only one of them is significant, the tree topology 
corresponding to the quantity is regarded as the correct one. If two or all of them are 
significant, the splitting pattern of DNA sequences is unresolvable. Lake provided a 
mathematical basis for his procedure by considering a particular pattern of nucleotide 
substitution. 

However, the pattern of nucleotide substitution he considered is quite restrictive, 
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so that the general applicability of his method is unclear. Li et al. ( 1987) examined 
the relative efficiencies of this method and several other methods for obtaining the 
correct topology by using computer simulation, but their conclusion is misleading 
because they did not use corrected nucleotide substitutions for measuring sequence 
divergence. We therefore examined the theoretical basis of Lake’s method by using 
various patterns of nucleotide substitution. We also conducted a computer simulation 
on the relative efficiencies of the EP method and two other tree-making methods. The 
purpose of the present paper is to report the results of this study. 

EP Method 

Before presenting our results, let us explain in some detail the procedure and the 
assumption of Lake’s method. In his method an unrooted tree of four DNA sequences 
A, B, C, and D [see fig. 1 (a)] is considered, and for each nucleotide site the nucleotides 
of sequences A-D are compared. Since there are four possible nucleotides (A, T, C, 
and G) , there are 44 = 256 different configurations (combinations) of nucleotides at 
each site for four sequences. Lake, however, pools certain configurations and considers 
only 36 configuration groups. He designates any nucleotide (at a given site) of sequence 
A by “ 1” and represents the nucleotides of sequences B-D by “ 1,” “2,” “3,” or “4,” 
depending on their relationship with the nucleotide of sequence A. 

The nucleotides of sequences B-D are denoted by “ 1” if they are identical with 
that of sequence A, by “2” if they are related to the latter by a transitional change, 
and by “3” or “4” if they are related by a transversional change. [Changes between 
A and G (purines) and changes between T and C ( pyrimidines) are transitions, whereas 
all other changes are transversions.] “4” is used only for the second of the two different 
transversions that are observed among the four sequences. For example, if the nu- 
cleotide configurations for sequences A-D is AATT or any other one in table 1, it will 
be denoted by 1133. If it is AGTC, however, it will be denoted by 1234 (see Lake 
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’ PIG. 1 .-(a), One of the three possible unrooted trees for four DNA sequences (A-D). a-e are branch 

lengths. (b), Evolutionary history of DNA sequences A-D. t, and t’, represent the times of divergence 
between A and B and between C and D, respectively. t,, is the present time. a-f denote the expected number 
of nucleotide substitutions per site. 
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Table 1 
Frequencies of the Eight Nucleotide 
Configurations in the Configuration 
Group 1133 

Configuration Frequency 

AATT 
AACC 
GGTT 
GGCC 
TTAA 
TTGG 
CCAA 
CCGG 

. . . 

. 

. . . 

. . . 

. . . . 

. . . . 

Cig(i)P(i;A,A)Q(i;T,T) 
Cig(i)p(i;A,A)Q(i;C,C) 
Cig(i)p(i;G,G)Q(i;T,T) 
Cig(i)f’(i;G,G)Q(i;C,C) 
Cig(i)p(i;T,T)Q(i;A,A) 
Cig(i)p(i;T,T)Q(i;G,G) 
Cig(i)f’(i;C,C)Q(i;A,A) 
Cig(i)F’(i;C,C)Q(i;G,G) 

1987, table 1) . We denote the number of nucleotide sites showing configuration group 
ijmn by No,,.,,,. The total number of nucleotide sites, i.e., the sum of NUmn for all 
configuration groups, is denoted by N. 

With four DNA sequences, there are three possible unrooted trees. One of them 
has the topology given in figure 1 (a), in which sequences A and B are clustered and 
C and D make another cluster. We call this tree Tx. When the topology shows a 
cluster of A and C (vs. B and D), we call it tree Ty . The remaining tree, in which A 
and D are clustered, will be called tree Tz. 

In the EP method, one of the three trees may be chosen as the correct one by 
computing the following three quantities: 

x = N133 - N1233 - N134 + N1234 , (la) 

y = N313 - N1323 - X314 + N1324 , 

2 = N331 - N1332 - X341 + N1342 . 

(lb) 

UC) 

If X is significantly different from 0 whereas the other two are not, tree Tx is considered 
the correct one. Similarly, if Y or Z is significantly different from 0 but the remaining 
two are not, tree TY or Tz is considered the correct one. 

In the EP method, emphasis is given to transversional substitutions, and transi- 
tional substitutions are largely neglected under the assumption that the former are 
more informative than the latter in reconstructing the evolutionary history of genes. 
For this reason, this method uses only 12 of the 36 nucleotide configuration groups. 
Lake calls P = N 1133 + N1234 the parsimony-like term and B = Ni233 + Nil,, the 
background term for tree Tx and suggests that x2 = (P-B)2/(P+B) is distributed as 
a x2 with 1 degree of freedom. A similar x2 quantity can be computed for testing the 
statistical significance of Y and Z. 

From this procedure, it is obvious that for the EP method to be valid the expec- 
tations of Y and Z over the evolutionary process must be zero if tree Tx is the correct 
one. Lake has shown that this is indeed the case if one assumes that the probabilities 
of occurrence of two transversional changes from a nucleotide (e.g., A+T and A-C) 
are equal. In practice, however, this assumption usually does not hold (e.g., see Nei 
1987, p. 84). Furthermore, this assumption is not really a sufficient condition for his 
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method to be valid, as will be shown later. It is therefore necessary to study the evo- 
lutionary changes of X, Y, and Z under a more general pattern of nucleotide substi- 
tution. Note also that his x2 test is not for comparing different tree topologies but for 
detecting deviations of X, Y, and Z from zero. Therefore, even if only X is significant 
at the P percent level, this does not mean that Tx is better than TY or Tz at the P 
percent level. In fact, as will be shown later, it is possible that Tx is an erroneous tree 
rather than the correct one even if only X is significant. 

Evolutionary Changes of X, Y, and Z 

To study this problem, we consider the evolutionary process presented in figure 
1 (b). Here 0 represents the ancestral sequence of all four contemporary sequences, 
whereas ti and t’, stand for the times of divergence between A and B and between C 
and D, respectively, t, being the present time. We also denote t2 = tp - tl and t)2 = t, 
- t\ . Here the evolutionary time may be measured in years, million years, or any 
other time units, as long as the rate of nucleotide substitution per unit evolutionary 
time is reasonably small. We assume that the rate of nucleotide substitution varies 
from branch to branch but that the substitution pattern is the same for all branches. 

We compute the expectations [E(X), E(Y), and E(Z)] of X, Y, and Z by 
examining the evolutionary changes of N 1133, Ni233, etc., under the assumption that 
tree Tx is the correct one. N l 133 is the sum of the frequencies of eight configurations 
given in table 1, so that we have to evaluate the frequency of each configuration. This 
can be done by considering the evolutionary change of nucleotide on the A-B side 
and on the C-D side separately from 0 in fig. 1 (b). Let P( i;r,s) be the probability 
that nucleotide i at a site in sequence 0 changes to nucleotide r in sequence A and to 
nucleotide s in sequence B during the entire evolutionary process. Similarly, let Q( i;u,v) 
be the probability that nucleotide i in 0 becomes nucleotide u in C and v in D. 
Therefore, if we know P( i;r,s) and Q( i;u,v), the probability of occurrence of any 
nucleotide configuration at a site can be obtained. For example, the probability of 
occurrence of configuration AATT for sequences A-D is 

P( AATT) = 2 i( i)P( i;A,A) Q( i;T,T) , (2) 

where g(i) is the probability of occurrence of nucleotide i in sequence 0, and the 
summation is taken over all nucleotides A, T, C, and G. Similarly, the probabilities 
of occurrence of other configurations in configuration group 1133 are given by the 
formulas in table 1. If we assume that all nucleotide sites evolve in the same way, the 
expected value of N 1 133 is given by NP( 1133)) where P( 1133) is the sum of all quantities 
in table 1. 

Let us now consider how to evaluate P( i;r,s) and Q( i;u,v). For this purpose, we 
consider each branch of the tree in figure 1 (b) separately, since the rate of nucleotide 
substitution may vary from branch to branch. Let p( i, j;t) be the probability‘ that 
nucleotide i changes to j during evolutionary time t in a branch. This probability can 
be obtained by using the matrix method described by Nei ( 1987, p. 67). We define 
the matrix of substitution rates in the following way: 

1-h x21 h31 L1 

l-h2 A32 h42 

l-h3 h43 ’ 

1-L 1 
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where 1, 2, 3, and 4 stand for nucleotides A, T, C, and G and where element X0 is the 
rate of change of nucleotide i to nucleotide j during one evolutionary time unit. hi is 
given by hi1 + hi2 + hi3 + hia, where hii = 0. Let g, be the column vector of g( 1 ), 
g( 2)) g( 3)) and g( 4) at time t . We then have g, = M’gO, where go is the vector of the 
initial nucleotide frequencies. Since p( i, j; t) is nothing but one element of matrix M ‘, 
one can easily evaluate it if hii’s are given. In our case hti may vary from branch to 
branch, but we assume that the relative values of ho’s remain the same for all branches. 

In the present paper we will be primarily concerned with the equilibrium state 
where the nucleotide frequencies remain constant because of mutation balance. In 
this case the expected number of nucleotide substitutions per site in any branch can 
be written as 

b = ht , (4) 

where 3L is the average rate of nucleotide substitution per site per unit evolutionary 
time and is given by 

ii = i g(i)&. (5) 
i=l 

The equilibrium values of g( i)‘s are obtained by Tajima and Nei’s ( 1982) formula. 
Equation (4) indicates that the branch length can be changed by adjusting either t or 
hi. In actual computation, however, it is easier to adjust t rather than hi, so we use 
this method in the present paper, though our assumption is that 3Li varies with branch. 

Note also that the proportion of transitional changes among the total changes is 
given by 

B = a 1 a14 + gGw23 + gWh32 + gwh41 

g(W+ g(W2 + g(W3 + g(W4 * 

When g( 1) = g( 2) = g( 3) = g( 4), this reduces to 

B x14 + x23 + A32 + x41 

. = h, + h2 f h3 + IL4 * 

(6) 

(7) 

At any rate, once p( i, j;t) is obtained for all branches, P( i;r,s) and Q( i;u,v) are 
given by the following equations: 

4 

W;w) = C p,(i, j;t,)~~(j,r;t,)Pb(j,S;tZ), 

j=l 
@a) 

4 

Q( i;u,v) = 2 pf( i,j;tl,)p,(j,u;tl,)pd(j,v;t~) 9 
j=l 

GW 

where the subscript of p refers to the branch under consideration in figure 1 (b). 
Therefore, if the hii values are given for each branch, we can compute the prob- 

ability of occurrence of each nucleotide configuration by using equation (2) or its 
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equivalent formula and consequently the probability of occurrence of each configu- 
ration group. The following four equations give the probabilities of occurrence of 
configuration groups 1133, 1233, 1134, and 1234, and the others can be written in 
the same fashion: 

P( 1133) = 2 g(i){ [P(i;A,A)+P(i;G,G)][Q(1’;T,T)+Q(i;C,C)] 

+[P(i;T,T) + P(1’;C,C)][Q<i;A,A)+Q(i;G,G)l} , Pa) 

P( 1233) = 2 g(i){ [P(i;A,G)+P(i;G,A)l[Q<~;T,T)+Q<~;c,c>l 
/ i 

+[P(~;T,C)+P(~;C,T)][Q(~;A,A)+Q(~;G,G)I) 3 (W 

P( 1134) = c g(i){[P(i;A,A)+P(i;G,G)][Q(i;T,C)+Q(i;C,T)] 

+[P(i;T,T)+P(i;C,C)][Q(i;A,G)+Q(i;G,A)I} , (9~) 

P( 1234) = C g(i){[P(i;A,G)+P(i;G,A)][Q(i;T,C)+Q(i;C,T)] 

+[P(i;T,C)+P(i;C,T)][Q(i;A,G)+Q(I’;G,A)l} . (9d) 

We are now in a position to compute the expectations of X, Y, and Z. They are 
given by 

E(X) = N[P( 1133)~P( 1233)-P( 1134)+P( 1234)] , (W 

E(Y) = N[P( 1313)~P( 1323)~P( 1314)+P( 1324)], (lob) 

E(Z) = N[P( 1331)-P( 1332)-P( 1341)+P( 1342)] . ( w 
Since the transition matrix given by ( 3 ) is a general one requiring 12 parameters, one 
can study the effect of violation of Lake’s assumption on the performance of the EP 
method by using the above method. 

As mentioned earlier, Lake ( 1987 ) asserted that the invariance property of E (Y) 
= 0 and E(Z) = 0 holds if the probabilities of occurrence of two transversional changes 
from a nucleotide are the same. Under this condition, the transition matrix M can be 
written as follows: 

l-AA ATR hCR hGA 
l-AT LT hGY h 

1 

TC l-h, &Y ’ (11) 

ATR hCR 1-b 

This suggests that his model of nucleotide substitution is an eight-parameter model. 
In practice, this is not true, and, as will be shown later, even a more restricted model 
does not necessarily produce the invariance of E( Y) = 0 and E(Z) = 0. 
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Table 2 
Rates of Nucleotide Substitution in Model I and Model II 

MODEL I MODEL II 

M/G A T C G A T C G 

A..... l-h Pl PI 1 - hl I32 P2 a4 

T..... PI 1-h PI 1 -hz a3 PI 

C..... I32 A P2 PI a2 1 - A3 $1 

G . . . . a P2 1-h a1 P2 I32 1-L 

NOTE.-0 and M denote the original and mutant nucleotides, respectively. h = a + p, + p2; h, = al 
+2Pl;hz=~z+2Pz;h3=a~+2Pz;andhq=a4+2P~. 

Numerical Examples 

In the following we examine three different models, two of which violate Lake’s 
assumption: 

Model I 

The general pattern of nucleotide substitution in this model is given in table 2. 
The transition rate (a) is the same for all four possible changes. The transversion rate 
( p1+p2) is also the same for all nucleotides, but its components-_P, and Pz-may be 
different. Therefore, this model requires three parameters and may violate Lake’s 
assumption. The equilibrium value of g( i) is 0.25 for all four nucleotides. 

Using this model, we computed E(X), E(Y), and E(Z) for several parameter 
values of a, pi, and j32. In this computation the length of each branch was measured 
by the expected number of nucleotide substitutions per site given by equation (4), 
and h = 0.001 was used. The branch lengths used were a = c = e = 0.05 and b = d 
= 0.5 substitutions/site in figure 1 (a). We considered three different (values for the 
transition bias defined by B = a/(a+Pi+/&) and five different values for D = pi/ 
( pi +p2). When D = 0.5, the model reduces to Kimura’s ( 1980) two-parameter model, 
and Lake’s assumption holds. Furthermore, when B = l/3 and D = 0.5, all nucleotide 
substitutions occur with equal frequency, and the model becomes identical with Jukes 
and Cantor’s ( 1969). 

The results obtained are presented in table 3, where the total number of nucleo- 

Table 3 
Values of E(X), E(Y), and E(Z) for Three Different Cases of Model I 

B = 0.90 B = 0.60 B = 0.33 

D E(X) E(Y) E(Z) E(X) E(Y) E(Z) E(X) E(Y) E(Z) 

0.5 . . . . . 6.1 0.0 0.0 33.2 0.0 0.0 73.8 0.0 0.0 
0.4 . . . . . 6.1 0.3 0.0 34.0 4.9 0.7 76.5 14.2 2.3 
0.3 . . . . . 6.2 1.2 0.2 36.4 19.6 2.9 84.4 56.7 9.4 
0.2 . . . . . 6.4 2.7 0.3 40.4 44.0 6.4 97.5 127.7 21.1 
0.1 . . . . . 6.7 4.8 0.6 46.0 78.2 11.4 116.0 227.0 37.5 

NOTE.-B denotes the transition bias and is given by ~/(a+j3,+j3~). D = p,/(j3,+p2). g(1) = g(2) 
= g(3) = g(4) = 0.25 for this model. Branch lengths: a = c = e = 0.05; b = d = 0.5. N = 10,000. 
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Table 4 
Values of E(X), E(Y), and E(Z) for Two Different Cases of Model II and for Model III 

MODEL II 

b (=d) 

Case 1: B = 0.87 Case 2: B = 0.6 MODEL III: B = 0.43 

E(X) E(Y) E(Z) E(X) E(Y) E(Z) E(X) E(Y) HZ) 

0.2 18.7 0.0 0.00 70.3 0.4 0.0 114.0 5.5 2.6 . . . . 
0.4 9.2 0.4 0.01 37.0 3.6 0.1 61.6 10.8 2.7 . . . . 
0.6 . . . . 5.0 1.3 0.01 21.2 11.8 0.2 34.6 14.3 2.3 
0.8 20.3 18.2 2.0 . . . . 3.1 2.8 0.01 13.1 24.9 0.2 
1.0 24.0 1.9 . . . . 2.0 5.0 0.01 8.7 41.5 0.2 13.0 

NOTE.-The substitution parameters used for case 1 of model II are al = 0.00306, a2 = 0.00278, a3 
= 0.00231, CL, = 0.00977, PI = 0.00025, and B2 = 0.00019, whereas those for case 2 are aI = 0.00196, a2 
= 0.00196, u3 = 0.00149, cq = 0.00887, B, = 0.00080, and p2 = 0.00060. The substitution parameters for 
model III are AAT = 0.00042, hAc = 0.00063, Lo = 0.00115, ATA = 0.00050, Arc = 0.00037, hro = 0.00017, 
b = 0.00081, &r = 0.00094, & = 0.00130, AcA = 0.00209, br = 0.00048, and Act = 0.00115. Branch 
lengths a, c, and e are all assumed to be 0.05 substitutions/site [see fig. l(a)]. N = 10,000 in all models and 
cases. B is the fraction of all changes that are transitions. 

tides, N, is assumed to be 10,000. As expected from Lake’s assumption, E(X) # 0, 
E(Y) = 0, and E(Z) = 0 for D = 0.5 irrespective of the B value. However, when D 
is not 0.5, E(Y) and E(Z) are not necessarily zero. Particularly when B and D are 
both low, E(Y) and E(Z) can be quite high. In some cases E(Y) exceeds E(X). 
These results clearly indicate that the invariance property of Y and Z does not nec- 
essarily hold and that Lake’s statistical test of topology is not justified when Lake’s 
assumption fails. Lake’s test is supposed to identify the correct topology only when 
one of the three x2 values is significant. When Lake’s assumption of D = 0.5 does not 
hold, two or all of the three x2 values may be significant when a large number of 
nucleotides is examined. Therefore, his test is unlikely to resolve the tree topology in 
most cases. Furthermore, under certain circumstances Y may exceed X, so that tree 
TY may be identified as the correct tree, as will be shown later. Note that the transition 
bias in mitochondrial DNA in mammals is known to be very high (90%) but that the 
bias in nuclear genes seems to be as low as 43% (Gojobori et al. 1982). 

Model II 

The pattern of nucleotide substitution for this model is also presented in table 
2. This model requires six parameters, but Lake’s assumption holds because the rates 
of two different transversional changes from each nucleotide are the same. This model 
was previously used by Aquadro et al. ( 1984) in their study of the evolutionary changes 
of mitochondrial DNA. In fact, they estimated the six parameters for substitution rate 
from actual data. It is therefore interesting to examine the values of E(X), E(Y), 
and E(Z) by using their estimated values. According to their estimates, the transition 
bias is very high. Since nuclear genes do not show such a high transition bias, we also 
examined another case in which the transition bias was lower. 

Aquadro et al.‘s ( 1984) estimates of the six parameters (case 1) are given in table 
4. The proportion of transitional changes for this case is 87.4%. In case 2, where the 
proportion of transitional changes was assumed to be 60%, we used the substitution 
parameter values presented in the footnote of table 4. In both cases the branch lengths 
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of a, c, and e were assumed to be 0.05, whereas five different values (0.2,0.4,0.6,0.8, 
and 1 .O) were used for b = d. 

Table 4 shows the E(X), E(Y), and E(Z) values for these cases. When the 
branch length b is relatively small, E(Y) and E(Z) are much smaller than E(X), but 
they are not zero, contrary to Lake’s assertion. Furthermore, as b increases, E(Y) 
increases whereas E( X ) decreases, so that E(Y) becomes greater than E( X ) at b 
= 1.0. In case 2, E(Y) is greater than E(X) even at b = 0.8. This clearly indicates 
that Lake’s condition for the invariance property of E( Y) = E(Z) = 0 to hold is not 
sufficient. The real necessary and sufficient condition for the invariance property is 
x-m + hrc = & + &r and hAv + hAo = by + LA in matrix ( 11). Mathematical 
proof of this condition is lengthy, so we shall not present it here; it is available on 
request. Cavender ( 1989) independently reached the same conclusion by using a dif- 
ferent method. In the present case the condition becomes cl2 = cr3 and o1 = Q. 

As mentioned earlier, the parameters for nucleotide substitution for case 1 in 
table 4 are those estimated from actual data. Our results indicate that, even with this 
realistic substitution pattern, Lake’s invariance property does not hold. Of course, 
when b ( =d) is 0.8 or 1, the nucleotide differences between sequences B and D in 
figure 1 (a) are nearly saturated, so that these cases are of minor importance in practice. 
In real phylogenetic construction, highly divergent DNA sequences are rarely used, 
because they are subject to a high degree of sampling error as well as to sequence 
alignment errors. 

Model III 

Gojobori et al. ( 1982) estimated the relative nucleotide substitution rates for 
globin and ACTH genes in mammals. From these data, we can estimate the 12 sub- 
stitution parameters in matrix (3) (see footnote to table 4). We therefore computed 
E(X), E(Y), and E(Z) by using the estimates. (The proportion of transitional changes 
is equal to 43.4% for the estimates.) In this computation we considered the same set 
of branch-length parameters and N as were used for model II. The results obtained 
are presented in table 4. E(Y) and E(Z) are again much smaller than E(X) when b 
is small, but, as b increases, E( Y ) increases whereas E( X ) decreases. Therefore, when 
b = 1.0, E(Y) is again greater than E(X). This indicates that Lake’s invariance 
property does not hold for nuclear genes as well. 

Relative Efficiencies of the EP and Other methods 
of Phylogenetic Construction 

The above study indicates that Lake’s invariance property of E( Y) = E(Z) = 0 
usually does not hold for actual data. One can, however, argue that Lake’s method is 
still useful for constructing a tree if we use the relative values of X, Y, and Z without 
regard to their statistical significance. That is, tables 3 and 4 suggest that, if we choose 
tree Tx whenever X is largest among X, Y, and Z, it will be the correct tree unless 
the ratio b/a in figure 1 (a) is extremely large and the proportion of transitional changes 
is low. 

In practice, the number of nucleotides examined is always finite, and X, Y, and 
Z are subjected to stochastic errors. We therefore conducted a computer simulation 
to investigate the probability of obtaining the correct tree by the above modification 
of Lake’s method. At the same time, we also examined the probability of obtaining 
the correct tree by the standard maximum-parsimony ( MP) method (Fitch 197 1; see 
Nei 1987, chap. 11 for a simple treatment of the subject) and Saitou and Nei’s ( 1987) 
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neighbor-joining (NJ) method in order to compare the efficiency of the EP method 
with that of other tree-making methods. Note that when there are only four DNA 
sequences Sattath and Tversky’s ( 1977) and Fitch’s ( 198 1) neighborliness methods 
and Farris’s ( 1977) transformed-distance method become identical with the NJ method 
(Saitou and Nei 1987). 

Li et al. ( 1987) conducted a similar computer simulation by using Kimura’s 
( 1980) two-parameter model, but, as mentioned earlier, their conclusion about the 
NJ method is misleading because they did not use proper measures of sequence di- 
vergences. The NJ method and several other distance methods are known to reconstruct 
the correct tree when the distance used is additive and measured correctly. When the 
two-parameter model of nucleotide substitution is used, the number of nucleotide 
differences per site (p) is not additive, but the total number of nucleotide substitutions 
(d) estimated by Kimura’s ( 1980) method is, if a large number of nucleotides are 
examined. Therefore, the d distance rather than the p distance should be used for the 
NJ method, particularly when sequence divergences are large. The computer simu- 
lations by Saitou ( 1988) and Saitou and Imanishi ( 1989) show that this is indeed the 
case. Of course, when Jukes and Cantor’s ( 1969) one-parameter model is used and 
the divergence of DNA sequences used is low, the p distance gives a slightly better 
performance in obtaining the correct tree than does the d distance, apparently because 
the sampling variance of p is smaller than that of d (Saitou and Nei 1987; Sourdis 
and Krimbas 1987 ) . However, when d is large and the number of nucleotides examined 
is large, the d distance is expected to give a better performance than the p distance. 
At any rate, in the present paper we have used both p and d distances. 

We used four models of nucleotide substitution, i.e., Kimura’s two-parameter 
model, model I in table 2, and model II (case 1) and model III in table 4. As mentioned 
earlier, Lake’s invariance property of E( Y) = E(Z) = 0 holds for the first model but 
not for the others. The model tree used for the present simulation was that given in 
figure 1 (a). Our method of computer simulation for the two-parameter model was 
the same as that of Li et al. ( 1987), except that the NJ tree was constructed by using 
both p and d distances. In the case of the other models, we computed the probability 
of occurrence of each nucleotide configuration for the four DNA sequences A-D by 
using the theory developed in the section titled “Evolutionary Changes of X, Y, and 
Z” (see above). Using the probabilities of occurrence of the 256 nucleotide configu- 
rations, we generated the nucleotide sequences of A-D by determining the configuration 
at each nucleotide site by using pseudorandom numbers. 

Once the nucleotide sequences of A-D were generated, we computed the X, Y, 
and Z values. When X was largest among X, Y, and Z, we regarded that the correct 
tree was obtained. This computation was repeated many times to determine the prob- 
ability of obtaining the correct tree (PC). The P, value was also computed for the MP 
and NJ methods. For the NJ method, both p and d distances were used. The d distance 
was estimated by Kimura’s ( 1980) method as well as by Jukes and Cantor’s ( 1969) 
method. For the EP method, we also computed the x2 values for X, Y, and Z and 
determined the proportion of replications in which only the x2 for X, Y, or Z was 
significant at the 5% level (x2 > 3.84). 

Table 5 shows the results for the two-parameter model for three sets of branch 
lengths-sets S1 , S2, and S3- and for two values of N. In the case of S1 and N = 1,000, 
all three tree-making methods give a high P, value unless the transition / transversion 
bias is very high (B = 0.90). When B = 0.90, the P, value for the NJ method using 
the p distance (NJP) is similar to that of the MP method but is considerably higher 
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Table 5 
Percentage of Correct Tree Topologies Obtained by Three Different Tree-making Methods 
for the Case of the Two-Parameter Model 

BRANCH LENGTH 

TREE-MAKING METHOD EP(x2 ) 

B MP NJP NJD NJK EP X Y z 

N= 1,000: 
s, . . . . , . .!. . 0.33 100 98 

0.60 100 97 
0.90 88 85 

!$ . . . . . . . . . . 0.33 91 88 
0.60 86 84 
0.90 67 69 

ss . . . . . . . . . . 0.33 4 0 
0.60 2 0 
0.90 0 0 

N = 4,000: 
s , . . . . . . . . . . 0.33 100 100 

0.60 100 100 
0.90 99 99 

s, . . , . . . . . , . 0.33 99 100 
0.60 98 98 
0.90 87 89 

ss . . . . . . . . . . 0.33 0 0 
0.60 0 0 
0.90 0 0 

100 100 99 68 1 1 
100 100 91 45 2 2 
99 100 61 12 0 0 

100 100 63 12 6 6 
98 97 51 6 4 4 
84 86 40 5 1 1 
98 98 72 26 6 4 
92 95 57 13 3 3 
22 87 42 6 2 0 

100 100 100 88 0 0 
100 100 100 86 0 0 
100 100 88 29 1 0 
100 100 89 -39 5 2 
100 100 74 19 3 1 
99 100 61 4 26 7 

100 100 94 65 0 2 
100 100 85 36 2 3 

8 98 57 7 6 3 

NOTE.-&: a = c = e = 0.05 and b = d = 0.25. S2: a = c = 0.20, b = d = 0.40, and e = 0.05. Ss: a 
= c = e = 0.05 and b = d = 0.5. EP(x’) shows the percentage of replications in which only the x2 for X, Y, 
or Z was >3.84. The number of replications for the cases of N = 1,000 and N = 4,000 were 400 and 100, 
respectively. B = the fraction of all changes that are transitions. 

than that for the EP method. However, it is lower than the PC value for the case where 
the Jukes-Cantor (JC) distance (NJD) or the Kimura distance (NJK) is used. This 
confirms Saitou’s earlier conclusion that a proper correction for nucleotide substitutions 
improves the performance of the NJ method. 

The low performance of the EP method for the case of B = 0.90 is caused by the 
fact that in this method only limited information on nucleotide substitution is used. 
If we increase the number of nucleotides, the PC value for this method is expected to 
increase, as is clear from the case of N = 4,000. However, the other methods also 
improve their performance as N increases, so that the PC for the EP method still 
remains lowest. 

When the b and d values are much larger than the a and c values, the story 
changes. When branch-length set S3 is used, the PC values for the MP and NJP methods 
are now much lower than those for the EP method. This result is the same as that of 
Li et al. ( 1987). However, if we use the JC or Kimura distance, PC is generally much 
higher for the NJ method than for the EP method. For the case of B = 0.90, PC is 
lower for NJD than for EP. This occurred because the JC distance is not proportional 
to the total number of nucleotide substitutions in this case. When B is high; the Kimura 
distance should be used. 

The low PC values for MP and NJP in the case of S3 are caused partly by the high 
b/a ratio and partly by the large sequence divergence. This can be seen from the 



Evolutionary Parsimony Method 93 

simulation results for Sz. In this case the b/a ratio is 2 and the expected distance 
between sequences B and D is 0.85, whereas the corresponding values for S3 are 10 
and 1.05, respectively. By contrast, the b/a ratio and the B-D distance for Sr are 5 
and 0.5 5, respectively. The comparison of the results for the cases of S1 and Sa indicates 
that the PC values for MP and NJP are lower for S2 than for Sr though the b/a ratio 
is lower for S2 than for S1 . When the B-D distance is similar, however, a high value 
of b/a reduces the PC values for the MP and NJ methods drastically, as is clear from 
the comparison of the results for Sz and S3. This effect is more dramatic when N is 
large than when N is small. 

The last three columns of table 5 give the proportion of replications [ EP(x2)] in 
which only the x2 for X, Y, or Z is significant at the 5% level. This proportion for X 
is relatively high for B = 0.33 and Sr , but when B is high, for which the EP method 
was primarily developed, it is quite low. Particularly when B = 0.90, it is -5% except 
for the case of Sr , indicating that the x2 test is virtually powerless. These results show 
that Lake’s x2 test is of low power even when his assumption is satisfied. It is interesting 
that, in the case of S2, B = 0.90, and N = 4,000, the sum of the EP( x2) values for Y 
and Z is much higher than that for X. 

Table 6 shows the results for the case of the three-parameter model (model I). 
There are again’ three different sets of branch lengths, i.e., S1 , S2, and S3. In the cases 
of Sr and S2, the PC values for the MP and NJP methods are again higher than those 
for the EP method but lower than those for the NJD and NJK methods. For S3, the 
MP and NJP methods are very poor, but the NJD and NJK methods are again generally 
much better than the EP method. When B is very high, the NJK method is better 
than the NJD method. Thus, the results for the three-parameter model are similar to 
those for the two-parameter model. 

Table 6 
Percentage of Correct Tree Topologies Obtained for the Case of the Three-Parameter Model 

BRANCH LENGTH 

TREE-MAKING METHOD EPtx* 1 

B D MP NJP NJD NJK EP X Y Z 

s , . . . . . . . . . . . . 0.33 0.3 100 98 
. 0.1 98 94 

0.60 0.3 98 96 
0.1 97 92 

0.90 0.3 86 85 
0.1 86 82 

s* . . . . . . . . . . . . 0.33 0.3 84 81 
0.1 82 76 

0.60 0.3 82 81 
0.1 79 81 

0.90 0.3 62 65 
0.1 63 64 

ss . . . . . . . . . . . . 0.33 0.3 5 0 
0.1 1 0 

0.60 0.3 1 0 
0.1 1 0 

0.90 0.3 0 0 
0.1 0 0 

100 100 95 75 1 1 
100 100 88 34 2 1 
100 100 85 37 2 3 
100 100 79 38 10 3 
99 99 62 9 0 0 
99 100 64 12 0 0 
96 96 63 26 5 4 
96 96 55 16 5 7 
96 95 50 10 5 5 
94 93 48 15 10 7 
79 84 38 6 1 1 
78 82 36 4 2 2 
80 80 54 30 6 4 
84 84 10 6 25 1 
91 93 47 11 7 3 
85 88 31 14 25 2 
20 86 42 6 2 0 
19 85 34 4 3 0 

NOTE.-Notations are the same as those in table 5. iV = 1,000. Number of replications = 400. 
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As mentioned earlier, Lake’s invariance property does not hold for this model, 
and all of X, Y, and Z can be statistically significant more often than expected by 
chance. Table 6 shows that this is indeed the case, since EP( x2) for Y is quite high in 
some cases. Actually, EP( x2) is higher for Y than for X in the cases of B = 0.33 and 
B = 0.6 for S3 and D = 0.1. This indicates that Lake’s test is quite misleading when 
his assumption does not hold. 

As mentioned earlier, EP( x2) is the proportion of replications in which X, Y, or 
Z alone is statistically significant. Actually, there were many cases where X and Y, X 
and Z, or Y and Z were simultaneously significant. For example, X and Y or X and 
Z were simultaneously significant in 60% of the replications for the case of S1, B 
= 0.33, and D = 0.1 and in 59% of the replications for the case of S3, B = 0.33, and 
D = 0.1. This occurred because Lake’s test is not for comparing different topologies 
but only for detecting deviations of X, Y, and Z from 0. 

The P, values for models II and III are given in table 7. In these models neither 
Kimura’s ( 1980) assumption nor Lake’s ( 1987) holds. Yet, as far as S1 and S2 are 
concerned, our previous conclusion approximately holds. Thus, the P, values for NJD 
and NJK are higher than those for MP, NJP, and EP. In the case of S3, however, the 
P, values for NJD and NJK are only slightly higher than the value for EP in model 
III and are lower in model II. This is because the JC estimator or the Kimura estimator 
of nucleotide substitutions deviates substantially from additivity in this case. 

Li et al. ( 1987) have shown that, when the proportion of transitional changes is 
high, it is better to consider only transversional differences. We therefore applied the 
MP and NJ methods only to the sites showing these differences. In the NJ method, 
this was accomplished by using Kimura’s ( 1980) equation ( 8) divided by 2. In addition, 
we also constructed NJ trees by using Tajima and Nei’s ( 1984) measure of sequence 
divergence (NJT). This measure is known to maintain approximate additivity of 
nucleotide substitutions for various types of nucleotide substitution that deviate from 
the JC model or Kimura’s two-parameter model. 

The P, values for the MP and NJ methods applied to transversions only (MPV 
and NJV, respectively) are certainly higher than those for the same methods applied 
to all nucleotide differences when model II, where B is high, is used. However, in the 
case of model III, where B is relatively low, this is not necessarily the case. Nevertheless, 

Table 7 
, 

Percentage of Correct Tree Topologies Obtained for Substitution Models II 
(case 1) and III in Table 4 

TREE-MAKING METHOD EP(x2 ) 

BRANCH LENGTH MP NJP NJD NJK MPV NJV NJT EP X Y Z 

Model II (B = 0.87): 
S, ............. 79 77 96 99 91 98 99 61 12 0 0 
s2 ............. 64 66 78 77 76 92 77 42 4 2 1 
Sf ............. 0 0 6 37 64 93 51 44 6 1 0 

Model III (B = 0.43): 
S, ............. 97 92 100 100 95 100 100 92 51 1 3 
s* ............. 83 78 94 93 77 86 92 49 8 3 3 
ss ............. 1 0 64 63 8 83 77 54 15 3 3 

NOTE.-Notations are the same as those in table 5. iV = 1,000. Number of replications = 400. 
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in the case of S3, the P, value for NJV is considerably higher than that for NJK. At 
any rate, the P, for NJV is always higher than that for EP. Note also that P, is always 
higher for NJT than for EP. These results indicate that as long as a proper distance 
measure is used the NJ method is superior to the EP method. 

Effects of Variation in Substitution Rate among Different Nucleotides 
on the PC Value 

J. Lake (personal communication) pointed out that the invariance property of 
the EP method is not affected by variation in substitution rate (h) among different 
nucleotide sites as long as the necessary and sufficient condition for the method is 
satisfied at each nucleotide site. By contrast, the additivity of a distance measure used 
in distance methods of tree-making usually breaks down when there is rate variation 
among different sites. It is therefore interesting to compare the EP and distance methods 
taking into account this factor. 

Let us first indicate that the deviation from additivity of a distance measure 
becomes important only when the distance is very large. Gouy and Li ( 1989) compared 
the EP and NJ methods when the average number of nucleotide substitutions per site 
between the two most distant sequences is -0.55 and the rate varies among sites 
according to a lognormal distribution. Although this simulation study was conducted 
specifically for studying the divergence of the earliest forms of life, their results indicate 
that the NJ method is better than the EP method. Note also that under certain cir- 
cumstances it is possible to attain approximate additivity by using a transformation, 
as will be mentioned later. 

Olsen ( 1987) and Gouy and Li ( 1989) used a lognormal distribution to represent 
the variation of h among different sites. The lognormal distribution is highly leptokurtic 
and probably is unrealistic (fig. 2). A more realistic distribution would be the gamma 
distribution, since Uzzell and Corbin ( 197 1) showed that the distribution of amino 
acid replacement in cytochrome c is in good agreement with the negative binomial 
distribution. It is known that when there is a mixture of Poisson distributions and the 
Poisson parameter follows a gamma distribution, the negative binomial distribution 
is generated (Johnson and Klotz 1973, pp. 124-125). Nevertheless, we have decided 
to use the lognormal distribution in the present paper, because previous authors have 
used it. 

In our computer simulation we first determined the h value for each nucleotide 
site following the lognorrhal distribution with a = 8 (see Olsen 1987 ) . In the lognormal 
distribution with a = 8, 95% of the nucleotide sites have a rate between l/8 and 8 
times the median rate. The same lognormal distribution was used by Gouy and Li 
( 1989). Once the rate for a site was determined, the nucleotides for the four DNA 
sequences A-D were determined by the procedure mentioned earlier. This was repeated 
for all nucleotide sites to generate the nucleotide sequences. Using these sequence 
data, we constructed unrooted trees by the three methods mentioned above. 

The results obtained for the two-parameter model are presented in table 8. In 
the case of Si , where the expected distance between sequences B and D is 0.55, the 
PC values are similar to those of table 5, and the EP method shows a smaller value 
than do the other two methods. This indicates that the effect of variation in substitution 
rate among different sites on the PC value is small unless the distance between B and 
D is large. This conclusion is the same as that of Gouy and Li ( 1989). Note also that 
the different distance measures used do not affect the performance of the NJ method 
appreciably except for NJV. (NJG 1 and NJG2 will be explained later.) 
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X 

FIG. 2.-Gamma distribution with a = 1 (-) and a = 2 ( - 9 - l -) and the lognormal distribution 
with a = 8 (---). 

When branch-length set S2 is used, the PC values in table 8 are somewhat lower 
than those in table 5. Yet, the EP method is inferior to the other two methods for all 
B values examined. Therefore, even if the distance between sequences B and D is 
large, the MP and NJ methods are better than the EP method as long as the b/a ratio 
is relatively small. However, in the case of S3, where the b/a ratio is high, the EP 
method is better than the other methods unless either B is very high or the NJGl or 
NJG2 method is used. When B is as high as 0.90, the NJ method with Kimura’s 
transversion distance (NJV) shows a higher PC value than does the EP method. There- 
fore, the superiority of the EP method is restricted to special cases. 

Note that the performance of the EP method for the two-parameter model is 
expected to increase as the number of nucleotides increases. However, the increase in 
the performance seems to occur very slowly with increasing N. We have done a small- 
scale simulation study on this problem by using the case of S2 and N = 5,000. (This 
simulation is extremely time-consuming.) In this simulation the PC value for EP was 
0.84 for B = 0.33 and 0.47 for B = 0.90. Therefore, the PC for B = 0.33 is much higher 
than that (0.58) in the case of N = 1,000, but the value for B = 0.90 is only slightly 
higher (see table 8 ) . 

Nevertheless, table 8 shows that the EP method is best in the case of B = 0.33 
and B = 0.60 for S3 and that when the assumption of equal rate among all nucleotide 
sites does not hold the EP method may perform better than the MP and NJ methods. 
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Table 8 
Percentage of Correct Tree Topologies Obtained for the Case of Varying 
Substitution Rate among Different Nucleotide Sites 

BRANCH LENGTH 

TREE-MAKING METHOD EP(x’ ) 

B MP NJD NJK MPV NJV NJT NJGl NJG2 EP X Y Z 

Two-parameter model: 
s, . . . . . . . . . . . . . . 

s2 . . . . . . . . . . , . . . 

ss . . . . . . . . . . . . . . 

Model III: 
s, .............. 
s2 .............. 
s, .............. 

0.33 97 98 98 93 93 98 100 99 89 44 3 2 
0.60 94 99 99 93 95 99 100 100 77 22 3 3 
0.90 74 90 92 81 95 94 98 96 53 6 0 0 
0.33 83 90 90 74 76 90 94 93 55 12 4 5 
0.60 83 86 86 74 80 86 90 89 50 11 5 4 
0.90 65 77 75 62 84 76 80 78 41 4 3 3 
0.33 7 30 31 9 35 31 96 75 64 21 5 5 
0.60 5 25 29 20 49 28 94 72 55 9 3 3 
0.90 1 10 27 52 79 30 85 64 41 5 2 0 

0.43 91 97 97 88 92 97 100 99 81 32 2 4 
0.43 76 84 84 65 72 85 91 88 46 10 7 3 
0.43 2 11 11 9 33 17 84 48 49 11 5 4 

NOTE.-Notations are the same as those for table 5. NJGl = NJ method with the gamma distance of 
a = 1; NJG2 = NJ method with the gamma distance of a = 2. N = 1,000. Number of replciations = 400. 

However, it is possible to improve. the performance of the NJ method taking into 
account variation in h. One way to do this is to use another distance measure, which 
is based on the assumption that h varies from site to site according to the gamma 
distribution with a = 1 (see fig. 2 and Appendix). 

Nei and Gojobori ( 1986) showed that this (gamma) distance is quite effective 
in making nucleotide substitutions nearly additive when the rate varies extensively 
from site to site. Note that the gamma distribution with a = 1 is considerably different 
from the lognormal distribution with (11 = 8 (fig. 2). It is therefore interesting to 
examine how efficient this measure is in recovering the correct tree when the actual 
distribution of h is different (lognormal). The mathematical expression for this distance 
measure is given by equation (A8) in the Appendix. 

Table 8 shows that the NJ method with this distance measure (NJG 1) is more 
efficient than any other method in recovering the correct tree for all cases examined. 
The relative merit of this method is particularly high when S3 is used. As mentioned 
earlier, the actual distribution of h is the lognormal with a = 8, so that the distance 
given by equation (A8) in the Appendix is not strictly additive. Nevertheless, this 
measure produces a good result in obtaining the correct tree. 

Actually, this method seems to be quite robust. We also tried another distance 
measure, which is based on the gamma distribution with a = 2 (see fig. 2). Even this 
measure, given by equation (A9) in the Appendix, produced a much better result for 
the NJ method (NJG2) than for the EP method in all cases (table 8). To improve 
the performance of the NJ method, the use of a distance measure that produces a very 
crude additivity of nucleotide substitutions seems to be sufficient. 

Table 8 also includes the simulation results for the case of substitution model III 
given in table 2. In the case of branch-length sets S1 and Sz, the results obtained are 
similar to those for B = 0.33 or B = 0.60 for the two-parameter model; both the MP 
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method and the NJ method show a higher P, value than the EP method does. In the 
case of S3, the EP method is better than the MP and NJ methods except for NJGl 
and NJG2. The NJGl method is again much better than the EP method. 

We have not done the simulation for the case of model II because of the large 
amount of computer time required, but the results for this case are expected to be 
similar to those for model III (see table 7). 

Discussion 

Lake’s method is based on the idea that when the proportion of transitional 
changes is high and the rate of nucleotide substitution varies extensively with branch, 
transversional nucleotide differences are more informative than transitional changes 
for constructing a phylogenetic tree. As far as MP methods are concerned, this idea 
is correct because the EP method produces the correct tree more often than the standard 
MP method does. However, this is true only when the number of nucleotide substi- 
tutions per site between sequences is very large. When this number (d) is relatively 
small, say d < 0.5, for all pairs of sequences, then the MP method is better than the 
EP method, as is clear from our simulation for the case of branch-length set S1. Es- 
sentially the same conclusion has been obtained by Gouy and Li ( 1989 ) . 

Nevertheless, the performance of the MP method declines when the proportion 
of transitional changes is very high. In this case, the NJ method with a proper distance 
measure is better than the MP method. Actually, the NJ method is better than either 
the MP or EP method as long as a proper distance measure is used. The superiority 
of the NJ method over the MP method seems to apply even when more than four 
DNA sequences are used (Sourdis and Nei 1988 ) . 

The present study, however, indicates that the performance of the NJ method 
depends on the distance measure used and that the best distance measure depends on 
the situation encountered. There is no universally good distance measure for this 
method. However, the following guidelines are useful: 

1. When the JC estimate of the number of nucleotide substitutions per site (d) 
. is -0.1 or less, use the JC distance whether there is a transition/transversion bias or 
whether h varies with nucleotide site. In this case, the Kimura distance or the gamma 
distance gives essentially the same value as the JC distance. One may also use the p 
distance (proportion of different nucleotides) for constructing a topology. 

2. When d is higher than 0.1 but lower than -0.3, use the JC distance unless 
the transition bias is high, say B > 0.5. When this bias is high, use the Kimura distance. 

3. When d is lower than 1 but higher than 0.3 and there is evidence that h varies 
extensively with site, use the gamma distance. In general, we suggest that the gamma 
distance with a = 1 [ eq. (A8) in the Appendix] be used. However, one may choose 
a different gamma distance, estimating a from data. Wilson et al. ( 1989 ) recently used 
a distance with a = l/2 for restriction-site data of mitochondrial DNA in hominoids. 

4. When d is lower than 1 but higher than 0.3 and the frequencies of the four 
nucleotides (A, T, C, and G) deviate substantially from equality, use Tajima and 
Nei’s ( 1984) distance. 

5. When d is higher than 1 for many pairs of sequences, the phylogenetic tree 
estimated is not reliable for a number of reasons (e.g., large standard errors of d’s and 
sequence alignment errors). We therefore suggest that these sets of data should not 
be used. In this case one may eliminate the portion of the gene that evolves very fast 
and use only the remainder region, as is often done in studies of the evolution of 
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different kingdoms or phyla when using ribosomal RNA genes (e.g., see Gouy and Li 
1989). One may also use a different gene which evolves more slowly. 

6. When a phylogenetic tree is constructed from the coding regions of a gene, 
the distinction between synonymous substitutions and nonsynonymous substitutions 
(Nei and Gojobori 1986) will be helpful because the rate of synonymous substitution 
(&) is usually much higher than that of nonsynonymous substitution ( dN). When 
relatively closely related species with ds < 1 are studied, one may use ds for constructing 
a tree. This procedure is expected to reduce the effect of variation in h among different 
sites, because ds are apparently largely neutral in higher organisms (Nei 1987, p. 79- 
86). By contrast, when relatively distantly related species are studied, the use of dN is 
recommended. 

In the present paper we have studied only the case of four DNA sequences because 
the theoretical basis of the EP method is given only for this case. Lake ( 1988) proposed 
an algorithm for applying this method to the case of more than four sequences. How- 
ever, there seems to be no theoretical justification for this algorithm. This is another 
deficiency of the EP method. 

APPENDIX 
Distances Based on the Gamma Distribution 

We consider Kimura’s ( 1980) two-parameter model of nucleotide substitution, 
where the rates of transitional and transversional change are given by a and p, re- 
spectively, and where the average substitution rate is given by h = a + 2p. We assume 
that h varies with nucleotide site according to the following gamma distribution: 

f(h) = b” 
Ua) 

e-bhka-l 
, (Al) 

where a = x2/V(h) and b = X/V(h), x and V(h) being the mean and variance ofh, 
respectively. Here note that a is the square of the inverse of the coefficient of variation. 

Kimura has shown that the proportion of transitional nucleotide differences be- 
tween two sequences that diverged t evolutionary time units ago is given by 

p = y4 _ 1/2e-4(a+BP + l/4e-8Pt , 

whereas the proportion of transversional differences is 

Q = l/* - ‘/*e-8@ . 

Therefore, if h or a and p follow the gamma distribution, the means of P and Q are 
given by 

p= s 0 
W) 

and 

(A3) 

where 6 and p are the average of a and p, respectively. 
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From (A2), and (A3), we have 

2pt = ; [(l-2&“” - 11, 

2(6+P)t = ; [( l-2FQ)-‘1” - 1] . 

As shown by Kimura, the expected number of nucleotide substitutions per site between 
the two sequences compared is given by d = 2Et + 4Bt. Therefore, the estimate (d) 
of d can be obtained by 

a = ; [( 1-2&&)-“a+‘/~( l-2&)-l’“-3/z] , (A4) 

where p and & are the estimates of p and Q, respectively. 
The large-sample variance of d can be obtained by the delta method in statistics 

and becomes 

V(d) = + [c:P+c~&(clP+c,~)2], 

where n is the number of nucleotides examined, and 

Cl = (1_2&-3-(1/u+1) ) (fw 

c2 = l/*[( l-2p_&)-u/“+“+( 1_2&)-w+“] . WV 

Let us now consider a few special cases. When a = 1, equation (A4) reduces to 

2P+Q & 
d = 2( l-2&&) + 2( l-2& - 

For a = 2, we have \ 

For a = l/2, we have 

,. 1 1 
d = 4( l-2&&2 + 8( 1-2&)2 

3 -- 
8 - 

w3) 

(A9) 

(AlO) 

In the case of Jukes and Cantor’s one-parameter model, 6 = p, and the pro- 
portion of nucleotide differences is given by p^ = P + Q. Therefore, equation (A8 ) 
reduces to 

& a 
1 - (4/3)p^ ’ (All) 
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which is identical with the formula given by Nei and Gojobori ( 1986). A similar 
formula can be obtained for the cases of a = 2 and a = l/2. It becomes 

d = 3/2[( 1-4/3p^)-1’2-1] (A13 

for a = 2, and it becomes 

12 = 3/*[( 1-4/3$)-2-1] (413) 

fora = l/2. 
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