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~i !riiarity Yeasure~ on ~inary At t r~~tu t~~ Data

~~
‘
. Janowitz  *

cc~~ are s nhenetic w~ th nhy1o~ene tic

t;~ XOflOI r~y an~ ~iairn s tu ha ve  established the superior it j

r t~ e phylo~ e n e t j c  syste m . Lpon read~~-~ h i s  naper I found

that I did not agree with a certain nortion of his reason—

i r ~~ (Janowitz , l~ ?~ ) ,  though I took no rosition on the

va~~id1ty of his conclusion. The inevitable vituperative

~eni;/ occurs in Farris (1979). Though it is temotin~ to

respond in detai l  to the assertions made in th is reply,

sober reflection leads me to the conclusion that the reader

will he bette r served if  I do not do so. After all , this

ro t  ~ debate where the person who makes the most skillful

u~ e of the Efl~ lish lan~rua~ e is declared the w inner; ra ther,

there are so~ e facts about ~1uster analys is that both

~-r~~ an~ I are try in&r to establish. Unfortunately, our

ha~ ic inderly in~ nrinc inles are so drastically different

t i I l t  ~e :~eem de~ tj ned to arr ive at differing conclusions.

The reader must dec ide for himself the relative merits of

our two posit ions, and for that reason I shall devote the

rresent paper to clar ifying and expanding upon the points

that were made in my original paper.

1. Farris (1979) i~’ qu ite correct ~.i ment ioning some

1 st akes in an thmf ’  t~ ~ tha t occu rred in my earlier paper

~,t ’ -c ’ ~~~l4— 7 9— C— ~ 62’) as

~is bj ..!rant ~: ~roIl1 the ~ni’;ersitj o~’ ~assachusetts

~s,~~ ;te r Center. 
::



— 2—

(~~ome of these were typo~ rar~ieai error~ , ar~~ ~‘~~~~ i’ ! L ~~~~”

card essnes on my part) , ar li ~ u ’~~~ flroe~?eIi~ tI) .~~~~~ ‘ ~~~ ~~r’~~ L~

oreci sr.ly the noint that I ~a~- i - ~v n~ n~ r,~~~ r~• ~~i cor~

sideri ng artificial examnies one can nmo~~uce s~ t.~. at ions

where ohemetic method s are superi or to nhy1o~ ene t i c

meth od s and conversel y. Indeed , he voes eve r ~‘urther t~~ ir

t h i s  when he sta tei~ (‘~arr is. l9?9 :2 r6)  that ~‘~ y su1tab~ e

Chol :e of data sets , any :nethod of cia~~ i f i c a t i  on can be

made to appear as unstable as one pleases. ” It 1~ llow n

that one cannot draw a general conclusion from the con—

silleration of a spec I n c  examole. Since thi s is one of

the points I was tryinQ~ to m ake with n.y examni e (Janowit i . ,

1979ml97), it is gratifying that Farris agrees with me.

2. What is the si~ niftcance of the oxamnie nrovided

by Farris (l977s837)? For the reader ’s convenience the

examnie is reproduced in Table 1 and Fi~~. 1. This exa~.nle

involves binary character data where I is a lways  taken

to he the nre ferred state . If , as Farris cla ims , ~~~
special clustering is in general superior to raw c luste rup ,

I would expect this superiority to manifest i tself in

thi s very specific situation. Since it is esnecially

easy to see what is happening in such a m ituat ion , I

cannot lose any thing by restricting my attention ta

~ inary character data in which 1 is the ~referred nta te —
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an assumpt ion that was implicitly made in my earlier paper

also. In Farr is ’ terminology (Far r i s , 1979t202) the re fe rence

point is taken to possess all ~ states~ he and I then seem

to agree (Farris, 1979:202) that his measure s represents

the simple matching coefficient (DC1 in Table 2), while

his coefficient of spec ial similarity a reduces to the

coeffic ient of Russel and Rao (DCLI. in Table 2). When ei ther

s or a is aor lied to the data of Table 1 and followed by

~FG~;A cluster ing, the result is the classification of Fig.

1(a) .  Farr is argues (1977~8 32) that since the associated

conhenet ic correlat ion coefficient is 1.00 , and s ince

“ each of the feature s corresponding to state 1 of one of

the variables has its distribution among the terminal taxa

perfectly descr ibed by one of’ the taxa of the classification”

the classification of Fig. 1(a) must be a good classification

for the data of Table 1. With this I heartily concur.

When the characters are replicated as indicated in Table 1,

special s imilarity still produces the classification of

rjg, 1(a), while raw clustering produces the classification

of Fig, 1(b). Farris (1977:8314.) argues that since “replic a—

tim: introduces no new types of distribution of features

into the data , but only alters the relat ive frequency with

wh ice the var ious type s of feature s are represented” , the

classification of Fig. 1(a) “remains a perfectly natural

classification after replication , since the d istribution

1: ~~~,
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of the values of any of the variables of the data may be

exactly described in terms of one of the taxa of the

classif cation.” He concludes that nhenetic similarity

c1u~ tering can produce a poor classification , even in

cases where a natural classification can be recognized .

With this I also concur.

~ut the example of Table I involves a fully con-

gruent set of characters , so there is already at hand a

• natural c!assification , and one does not need to use ~~~~~~~~

type of cluster meth od to find it. Does it there fore

• matter whether a given cluster method is superior or

inferior to another cluster method on this type of data~

Is it not more pertinent to investigate the behaviour of

cluster methods with respect to their ability to reconstruct

a natural classification from a set of characters that

are not fully congruent? In sections 3 and 4 I shall

examine this question in some detail , and nresent a

statistically significant large number of examples in

which phenetic method s are superior to phylogeneti.c methods.

3. What is the situation regarding characters t h a t

are not fully congruent? Farris (l979:2~’6) state~ in mart

that “Even for incongruent data , it goes much too far to

say that sensitivity to replication~ is irrelevant to
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nat:jralness, although the relationship is certainly

more complicated than in the congruent case . The

relationship is complex enough , in fact, that it would

probably be difficult to devise artificial data through

which it might he adequately studied,” 1~ut artificial

examples are important for a number of reasons. Among them

are : (1) Artificial data can be designed so as to

isolate a property that one is studying in a simple

enough situation so that one can analyze what is happening.

(ii) Artificial examples can serve as ind icators of

possibilities for the truth or falsity of various hypotheses.

(iii) If a proposition about cluster methods is generally

true , it must also be generally true for artificial data.

Hence if a proposition seems statistically to be false

for a large number of artificial data sets , one must at

least question its general validity . At any rate , no

ha rm can he done by exa m ining artificial e xam ples, as

long as one uses them in the spirit of gaining intuition

as opposed to establishing facts.

Before any investigation can be begun , one must

decide upon a precise definition of a natural classification

for incongruent input data. Farris (1977:829) states “ the

most natural clas sification in Gilmour’s sense is that

classification whose constituent groups describe the

distributions of’ as many features as posiible.” If’ I
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am to take this statement at race val~ e , it aç~pears that

Farris is advocating the selection of a maximal net of

congruent characters , and deeming the classi ficatiorl t h a t

th’~y represent to be natural. It is interesting to note

that this represents the rather elegant meth od of

“ comnatabi l i ty analysis” advocated by Estabrook ,

Johnson and Tvc~ orris (1976). Put Farris goes on to

state (1977:830) that “ ...while the correspondence

between membership of a Gilmour-natural taxon and

the distribution of’ a feature considered described by

that taxon is allowed not to be perfect , the taxorm can-

not very well be said to describe the distribution of a

feature unless the correspondence is kept as close as

possible.”

Though I plan in a later paper to i nve~ tigate the

above notion of a natural c lass i f ica t i on , for present

purposes I shall find it convenient to adopt a sli~htiy

different viewnoint . Before proceeding , it is impera tive

that I carefully establish that framework in which I

shall be working. Without such a framework , any dis-

cussion can be both confusing and misleading . For examole ,

it i s  quite possible that one of the causes of the disnute

between Farris and myself is the fact that we have made

different underlying assumptions, and consequently have

arrived at differing conclusions. I am working in a

mathematical model for the classification problem , so
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I must ignore any information not implied by my abstract

mathematical assumPtions ; on the other hand , Farris is

making some biological assumptions, and can therefore

reach conclusions not directly implied by hi~ mathe—

rnatical assumptions. Here then are the axiom s for my

models

Al. There is given a finite nonempty set P of

operational taxonomic units (OTU ’s) to be

classified.

A2. There is a unique desired hierarchical

classification of P.

A3. There is a finite set A of binary (presence—

absence) characters fr om which the clas sificat ion

of A2 may be deduced .

~
1 nless one can make the above assumptions, it is

difficult to see how the application of cluster analysis

can lead to a useful result. It is of course possible

that if one changes the criteria by which one measures

the desirability of a classification , then A2 might

allow a different hierarchical classification , but with

each such classification , one must assume a set of char-

acters from which it m ay he deduced.
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A4 . The investigator now enters the picture and

introduces some errors as fol1ows~

(i) He chooses a subset A ’ of A.

(ii) He misread s a portion p of the states of tu~’

charac ters in A ’  , due to sampling errors ,

errors in measurement , etc .

(iii) He intr oduces a set B of characters that

are not members of A ,

(iv) He may even miscode a small pronortion q

of his character states.

If the concept of a natural classification is to he

included , it seems reasonable that it migh t do so in the

following manner:

A5. The set of characters specified in A3 shall

make the classification of A2 natural in that:

(i) Each cluster of the classification repre sents

the preferred state of some character, and

(ii) The preferred state of each character

corresponds to some cluster in the

classification .

The problem now facing the investigator is clear,

Given the errors he has made in A4 , what is the cluster

method that is most likely to reproduce the classification

of A2? One way to test this is by means of some computer
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simulations of the types of errors described in A4. Such

a simulation was carried out , and its results will now

he described .

The first thing to notice is that the investigator

has no way of knowing the exact contents of’ either A or

A ’ all he has is his version of A’ (possibly including

some errors) together with the characters in B. The be-

haviour of cluster methods with respect to replication

of characters and with respect to the introduction of

err or characters is clearly relevent to what trans p ires

in A L.. A cluster method that is relative ly insensitive

to the type of error descibed in A4 is clearly desirable

in this situation . As a first attempt to obtain some

intuition for what might be happening, I took 7 rand om

characters on a 3 element set, rank ordered the 12

dissimilarity measure s that appear in Table 2, replicated

the characters in various ways, and then checked to see

how often the rankings remained unchanged after the

diss~milarity measures were recalculated . Each trial

consisted of’ 5 different such replications, and the

port ion of’ successes was recorded. The results appear in

Table 3. Using a nonparametric signs test (Gibbons:1976 ,94)
I then tried to assess the statistical significance that

DCI perf rr e~ he tter than DCj in this particular simula-

tion. At a si •mificance level of 90%, here were the results:
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No. Trials T Conclusion

25 if DC1O is better than all others
DC? is bet~~ r ~han  ~~~ and DC~
DC3 is better t~ ar CC5

___________  — 
DC1 1 i s better t h a n  ~~~~ ______

25 5 DC1O is better thah all others
DC3,DC4,DC?,DC8,DC1I are better than ~C1

___________ 
DC6 is better than DC1,D05,T)012

25 2 DC1O is better than all ~ut DC5
• 

___________ 
DC1 is worse than all others 

____

iii each T aiT~ character is replicated a r~~T5~TT~ mter oftimes with a number chosen from fl ,l,2,...,T.

Similar results were performed on the data in Table L.

with the results appearing in Table 5. Using the same

statistical test as for the rand om data here are the

results at a significance level of 9O~~

No, Trials T Conclusion

25 if DC9 is better than all others
DC4 is better than all hut DC9

___________ — 
DC1 is better than DC6,DC7,DC1I —

25 5 DC9 is better than all others
DC4 is better than all hut DC1 ,DC2 ,DC3,DC9
DC1 is better than all hut DC3,DC4,DC9

___________  
DC2 ,DC3 are better than DC1O

25 2 DC4 is better than all others
DC1 is better than all hut DC3I CC4,~ CC ,DC9
DC3 is better than all but DCi ,DCL~,TJC9
DC9 is better than all but DCl ,DC3,DC4,~~~

__________  
DC8 is better than than DC2, DC~~,DC6 ,DC1~~1,~C1

A number of conclusions may now be drawn . First of al l ,

the results seem data dependent, so one must he extrem’4y

cautious in drawing any conclusion from them. Secondly , tho~~ h

there is some evidence that snecial similarity (DC4) may

perform better than simple matchin g (Dcl), the evidence is
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not overwhelming . Thirdly , one should bear in mind that

those DC’s that tended to produce a large number of ties

would not show up well in this particular simulation , as

ties are very unlikel y to remain stable under replication

of characters. Fourthly , the data in Table 4 is extremely

sensitive to renlications in characters , so the conclusions

that I drew from this data are probably not as significant

as the earlier conclusions that were based upon rand om data.

Finally , in all but one simulation, a d issimilarity meas ure was

best that happened also to treat the character states symmetric-

ally. This would tend to indicate a superiority of phenetic

over phylogenetic techni ques. The results are of course

inconclusive , but they d o make it reas onable for m e to

rDcus my attention on DC1 ,DC4,DC~ and DC1O; furthermore ,

they do cast some doubt on the superiority of DC4 as a

rnea~ ure of dissimilarity . A more realistic simulation is

in order, and it will he described in the next section,

How well does a dissimilarity coefficient

recapture a natural classification in the presence of

the type of error described in Axiom A~4? Before attempting

to answer this question , a few word s are in order con—

cerning the ability of a DC to recapture a natural

• cl~issiuication from fully congruent input characters.

The test classifications I have chosen appear in Fig. 2,

~rmd are taken from D’Andrade (1978~ 65). In view of the

~1iscussion of’ the last section , I shall restr ict  my
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attention to Dcl , DC4, DC9 and DC1P. The cluster metho d

I shall use is u—clusterin g with U .5. This method

is described in some detail jr ~an ow i t z  (107 9a) .  ~as i .cal l j,

i~ is an agglomerative hierarchical method that is

implemented by merging at each leve l those pairs of

clusters for which at least half of the possible links

have been made. Despite the discussion of section 2, it

is not at all clear that DCL4. necessarily produces the

most faithful representation of the classifications in

Fig. 2. If one represents these classifications as

indicated in Tables 6—9, for example , an examination

of Figures 3—6 seems to indicate that Dclf best reore—

sented Fig. 2(a), DC4 and DC9 were best for Fig. 2(b),

DC4 was best for Fig. 2(c), while DC1 was best for

Fig. 2(d).

Since I am attempting to isolate the behavior of ’

cluster method s with respect to their~
#
ahility to recan—

ture natural classifications in the presence of certa in

types of errors, it is essential that I start with a

character representation of hierarchical trees that

allows the trees to be perfectly recartured by all of

the DC’s under consideration. To see how this goes, and

incidentally to see what went wrong with the earlier

attempt , cons ider the clusters that are found at each

level of Fig. 2(a):
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Leve l Clust ers 
— Charactir Representation~

0 1,2 , 3 , 4 , 5, 6 , 7.8 ,9, 10 10—19
1 12 ,34 ,56,78,9—10 1 ,2,3,24 ,5
2 1— 4 ,56,78,9— 1” 6,3,4,5

3 1—6 ,78,9— 10 7,4,5
4 1—8 ,9— in 8,5
5 1— 10 9

Notice that Character 
~ 
must be used twice , Character 4

is used 3 times, and Character 5 4 times . In Table 6 this

information is contained in the last row , where it is

indicated how many times each character must be replicated

in order to perfectly reflect the data . Similar observa—

tioris apply to Tables 7—9 . When the characters are repli-

cated as indicated , each of DC1 through DC12 will perfectly

represent the appropriate classifications of Fig. 2. A

moments reflection should convice you that though our

earlier scheme seemed reasonable, it had no hope of success

h~cause it did not reflect all of the clusters at each

leve l at which they appear. It is interesting to note

that ~arris(l979) did not run into this problem because

no replications of characters are needed to perfectly

• r~ J)rasent the tree of Fig. 1(a).

Havin~ disposed of the manner in which I shall

renresent a natural classification , I can now begin to

introduce some errors. For each data set I introduced 3
• extra characters that consisted of rand om binary data .
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I then applied DCi (i — l ,14 ,9,l r~) followed by ~— cl.usterin ~

(u . 5) .  The goodness of fit of the resulting cIass ificati~~

to the original classification war then measured in 4 ways.

~:othod 1. A nroduct moment corre latior wa~ con nuted

between the output DC d of the cluster method and ~~

original unrerturhed DC~ that reflected nerfectly the

• desired classification.

r~eth od 2. Each classification renresents a certain

collection of desired clusters. The number of m isni n~

• hut desired clusters was counted .

I~ieth od 3. The number of extraneous clusters added by

• the error characters was counted .

r~ethod 4. A distance was cor~nuted between d ~rd d’ of

~ethod 1 by counting up the number of unordered rairs

[~ a,b),(x,yfl for which either (i) d (a,h) d (x,y)and

d ’ (a ,b) ,~
‘ d ’ ( x ,y), or (ii)  d ( a,b) ~ r~(x,y) and d’ (a ,~~) —

or (ii i ) d (a ,h) <d (x ,y) and d’ (a ,b~ > d’(x ,v).

This is then normalized by dividing by the total number

• of unordered pairs f~ a ,b},~ x,y)).

There were 10 trials performed on each data set and with eac}i

DCi C i  1,4,9,10) though in some cases DC9 was notconsidered .

A summary of the results appears in Table in , ~‘ith Table 11

summarizing the number of times that DC I. performed better than

DCj in Method 1. Note that the evidence points to DC4 beinE

the worst choice and DC1O the best choice with respect to the

recapture of a natural classification in the presence of error

characters.
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Having inve~~igated the effe ct of the add ition of

random error vectors, I then turned to the consideration

of errors in reading character states. The data sets

contained in Tables 6,7,8,9,1 were again used , but now

each character was doubled and a 5% rand om error in

reading states was introduced . Ten trials were performed

on each data set and each DCi (i 1,4,8,10). A summary of

the results appears in Table 12, with Table 13 indicating

the number of times that DCi performe d better than DCj

with respect to the criterion of Method 1. I also compared

DC14 with DC1O using 5 trials with a 15% error , the resu lts

appearing in Table 14. The only significant conclusion

that can be drawn from this data is that DC1O perform ed

better than the other DC’s, though it should be noted

that there was one instance (with data from Table 6)

where DC4 was superior to the others.

As a final simulation , I doubled each character,

intr oduced a 5~ rand om error, then added 6 rand om error

characters , and finally discarded 10% of the resulting

characters in a rand om fashion. The intent was to simulate

the errors described in Axiom AU of the model. W ith respect

~o the criteria of ~ethod s 1 and 4, the results are

tab dated in Table 15. Notice that DCU is sonsistently

tie worst choice of those I considered .
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With respect to all of these ~ im u l a t i o r r , the evid enc s~

overwhelmingly indicate s that a DC that treats character

states symmetrically is superior ~o Farris ’ coefficient

of special similarity . In short , though ~pe ciai

sir~’i1arity perform s well with respect to its ability

to recapture a natural classification from fully congruent

input characters , it does a poor job in the more general

situation where the input characters are not fully

congruent,

• -• -—-—— - -— -
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5. The role of the cophenetic correlation coefficient.

This coefficient is the ordinary product moment correlation

between the input and output d issimilarity coe fficients

of a cluster me thod . In both of his papers Farris uses

th is coefficient as a m easure of performance of a d is-

similarity coefficient. In my earlier paper (Janowitz ,1979)

T objected to this and presented an extreme illustration

of what can go wrong. Farris (1979:207) questioned the

va lid ity of my objection, and quite clearly explained

why he wishes to use this particular measure of optimality .

‘hc~ reade r will find it instructive to read th is section

o” Farris ’ ~a:er, In view of this , it is appropriate for

tr.~ to he~ Ir, this discussion by restating my earlier ob—

jec~~ on .

F~* ty pe of clustering algorithm under discussion

• t  ~~~~~ stage algor i thm :

Stai~e 1. Character data —> dissimilarity measure

Stage 2. Dissimilarity measure —b classification ,

The cophenetic correlation coefficient is a measure of

the optimal ity of the second st~ge of the algorithm. It

car be used , for example , to compare the relative merits

of :~ing 1e linkage and complete linkage clustering when

they are applied to the same dissimilarity coefficient.

• Farri s makes the error of using this Stage 2 measure to

determine the optimality of the Stage 1 portion of the
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process. Since the cophenetic correlation coef ficient

completely ignores the nature of the input characters ,

it can 1~~rdly decide how well the intermediate DC fi ts

the original input data. What I suggested in my earlier

pPper, and what I now suggest, is that one wants a

measure of optimality that relates the intermediate DC

to the original input data , and not to the ultimate

outpu t classification. Of course this is precisely what

was done in Section 4, and I now wish to compare the

results in Tables 10—15 with those of the cophenetic

correlation coefficient. A summary of the result~ occurs

Tables 16-18 . They are quite different from the results

that occur in Tables 10—15. The cophenetic correlation

indicates that DC9 is the best DC to use , while the

earlier results (based upon actual performance) ind icate

that DC1O is superior. Notice , however, that despite

the claims made by Farris (1977,1979) to the contrary ,

the cophenetic correlation coefficient for DC1 is

consistently higher than it is for DC4 (See Table 16).

To further illustrate the discrepencies caused b~ using

the cophentic correlation as a Stage 1 measure of optimality ,

I ran a product moment correlation between the values of

this measure and the Method 1 measure that directly

determines Stage 1 optimality . The results occur in

Table 19. They provide a vivid illustration of the

collapse of the cophenetic correlation coefficient as a

measure of Stage 1 optimality .



a final ~te in this rectiur , the reader

sho~ l i recall t at in ~o th  of h is  rarers , Farris

stresses t n  irportance of real examn ies . Indeed ,

n Farris (l~~7~~~ l2~ he st ate s , “ No—one, howe ver.
a

‘
~~~E r~~(Jd~~CPd any an,~1yses o~ real cases that give results

~~~f~~’n~ t ‘ ro~ ~~ne. ... If rheretici sts wi sh to disnute

~i n d i r c s , woulJ submit, then they can only do so

tnru~~ h evide nce frj~ real orEanism s” . ‘ ow I an a

~~~~~ dt i c~ ar ard rot a taxonom ist, so it would hardly

e a~~ ra~ riate for Lr.e t -  atterr~ t a rty such analysis of

real or~ar~i s r r s .  H o we v e r . I d id com nare raw clustering

,;it~ srieCiai ri: rilarity on tw~ real exas.r-les . T:Sin~

c.dt a fro~ ~a~ son , I
~~ lliarr!~ and Lance (1~ 66:495~ and

as de r;otin~ re ser ce wi th  — as atser:ce of each

~~~r~ cter, a n ta ’
~i~~ or a reference po int a~ CT~’

t ~~~~• ~~~~~~~ s t at ~ as — , the ful ~~~wjrg val A es of the

~~~~~~et.ic corr~-~~ t~~;’ c ’~~~ic ien t were o’:tained via

— . ~ cI ~~~~

~cl .°yi, :0: .2°2~ , D09 .9621 , DCl~ .?1(2.

: ~ f~ C~ i~~’ (.~~~~~~~t s F t  I C h O S C  ~~•i~~ from T~erris and Wh itt

(~~~7° ; l25 ’ . ~~ is t i: e r u~~ d s in~ le— 1irkage cluster ing,

• — , teni~~~, and a version of conpiete lirka~ e

c ~r tn r in~~ . I took ~s my re ference oo~ nt an CTL’

~r e of the chor;~cts rs (as v~as intended ~y

~~~~ a ~ti rs of t e  ~ J rce :: : i t e r i a i ~~. T he reni lts were~



_________ 
DC1 DC4 T~C~ DCI”

single .8412 .7883 05( 3 .~~325

u .5 .87Pl .728 9 ~~~~~ .7 34
cr’r~nlete .8254 .6144 .1°h’ .7Y’3

Not~ that in both of these e x a t i p i e s , special r k  il~irit .j

~oes not perform as well as raw cIustering~

In order to see why these results differ ~‘o O UC h

from those reported ‘ny Farris, one n’5~ ht consider thr

manner in. which he assigned his reference oints. In

Farris (1977:836) he states that “the reference noint

used in each special similarity analysis heir~ ar’ni trar il .y

se lected as one of the terminal taxa of the data ” ; in

Farr is (l979:21fl) he reports that the re fe rerce  point

was “ taken simply as the f irst terminal taxon of the

data set.” When I applied this choice of re re rerce

point to the 2 examples , I obtained results conparable to

those claimed by Farris. Put this artificia lly asserts

wh i ch state of a character shall he informative w it h  no

regard to the bioloeical significance of’ the data . The

reader must decide whether this is a reasonable t h i n g

to do. This s ituation will be explored in greater denth

in . a later paper.
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6. Conclusion. In my paper (Janowitz, l979) I very

carefully refrained from tak ing a position on Farris’

content ion that phyloeenetic method s are better than

ahenet ic methods. All I did was attempt to show that in

view of some flaws in Farr is’ reasoning, the issue

should st ill be regarded as unresolved. This is the

sos it ion I still maintain,

For certain types of data I have shown the superiority

j f  Yule ’s coeff icient (a coefficient that treats character

states in a symmetric manner) to both simple matching and

s pec i a l  s iritilarity. I did not show and do not wish to

assert that this makes Yule ’ s coefficient bet ter to use

un all da~~.. however, if the data has the T)roperty that

for each CTU there correspond s a character possessed

uniquely by that OTU , then my results indicate that Yule ’s

coefficient is at least worth trying. The relative merits

of’ sçec ial similarity versus simple match ing were left

largely unresolved , though the evidence tended to favor

n im r le  match ing.

In addition to an argument based upon logic , I

rave detailed empirical evidence as to why the cophenetic

currelation coefficient should not be used to determine

4h~ relative rne ritr of one dissimilarity measure over

another. This wa~; done within the framework of a model
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that was introduced in Section 3 of the paper. There is

nuch work remaining , and the resolts seem to raise as

rnan~ questions as they asnwer. Hopefully , I have

~‘ nonstrated that desp ite many claims to the contrary , no

clear case has yet been made for the super iority of

phylo~ enetic over phenetic clustering.

I also raised the question of the representation

of a natural classification by means of binary character

data , If one adopts the convention I introduced in

Section 3, then there is no difficulty in arriving at

a representation , but such a representation would not

be stable under replication of characters; even for fully

congruent data sets , the arguments presented by Farris

(1977:833) would be invalid. On the other hand , if ’ one

does not adopt such a scheme , one need only consider the

classifications of Figure 6 to see ‘ed~ ii c~- t  ~ n :~~~~~
‘
~~~~~~- •,  The

clusters are the same in each classification, but they

arise at differing levels, How does one represent this?

Must one agree to identify all 4 of the classifications ?

The reader might wish to ask whether it is either

necessary or desirable to even search for natural class—

ifi cations

I spent some time examining the question of why my

resul ts d iffered so d rastically from those of Farris.



o~~~ibl e exr la sation , I nresented exam ples jr which

)bt8~ red re~ ult r Consistent with my earlier results

~•h er the irnu t characters were coded as irtended by the

auThors ~f t h e sour ce d ata , hut which agreed with Farris

~ ~r the reference noint was chosen in the anti ficial

‘ arr ’er he claim s to have used . It is interesting that

T h v ’ v i r  insist s on the one hand that he mo st use real data

~~i i~~ ai ri reani n~~ful results, while on the other hand , he

c hooses to i~~rore that real data , instead choosing his

re fe r’- rce r o i n t  is an.. arbitrary manner. He also makes

no r.ertiur of the extent to which his results produce

~:efol ciassifications . Somewhat similar observations

~ere rrad e by ~okal and ~ohlf at the YT 13 meeting that was

‘ c d  at ~-iarvard Cctoher 2 6— 7 , l9T Q , I admit that my pair

of e x a r r i e s  ~rove s n o t . i n~~; they merely serve to indicate

a nossib le explanation. The matter w ill be more extensively

r u ~ r e d  in a later ra rer .

In clos ir.~ 1 w o A lJ like to mention one further

~-ea s:r why sr;ecial similarity does not terform well. As

have done earlier, I am restricting my attention to

P i ra ry characters irt which 1 is the pre ferred state . The problem

______________________________ —j
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r~~~n t lie in the fact that s~ ec sini~~arity not on 1

ignore s matched 0’ s, but it ai sn ignores info r : a tin n

provided by characters possessed 
~~:1 son  L~t not bot h

obj~’cts of a pair under c rsidrrration . Ts~ s it t rea t s

ecoally the following 3 pairs of ob jec ts :

S A 1 I C 0 0 0 0 0 0 0

~
1t 2 1 1 1 1 1 1 1 1 1 1 °

~~~2
1 0 0 0

~~~~
0 1

~~
0 0 0

[A ,l l l l l l0 0 0 0 0 0

~~~3
l O 0 C ~~~ 0 ll ) l l c

Put one can argue that (A1,1) shoul d he more sisilar

tha r either of the other pairs. 7irnilar examples car

be constructed for charactErs having more than ~ v s t a t r  s.

Ao know 1e~ gement. The programs needed for th is  r~aper ~~~~ en

~iri ttnn by Zachary Gmith , and the data srocesse or tke

“niversity of ~assachusetts Control ~ata Corr orat ior

CY 2 ~~ 70 computer.

~~~~~ ~sr nurnopes of d rawing the t rre d ia~ rarn 
~~~~ th~

f igures , each DO wa s rank ordered.
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A FPEr~~Ix. LIST CF TAPLES .

Table 1. iiypothetica l Data ~atrix.

From Farris (1979:201)

Char- 
—- — 

Taxa Fac-
acter 1 2 3 4 5 6 7 8  tor
1 1 0 0 0 0 0 0 0

2 o l o o p  0 0 0  1

3 o p  1 0 0 0 0 0  5
4 0 0 0 1 0 0 0 0 1

5 0 0 0 0 1 0 0 0  5
6 0 0 0 0 0 1 0 0  1
7 0 0 0 0 0 0 1 0  5
8 0 0 0 0 0 0 0 1  1

9 1 1 0 0 0 0 C) 0 3
10 0 0 1 1 C 0 0 0 1

11 0 C) 0 C 1 1 0 0 3
12 C) 0 0 0 0 ~

‘ 1 1 1
13 1 1 1 1 0 0 0 0 1

14 0 0 0 0 1 1 1 1 1
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0) CD 0. Li~ 0 0. 0. 0
C CD 5 (0 0 0  ~~ ~~~~~I I I I I I I ‘1 ~r+ + _ I• 4• !~0) 0) —~ 0) r~~~ N) 0) 0’ L

0) ~ CD 0 0  0 — 0.0) roD) 0) 0)~~~ ’~~~ —~, 0 0 ~-‘ 0
Co + 

0) -~

C) 1 ‘1 X N) 0,) -
~~~ ro to — ~~~~

o Z c+ 0 ) 0 )  CD 0) I 0.~~~~~ 0 ) 0 ) 0) 4 4 0 ) 0 )
CD ~ 0’ 0 0  0. 0 —  + + 0
CD cri ~~ + 0) — 0 , )  ~~~4 4 ~~~~~ 1 I -  4.
a CD CD CD CD CD d 0. 0 0

~~ ~ II 0) 0’ ~— + — - - --- t o t o I  4. c,’ cY 0
Co Co i.-’- — C) 0. 4

CD I-4~ 4 N) 0’ 0) 4 C) N )  4 f-- -’
0. ~~~ ‘•l ~ ri) 5-.-— 4 0’ C) C

•1 ‘-0 0 ~~ 0 —~ —~~ 4 0~ + 4 ~~~~~~~~~~

0. c+ • 0) 0) a’ 4
0 ~‘ ~1 ~~ + 4 o — — 0,) 0~. 4.

~~— Co CD ~ 0’ + ~ — “-.. 4. ‘-.-- N)

— 0) • 0. 0 ~~
— — 0) —~~ 0

(1 ~‘ ~~~ 
0) I -~~~ 0 4 N) 0

CD C 0’
I—.. ~ ~~~~~~~~ 0 .._ , 4 0.

0. 0 0. ‘- - - 4
CD 5 C~ (~~ -~~
‘1 0 - .4 4 N)
J~ c+ O) (0 ~ . 0’ CD

• 4 a’ CL ’-—
— ~ -. 0. 0’ ‘--

4 -~~~ 0.
-S.) 0.

S•_a•) ‘4 +
— C)

C)  0.
CD 0. 0’ —

CI 9 S•-ra 4
Co CD

C 0.

p9,
0 0 0  0
P~ b9, P-I, 4

0. t::i 0 0  C).
C) 0~~~~
— 0) 0)

CD

* 0 0  ‘i ~-< a ~~~ 
4 j e ~~~~:i

~~
‘ c+ c+ 0) ‘1 C C) C C O D )  ‘ 0)

o - •  CD CD 1 0 I--’ ~~~ I-~ 
rJ) ~~ C) ~ 5!

0 1 ‘1 0 0. (0 P-’ 0 (0 CO O -i CD

~~ Ci) ui C 0) N CD ‘ 1 0 )  ~
-.-‘

0) 0 i< 
~
-1 C0 ~l CD

~-.a 0) 
~~~~ ‘c~ I c+

C_a. ~~ 0 0  ~~ I (0 0) p-3 -~~~
N CI) 0) 1 ~~

‘ ~ 0) C O D )

CD CD Cl) Cl) 0’ 0 I-’. Qa~~~
0. 0) CD CD 0) — 0 0

‘1 (0 03 CD ~~~~~ o ~1
0’ Cl) )) 0 ( 0  ~~~
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—•

0.0. 0. 0 0
0)

CD CD

CD 0)
CD
‘1 0

CD CD

0
0 c+ ____________ - -  ~~~~~~~~~~~~ _______  ——
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Table 3. Summary of random data results. The figures relate

tu the percentage of success in 25 trials,

T~~~ 10 T~~~ 5 T~~~ 2
____ 

Mean — SD _!~1ean SD 
—~~~~ Mean — SD

1 .568 .4571 .6 .4163 .408 .358 1
2 .6 .432 .688 .37 .592 .4222

3 .648 .3664 .712 .3516 .624 .4013
4 .608 .4778 .68 .3786 .6 .3958

5 .544 .3 852 .656 .3343 .6
6 .616 .4394 .744 .3583 .576 .4136

7 .672 .4316 .712 .35 16 .616 .3955
8 .600 .4)39 .712 .3468 .608 .3936

9 .616 .42 .704 .3221 .592 .4,27
10 .808 .3 628 .856 .2973 .72 .4041

11 .656 .4224 .712 .3516 .608 .3936

~.2 .64 .4163 .68 .3916 .576 — .3972 —

Table 4 . Hypothet ical Data Matr ix

From Janow itz  (1979:197)

_______ — 
Characters

t Taxa 1 2 3 l~. 5 6 7
A 1 1  1 1 0 0

~ 1 1 ° 0 1 0

0 1 1 0 C) 1 ’
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Table 5. curnmary of results for data in Table 4 . The

figures relate to the percentage of success in 25 trials

of 5 replications each.

T~~~ l0 T~~- 5  
—

~~~~~~~ 

____________

DC Mean SD_ Mean SD ~ean _ SD

1 .o4 .0817 .072 .1275 .2 .2

2 .016 .0554 .04 .1817 .112 .1641

3 .04 .0817 .056 .0917 .256 ,1781

4 .088 .1013 .36 .2082 .36 .208 2

5 .008 .04 .032 .0748 .112 .1641

6 o a .016 .05538 .112 .1641

7 .008 .o4 .0211 .0663 .12 .1528

8 .04 .08165 .032 .0748 .144 .1583

9 .24 .1732 .208 .1869 .208 .1869

10 .016 .0554 .008 .04 .°96 .1541

11 .008 .04 .024 .0663 .12 ,15~8

12 .024 .o66i _ .04 4 ~~_~4 .l_ -

Table 6. Hypothetical Data Yatrix Designed to Represent
C l a s s i f i ca ti on In d i ca ted in  ‘j~~• 2 (a~

OTe Character 
—- -

_ _ _  1 3 4 5 6 7 8 9 1 0 11 12 13 14 15 16 17 18 19
1 1 C ) 0 0 i ’ 1 l 1 l  1 C) 0 p ~-s “ “ 0 C’

2 1 0 1 1 0 1 1 1 1  C) 0 C’ 0 C’ C’ 0 0

3 C ’ l 0 0 0 l l l l  0 C’ 1 0 0 0 0 C’ 0 0

4 0 1 0 0 0 1 1 1 1  0 0  C’ 1 0 fl C’ C’ C’ C’

5 ~~0 l 0 C 0 l l l  0 0 ~ 0 1 0 0 1 0 C’

6 0 0 1 0 0 0 1 1 1  0 C) C’ 0 C) 1 C’ C’

7 0 0 C )  0 0 11  0 0 0 () 0 0 1 0 0 C

2 r 0 C i n ~~~ r i 1  ~ 
“ 1 0 C) C’ “ 1 C’ C’

~) 0 0 0 0 1 0 0 0 1  0 0 “ C) 1’ 0 1 “ 1 0

~~~~~~ 0 0 C) 0 1 0 1 1 C’ 0 0 0 0 C C’

~~~~~~~~~~~~ 0 0 1 23 ~ o 0 0 p ° C) 0 0 0
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Table 7. Hyt~othetica1 Data Matrix To Represent

Classification in Fic~- . 2 (b)

____ 
Character

CTT~’ 1 2 3 4 5 6 7 8 9 1 0 11 12 13 14 15 16 17 1~~j9

1 1 0 1 0 1 0 1 0 1  1 (~ c1 0 0 0 0 0 0 0

2 1 0 1 0 1 0 1 0 1  0 1 0 0 0 0 0 0 0 0

3 C ’ l l ’ l C ) l o l  C C 1 C’ C•) 0 0 0 0  0

4 C ) 0 C 0 1 0 l C ’ l  0 0 C) 1 0 C) 0 0 0 0

5 0 2 0 0 0 0 1 0 1 0 C) 0 C) 1 0 0 0 0 0

6 0 0 0 0 0 0 0 1 1  0 0 0 0 0 1 0 0 0 0

7 0 0 0 0 0 1 0 1 1  C) 0 0 0 0 0 1 0 0  0
8 0 0 0 1 0 1 0 1 1  0 0 0 0 C) 0 0 1 0 0
9 0 1 0 1 0 1 0 1 1  0 0 0 0 0 0 0 0 1 0
10 0 1 0 1 0 1 0 1 1  0 0 0 0 0 0 0 0 0  1
R e n .  0 0 0 0  0 0 0 0 0 0 0 1 2 3 3~~~

_ 1 0 ~

Table 8. Hypothet ical ~ata Matr ix To Represent
Classification in Fig. 2 ( c )

Character
GTU 1 2  3 4~~ 6 7 8 9 10 11 12 13_l~4 15 16 11 18 19 —

1 1 C ’ O l P O l O l  1 0 0 0 1 0 0 0 0 0
2 1 0 0 1 0 0 1 (~~l C) I C) C) 0 0 0  0 0 0

3 0 0 0 1 0 0 1 0 1  0 0 1 0 0 C) C) 0 0 0
4 0 1 0 0 1 0 1 0 1  C) 0 0 1 C) C) 0 0 0 0

5 0 1 0 0 1 0 1 0 1  0 0 0 0  1 0 0 0 0  0

6 0 0 0 0 1 0 1 0 1  0 0 C) 0 0 1 0 0 0 0
7 1 0 0 0 0 0 0 1 1  0 0 0 0 C) 0 1 0 0  C)

8 0 0 0 0 0 1 0 1 1  C) 0 0 0 0 C) 0 1 0 0
9 0 0 1 0 0 1 - 0 1 1  0 0 0 0 0 0  0 0 1 0

1() 0 0 1 0 0 1 0 1 1  0 0 0 0 0 0 0 0 0 1
R e p . 0 0 0 0 0 0 0 0 0  0 0 1 0 0 1 2 1 0 0



—3 6—

Table 9. Hypothetical Data Matrix To Rerire~ ert

Classifieation in Fip . 2 ( 1 )

Character 
_________

~CTU 1 2 ~ 4 6 ? ~ 9 10 11 12 1 J~~ 1~~J6 i 7 1~~~l9

l C ’ 0 C ’ C ’ i~~~~ l1  1 C ’ C ’  C’ C’ C’ C’ C C

2 l 0 0 0 C ’ l C ’ l l  C’ 1 C’ C’ C’ C’ C’ C C’

3 0 1 0 1 0 ~~ C ’ 1 1  0 0 1 ~‘ C’ C’ C’ ‘ ‘

4 O l C ’ 0 ” I ” l l  0 “ “ 1 C’ C’ C’ C’ C’ C’

5 0 0 1~~~ ” 0 0 1 l  0 0 0 0 1  r “ C ’

6 OC ) l O o c C l l  0 0 C’ C’ C’ 1 “ C’ C’ I

7 0 0 0 1 0 0 1 0 1  2 0 0 0 C’ ‘
~ I “

8 0 0 0 l 0 C ’ l f l 1  0 C) 2 1 C’ C’ 1 C’ ‘1

9 0 0 0 0 1 0 1 0 1  ~ 0 (
~ 0 ~ 

r’ C’ C’ 1 0

_~~~~~~~~0 0 0 1 C ) 1 C ) l  p c~~~ 0 0 2 1 0 1

_~~~~~~C ) 0 l O C ) C l 0 C )  0 0 0 0 0 0 0  C ’ f l C ’

Table 10. Summary of results on addi t ion of 3
ran d om error charact ers

______ — 

~ethod 1 ~:ethod 2 - r e~~ od~~ 
— T~ethod ~. 

— -

Table DC ean SD ~:ean SD :-:ean SD We an 5
6 T .9809 C’1179 .~~ .9189 .2 

— 

.6j2~~~ ~~~~~~~~~~
4 .9237 .C’5477 2.2 1.033 .3 .C7~ 9 .1562 • C’~~ 2

______ 
10 .9818 .22123 .7 .8233 .1 .3l~

’2 .Cll .“‘~~~~~~

7 1 .9789 .03~81 .6 .6992 .1 ~~~~ •
n~~~~~ , , r~~ .,

4 .9218 .03481 3.2 .7082 .6 .4C29 .106 .“~~~~~~~

______ 
10 .9869 .01639 .6 .6992 .2 .4216 •C’29~8 1 .950 3 .05002 1.3 1.~~19 ~~~~~~~~~~~ .0784 ,112 1
4 .774 .1715 4.1 1.37 .7 .6749 .2382 .l1V’~
9 .9205 .o456 1.8 1,317 .6 .6992 .1327 .l~I3~

______ 
10 ,925~ .1072 1.3 1.25~~ .3 .6?~2_ ~ 1C’7P ~~~~~

9 1 .9738 .01322 1.4 1.075 .5 .3~27 .0317 .C’l~ °4 .8732 .1038 3.7 l.C’59 .2 .72°C .15(2 •1~~
9 •9397 ~034~ 1.3 1.16 .7 .67~4C’

_____  
10 ,9892 .00769 .6 .6992 - .4 .~ lO4 ,f l 2 5 9  , o) (~~~~

1 1 .ql66 .OPOO 1 1.7 L7C’3 a• 14 •~~~C’~~~~~~~ •OP1C ’ C’~~~~’

4 .6235 .3690 3.7 2.052 .8 1.392 .3167 .~~~~~~~~~
‘

9 .7797 .2466 1.8 2.044 .9 1.3? . 1362 .l~~1C) .963 .03663 .8 — 
_l~~~5_ .2 .~42 16 .~ 653 C’~~ C’)

rote: See text for a descr iption of the 4 methods . Observe
that smaller values of Method 4 represent better rf~~~

14 . •-.
while the opposite is tr ie ~‘or the other methods .
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Ta~ 1e ‘1. ~wrber of times th~~ DCI rerformed better

than DCj on data from Table 10.

5~ta From Table 
- _________

____________ - 6 _7 8 9 1 - Total  Trial s
DC1O better
L t: an DC~~ 7 10 24 29 

—

‘i” bt~tt€.rthan ~CL 7 10 10 10 8 
~7 _________

DC1O better
L than DC1 8 5 _10 ~~7 ~~~~~~~ 

49 —~~~~~~~

DC2 better
than :c~ —- — 10 7 1 - 

24 29 —

better
L than ~~9 9 9 7 2~~ 29 —

JCI better
~~~~fl~ n D C ~ 10 10 10 10 8 48 

— 49 -

‘ ;ote ; One trial wa~ om itted from the data of Table 1
because DC4 produced a constant output for which

~ product moment correlation could not be calculated .Cu this trial , the correlations f or DC1 ,DC9 and DC1O
were , respectively, .9217, .7889, and .9852.

~~~~~. ~~rJcary of results on ~ntroduction
if ~~ rand om error

~eth ja 1 -- 

~~ethod ~ 
-

Table ~.ean SD - 
Mean SD____

‘9353 C’475~ .10 98 .l~~2 5
.974 5 .C’2951 .02838 .0cn 9~9 .9454 ,C’~4724 .02808 .C ’5 12 4

j~~. .9667 ~~02846 .03788 .C’569
7 1 .94 3 .02941 .07667 .C’7269

4 •94r)4 .C’4l81 .07576 .°5765
9 •93~ 5 ~039 9 .06475 .0662 9

______ 
10 _.972 .0271 .06545 .o6s6
1 .9094 .0707~ .1l ~~ . f l9~~~ 4 I

4 .9142 .09961 .1~48 .1148
2 .9123 ,C ’3 54R .08616 .08377

_____ 
12 .0466 . 02 28 .09 8 .222
1 .9530 .037 2 .067 8 .lC 7
~ .02 92 .17129 ,09747 .l°l
2 .9277 .04512 .06747 .lO8b

~~~ _~~~~~~C’P ,r6279 _ .06768 .1067
1 .~~~5 C’32?1 • Icp ~~~~~.~J(~64 ,24C’6 •1C05 .1~ 6

.2~ ?7 .0427 , 1c212 C 13 ° 9
IC ’ .)C ’6 .00922 ~ç~~ 5 C ’ 1~~~~~~~~~~~

— .~~ cl t~ rin~ wa r used .



— 3 8 —

Table 13. N’~nber of times that DCI performed better
trm n Cj on data from Table 12.

— 1 Data From Table 
— __________

____________  ~~ 7 8 9 1 T~ t~.l
DC1C better

than DC .9 9 10 9 — 9 8 
_______

DO IC’ better
than DC4 _ _

~~
__

~
__7 9 7 2

DCl’~’ betterth~~ri DCI lC’ 9 — 8 8 43
DC? bet ter

than DCl 7 4 5 2 4 22
~~~ betterthan DC9 1-’ 7 7 6 6 

___________DC~ better
than DCI 9_ ~ 6_ 

~ 5 29

Table 14. Summary of results on introduction of 15%

random error (.5 trials).

_______ 
Correlation -

Table DC ~:ean SD —

4 T~~o2 .l~35
______ 

10 ,77~ 6 .2425
Z .6344 .2337

______ 
10 .7155 .153j.

8 ~ .4095 .1554
______ 

10 .4813 .331L
9 

- - 

~~ .60~~ ~~~
______ 

10 .6961 .21fl
1 ~~~ .260 3 .2195

— - 
10 .4181 .29~~

~ote~ See ~ote for Table 12.
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Tab1~ 
‘ 

~~. Sumrra ry of resultr for r i irulat lon of
cor1~~Jsite A x i o~ A 4 error (5 t r ia ls) .

Data rI;(’ thOd 1 W eth od ~Table DC l ean SD Mean SD
~~~~ 1 T~~ 3 .1C’3

~ 
- 

.1578 .l57~~ 
-

14 ,23 85 .1769 .2C’2 .1793
9 ,P(

~ 1 .06172 .1214 6 .1072
_~~~~~~~~~~~ _ 10 ‘P65 .2045 .14o2 .1552 -

7 1 .902 .05696 ~l~ 0l .ll~64 .8506 .03606 .204 .0805~9 .872 .04642 .1422 .1108
______ lo ‘.0612 .1312 .1416 .1136 -8 1 .8445 .1705 .1727 .1995

4 .8042 .1712 .2133 .2005
9 .8546 .1209 .1562 .2083

______ 
10 .8301 .2807_ .j527 .20 1 -9 1 .9373 .0331 ,06~~2 . 33
14 .0841 .05317 .0998 .02251
9 .8829 .05768 .06121 .0332

____ -~ 10 .9174 .01604 .063C)~~~~j53 -

1 .732 .1563 .258 7 .1817
14 .3895 .3035 .4619 .1965
9 .6062 .1166 .1587 .1345

_ 1~_ .35~? .1197 .146 .11~3~

Table 16. Summary of results using cophenetic
correlation coef f i cient ,

Data 3 error — 

5~ error — ~xiom A~ err or
Table DC Wean__SD W ean SD — - ~ean SD
6 1 .9508 .020 4 .9194 .0203 ~

‘8917-.05091
14 .8798 .0698 .9424 .02204 .8486 .08884
9 .9747 .01962 .9405 .03649

______ 
10 .9l5.~ ~~~~~~ .2078 ~~~~~ .8 

4 .ll6~7 1 .94lo .00b73 .ts876 ,O37 L~~ . 57 .05l~i84 .8916 .0~l11 .9038 .02711 .8575 .05297
9 .954 .01974 .9329 .02459
10 .8873 .03547 .8688 .02 .81 8 .0 82
1 .9 .03755 .8475 •050 I~ j  ~~5i6 .Ob3b4 .7803 .058 8 .8713 .04383 .7906 .08261
9 .933 .01441 .9402 .0207 .926 .03768

______ 
10 .7294 ,05249 .8433 .03849 .7788 .08113 -

9 1 .9267 .~ 1839 .9198 .03162 .8919 .02071
4 .8425 .05963 .8994 .04595 .8577 .04616
9 .954 .01383 .9573 .0239 .9343 .003787

—— 10 .8769 .03566 .894 .0457 .8737 ~Q~773
1 1 .8839 .o63Ri~ .8~ 94 .0476 .7644 .06996

4 .7749 .1085 .8426 .1722 .6129 .1331
9 .9049 .08787 .9684 .02573 .6288 .09006

— .12.._.. ,1936 .09229 .8~94 .0457 .7122 .1021
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Table 17. Number of times that copheneti .c correlation

was higher for DCi than DCj on data witn

3 error characters from Table 14.

Data from Table Total
____________ ~~ 7 ~ 9 1 T2t~~_ Tria is
DC9 better

than DCL  10 10 7 - 
27 29 -~

DC9 better
than DC4 10 10 8 28 29

DC9 better
— 

than DC1O — 10 10 8 
— 

28 
—- 29~

DC1 better
— than DC4 10 10 10 9~~~6 45 _49 —

DC1 better
than DC1O 10 10 10 9 7 46 

— 49 — —

DC1O better
than DC4 9 4 7 7 5~ — 

32 ______________

Note * One trial was omit t ed from Ta ble 1. See Table ii,
On this trial the values for Dcl , DC9 an d DC1O were
.7656, .8152 and .7663.

Table 18. Number of times that cophenetic correlation
was higher for DCi than DCj on data with

5% error from Table lé.

Data from Table
________ — 

6 — 7 8 9 — 
_1_ Total

DC9 better
than DC1 — 10 10 ~~ 0 10 10 50 —

~~~~betterthan DC4 10 10 10 10 10 50 —
DC9 better
— than DC1O 10 10 l0 10 10 50
DC1 better

than DC1O - 7 9 5 8 5 34
DC4 better

than DC1O 10 10 7 14. 5 36 -D~~ better
than DC1 

- 9 6 2 3 - — 27
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Table 19. Correlation between results of Table I~
with results of Tables 10 and 12

Table 3 error char. 5% error data
.8093 .3lL~87 .2502 — .07789

8 .6538 .07483
9 .459 .1509

- 
1 - .4175 

—— _ .8228

Table 20. Cophentic Correlation for results of
Table 14 .

Correlat ioi~Table DC Wean SD
6~ ~~1~T .7156 .0533

______ 
10 .2436 .05731

7 14 .7007 .l472
______ 

10 .7472 .o4824_- 

0 ~~ij:— ~~~~~~~~~~~~~ 06887
______  

10 .657~ .055fl
9 

— 

~~ 2T .7257 ,06824
____ 

l0_ .~ 357 .0766 -1 Z .59914~~ T~63
_______ 

10 .622 .07049
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