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CODING OF CONTINUOUS CHARACTERS, REVISITED

James S. Farris

Molecular Systematics Laboratory, Swedish Museum of Natural History, Box 5007, SE-104 05 Stockholm, Sweden.

The problem. Each of some given set of t popu-
lations has been sampled to obtain observations of
some continuous variable X; x(1), x(2), ... x(t)
denote the sample means arranged in order of
increasing value. The problem is to code (repre-
sent) the xs in a form suitable for quantitative
phylogenetic analysis. To judge from the literature
it would appear that this really is a problem. Seve-
ral coding methods have been proposed, but all of
them - even the procedure most recently advocated
(by Schols et al., 2004; Lens et al., 2007) - suffer
from statistical weaknesses that were already
known in the 1980s (Mickevich and Farris, 1981;
Simon, 1983; Chappill, 1989). Such difficulties
seem to have persisted primarily because they
have been ignored or glossed over, as will be appa-
rent from a summary of the history. As I will show,
these problems can easily be solved using techni-
ques that have long been available (Farris, 1970;
1971). 
History. In Mickevich and Johnson's (1976) gap
coding, a gap was recognized whenever two adja-
cent means x(j), x(j+1) differed by at least sp, that
is, one pooled within-population standard devia-
tion (not standard error). The code assigned to
mean x(i) was the number of gaps lying to the left
of x(i) on the number scale - thus x(1) always had
code 0. While seldom used, this method had great
influence on the field because it was so widely cri-
ticized. Simon (1983) pointed out two statistical
weaknesses of gap coding: (a) two means could
receive the same code even though they differed
significantly; and (b) two means that did not differ
significantly could nonetheless receive different
codes. The latter was actually unlikely with gap
coding unless the sample sizes were small, but
Simon's idea that distinctly coded means should
differ significantly is an important criterion, which
I will call the significant difference requirement.

As a way to avoid such problems, Simon (1983)
proposed using a multiple range test (see Zar,
1999, ch. 11) to identify homogeneous groups of
populations, but she had some difficulty in obtai-

ning codes from the results.  In her first method,
the code assigned to x(i) was the number of homo-
geneous groups beginning before (to the left of) or
at x(i). But that procedure, she discovered, could
assign the same codes with different suites of
homogeneous groups. For that reason she adopted
a modification, suggested by J. Archie, in which
the original code for x(i) was incremented by the
number of homogeneous groups ending strictly
before x(i), the sum then being divided by 2.
Archie (1985) later used the latter coding procedu-
re with his own method for selecting groups. In his
"generalized gap coding" (which had no connec-
tion whatever with gaps) each x(i) determined a
group comprising all the means between x(i) and
x(i) + sp, inclusive, with the provision that any
group contained within another would be dropped.
Goodman (1988) later improved Archie's procedu-
re by dropping the division.

But none of this solved the original problem.
Whereas Simon (1983) had objected that gap
coding could (in present terminology) violate the
significant difference requirement, Archie's (or
Goldman's) coding could still violate the signifi-
cant difference requirement (Chappill, 1989), and
in fact frequently did. So could Simon's, whenever
homogeneous groups overlapped, as would often
happen in practice.
More History. Colless (1980, p. 294) had another
objection to gap coding:

When we come to phenetic analysis, there is no
question about normalizing the data. Under nor-
mal principles it would be indefensible to allow
[Mickevich and Johnson's (1976)] character A to
remain with 17 times the weight [i.e. range] of
[character] D.

To achieve phenetic propriety Colless recom-
mended what he called range coding, which was
the same method that Sokal and Sneath (1973, p.
153) had called ranging. This consisted of resca-
ling the means x to new values x', in present nota-
tion:  x'(i) = (x(i) - x(1))/(x(t) - x(1)). 

This is another way to violate the significant
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difference requirement. If some variable differed
among populations only by sampling error, range
coding would give it the same after-scaling range
as another variable that showed highly significant
differences between populations (Mickevich and
Farris, 1981).

That ancient history is of current interest becau-
se Thiele (1993) introduced a "new" method, "gap
weighting", which had nothing to do with gaps and
actually consisted simply of introducing a constant
multiplier into range coding:

x'(i) = n(x(i) - x(1))/(x(t) - x(1)). 
The constant n was just the number of integer

states available in the program used to analyze the
data.  More recently still, Schols et al. (2004)
introduced a program, MorphoCode, for perfor-
ming "gap weighting", which they described as a
"theoretically well supported method" (Schols et
al., 2004, p. 2).  Lens et al (2007, p. 7) went on:

The statistical tests were performed using Mor-
phoCode, an open-source software program that
implements the gap weighting method (Schols et
al., 2004).

But MorphoCode performs no statistical tests,
nor did Schols et al. (2004) ever explain why "gap
weighting" was theoretically well supported, and
neither paper discussed why violating the signifi-
cant different requirement would be desirable. But
Thiele (1993, p. 287) did, in a way:

Of course, the [phylogenetic] hypotheses deri-
ved from morphometric data treated in these ways
may be true or false... Importantly, they may be
true even if the gaps on which the hypothesis is
based are not statistically significant.

Quite true, but there is nonetheless a catch to
that, as will be seen.
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Recientemente, McMahon y Sanderson (2006;
abreviado M&S) publicaron una matriz de 2228
taxones de leguminosas, formada por secuencias
de distintos genes concatenadas, y con gran can-
tidad de entradas faltantes (87%). Se muestra en

este trabajo que las búsquedas de M&S (múlti-
ples secuencias de adición y ratchet en PAUP*,
1700 hs. de procesamiento), fallaron en encontrar
árboles de máxima parsimonia.  Además, M&S
no tomaron en cuenta adecuadamente la ambi-
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