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Displaying Hierarchical Clusters
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1. Introduction

Visual images are widely used in reporting the results of scientific research (Koestler, 1964;
Arnheim, 1970; Taylor, 1971; Tukey, 1972; Klovdahl, 1981). In recognition of that fact,
scientists often devote a good deal of effort to the development of visual devices for the display
of their models and their observations.

The display of the results of hierarchical clustering is a case in point. Proposals for
displaying hierarchical clusters as trees, dendograms, castles, skylines, loops, icicles and shaded
matrices have been made (Ward, 1963; Wirth et al. 1966, Bertin, 1967; Johnson, 1967; Mc-
Cammon, 1968; Ling, 1973; Shepard, 1974; Hartigan, 1975; Engelman, 1977; Kleiner and
Hartigan 1981; Kruskal and Landwehr, 1983).

Each of these proposed modes of display was developed to facilitate some particular goal.
Some are simple to program on a computer. Some can be produced on a conventional line
printer and require no special equipment. And some are designed to be easy to interpret; they
make it possible to see at a glance which objects join which clusters at what level.

None of these standard modes of display, however, is entirely satisfactory. All but one are
guilty of violating Tufte's (1983, p. 87) rule that graphics should not "miss the real news in the
data." And the one that is designed to present the news--the shaded matrix--is a good example
of what Tufte (1983, p. 15 ) called a "visual puzzle" or a "crypto-graphical mystery."

This note will propose a way of taking advantage of the power of micro computers to display
the results of clustering. Such micro computer displays can provide more information than
traditionally has been possible. They can make it simple to see the overall structure of the
clusters and they can reveal the details of the correspondence between the data and the clustering
model.

2. Clusters and Displays

Hierarchical clustering is a collection of procedures for organizing objects into a nested
sequence of partitions on the basis of data on the proximities (or distances) among the objects.
Strictly speaking, objects can be clustered if and only if their proximities are ultrametric. But
since observed proximity data are seldom if ever strictly ultrametric, the goal of hierarchical
cluster analysis is to find a collection of ultrametric proximities that are reasonably close to the
observations.
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A great many methods for clustering actual data have been proposed (Ward, 1963; Hartigan,
1967; Johnson, 1967; McWhitty, 1967; Lance and Williams, 1967; Gower, 1967; Sibson, 1970;
Sneath and Sokal, 1973; D'Andrade, 1978; Weller and Buchholtz, 1986). They all use one or
another algorithm to find an ultrametric that approximates the observed data.

Woman

1 86 763 4333222221211
2 676 6 3 4423211222100
3 7686 4443432233 2211
4 6 6 6 74442 3211222100
5 33 4442202100111000
6 44442 4322111111100
7 34442 3423211222100
8 32320222322 22221211
Woman 9 3343223243223 22211
10 223 211223433433 211
117 21 2101122344433 211
12 212101122346 ¢%653211
13 223211223446 7¢6 4211
14 223211222335 %6284122
15 122211212333 445111
16 21 2101122222211211
17 1010000111111 21122
18 10100001111 1121122

Table 1. Co-attendance at 14 Social Events by 18 Southern Women

When an analyst fits an ultrametric model to proximity data, what is typically displayed is
simply the sequence of partitions produced by the data. To illustrate this point, consider the data
on co-attendance by Southern women at a series of social events as reported by Davis, Gardner
and Gardner (1941). The data are shown in Table 1. Figure 1 shows four common forms for the
display of the results of hierarchical clustering based on average proximity. From any of these
displays we can see that two of women (1 and 3) cluster most closely. They are followed by the
four others (2 and 4 join with 1 and 3 , and 12 and 13 join together). Then woman 14 joins the
12, 13 cluster, and so on until at the lowest level all the women are lumped together.
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Figure 1. The clustering of the Southern Women data of Table 1 shown in four standard forms
of graphic display.

But these standard modes of display reveal only the idealized cluster structure produced by
the model; they provide a nested sequence of partitions. They order the women according to the
clustering algorithm and show the level at which each set of clusters is merged. But they reveal
absolutely nothing about the degree to which these idealized ultrametric proximities correspond
to the observed proximities linking the women.

The situation is as if, when fitting a set of observed data points to an idealized curve, we
displayed only the curve and suppressed all information that might show how closely the
observations fit that curve. A good deal more important information is communicated when the
curve is displayed along with the scatter of the points that it is intended to represent.

Ling (1973) recognized that this was a problem in displaying the results of cluster analysis.
He adapted Sneath's (1957) shaded matrix as a way to show both the observed data and the
idealized partitioning simultaneously. Essentially, Ling's proposal was to take half of a
symmetric data matrix of proximities and to rearrange its rows and columns in terms of'the order
dictated by the clustering algorithm. Then a visual display is created by printing the cells
representing close proximities using dark symbols and those that are more distant using lighter
symbols. The Southern women example is shown in Figure 2.
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Figure 2. The clustering of the Southern Women data shown in shaded form.
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As compared with other display forms, the shaded matrix makes a genuine attempt to

provide the needed information on fit. It displays not only the idealized structure, but, by its
arrangement of dense and light symbols, it tries to show how well the original data correspond
to the model. In most cases, however, shaded matrices simply fail to do the job. They are both
crude and difficult to interpret. Differences in the density of symbols cannot capture the full
range of variation in most data sets. And, since the reader must constantly refer to the symbol
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key, itis difficult to "see" the fit displayed in these tables. Although they are included as options
in both BMDP and SYSTAT, shaded matrices are not often used to report research results.

3. Shaded Density Plots

The overstrikes shown in Figure 2 were all we could do in an era when printing was
performed by a daisy wheel or a line printer chain. Printing then was limited to the use of
typescript characters. But modern printers typically use dot matrices, lasers or ink jets and they
are able to produce a wide range of uniform shadings. Shaded density plots simply substitute
a full range of gray shades for the awkward and confusing overstrikes of the shaded matrix.
Clearly, it is much easier to see differences in gray densities than to decode differences in the
densities of overstruck typescript symbols.






