
Behavior Research Methods, Instruments, & Computers
1984, 16 (6), 551-552

PROGRAM ABSTRACTS/ALGORITHMS

Computer programs for fitting ultrametric and
additive trees to proximity data by least

squares methods

GEERT DE SOETE
University of Ghent, Ghent, Belgium

LSULT (Least Squares ULtrametric Tree analysis) and
LSADT (Least Squares ADditive Tree analysis) are com
puter programs that implement the least squares al
gorithms proposed by De Soete (1983, 1984b) for fitting
ultrametric and additive trees to proximity data. An ultra
~etric tree is a rooted tree in which a nonnegative weight
IS attached to each node such that: (1) the terminal nodes
have zero weight, (2) the largest weight is assigned to the
root, and (3) the weights attached to the nodes on the path
from any terminal node to the root constitute a strictly
increasing sequence. The distance between any two dis
ti.nctnodes is defined as the maximum of the weights as
signedto the nodes on the unique path connecting the two
nodes. It is well-known that these distances satisfy the
ultrametric inequality:

An additive tree, on the other hand, is an unrooted tree
in which a nonnegative weight is attached not to the nodes
b~t ~o the links.ofthe tree. The distance between any two
distinct nodes IS then defined as the sum of the weights
attached to the links constituting the unique path that con
nects the two nodes. It can be shown that these distances
satisfy the so-called additive inequality or four-point
condition:

dij+dk/ S max (dik+dj/, di/+djk).

Ultrametric and additive trees are valuable alternatives
to multidimensional scaling for representing psychologi
cal proximity data (see, e.g., Johnson, 1967, Pruzansky,
Tversky, & Carroll, 1982, and Sattath & Tversky, 1977).

I?escription. Since a distance matrix D that perfectly
satisfies the ultrametric (respectively additive) inequality
~efines a unique ultrametric (respectively additive) tree,
It suffices, in order to construct a least squares ultra-
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metric (respectively additive) tree representation of a set
of proximity data, to solve for a distance matrix D that
perfectly satisfies the ultrametric (respectively additive)
inequality andthat is closest to the data in the least squares
sense. The algorithm solves for such a matrix by sequen
tially minimizing the function

F(D,r) = L(D) + rP(D) (r > 0)

for a strictly increasing sequence of values of r. The
objective function F(D,r) consists of two parts: the loss
function L(D), which is the sum of squared deviations be
tween the data and D, and P(D), which is a penalty func
tion that enforces the ultrametric (in LSULT) or the
additive (in LSADT) inequality on D. For the subsequent
minimizations of F(D,r), Powell's (1977) conjugate
gradient method with automatic restarts is used. Both
LSULT and LSADT are capable of handling missing data.
An extensive evaluation of the performance of LSULT
and LSADT in the presence of missing data can be found
in De Soete (1984a, 1984c).

LSADT differs from the additive tree-fitting program
developed by Corter (1982) in that both the topology and
the link weights of the constructed tree are optimal in least
squares sense. Since Corter's program solves for the to
pology of the tree by means of an agglomerative method,
the resulting topology is not necessarily. least squares
(although the weight estimates are least squares, given this
topology). For a more thorough discussion of the rela
tion between LSADT and other additive tree-fitting
methods, the reader is referred to De Soete (1983), and
a comparison between LSULT and a branch-and-bound
algorithm for constructing a least squares ultrametric tree
representation is reported in Chandon and De Soete
(1984).

Input. The input to LSULT and LSADT consists of
a descriptive job title, several run parameters, a variable
data format, and a lower-diagonal proximity matrix. The
data may be similarities or dissimilarities. Empty cells in
the data matrix are flagged by a user-specified missing
data indicator.

Output. After the input data and (optionally) a brief
history of the iterative estimation process are printed, the
goodness-of-fit index, the least squares estimate of D, and
a bottom-up merge list of the associated ultrametric or
additive tree are output, followed by the matrix of
residuals. Optionally, the least squares estimate of D is
punched out or saved in a separate file.

Language and Computer. An attempt has been made
to write the programs in a portable subset of FOR
TRAN IV, known as PFORT (Ryder, 1974). In order to
further enhance (trans)portability, routines from the PORT
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library (Fox, Hall, & Schryer, 1978b) are used for error
handling, simulated dynamic memory allocation, and the
specification of machine-dependent constants. These rou
tines are in the public domain and can be found in Fox,
Hall, and Schryer (1978a). Apart from the two routines
in which the machine-dependent constants are initiated,
the programs run unmodified on a VAX-li/780 (both un
der VMS and UNIX), a Cray I, a Honeywell 6000, and
a Siemens 7551 computer.

Availability. A documented listing of the two programs
may be obtained without charge by writing to Geert
De Soete, Department of Psychology, University of
Ghent, Henri Dunantlaan 2, B-9000 Ghent, Belgium. A
tape copy can be obtained by sending a nine-track mag
netic tape and a check covering the mailing costs to the
author.
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