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• Soft Modelling creates optimal linear re-
lationships among constructs specified
by a conceptual model.

• Manifest (observed) variables in soft
modelling may be measured at nominal,
ordinal, or interval levels; and models
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Soft Modelling the Predictors of Drug Treatment Use

This paper explains soft modelling and illus-
trates the technique with an example from a
study of the predictors of alcohol and drug
treatment use.  The four points above repre-
sent some of the strengths of soft modelling
for data analysis in non-experimental re-
search.

Soft modelling is a form of structural equa-
tion modelling that imposes few assumptions
about the level of measurement, the sample
size, or the scope of the theory.  In relaxing
these assumptions, one can argue for nei-
ther a confirmatory conclusion nor a prob-
ability index of overall model fit.  Instead, the
researcher is able to see how measurements
fit together to form a construct with the use
of principal components.  Estimates of the
multiple R squared are given for the predic-
tive relationship between components.
These results are based on a conceptual
model that the researcher must specify in
advance.

We were interested in the effects of enrol-
ment in a government disability program and
the availability of medical insurance on the
number of times respondents reported in-
volvement in some type of drug or alcohol
treatment program over the course of a two
year study period.  The respondents were
followed over a two-year period to evaluate
the impact of a policy change that eliminated
the disability classification for drug and alco-
hol addiction.  The subjects in this sample
were dropped from the supplemental in-
come program and had the option of reap-

may include variables measured at differ-
ent levels.

• Spurious relationships, common in com-
plex models with many variables, are eas-
ily identified with soft modelling proce-
dures.

• Soft Modelling is useful in quasi-experi-
mental designs and observational stud-
ies with either very small or very large
sample sizes.

plying under some other disability or losing
their cash and medical insurance benefits.
Samples were drawn from nine city or county
areas in five of the continental United States
beginning in December, 1996.    Our base-
line measurements were taken immediately
preceding the official cut-off date of January
1, 1997 and every six months after, for a to-
tal of five interview waves.   Nine hundred
and fifty seven subjects had complete data
across all five of the data points.

Our conceptual model is presented in Fig-
ure 1.   We were interested in predicting treat-
ment use across the four interview waves
after the baseline from data on the severity
of problems experienced in several life do-
mains: the respondent’s perceived need for
drug or alcohol treatment; the type (modal-
ity) of treatment, if any, in which the re-
spondent was involved at baseline; high risk
drug behaviours; and the respondent’s medi-
cal insurance and disability income status
after baseline.

Manifest variables that measure each con-
struct are grouped together.  A principal
components analysis assigns a weight to each
manifest variable and the weighted variables
are added together to give a score for each
construct.    The constructs are then corre-
lated, and a path analysis is computed.  This
is a conceptual presentation of the math-
ematics of soft modelling; the actual com-
putation is more complex (Falk & Miller,
1992, Lomoeller, 1989, Wold 1980).  The
computer program we use for soft-model-
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ling is Latent Variable Path Analysis with
Partial Least Squares Estimation
(Lomoeller, 1988) and is available from Dr.
Jack McArdle at the University of Virginia
(http://krypton.psyc.virginia.edu/
jack.mcardle).

Figure 1 illustrates the proposed relation-
ships (14 paths in all) between our eight con-
structs.  The proposed relationships in the
model come from the general literature on
treatment entry and retention and the ex-
pected effects of the policy change.  Prelimi-
nary analyses revealed significant differences
between sample locations on treatment use;
therefore, site was entered as a control vari-
able and allowed to predict each of the other
seven constructs.  The paths from the de-
mographic control construct are shortened
to provide ease in reading.  Our conceptual
model follows the control construct in tem-
poral order:  addiction severity index  scores,
the need for treatment, treatment type at
baseline, risk behaviours, medical insurance
and disability income status are each allowed

to predict treatment use.  The need for treat-
ment is allowed to predict disability income
status.

Before we consider each of the hypothesised
relationships between these constructs, we
should be satisfied with the reliability of our
measurements.   Sixteen variables were meas-
ured as indicants of the eight constructs.  The
indicants included nominal, interval, and ra-
tio levels of measurement.  They included
measurements from well-established instru-
ments such as the Addiction Severity Index
Scores (see McLelland, Luborsky, Cacciola,
and Griffith 1984).  For a complete descrip-
tion of the study, see Tonkin, Swartz, and
Kappagoda, forthcoming.

In our study, most of the measurements
proved to be reliable (see Table 1).   Princi-
pal component loadings above 0.55 are gen-
erally desirable.  However, several observed
variables with very small loadings were left
in the model because our goal was to exam-
ine the comparative effects of each of the pre-
dictors.  Low loadings indicated that the vari-

ables are not contributing substantially to
the construct and thus are not good meas-
ures of the proposed construct.  For exam-
ple, the loading of 0.05 for involvement in a
jail or prison treatment program at baseline
indicates this variable is not a substantial
contributor to the treatment type construct.
Conversely, participation in methadone
maintenance at baseline is the defining
measure for the baseline treatment modal-
ity construct with a loading of 0.98.

 Researchers, in general, should expect prin-
cipal component loadings to be above 0.55
before examining the relationships between
the theoretical constructs.  Generally, three
or more manifest variables are preferred as
multiple indicants of a construct.   When
there is only one indicant for each construct,
the programme becomes a standard path
analysis procedure.

As we stated in the beginning, soft model-
ling creates optimal linear relationships
among constructs specified by a conceptual
model.   It does this by an iterative process



in which each predictor construct is made
to be as good a predictor as it can be, while
the predicted construct is made to be the
best predicted construct it can be. To
achieve this optimisation, the principle com-
ponent loadings on the manifest variables
are adjusted.  This is accomplished in two
stages by using the least squares minimisa-
tion procedure within each group of mani-
fest variables and their construct and then
between the constructs.

This optimisation procedure provides the
researcher with three important pieces of
information: the matrix of correlations be-
tween the constructs, the path coefficients
between the constructs as specified in the
model, and the multiple R square value for
each predicted construct.  With this infor-
mation, we are able to evaluate our original
conceptual model.

The correlation matrix allows us to assess if
the relationships are going in the predicted
direction.  In our model, we assumed that
all the proposed relationships would be in
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a positive direction.  The path coefficients
give the direct effects and direction of rela-
tionship between the predictor construct
and the predicted construct.   These are the
equivalent of standardised regression coef-
ficients or beta weights, and so may be di-
rectly compare with one another.  They dif-
fer from the correlation coefficients because
they take into account the correlations be-
tween the predictor constructs.

The multiple R square is the measure of the
total amount of variance in the predicted
construct that is accounted for by the pre-
dictor constructs.   These provide an estimate
of the effect of all the predictors taken to-
gether on the predicted construct.   Tradi-
tional statistical tests of significance can be
applied to the multiple R square.

 With these three pieces of information, we
can evaluate how well our model predicts
the relationships in our original conceptual-
isations.   The results noted in Table 1 pro-
vide the information necessary to evaluate
our conceptual model.   The first piece of
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information to evaluate is whether the mul-
tiple R square is high enough to believe that
our predicted constructs are in fact being
predicted by their predictor constructs.  In
this case, only three of the seven constructs
had statistically significant multiple R squares
and our model predicted 10, 12, and 46 per-
cent of the variance in the predicted con-
structs.

Next we examine the contribution of each
predictor construct to the multiple R
squared, the contribution of each is referred
to as the percent of variance contributed.  It
is approximated by multiplying the path co-
efficient by the correlation coefficient.  When
this value is less than 0.015 or less than 1.5
%, the predictor construct is not making an
important contribution to the variance in the
predicted construct and the path should be
eliminated (Falk & Miller, 1992).  In this ex-
ample, the paths from medical insurance and
disability income status should be dropped
from the model because both the correla-
tion values and the path values are small.  The
path from need for treatment to overall dis-
ability income status should also be dropped.
However, they are left in the model because
they are the constructs of most interest in
this study.  The path from need for treatment
to treatment use is small, but the correlation
coefficient between the two constructs is
large.  The product of the two is greater than
0.015; therefore, the path is left in the model.

Once all unimportant paths have been elimi-
nated, the remaining path coefficients should
be compared to their respective correlation
coefficients for any suppressor effects.  If the
signs of the two coefficients do not agree, a
suppressor effect is present.  Models with
many correlated variables are likely to have
suppressors. However, these effects may not
be true suppressor effects, but mathemati-
cal artefacts.  The easiest way to determine
which type of effect is present is to compare
the multiple R squares before and after elimi-
nating the suspect path.  If the multiple R
square does not change significantly after
removing the path, the suppressor is an ar-
tefact and the path should be removed.

 Worth noting is that much of the variance
in our model is accounted for by differences
among the nine sample sites.  This is appar-

ent from the relatively large path coefficients
emanating from the demographic control
construct.  The  construct for the Addiction
Severity Index  scores had a positive impact
on treatment use as was hypothesised.  The
size of the impact was small but its relative
size makes it one of the best predictors of
treatment use in the model.  By far the best
predictor of treatment use is the type of treat-
ment in which the subject participated at
baseline.  Since methadone maintenance
defines this construct, the large path coeffi-
cient indicates that respondents who were
in methadone maintenance at baseline were
very likely to be in treatment at later points
in the study.  The need for treatment at base-
line, medical insurance, and disability income
status are the weakest predictors of treat-
ment use.  Only the path from need for treat-
ment to disability income status produced a
sign contrary to our predicted direction.
Since the sign of the path coefficient matches
the direction of the correlation coefficient,
the observed relationship is in fact a nega-
tive one and not the result of a suppressor
effect.  The negative path indicates subjects
who felt they needed treatment at baseline
were less likely to be receiving disability in-
come benefits after baseline.

A snapshot of our findings reveals that a sta-
tistically significant amount of variation was
accounted for in three of our predicted con-
structs.  Forty-six percent of the variation in
treatment use after baseline is accounted for
by the seven predictor constructs, with
methadone maintenance accounting for
more than half of the 46 percent.  Less than
five percent of the variance in each of the
two main predictors of treatment use (medi-
cal insurance and disability income status) is
accounted for by the four preceding predic-
tors.  The demographic control construct
(sample site) is the best predictor of both
these constructs.  What the findings suggest
is that controlling for site differences, treat-
ment use at an earlier point in time is the
best predictor of treatment at a later point
in time.  Specifically, involvement in a metha-
done maintenance program at baseline is the
best predictor of treatment use over the
course of the study.
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