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Prognostic factors associated with caries incidence can be
pseful in both the design and analysis of randomized
clinical trials. They can be used as a prerandomization
stratification technique, as is done in randomized block
designs. Here, participants are first grouped into homo-
geneous strata or blocks, and then randomly assigned to
treatment groups separately within each stratum. Alterna-
tively, prognostic factors can be introduced as post-strati-
fication variables in the statistical analysis.

The question naturally arises whether prerandomization
stratification techniques should be employed. Statisticians
are equivocal on this issue. Arguments voiced for stratifica-
tion®5:20 are usually related to the increase in precision or
the elimination of imbalance among groups that is achieved
by using stratification. This is particularly relevant for trials
having relatively few subjects.!! The afguments voiced
against stratification1719 typically reflect pragmatic con-
siderations related to the conduct or administrative aspects
of the trial. In any event, the ability to implement and
conduct a specific clinical trial successfully almost always
requires compromises made between that which is theo-
retically optimal and that which is possible.

In caries clinical trials whose participants are of a re-
stricted age range, pre-randomization stratification methods
are often avoided for several reasons: (1) the lack of prog-

nostic variables which are strongly associated with caries

incidence, (2) logistical problems related to the school-
based format of conducting these trials, (3) anticipated
attrition rates of considerable size, and (4) the use of large
numbers of participants per treatment group.

Even though there are no prognostic variables that have
consistently been shown to have strong associations with
caries incidence, several are known to be moderately asso-
ciated.8%14 Such variables can be useful as post-randomiza-
tion stratification variables. Analytically, one incorporates
such variables as explanatory factors (as in the analysis of
variance) or covariates (as in the analysis of covariance)
into the statistical model.

The post-stratification methods are used for several
reasons. For caries trials, the more important include:

(1) inducing equivalence among treatment groups that
have been generated by randomization. This is of
particular importance in caries clinical trials be-
cause of the relatively large attrition rates experi-
enced among treatment groups during the study
period.

(2) achieving more powerful statistical tests or obtam-
ing more precise estimates by reducing the erTor
variance.

(3) assessing the degree to which the treatment effects
are uniform for the subpopulations represented by
the various strata. This can be useful for identifying
the types of subjects who are most likely to benefit
from specific preventive procedures.

The effects of imbalance among treatment groups (par-
tial confounding), relative to a prognostic variable, were
investigated by Korts!® for the no-interaction model. He
illustrated the wide range of treatment effects one could
observe in a caries trial due solely to the degree of imbalance

of subjects within groups while holding the strata marginals
fixed. He showed that, by ignoring the prognostic factor,
percent reductions in caries due to treatment ranging from
—35% (i.e., a 35% increase) to 59% could be observed, even
though the differences between groups were constant for
each stratum of the stratification variable. In contrast, by
including this prognostic factor, identical treatment means —
and hence, the same reductions (24%) — were obtained for
each trial.

The focus in this paper will be on models with interac-
tion in which imbalance among treatment groups is minor.
Issues regarding efficiency and the identification of dif-
ferential treatment effects for various sub-populations will
be discussed.

We will assume a two-way fixed effects model having
unequal cell frequencies, a fixed set of treatments as one
factor (call it T), and a prognostic factor (call it B) as the
stratification factor. I shall also assume that all cells in the
data array contain at least one observation (no empty cells).

If we let vy, represent the observation (caries increment)
for the kth individual in the ith treatment group and in the
jth stratum, then the general two-way cross-classification
model can be written as

E(vg) =pg =p+71+ 6+ (@B,  Ea.(1)
fori=1,2,..,1;i=1,2,....7; k=1,2,...,ny;
assuming interaction is present, or as
E(yg) =y =p+ 73 +6;, Eq. (2)
fori=1,2,....I;7=1,2,....7; k=1,2,... .05
where
— 5 — 5+ gy = 0 fori#i,j+#j'
assuming the effects are additive. Here

U Tepresents the mean (caries increment) for indi-
viduals in the ith treatment group and the jth
stratum,

Wrepresents an overall mean (caries increment),

7; represents the effect of the ith treatment group,

B; represents the effect of the jth stratum, and

(TB)ij represents the non-additive effect (interaction) of
the ith treatment group and the jth stratum.

Also ny represents the number of individuals in the ith
treatment group and in the jth stratum. We also assume the
usual notation n;, = ¥ ng, n; =¥ nand 0., =5 ny

In the balanced case, differences between the observed
marginal means are unbiased estimates of differences be-
tween main effects in model (2), whereas, in the unbalanced
case, the corresponding differences are biased, that is, they
are contaminated by effects of the other factor.

Furthermore, in the balanced case for either model (1)
or (2), the sums of squares for T, B and T x B are additive,
they are orthogonal, and, therefore, tests regarding one
effect are independent of the other effects. In the un-
balanced case, these sums of squares are not additive, the
effects are not orthogonal, and when tests for significance
of one effect are made, the tests must be adjusted for other
appropriate effects in the model.

There are two general approaches that can be taken
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when analyzing unbalanced data sets.2® The additive sum
of squares approach is one for which the individual sums of
squares for main effects and interaction are additive to the
sum of squares representing variation among the cell means.
This method is approximate because the individual sums of
squares do not have chi-square distributions, and hence,
ratios of mean squares do not have exact F-distributions.
The method of unweighted squares of means is an example
of this method. This method provides a good approxima-
tion to the least-squares method, provided the ratio of
largest to smallest cell sample size is not too large.

The other general approach is that of least-squares. In
the unbalanced case, one obtains sums of squares which
have exact chi-square distributions, the resulting F-tests
are exact, but the sums of squares for the main effects
and interaction are not additive. Two specific examples of
least-squares methods are known as the method of fitting
constants and the method of weighted squares of means.
The least-squares methods will be discussed in this presenta-
tion.

In each situation, one must decide whether the model
given by (1) or (2) is appropriate. When prior information
regarding the appropriate model is lacking, a test for the
presence of interaction should be performed. The method
of fitting constants can be used to derive this test. This
test is based upon a comparison of the reduction in sum
of squares attributable to model (1), with the correspond-
ing sum of squares attributable to model (2). Equivalently,
it can be viewed as the additional sum of squares obtained
by fitting model (1) after model (2) has been fitted.10:23
The outcome of this test determines the procedure to use
for testing main effects. Generally, if one obtains a p >

0.05 (p > 0.20 or p > 0.25 if overall p-value is considered -

important), the additive model (2) is assumed, and main
effects are tested by the method of fitting constants. Tests
for each main effect are performed, eliminating the other.
If both tests are significant, the full additive model (2) is
adopted, and treatment comparisons, contrasts, and in-
ferences are based upon this model.

On the other hand, if the test for interaction is signifi-

. cant, one must proceed differently. The optimal procedure
to follow here is unclear, and arguments continue to be
made by statisticians for7-8:22:25 and against!-15 performing
statistical tests for main effects in the presence of interac-
tion. For the sake of argument, I will take the position
that it makes sense to test for main effects in the presence
of interaction if one can assume that the treatments are
consistently ordered?? — that is, if differences between
each pair of treatments are of the same sign, although not
of similar magnitude, for all strata, separately. Of course,
one must also assume that the confounding due to unequal
cell frequencies is not too severe.

Since the individual population cell means y; are estim-
able (we assumed that each cell had at least one observa-
tion), any linear combination of cell means is estimable.
Treatment main effects (also called marginal or average
effects by other authors) are defined in terms of linear
combinations of these cell means. The ith treatment main
effect is defined as Z vj ug, for known constants vj, such
that X v; = 1. The jth stratum main effect is analogously
defined by X u; py, where Z u; = 1.

The method recommended for testing equality of treat-
ment main effects is the weighted squares of means analysis
proposed by Yates.2S5 If one assumes equal weights, as
Yates recommended, then the associated sum of squares
for testing treatment main effects can be shown to cor-
respond to that obtained by the ANOVA method, using
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regression model (1), assuming thé usual restrictions.13,24
It is given by

A A
Q=T W; 12 — (T W; 1) [ZW
i i
where '
A

“i_‘—'llbjEYij,

Wi‘1=1/b221/nij
i

Other sets of weights can also be used in defining treat.
ment main effects, and, in certain instances, may be more
appropriate.? One such instance occurs when the observeq
strata frequency distribution of subjects is known to reflect
that existing in the target population. The marginal propor-
tions nj / n., would be the weights vj used to define treat-
ment main effects. The corresponding sum of squares’»22
would be used to test equality of main effects.

Of course, tests for homogeneity of variance among the
individual cells should be performed before one decides
whether to assume model (1) or (2). The particular con-
figuration of sample sizes among treatment groups within
strata can influence the tests for main effects and interac-
tion. However, the robustness of the analysis of variance
procedure relative to unequal cell variances is most notable
when cell sample sizes are equal.?

To illustrate some of these ideas, I shall use a 36-month
clinical trial recently conducted by NIDR, in which a
weekly fluoride mouthrinse and a daily fluoride mouth-
rinse were compared with a placebo rinse.!? The stratifica-
tion variable used was the MGSI, which is based upon the
initial caries examination.!4 Its value represents the number
of distinct regions in a subject’s dentition where caries
was diagnosed. These regions, originally identified by
Grainger, are described in Table 1. The MGSI assumes a
value from O to 5. For this study, there were only 12 and
four subjects who had an MGSI value of 4 or 5, respectively.
Accordingly, they were grouped with those scored as 3.

Typical characteristics of subjects in each MGSI class
are given by; )

MGSI Description
0 no caries
1 pit and fissure caries only
2 pit and fissure caries &

posterior proximal caries

3 pit and fissure caries &
posterior proximal caries &
anterior caries

Eight hundred and twenty-four subjects in grades 5, 6,
and 7 were initially randomly assigned to the three treat-
ment groups. Five hundred and ninety-eight subjects (73%)
completed the study. The frequency distributions for
subjects initially examined and those who completed the
study are presented in Table 2 by MGSI stratum and
treatment group. Clearly, adequate balance within the
respective strata across treatment groups was realized for
subjects who completed the study.

The cell mean increments for each treatment group,
together with their standard deviations, are presented in
Table 3. It appears that there is interaction between treat-
ment groups and MGSI status, since differences between
pairs of treatments increase with MGSI status. The method
of fitting constants was used to derive the test for interac-
tion. The F-statistic 2.31 had an associated p-value of 0.03.
Thus, interaction was assumed present, and model (1) was
considered as appropriate for analyzing these data. For this
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