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Abstract

In general, randomized clinical trials (RCT) in dentistry involve longitudi-
nal observations. In such studies, the total cost is a function of the number
of study subjects and visits, the study duration, and the type and number of
examinations at each visit. In this paper, we derived the minimum cost design
for longitudinal RCTs with two treatment arms and multiple visits. We op-
timized the number of subjects, visits, and repeated measurements under the
constraints of the requirements for statistical significance, power, and minimum
total study cost. A SAS macro was written and made available on the World
Wide Web, so interested clinical investigators can easily find optimal designs.
The application of the program is illustrated using an example.
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Introduction

Pocock (1) defined the randomized clinical trial (RCT) as “a form of planned
experiment, involving patients and designed to elucidate the most appropriate treat-
ment of future patients with a given medical condition.” The goal of a clinical trial
can be described as the testing of a new therapy’s safety and efficacy in treating
a health condition or fighting a disease. In the dental area, RCTs are frequently
conducted to evaluate oral health care products, e.g., a new anti-tartar toothpaste,
a mouth rinse with improved antimicrobial properties, or to assess the benefits of
novel therapeutic procedures in direct comparison to the present standard of care.
It is important to emphasize that RCTs by definition embrace all principles of the
scientific method, i.e., the statement of a specific hypothesis, a written protocol that
details the study design, execution and analysis, the data collection, management and
analysis, and the reporting of results and their interpretation. Recently, fundamental
aspects of the RCT have been expertly reviewed from an ethical point of view (2),
including subject recruitment, study design and sample size determination. Further-
more, a comprehensive treatise on clinical trial design and analysis in periodontics
has become available following a symposium sporting the same title (3).

Similar to the RCT in medicine, the RCT in dentistry (DRCT) can be a major
undertaking with respect to planning, execution, monitoring, and also cost. In search
of better therapy and ways to contain the cost of health care, RCTs have become
the premier instrument to determine therapeutic benefits scientifically. The rapid
development of what can be called the trial industry is reflected in the numbers
presented in Table 1. Clearly, in the 1980s and 1990s there has been a constant
increase in the number of RCTs published in peer reviewed journals. For obvious

reasons, accurate cost projection is critical in the competitive world of clinical trials (4,



5). To our knowledge, however, information on clinical trial cost calculation and cost
optimization is not available in the dental literature. By and large, the cost of a DRCT
depends on the difficulty of subject recruitment, trial size, the type of interventional
procedures, the clinical measurements, study duration, and the associated paper trail.
Mathematically, trial size and accuracy of measurement are directly related to each
other. Given the significance level and effect size, they determine the level of power
that can be achieved in a particular trial. Generally spoken, at a fixed level of power
better measurement accuracy will reduce the required sample size.

The assessment of clinical dental parameters, e.g., caries, attachment level, prob-
ing depth, gingival inflammation, or plaque, is difficult and subject to sizable mea-
surement error (6-12), which in turn affects the ability of a statistical test to detect
a true difference. In clinical research, the magnitude of measurement error can be
reduced by 1) performing additional (repeat) measurements in the same subject, 2)
improving measurement technology, and 3) examiner training. Of course, any one of
the proposed approaches will affect study cost and it is of critical interest to study
the tradeoff between error size and sample size in view of minimal study cost.

Table 1: Result of a Medline search using the terms ”clinical trial” (I) ”clinical trial

and cost” (II), ”clinical trial and dental” (III), and ”clinical trial and dental and cost”
(IV)

Publication Year (I) (II) (III) (IV)
1981 - 1985 472 8 16 <1
1986 - 1990 709 17 28 <1
1991 - 1995 1066 47 41 1

1996 1248 76 41 0

In this paper, we will present a costing model for DRCTs with fixed or flexible

number of examination visits. We will optimize study cost by suitable choice of sam-



ple size and number of measurement repeats at any required trial power. We will
show that the inclusion of such calculations in the planning phase of a DRCT can
substantially lower the cost. In the first part of the paper we will develop the theo-

retical background. In the second part we will present examples.

Material and methods

DRCT costing model concept: There are many ways of budgeting the cost for a

clinical trial. We approached DCTR cost estimation by identifying five different cost

objects:
(A) one-time expenses;

(B) expenses that depend on study duration and accrue even if no subjects were

enrolled in the study;
(C) expenses due to subject recruitment;

(D) expenses originating from baseline activities, subject up front compensation,

and therapeutic intervention;

(E) expenses for examination activities at visits subsequent to baseline (e;), and due

to repeat measurements (es).

Each cost object may include several cost items. Some of the cost items do not
change with the enrollment size and study length. They are considered fixed cost.
Other cost items vary directly with the size of the enrollments and/or study length
and are referred to as variable cost. A list of possible cost items is presented in Ta-

ble 2. Our costing model includes direct cost only. Usually, indirect cost is a fixed



percent of direct cost and subject to negotiation between the funding agency and the

research organization. Therefore, indirect cost were not included in the present model.

Table 2: Expenses that may occur during a DRCT. Letters in subtitles refer to cost
objects A to E as described in Material and Methods.

Cost Objects and Items

A: One-time expenses C: Cont.

Protocol development Screening

CRF development and testing

Equipment D: Baseline and intervention.
Various reports Baseline examination

IRB submission Randomization

Pre-treatment
Administrative cost per patient
B: Site administration and development | Therapeutic Intervention

Utility

Space lease E: Follow up

Janitorial services Follow-up examinations

Repairs Repeat examinations

Administrative support Subject compensation
Compliance assessment

C: Recruiting and screening Paper trail

Study advertisement Data management, analysis

Pre-screening
Subject information, informed consent

Expenses included in cost object A are independent of study duration and sample
size. Cost object B expenses are independent of the sample size, but related to total
study length. For example, utility bills or space leasing fees will accrue independent
of the number of subjects enrolled in the study. We assume such expenses will in-
crease proportional to the number of subject visits. Cost object C reflects sample
size and the difficulty of recruiting an adequate subject panel. For example, while

the recruitment of several hundreds of 20 to 65-year-old subjects exhibiting mild to



moderate gingivitis is easy and can be accomplished in a short time, the recruitment
of 50 subjects of similar age and exhibiting several sites of moderate dentinal hyper-
sensitivity may turn out very difficult and time consuming. Cost object D depends
on sample size, as well as procedure type and frequency. A pre-treatment of subjects
before they receive therapeutic intervention is often required by the study protocol.
For example, an anti-tartar study may require that subjects present free of any visible
calculus before they start using the products. Also, the expenses associated with the
therapeutic intervention will be posted under cost object D. Cost object E, which in-
cludes two components e; and es, varies with type, extent and frequency of the clinical
examinations, and with sample size. Component e; represents expenses associated
with single follow-up examinations while component e, covers expenses generated by
repeat measurements.

In summary, the total cost of a DRCT can be represented by:

TC =A C €1 ( ].) €9 1

Equation 1 includes several design parameters. Parameter ( =0 1 2 ) iden-
tifies the number of visits that follow the baseline visit. The success rate during the
recruiting process is reflected in parameter , and is the number of study subjects
enrolled at Baseline. The expected number of subjects who must be approached in
order to enroll subjects is the quotient . The number of measurement repeats
during a single visit is . Parameters , and will be determined by the algorithm
presented below.

DRCT longitudinal modeling, testing and cost optimization. There are a large num-

ber of longitudinal models that can be applied to repeated measures (13-16). Let

() and () denote the true response of the th subject in treatment group 1 and



the th subject in treatment group 2, respectively. Let their observed values at visit

be
()= () s ad ()= () 2
where and are observation discrepancies. The indexes = 1 2 1, =
12 2, and = 10,12 , where 1 and 5 are the numbers of subjects

in the two treatment groups. We also assume the time intervals between visits are
equal and = 0 means the baseline response. The two functions () and () are
subject and treatment dependent. There is no universal way to model them without
some knowledge of the relation between the treatments and the disease. We limit our
consideration to the situation that during the treatment period, () and () are

monotonic functions which include the following possibilities,

1. If the treatment is effective, the improvement gap between treatment and no

treatment increases with time.

2. The treatment stabilized the condition, but when there is no treatment, the
condition deteriorates with time. ( ote that no treatment (control) is consid-
ered a “treatment”. Also, treatment and control’ can be a new treatment and

a standard treatment.)

3. If there is no effect by the treatment or the control, function ()or ()isa

constant, which is a special case of a monotonic function.

Obviously, improvement cannot be monotonic indefinitely. However, we may expect
that a monotonic response subject to discrepancy and error is a good approximation
during a limited period of time. Again, there are many monotonic functions. To
choose one model for many subjects is at best an approximation. We feel that to use

a linear model as the first degree approximation is reasonable if there is no evidence

7



to reject it (see for example the gradual model in (17) and (18)). Thus we let

This model covers subject variation, i.e., even in the same treatment group, we do
not expect that slopes 1( ) or 5( ) are the same for all subjects (see Fig. 1(I)). We
thus assume that () is normally distributed with mean  and variance 2 for =
1 2. Moreover, we consider the ’s in 2 are independent and identically distributed

2 2

as normal random variables with mean 0 and variance where 2 is the

2

discrepancy between the true mean and the linear line and is the measurement

variance (see Fig. 1 (II)). Obviously, the discrepancy cannot be decreased by repeated
measurements at the same visit, but the measurement variance is reduced to 2
when the response is measured  times. If the linear model 3 is a perfect fit over

time except measurement error, then 2 = 0.

Testing the treatment effect is equivalent to testing

1= 9 against : ;= o 4

Since the intercepts and  in equations 3 are unknown and cannot be assumed
to be equal in most practical situations, using a maximum likelihood approach for
hypothesis testing 4 would be very complicated. A very intuitive approach that pro-
duces a simple and exact statistical test is to estimate () and »( ) using ordinary

regression estimates,



2:0)= () 7) =12 2 5

where = ( 1)( 2) 12,7 = () ( Dand™ = () ( 1). Since
1( ) and () both have normal distributions with the same variance but different

means 1 and o, the commonly used test is to reject at  level of significance if

where

1 1
1= 1) 1 = 2() 2
1 1
and o o represents the upper 2 quantile of a -distribution with ; o 2

degrees of freedom. We can also find the minimum cost for the execution of this
clinical trial to satisfy a given significance level ( ) and power requirement ((1 ) at

1 5 = ). Because there are too many independent variables in the minimum
cost equation, it is not feasible to provide a comprehensive designs table. Further-
more, although the derivation of the optimum design is not mathematically difficult,
we could not find any published tables or descriptions (see e.g. (19)) that could serve
the dental research community conveniently. Therefore, we wrote an SAS macro to
do this. When the required parameters are entered into this program, the output
will be the optimal design with number of visits , number of subject, ;= 5= |,
number of measurements and the total cost for conducting this trial. ote that we
let ;= 5= in the design stage, but use general ; and 5 in the testing formula

6 because there are usually uneven dropouts during a clinical trial. The program



also provides an option to fix the number of patients, and/or the number of visits
and/or the number of measurements. It happens in practice that the number of visits
is fixed due to administrative necessity or the number of measurements is fixed at
1 due to clinical reasons. In particular, if is fixed at 1, we expect difference
between treatments at the final (only) visit after baseline. The use of the SAS macro
and its World Wide Web site are provided in Appendix I. A derivation of the optimal

design is given Appendix II.

am les

Suppose the costs A C' e; and e, the screening success rate and the stan-
dard deviations can be reasonably estimated. An example is listed in Table
3. The figures for cost objects A through  were based on a clinical trial conducted
at the UF Periodontal Disease Research Center. The objective of the study was to
compare the effect of a metalloproteinase inhibitor and a placebo in the presence
of scaling and root planning on clinical attachment level change in subjects with
clinically diagnosed periodontal disease. Full-mouth attachment levels were assessed
using manual probing. Repeat measurements were planned only for the sites exhibit-
ing clinically diagnosed periodontal disease. The double blind study was set up for a
maximum of 9 months duration and conducted in a 3000 sqrt clinical research facility.
The between visit interval was set at three months. Six operatories were used full
time during each examination phase. Two calibrated periodontists were responsible
for the examinations and were assisted by two recorders. A 90-minute slot was sched-
uled per examination. Two experienced dental hygienists provided scaling and root
planning therapy at baseline following the periodontal examinations. Scaling and

root planning was restricted to periodontal pockets exhibiting inflammation and/or

10



clinically detectable calculus, and did not exceed 60 minutes per quadrant. Subjects
were compensated 75 per visit. A certified clinical research associate coordinated the
study. Data entry, management and analysis were performed by the funding agency
and not included in the budget.

Table 3: A list of costs and standard deviations for a dental clinical trial. With the
exception of A and B all costs were calculated per subject.

A B C D €1 €2
8000 | 3709 | 129 | 355 | 250 | 45|0.1]15|0.5 1.0

Moreover, suppose we require = 0 05 and power = 0.90 when the slope difference
10 /visit. Then the output of the computer program shows that the

optimal (minimum cost) design will include

=57 subjects per treatment
=2 repeated measurements per visit, and
=2  visits.

The total cost will amount to 153,073 (see Appendix I).

If the number of visits is fixed at, e.g., = 3, then the minimum cost design
includes = 54 subjects per treatment and = 1 measurement per visit. The total
cost would amount to 158,117. Apparently, the tradeoff is that more visits can result
in a smaller number of subjects, but due to the large subject variation, the reduction
in subject costs does not fully compensate the increase in cost due to more visits.

We should expect a smaller number of subjects and a greater number of visits if

is smaller and  larger. This is indeed the case. When in the table is decreased
to 1.0,  increased to 1.0, and all the other parameters remain unchanged then the

optimal design would include

11



=31 subjects per treatment,
=1 measurements per visit, and
=3  visits.

The total cost of such a clinical trial would amount to 98,952.

Fig. 2 shows how optimal designs are affected by subject variation ( ), mea-
surement, error (), and linear model discrepancy ( ). The values used for the
computation are the same as in Table 3 except the variable displayed on the x-axis.
We can see that  affects the number of subjects more than the number of visits
and the number of measurement replicates . Basically, the measurement variation

affects only the number of measurement repeats . The linear discrepancy
affects both and , and in this case, the numbers of repeats and visits compensate
one another in reducing the model fitting error. In Figure 2, the centers of the x-axes
correspond to the values used in Table 3. Thus, this type of graphical information
can be used to assess the robustness of the design if the size of the various errors is
not well known at the design stage.

otice that the optimal figures of , , and depend not only on the variances,
but also on the size of the various cost objects. Thus, if the cost structure changes,
the relation between , , and the ’s will also change. The computer program, of

course, permits to explore the effects of such changes with no difficulty.

iscussion

Though we have laid down a reasonable model for longitudinal clinical trial, there

are several practical situations that require additional consideration.

1. Usually, a two sided test 4 is used in clinical trial as required by FDA. The

12



reason is that we should not bias the test in favor of the assumption that the
treatment is effective. If a one sided test is to be used, then one can still use
our program by doubling the level, e.g., if is set at 0.05 for a one sided test,
the input for our program should be 0.10. The power in this case may not be

exact, but the discrepancy is usually very small.

2. The effect of the recruitment success rate to the total cost is reflected in the
cost formula 1 with its expected value C . The real cost can be smaller or
larger depending on the luck during the recruitment. For large , the variation
above or below the expected number should be negligible, but for small | a
negative binomial distribution should be used, i.e., the total number of subjects
to be screened is a random variable with a negative binomial distribution with
parameters and (20). The user has to use this distribution to compute the

risk of under and over estimation of recruitment cost.

3. When the clinical trial is designed for multipurpose, i.e., there is more than one
outcome to be measured, the sample size requirement for each measurement
should be computed. The required sample sizes are usually different and one
has either to use the most important outcome as the guideline, or to choose a

sample size that satisfies all of them.

onclusion

The minimum cost design for a general dental clinical trial of two treatments with
longitudinal observations is derived. Tables are too voluminous to list because of the
large number of cost objects but a computer program is made available for interested

users.
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endi I timal esi n a ro ram

This program can be found in the clinical-trial directory of

www.stat.ufl.edu/ yang/

The program, data file, and output file are saved as “cdesign.sas”, “cdesign.dat”
and “cdesign.out”, respectively. The data file is subject to change to fit a user’s need.
One way to check whether your system is compatible to our is to run “cdesign.sas”

and see whether your output is exactly the same as “cdesign.out”.

The input file for the three cases in the example is available as file cdesign.dat. It

has the following structure:
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The first 23 lines are descriptions. ote that line 23 printed as two lines here is
actually a single line from A to m__max . The same happens in printing for the
next three data lines. This is clear when the data set “cdesign.dat” is used. The
notation or the terms in the input follow the paper. Input rows 19, 20, and 21 permit
to select a fix number design if that minimum allowed number is the same as the
maximum number. Users can try simultaneously any number of cases. There is no
restriction on the number of digits in the input figures, but they must be in the right
order and the figures must be separated by at least a one-space gap as required in
standard SAS input. The last three data lines are the three cases mentioned in the
example section.

The output of the first case is shown in cdesign.out below. The result is self
explanatory. The last row “pw-power at optimal” is the power which should be very
close to the input requirement power . It may differ slightly due to the discreteness

of , and . These outputs have been checked by a simulation program.
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endi II eri ation o Minimum ost esl n

By 2, 3 and () ( 1 ?), we may write

where (0 2) and o z 2 ).

It can be shown that () in the estimation formula 5 is normally distributed

18



with

1()= 1 and
? Var( ()=
= 1 2 = 2 =12
=( ) with
2 if =
- 22 2 2 if =

The distribution of o( ) is the same except  o( ) = 5. Consequently, under the
alternative hypothesis, =, =, (1 2 22 ), orTin 6 has a noncentral

-distribution with 2 2 degrees of freedom with noncentrality parameter

Since , and are discrete, our program does an exhaustive searchon , , . The
output represents optimum , and | satisfying the significance level and power
requirements with the minimum total cost under 1.

When the fixed -option is used, the search is limited to and

e ends

Fig. 1. (I) Possible responses of 4 subjects 1, 2, 3, and 4 in treatment group
1 when the linear response model by Eq. 3 is the correct model. The slopes are
supposed to come from a normal population with mean ; and variance 2.

(II) Using subject 1 as an example, is the standard deviation of the time

discrepancy from the ideal straight line, and is the standard deviation of the

19



measurement error.
(IIT) When the data are observed according to Eq. 2, the linear trends are blurred

by the errors.

Fig. 2. Relation between optimum design numbers ( , , )and and
Only the value in the x-axis is subject to change in any of the three figures. All the
other values are the same as in Table 3. The points from top to bottom denote the
changes of the required number of subjects , the changes of the number of visits
and the changes of the number of measurements . The numbers inside the border

were those for the smallest and the highest value on the -axes.
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