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Abstract The pharmacokinetics of a drug in individual
patients can be estimated using plasma samples col-
lected at a limited number of time points. However,
different methods for a limited-sampling strategy (LSS)
design exist and the optimal method has not yet been
defined. Plasma concentration data were available
from 27 of 74 courses in a phase I study (dose range,
5-55mgm~?) of the novel anthrapyrazole DuP-941.
Three approaches to LSS development were compared.
Firstly, forward stepwise regression (FSR) was used to
derive equations to predict the DuP-941 area under
the concentration-time curve (AUC) based on plasma
concentrations measured at specified times. LSSs were
developed using 14 randomly chosen data sets and
were validated using the remaining 13 data sets. Sec-
ondly, “all subsets” regression (ASR) was used to develop
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LSSs. A jack-knife technique was also used to allow
model development utilising 26 data sets and valida-
tion on the 27th data set. Thirdly, an LSS was de-
veloped using optimal sampling theory (OST), and the
LSS was used in conjuction with a Bayesian algorithm.
Selected sampling times for four-point LSSs were 10,
65,185 and 485 min (FSR) and 10,45, 200 and 480 min
(OST). Ten candidate LSSs were developed using the
ASR approach. ASR- and OST/Bayesian-derived four-
point LSSs gave more precise (P < 0.05) estimates of
AUC [mean absolute percentage of difference
(MAD%) + SD: ASR, 6.4 + 3.7%; OST/Bayesian,
6.8 +4.6%] than did FSR (MAD% = 15.1 &+ 9.9%)).
The OST/Bayesian approach is recommended because
it allows estimation of all model parameters and is
more flexible with regard to sample collection time and
design variables.
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Introduction

Understanding the relationships between the toxic and
therapeutic pharmacodynamic effects of a new drug
and drug exposure are fundamental to the optimisation
of drug dosage, i.e. the dosage that will give the maxi-
mal likelihood of a therapeutic response whilst minim-
ising the risk of unnecessary or unacceptable toxic side
effects. This is particularly important with respect to
cytotoxic drug therapy, where the therapeutic index is,
for most agents, extremely narrow. It is accepted that
the pharmacodynamics of many drugs are better re-
lated to pharmacokinetic parameters such as the area
under the plasma concentration-time curve (AUC) or
concentration at steady state than to the absolute dose
[10]. If such relationships are to be defined for new
anticancer drugs, it is necessary to assess the phar-
macokinetics of the drug in a large number of patients.



In addition to the definition of pharmacokinetic/phar-
macodynamic relationships, the accrual of phar-
macokinetic data on a large number of patients will
allow the development of population pharmacokinetic
models, which may in turn identify physiological fac-
tors that affect the pharmacokinetics of the drug.

Standard methodology for performing pharmaco-
kinetic studies requires the collection of 10-15 sam-
ples, many at unsociable hours, and usually requires
hospital inpatient admission. Therefore, the costs of
labour and a hospital admission must be added to the
expense of sample analysis, making pharmacokinetic
studies expensive to perform. To reduce these costs,
approaches have been developed that allow the acquisi-
tion of pharmacokinetic data using a limited number of
plasma samples. An approach commonly employed to
estimate the AUC for the selection of sampling times is
a forward stepwise regression procedure, and this has
been successfully applied to a number of anti-cancer
agents [6,16,20,21,23]. In this approach the time that
best predicts the AUC is chosen first. The second point
selected is that which provides the most additional
information. However, there is no reason to suppose
that the most informative pair of sampling times
should include the sampling time that singly provides
the most information concerning the AUC. Thus, a
regression approach that considers all subsets of samp-
ling times may be a method of limited-sampling
strategy design more logical than the forward stepwise
approach.

A third approach uses optimal design theory to select
sampling times [3]. A Bayesian algorithm then inte-
grates the information provided by the limited concen-
tration data available with prior information about the
population pharmacokinetic parameter values, to esti-
mate parameter values for the individual patient. This
approach has been shown to perform well for
doxorubicin, allowing estimation of the total body
clearance and, hence, the AUC with only two plasma
samples [ 17]. Similar approaches have been used in the
study of the anti-cancer drugs suramin [22] and hexa-
methylene bisacetamide (HMBA) [2] and the anti-
biotics ciprofloxacin [28] and ceftazidine [5].

DuP-941 (previously termed CI-941) is a novel, syn-
thetic, anthrapyrazole anti-cancer agent [9,24] that
has been shown in experimental tumours to have
a broad spectrum of activity similar to that of
doxorubicin [18,25]. However, unlike doxorubicin,
DuP-941 does not readily undergo metabolic reduction
to a reactive free radical [11], a factor implicated in the
dose-limiting cardiotoxicity associated with doxoru-
bicin therapy [19]. The pharmacokinetics of DuP-941
in mice are best described by a linear, open three-
compartment model [12]. In the phase I study of
DuP-941 given by “slow push” injection at 3-week
intervals, leukopenia was dose-related and dose-limit-
ing [8]. Subsequently, significant single-agent anti-
tumour activity has been documented in a phase II
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clinical trial in women with metastatic breast cancer.
There was an objective response of 63% in 30 patients
treated with a dose of 50 mgm ™2 [27]. In human
studies, DuP-941 plasma pharmacokinetics have also
been found to conform to a linear, open, three-com-
partment model [14].

This paper compares three different approaches used
to develop limited-sampling strategies for DuP-941 us-
ing pharmacokinetic data from a clinical phase I study.
Comparison is made by assessing the precision and
bias of individual pharmacokinetic parameter esti-
mates derived from a limited number of samples rela-
tive to “best estimates” obtained from full data sets.
The results of these comparisons can be used to guide
the selection of a limited-sampling strategy for use in
future pharmacokinetic, pharmacodynamic studies
with DuP-941.

Patients and methods

Patients and pharmacokinetics studies

A total of 37 patients were treated in a phase I study of DuP-941
performed at the Royal Marsden Hospital, London. Plasma DuP-
941 concentration data were available from 23 patients who received
a total of 27 courses at doses ranging from 5 to 55mgm™2
The patients’ characteristics were typical for a phase I study
of an anti-cancer agent (Table I). A number of different tumour
types were included, and most patients had previously been
treated with anti-neoplastic agents. However, despite their having
metastatic cancer, the patients’ performance status was generally
good. The clinical details of the phase I study have been published
previously [8].

Blood samples were drawn before treatment and at 15 time points
following a “slow push” intravenous injection of DuP-941. DuP-941
was provided by Parke-Davis Pharmaceuticals (Pontypool, UK).
Blood samples were immediately centrifuged (1000 g, 10 min) to
separate plasma, which was stored frozen at — 20°C until analysed
by reverse-phase high-performance liquid chromatography (HPLC)
[13]. The limit of quantification of this assay is 10 nM.

Table 1 Patients’ characteristics

Clinical study Pharmacokinetics
study
Number of patients 37 23
Number of courses 74 27
Sex:
M 13 9
F 24 14

Median age (range)
WHO performance status:

53 (27-69) years 54 (30-68) years

0/1 14 11
2 19 11
3 4 1
Prior therapy:
Chemotherapy 16 8
Radiotherapy 2 1
Both 15 11
Nil 4 3
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Fig. 1 Open, linear 3-compartment model fitted to DuP-941 phar-
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Fig. 2 Plasma concentration profile obtained in a patient treated at
55 mgm ™2, with model fit

Pharmacokinetic modeling of individual data sets

The “slow push” intravenous injection was modeled as a 5-min
infusion, and plasma concentration data were available for the
following nominal times: t = 10, 15,20,25, 35,50, 65, 125,185, 245,
305,485,725,1085 and 1445 min, where t = 0 was the start of the
injection. An open, linear three-compartment model with drug elim-
ination from the central compartment (Fig. 1) was fitted to the
plasma concentration data (Fig. 2). Estimation of individual phar-
macokinetic parameters was performed using the maximum-likeli-
hood algorithm included in the modeling program ADAPT II [4],
run on a Hewlett Packard HP9000/835 mini-computer operating
under UNIX. The maximum-likelihood algorithm estimates both
pharmacokinetic [ three volumes (V1, V2 and V3), two distributional
clearances (CLd12 and CLd13) and total body clearance (CLt); see
Fig. 1] and error-variance parameters. The error-variance model
assumed that the standard deviation (SD) of the observation varied
linearly with the plasma concentration (C) according to the follow-
ing equation:

SD = 0,C + 0,

where 0, and 0, are constants.

Development of a population pharmacokinetics model

Taking the mean and variance of the maximum-likelihood-derived
pharmacokinetic parameter estimates as the corresponding para-
meter distribution in the population represents a standard two-stage
analysis. The results of a standard two-stage analysis were used
to define the prior probability distribution of the population

pharmacokinetic parameters for an iterative two-stage analysis [26]
of the patients’ data sets. The iterative two-stage analysis uses
a Bayesian algorithm (also from ADAPT II) to refine individual
estimates and the population model recursively until means and
covariances are stable. The population model was considered to be
stable when both pharmacokinetic parameter estimates and the
associated elements of the covariance matrix varied by less than 1%
in successive iterations. This analysis was performed using PoplT,
a computer program developed at the University of Maryland
Cancer Center [7]. PoplT interfaces with ADAPT 1l and allows
multiple iterations to be performed in an automated fashion. The
mean of individual patient error-variance estimates of 0, and
0, were used in all subsequent analyses to describe the population
error variance.

Using PopIT and ADAPT 11, individual and population para-
meter estimates were obtained from three data sets: (1) all 27 data
sets, (2) a randomly selected subset of 14 patients used for limited-
sampling strategy development, and (3) the remaining 13 data sets,
which were used as a validation subset. The individual parameter
estimates from analysis 1 (all 27 data sets) were subsequently taken
as “best estimates” of the parameter values.

Limited-sampling strategy development
Forward stepwise regression approach

Individual patients’ total body clearance (CLt) estimates from the
final iteration of an iterative two-stage analysis of the 14 “develop-
ment” data sets were used to calculate the AUC value
(AUC = Dose/CLt) for DuP-941. As there is no evidence of non-
linearity of the pharmacokinetics of DuP-941 in humans AUC
values and the observed plasma concentrations (C,;,,.) were scaled to
the smallest dose (5 mgm ~?) by multiplying by 5 and then dividing
by the dose. A forward stepwise linear-regression analysis (The
Statistician, Quant Systems, Charleston, S.C., USA) of AUC esti-
mates (dependent variable) against C,; . (independent variables) was
then performed. This analysis produced an equation of the form
AUC =A xC; + A, xC,.A,xC, + Bx(dose), where A, and B
are coeflicients and there are n samples. The equations derived for
1,2,3,4 and 6 timed plasma samples were applied to plasma DuP-
941 concentration data from the 13 “validation” data sets. These
limited-sampling strategy-derived AUC estimates were then com-
pared with AUC estimates derived from the “best estimates” of total
body clearance (see above). The bias of the limited-sampling strat-
egy-derived estimates was assessed by calculating the mean percent-
age of difference (MD %) from the “best estimates”, where percent-
age difference = [(derived estimate - best estimate)/best estimate]
x 100%, and precision was assessed by calculating the mean abso-
lute percentage of difference (MAD%).

All-subsets regression approach

Using the “best estimates” of the AUC for each of the 27 patients, an
all-subsets regression of the AUC against the concentrations at the
given sampling times was carried out using the computer program
BMDP 9R [1]. As with the forward stepwise approach, all AUC and
concentration values were scaled to the smallest dose. The ten “best”
subsets of four sample times (where “best” means the highest
R? value) were determined. For each of these subsets and for each of
the 27 patients, a jack-knife prediction of the AUC was made.
A jack-knife prediction [15] is made when the regression equation to
predict the AUC was derived using the 4 concentrations from 26 of
the patients, and this equation is used to predict the AUC of the 27th
patient. Thus, for each subset of sample times a slightly different
regression equation is used to predict the AUC of each patient. The
bias and precision of the limited-sampling strategy-derived estimates



from the ten best sampling strategies were assessed as described for
the forward stepwise selection approach.

Optimal-sampling theory approach

The sample module of ADAPT II provides a sampling strategy using
optimal sampling theory, based on a single set of parameters [4].
Limited-sampling strategies were produced for each individual from
the 14 “development” data sets based on the parameter values
determined for that patient in the iterative 2-stage analysis. The
specified error variance used the same values of 0, and 0, that were
utilised in the iterative two-stage analysis, and D-optimality criteria
were specified. To allow the determination of limited-sampling strat-
egies with fewer points than the number of model parameters, the
population mean and interpatient variance estimates were specified
as “observed”, in addition to individual plasma concentrations.
From the 14 individual strategies produced, a final representative
4-point strategy was selected. In general, the selected strategy ap-
proximated the mean and/or median of each time point (¢, _,) from
each individual strategy.

The remaining 13 data sets were used to validate the limited-
sampling strategies. Plasma concentrations at each of the se-
lected times were fitted using a Bayesian algorithm (ADAPT II)
with priors developed from the iterative 2-stage analysis of the 14
“development” data sets. The bias and precision of individual pa-
tient AUC estimates derived using this sampling strategy were
assessed by calculating the mean percentage of difference and mean
absolute percentage of difference as described for the regression
approaches.

Results
Population pharmacokinetics models

In Table 2 are shown the population pharmacokinetic
models developed using the 3-compartment model
(Fig. 1) for the following data sets: (1) all 27 data sets, (2)
the 14 data sets in the development subset, and (3) the
13 data sets in the validation subset. The random
separation of subjects resulted in a significant difference
in estimated CLt between the population phar-
macokinetic models for the “development” and “vali-
dation” subsets: 275 + 122 mlmin~ ' m ~ 2 for the devel-
opment subset and 382 4+ 140 mlmin~'m ™2 for the
validation subset.
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Limited-sampling strategies
Forward stepwise regression approach

From the 14 “development” data sets, this ap-
proach identified 185 min as the most informative
sampling time, and this single plasma concentration
correlated well with the AUC (R? =0.930). The
succeeding most informative sample times (and cumu-
lative R?) were: 10 (0.990),485 (0.991), 65 (0.991),245
(0.994) and 15 min (0.995). From this analysis, the
equation derived to estimate the AUC using four
sample times was:

AUC =143 xCyg — 148 x Cys5 + 1643 x C g5 + 49.0
X Cyugsmin + 1.17 x (dose),

where dose is expressed in milligrams per square meter
of body surface area. Equations with a similar form
were derived for one-, two-, three- and six-point samp-
ling strategies. The precision (MAD%) of the two-,
three-, four- and six-point strategies are shown in
Table 3; however, for all strategies this value was
greater than 10% (12.2-15.1%). When a single plasma
sample (185 min) was used to estimate the AUC the
precision worsened considerably (MADY%,
30.7 £+ 21.7%). All the forward stepwise linear-regres-
sion-derived limited-sampling strategies gave biased
(systematically high) estimates of individual AUC
values.

All-subsets regression approach

The bias (MD%) and precision (MAD %) of the esti-
mated AUC values are shown in Table 4. All candidate
sampling strategies are unbiased and there is little dif-
ference between subset 1 and subset 10 (selected using
the R? value) in terms of precision. It should be noted
that none of the 10 selected subsets includes the 185-
min sample favoured by the forward stepwise linear-

Table 2 Iterative 2-stage-

All patients (n = 27)
mean (CV)

Development (n = 14) Validation (n = 13)
mean (CV) mean (CV)

derived population models for Par.ameter

all 27 patients and the (units)

development and validation

subsets V1 (1/m?)
V2 (1/m?)
V3 (1/m?)

CLd12 (mlmin~'m™2)
CLd13 (mlmin™* m™?)
CLt (ml min~! m~2)

4.89 (52%)
3.62 (42%)
62.4 (50%)
68.8 (48%)
67.0 (48%)
330 (50%)

4.55 (45%)
3.64 (44%)
69.5 (48%)
65.3 (41%)
64.2 (50%)
275 (45%)*

3.80 (53%)
3.62 (39%)
57.1 (50%)
77.7 (52%)
77.3 (52%)
382 (37%)*

*0.01 < P < 0.05 (unpaired t-test) for the difference between 275 + 122 and 382 + 140
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Table 3 Bias and precision of
equations derived using forward
stepwise regression and used to

estimate the DuP-941 AUC in
each of the patients in the
validation subset

Number of samples Samples times MD% MAD%
(min) (+SD,n=13) (+£SD,n=13)
1 185 27.6 +26.8%* 30.7 + 21.7%
2 10,185 142 +10.6%* 14.8 +9.6%
3 10, 185, 485 14.3 + 10.7%%* 15.0 £ 9.6%
4 10, 65, 185, 485 14.6 + 10.8%* 151 +£9.9%
6

10, 15, 65, 185, 245, 485 119 + 12.6%* 122 + 12.4%

*P < 0.05, biased (-test)

Table 4 Results of limited-sampling strategy development using the
all-subsets approach

Four-sample strategies

Times Bias Precision
(min) MD% MAD%
(+SD) (£ SD)
15, 65, 245, 1085 0.7+ 7.5% 6.4+ 3.7%
10, 15, 65, 725 1.3 +8.5% 6.2 +59%
10, 15, 245, 1085 0.8 +7.3% 59 +43%
15, 25, 245, 1085 0.8 + 8.0% 6.6 +4.4%
15, 20, 65, 725 0.8 +7.5% 6.4 +3.7%
15, 50, 65, 1085 1.6 + 8.2% 6.6 +4.8%
15, 35, 245, 1085 0.9 + 8.6% 6.7 +£5.3%
10, 15, 245, 725 0.3+ 7.7% 6.2 +4.3%
15, 25, 65, 725 09 +7.4% 63 +32%
15, 20, 245, 1085 0.7 + 8.4% 6.8 +4.8%

regression approach. The equation derived from sub-
set 1 is:

AUC =138 x C15 + 41.6 x C65 + 413 x C245 + 560
x Ciogs + 0.43 x (dose).

An alternative equation, which gave the best precision
(lowest MAD %), was:

AUC = 225xCyo + 11.6 X Cy5 + 768 x Cous + 297
C1085 + 0.26X(dose),

although the difference in precision was not statistically
significant (¢-test).

Optimal-sampling theory approach

The chosen four-point limited-sampling strategy was
10,45,200 and 480 min (t = 0 at the start of the “slow
push”). Plasma DuP-941 concentration data collected
at times closest to the selected strategy (10, 50, 185 and
485 min) were fitted using the Bayesian program
(ADAPT II) with prior population estimates derived
from the IT2S analysis of the 14 “development” data
sets. Parameter estimates and AUC (calculated using
AUC = Dose/CLt) were compared with “best esti-
mates” (Table 5). AUC estimation using the four-point
strategy gave a low MAD% (6.8 + 4.6%), although the
estimates remained biased (MD% + SD, 4.6 + 6.9%).

Table 5 Bias and precision of estimates of parameter values derived
using an optimal-sampling theory-derived limited-sampling strategy
(4-point) an in conjunction with a Bayesian algorithm

Parameter Bias Precision
MD% MAD %
(£SD) (£SD)

AUC 4.6 +69%* 6.8 +4.6%

*P < 0.05, biased

Discussion

This paper describes the development of limited-samp-
ling strategies for a novel anticancer agent, DuP-941.
These strategies were developed using pharmacokinetic
data from a phase I study of DuP-941. During a phase
I study, it is common for patients to be closely
monitored as inpatients, and this allows the collection
of full pharmacokinetic profiles from ten or more blood
samples, but in a relatively small number of patients.
However, in phase II studies, drugs are commonly
given to outpatients, and admission for intensive blood
sampling would be both inconvenient for patients and
prohibitively expensive. Therefore, a strategy using
a limited number of samples that allows the accurate
estimation of the pharmacokinetics of a drug in indi-
vidual patients is very valuable, particularly if admis-
sion and sampling at “unsociable” hours are avoided.
In addition, the cost of sample acquisition and assay
are also significantly decreased by the reduction in the
number of samples. The differences between the popu-
lation pharmacokinetics models developed for the de-
velopment and validation subsets demonstrates the
need for the development of population models based
on adequate numbers of patients. The development of
appropriate limited-sampling strategies will facilitate
this.

It is imperative in the development of novel anti-
neoplastic drugs that limited-sampling strategies are
available for use during phase II testing of a new agent.
Commonly, phase III-IV studies involve the use of
combination regimens, and the opportunity to study
the pharmacokinetics and pharmacodynamic/phar-
macokinetic relationships of the new drug in the ab-
sence of potential drug-drug interactions is lost. This



highlights the importance of demonstrating that such
a strategy can be developed in a phase I dose-ranging
study.

Forward stepwise linear regression has been used to
develop limited-sampling strategies for a number of
anti-cancer drugs [6,16,20,21,23]. However this ap-
proach generally allows only estimation of a single
pharmacokinetic parameter (usually AUC), requires
consistent timing of venepuncture and infusion dura-
tion, and cannot accommodate patients with missing
specimens. In addition, in the development of a limited-
sampling strategy for subsequent patients, the stepwise
regression approach can consider only time points
drawn in the original study. In the current study,
a four-point limited-sampling strategy derived by step-
wise regression gave only moderately precise estimates
of the DuP-941 AUC in the validation subset
(MAD% =+ SD, 15.1 +9.9%) and tended to over-esti-
mate the DuP-941 AUC (MD% + SD, 14.6 + 10.8%)
as compared with available “best estimates” of the
AUC. However, the stepwise regression approach is
straightforward to apply and does not require the de-
velopment of a population model, which in turn in-
volves complicated statistical analyses and a significant
computing expertise/resource.

An all-subsets regression approach was also evalu-
ated. Although this requires more computer time than
does forward stepwise analysis, it is more appropriate
and remains within the capability of a modest personal
computer. In this analysis a jack-knife approach was
also used to allow strategies to be developed utilising
26 data sets for validation using the 27th data set. The
“best” subset (MAD%, 6.4 + 3.7%) produced more
precise (P < 0.05) estimates as compared with the for-
ward stepwise regression-derived strategy. Indeed, the
results of the ten best subsets in the all-subset regres-
sion approach were very similar (MAD%, 5.9-6.8%),
and this would allow the selection of a “clinically ap-
propriate” strategy rather than being tied to the single
strategy selected using the stepwise approach. The opti-
mal-sampling theory-derived strategy, when used in
conjunction with the Bayesian algorithm (single iter-
ation), also gave more precise estimates of AUC
(MAD% + SD, 6.8 + 4.6%) than did the stepwise re-
gression-derived equations (P < 0.005) . There was no
evidence of a statistically significant difference between
the precision of the optimal sampling approach and the
all-subsets approach.

However, there are additional advantages associated
with the use of the Bayesian approach, which should be
considered in selecting the approach to use. The first is
where the times when samples are actually obtained
differ considerably from the time specified for them
to be obtained. The Bayesian approach utilises the
actual time sampled, in contrast to the regression
approaches, which must assume that the sample was
taken at the specified time. The Bayesian approach
also provides information on model parameters other
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than the AUC (e.g. the volume of distribution) and,
therefore, simulations can be performed to study the
whole plasma-concentration time course in an
individual patient. This may allow investigation of
other pharmacokinetic/pharmacodynamic relation-
ships, such as the duration above a threshold concen-
tration, in addition to relationships utilising AUC as
the sole pharmacokinetic parameter.

The results of the iterative two-stage analyses of the
two subsets (“development” and “validation”) highlight
the dangers of basing “population” analyses on small
data sets. The mean parameter estimates derived from
the “validation” sets varied from the “development”
estimates by up to 39%. Most important was the signif-
icant (P < 0.05) difference in total body clearance
(CLt), which was estimated to be 39% higher in the
“validation” subset. Because CLt is inversely related to
AUC, the differences in CLt found between the two
groups may well explain the systematic over-estimation
(MD% =+ SD, 14.6 4+ 10.8%) of AUC using the step-
wise regression-derived four-sample equation. How-
ever, the optimal sampling theory/Bayesian approach,
also utilising four time points, was capable of compen-
sating almost entirely for the CLt inequalities between
the subsets (AUC MD% =+ SD, 4.6 + 6.9%). The im-
balance between the “development” and “validation”
subsets was also negated by use of the jack-knife ap-
proach in combination with the all-subsets analysis.

The degree of precision (MAD%) achieved in this
study (6.8% with a four-point optimal-sampling the-
ory-derived strategy, 5.9-6.8% with the all-subset-de-
rived strategies) compares favourably with the values
reported for other applications of a stepwise regression
approach: amonafide, 16% using a two-point strategy
[21], cyclophosphamide, 9% using a three-point strat-
egy [6] ; and oral etoposide, 8% using a two-point
strategy [16]. A three-point sampling strategy (10, 185
and 485 min) was also developed for DuP-941 using the
OST/Bayesian method described above. However, this
gave imprecise (MAD%, 20.4 + 14.5%) estimates of
the DuP-941 AUC and, hence, is not recommended for
future studies.

In conclusion, we describe the development of lim-
ited-sampling strategies for estimating the phar-
macokinetics of the novel anthrapyrazole DuP-941,
and we recommend that these sampling strategies be
used in any future development of this drug. Because
the strategies were developed in a dose-ranging phase I
study, the assumption was made that there was a linear
relationship between dose and AUC. However, only
1 data set was obtained at the recommended phase 11
dose (50 mgm™~?) and plasma samples were collected
for only 24 h. Therefore, we would recommend obtain-
ing full data sets including later time points from the
first ten patients treated in future studies for further
validation of these sampling strategies. It is hoped that
the introduction of a limited-sampling strategy at this
early stage in the clinical development of new drugs will
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facilitate the investigation of relationships between
their pharmacodynamics and pharmacokinetics and, in
turn, allow more effective clinical use of new drugs.

We recommend the use of the optimal-sampling the-
ory-derived strategy (10,45, 200 and 480 min in combi-
nation with the Bayesian algorithm, as this would
avoid sampling at “unsociable” hours and avoid the
need for an overnight hospital admission and incon-
venience to the patient. The Bayesian algorithm also
allows for incorrect sample timing (provided that the
actual time is known), can be used with different admin-
istration schedules and allows approximation of the full
pharmacokinetics model, useful if simulation of plasma
concentration profiles may yield further information. If
multiple linear regression-derived limited-sampling
strategies are to be used to estimate the AUC alone, we
caution against the use of the forward stepwise
approach and suggest that the more statistically
appropriate all-subsets analysis be used.

Acknowledgements The authors wish to acknowledge the contribu-
tions of Prof. Hilary Calvert and Drs. Brenda Foster and David
Newell, who were also involved in the phase I study of DuP-941.
Dr. D.Z. d’Argenio was also a constant source of advice and encour-
agement during the modification of ADAPT II to allow its imple-
mentation in the PoplT computer program.

References

1. Brown MB, Engelman L, Jennrich RI (eds) (1990) BMPD stat-
istical software. University of California Press, Berkeley

2. Conley BA, Egorin MJ, Sinibaldi V, Sewack G, Kloc C, Roberts
L, Zuhowski EG, Forrest A, Van Echo DA (1992) Approaches to
optimal dosing of hexamethylene bisacetamide. Cancer Chemo-
ther Pharmacol 31: 3745

3. D’Argenio DZ (1981) Optimal sampling times for pharmaco-
kinetic experiments. J Pharmacokinet Biopharm 9: 739-756

4. D’Argenio DZ, Schumitsky A (1990) ADAPT II user’s guide.
Biomedical Simulations Resource, University of Southern Cali-
fornia, Los Angeles

5. Drusano GL, Forrest A, Snyder MJ, Reed MD, Blumer JL
(1988) An evaluation of optimal sampling strategy and adaptive
study design. Clin Pharmacol Ther 44: 232-238

6. Egorin MJ, Forrest A, Belani CP, Ratain MJ, Abrams JS, Van
Echo DA (1989) A limited sampling strategy for cyclophospham-
ide pharmacokinetics. Cancer Res 49: 3129-3133

7. Forrest A, Hawtof J, Egorin MJ (1991) Evaluation of a new
program for population PK/PD analysis—applied to stimulated
phase I data. Clin Pharmacol Ther 49: 153

8. Foster BJ, Newell DR, Graham MA, Gumbrell LA, Jenns KE,
Kaye SB, Calvert AH (1992) Phase I trial of the anthrapyrazole
CI-941: prospective evaluation of a pharmacokinetically guided
dose escalation scheme. Eur J Cancer 28: 463-469

9. Fry DW, Boritzki TJ, Besserer JA, Jackson RC (1985) In vitro
DNA strand scission and inhibition of nucleic acid synthesis in
L1210 leukaemia cells by a new class of DNA complexers, the
anthra [1,9-cd] pyrazol-6(2H)-ones (anthrapyrazoles). Biochem
Pharmacol 34: 3499-3508

10. Gibaldi M (1991) Biopharmaceutics and clinical pharmaco-

kinetics, 4th edn. Lea and Febiger, Philadelphia, pp 176-186

11. Graham MA, Newell DR, Butler J, Hoey B, Patterson LH
(1987) The effect of the anthrapyrazole antitumour agent CI-941
on rat liver microsome and cytochrome P-450 reductase me-
diated free radical processes: inhibition of doxorubicin activation
in vitro. Biochem Pharmacol 36: 3345-3351

12. Graham MA, Newell DR, Foster BJ, Calvert AH (1989) The
pharmacokinetics and toxicity of the anthrapyrazole anticancer
drug CI-941 in the mouse: a guide for rational dose escalation in
patients. Cancer Chemother Pharmacol 23: 8-14

13. Graham MA, Newell DR, Calvert AH (1989) Determination of
the anthrapyrazole anticancer drug CI-941 in plasma and urine
by solid phase extraction and high performance liquid
chromatography. J Chromatogr Biomed Appl 491: 253-261

14. Graham MA, Newell DR, Foster BJ, Gumbrell LA, Jenns KE,
Calvert AH (1992) The clinical pharmacokinetics of the an-
thrapyrazole CI-941: factors compromising the application of
a pharmacokinetically guided dose escalation scheme. Cancer
Res 52: 603-609

15. Ingram D, Block R (eds) (1984) Mathematical methods in medi-
cine, part 1. Statistical and analytical techniques John Wiley and
Sons, Chichester

16. Joel SP, Dolega-Ossowski E, Jones K, Clark PI, Johnson P,
Slevin ML (1991) The bioavailability of oral etoposide during
prolonged administration and development of a limited sampling
strategy for the estimation of AUC after an oral dose. Proc Am
Assoc Cancer Res 32: 178

17. Launay MC, Milano G, Iliadis A, Frenay M, Namer N (1989)
A limited sampling procedure for estimating Adriamycin phar-
macokinetics in cancer patients. Br J Cancer 60: §9-92

18. Leopold WR, Nelson JM, Plowman J, Jackson RC (1985) An-
thrapyrazoles, a new class of intercalating agents with high-level,
broad spectrum activity against murine timours. Cancer Res 45:
5532-5539

19. Myers CE, McGuire WP, Liss RH, Grotzinger K, Young RC
(1977) Adriamycin: the role of lipid peroxidation in cardiac
toxicity and tumour response. Science 197: 165-167

20. Ratain MJ, Vogelzang NJ (1987) Limited sampling model for
vinblastine pharmacokinetics. Cancer Treat Rep 71: 935-939

21. Ratain MJ, Staubus AE, Schilsky RL, Malspeis L (1989) Limited
sampling models for amonafide (NSC 308847) pharmaco-
kinetics. Cancer Res 48: 4127-4130

22. Scher HJ, Jodrell DI, Iverson J, Curley T, Egorin MJ, Tong W,
Forrest A (1992) The use of adaptive control with feedback to
individualize suramin dosing. Cancer Res 52: 64-70

23. Sorensen BT, Stromgren A, Jacobsen P, Jacobsen A (1993)
A limited sampling method for estimation of the carboplatin area
under the curve. Cancer Chemother Pharmacol 31: 324-327

24. Showalter HDH, Fry DW, Leopold WR, Lown JW, Plambeck
JA, Reszka K (1986) Design, biochemical pharmacology, elec-
trochemistry and antitumour biology of antitumor an-
thrapyrazoles. Anticancer Drug Design 1: 73-85

25. Showalter HDH, Johnson JL, Hoftiezer JM, Turner WR, Werbel
LM, Leopold WR, Shillis JL, Elslager EF (1987) Anthrapyrazole
anticancer agents. Synthesis and structure-activity relationships
against murine tumours. J Med Chem 30: 121-131

26. Steimer JL, Mallet A, Golmard JL, Boisvieux JF (1984) Alterna-
tive approaches to estimation of population pharmacokinetic
parameters: comparison with the non-linear mixed-effect model.
Drug Metab Rev 15: 265-292

27. Talbot DC, Smith IE, Mansi JL, Judson IR, Calvert AH, Ashley
SE (1991) Anthrapyrazole CI-941: a highly active new agent in the
treatment of advanced breast cancer. J Clin Oncol 9: 2141-2147

28. Yuen GJ, Drusano GL, Forrest A, Plaisance K, Caplan ES
(1989) Prospective use of optimal sampling theory: steady-state
ciprofloxacin pharmacokinetics in critically ill trauma patients.
Clin Pharmacol Ther 46: 451-457



