The influence of different weighting schemes on the calculation of pharmacokinetic parameters for paclitaxel (Taxol g^R )

N. Holländer^1 , K. Mross^2 and M. Schumacher^1

1) Institute of Medical Biometry and Medical Informatics, University Freiburg, Stefan-Meier Str. 26, D-79104 Freiburg 2) Tumorbiology Center (Department of Medical Oncology), University Freiburg, Breisacherstr. 117, D-79106 Freiburg

Summary

Pharmacokinetic parameters are usually determined by noncompartmental methods or by assuming a multicompartment model in order to describe the behaviour of the drug in the patient’s body. With a noncompartmental analysis the terminal half-life and the volume of distribution are derived from log-linear regression of the terminal elimination phase, whereas the estimation of these parameters is based on nonlinear least squares (NLS) regression when assuming a multicompartment model. The concentration of paclitaxel, a novel antitumor agent, is usually determined by a high-performance liquid chromatography (HPLC), a method that may produce higher variability with increasing concentration. Many applications are based on the so called constant coefficient of variation model, leading to weighted NLS estimation with fixed weights 1/concentration^2 or to unweighted NLS for the log-transformed data. However, examples from the literature show that there are various strategies. Using data of a phase I clinical trial, where paclitaxel (Taxol g^R ) was administered as 1-hour infusion to cancer patients, we considered in this paper log-linear regression of the last 3 and 4 observations, respectively, as well as a two-compartment model. It is shown that the values of half-lives and the volume of distribution depend on the model and the chosen weighting scheme. In this context we comment also on the variability of the estimated pharmacokinetic parameters. We suggest how to use information on the variability of the used HPLC-method in order to find the most appropriate statistical method.

key words: two-compartment model, weighted nonlinear-least squares, half-life, volume of distribution, high-performance liquid chromatography

1. Introduction

In oncology, main interest in phase I trials often centers around the estimation of the maximum tolerable dose (MTD) of a drug or drug combination in order to determine recommended dose for further investigations. Obviously, the estimation of MTD implies the description of observed toxicities. Especially for new drugs aspects of clinical pharmacology are also often investigated. Typically, the pharmacokinetic of the corresponding treatment is described by the area under the concentration versus time curve (AUC), the maximal concentration C_{max} and the time t_{max} when the maximal concentration is achieved. Further pharmacokinetic parameters are the terminal half-life t_{1/2}, the total body clearance CL, which may be interpreted as the rate at which the body is able to remove the drug, and the volume of distribution V_d, which relates a measured concentration to the total amount of drug in the body. An introduction to the principles of pharmacokinetics with an emphasize on clinical applications is given by Rowland and Tozer [1].

Based on data measured at different time points, which are usually obtained by analyzing blood samples, the AUC can be calculated by using the trapezoidal rule [2], whereas C_{max} and t_{max} are obtained directly from the data. The total clearance is given by CL = dose(iv)/AUC where dose(iv) is the amount of the drug administered by infusion. Considering the simple case that the patient’s body represents only one compartment the elimination of the drug is assumed to be log-linear, i.e. the concentration of the drug in the body at time t is given by

C_p(t) = y_0 exp(�λt),

where y_0 denotes the concentration at time t = 0. Starting e.g. at t_{max} (i.e. t_{max} = 0) the value of y_0 is equal to C_{max}. Assuming a simple one-compartment model the half-life and the volume of distribution are given by t_{1/2} = log(2)/λ and V_d = CL/λ respectively, the parameter �λ being the slope obtained by log-linear regression. Usually, however, the elimination of the drug seems to be more complicated. To cope with this situation it is convenient to assume compartmental models containing more than one compartment. An introduction to these models illustrated by several examples can be found in Seber [3]. A two-compartment model is used e.g. by Wiernik et al. [4] and by Brown et al. [5], where Taxol is given as 6-hour infusion and in Wiernik et al. [6], where Taxol is given as a 24-hour infusion. Huizing [7] used a three-compartment model in order to describe the pharmacokinetics of paclitaxel and metabolites for a 3-hour and a 24-hour infusion in platinum-pretreated ovarian cancer patients. Considering also these two infusion intervals Gianni et al. [8] investigated pharmakokinetical and pharmacodynamical features of paclitaxel by noncompartmental and compartmental methods. For the noncompartmental analysis the calculation of pharmacokinetic parameters is based on the ‘LaGrange function as implemented by the computer program LAGRAN’. In this program [9] the terminal elimination constant λ, which is used to calculate t_{1/2}, is determined by log-linear regression of the terminal elimination phase, i.e. using the last few observed drug concentrations. Besides these different approaches there are also different strategies with respect to the estimation of the underlying parameters. Assuming a twocompartment model Brown et al. [5] used weighted nonlinear least-squares analysis with fixed weights 1/C_p(t)^2 whereas the results in Wiernik et al. [4] are based on unweighted estimation using log-concentrations. In both situations the resulting parameters are used to estimate the ditribution and elimination half-lives. In Brown et al. [5] the model is also used in order to estimate the volume of distribution V_d and the mean clearance CL. However, the authors neither described how they calculated V_d and CL nor gave any reference for the calculation. Although Longnecker et al. [10] also assume a two-compartment model, their analysis is based on nonlinear least-squares regression using weights 1/C_p(t).

Using log-linear regression as well as a two-compartment model in order to analyse the data of patients who received paclitaxel as 1-hour infusion we show in this paper that the estimation of pharmacokinetic parameters strongly depends on the model and the estimation procedure. We focus on the estimation of terminal half-lives and the volume of distribution. A short introduction to the study is given in section 2. In this context we also describe the analytical method, a high performance liquid cromatography (HPLC), used in order to determine the paclitaxel plasma concentrations. In section 3 we introduce the two-compartment model and describe a method proposed by Gibaldi [11] for the estimation of the volume of distribution. Furthermore, we discuss several methods for the estimation of the underlying parameters and comment on the variability of the resulting pharmacokinetic parameters. Considering individual patients of the present study, we compare in section 4 the results obtained by unweighted and weighted analysis assuming a two-compartment model and by log-linear regression, respectively. In section 5 we show how to use information about the underlying HPLC method in order to determine an appropriate weighting scheme. A general discussion will be given in section 6.

2. Phase I clinical and pharmacokinetic study of paclitaxel (Taxol g^R) given as 1-hour infusion

In a multicenter phase I trial conducted at the Tumor Biology Center in Freiburg, the University Clinic in Freiburg, and the Vincentius Hospital in Karlsruhe 34 patients with different advanced incurable malignancies received a 1-hour regimen of paclitaxel (Taxol g^R ), where the dose was escalated from 150 mg/m^2 to 250 mg/m^2 [12]. Besides the determination of the MTD and the description of toxicity, the pharmacokinetics of the 1-hour infusion was investigated [13]. Blood samples were taken before as well as 0.5, 1, 1.5, 2, 3, 4, 12 and 24 hours after starting the infusion. Paclitaxel was extracted from plasma samples by a liquid-solid extraction procedure using Sep-Pak g^R cartridges. The separation of paclitaxel from other co-extracted compounds was performed by a HPLC procedure. Quantification of paclitaxel amounts was done by use of calibration curves which were established by analysing blank plasma samples spiked with known amounts of paclitaxel and 7-epi-paclitaxel as internal standard. In this paper we use a small portion of the data exclusively for illustration; a detailed analysis will be published elsewhere. Figure 1 shows the observed paclitaxel plasma concentrations for patient 12 (dose : 225 mg/m^2) in cycle 1. We observed a very fast decrease of the plasma concentration after the cessation of the infusion indicating that log-linear regression may be inappropriate in order to describe the complete elimination phase. Indeed, restricting to values observed at and after tmax we obtained a bad fit with this approach. The results, which are also illustrated in figure 1, were obtained by using the SAS procedure PROG REG [14] for the log plasma concentration.

Figure 1: Observed paclitaxel concentrations (dots) and fit obtained by log-linear regression starting at tmax (dashed line) for patient 12

3. The two-compartment open model and its application

In the last section we have demonstrated that a naive application of noncompartmental methods is inappropriate in the current situation. Better results with respect to the model fit would be obtained, if we apply log-linear regression to the last three or four observations. However, concerning the number of observations used for the analysis this approach seems to be somewhat arbitrary.

Thus, it may be sensible to model the complete system including the administration and elimination of a drug.

In order to describe the behaviour of paclitaxel in the patient’s body we assume a two-compartment open model [11, 15]. As shown in figure 2 the infusion of the drug at a constant rate k_0 is introduced into the central compartment from which the drug is also eliminated. Compartment-models lead to linear systems of differential equations [3], which is in case of figure 2 given by ∂X_C ∂t = �(k_{el} + k_{12})X_C + k_{21}X_T + k_0 (1a) ∂X_T ∂t = k_{12}X_C � k_{21}X_T (1b),

where X_C and X_T denote the amount of the drug in the central and the tissue compartment, respectively, and k_0, k_{12}, k_{21} and k_{el} are transfer rate constants as described in figure 2.

Assuming a bolus infusion the two-compartment model has to be modified in the following way: The concentration in the central compartment is modeled by X = X_0, where X_0 is the given dose. Thus, there is no input k_0 from the outside into the central compartment after t = 0 and the linear system of differential equations changes to_{∂XC} ∂t = �(k_{el} + k_{12})X_C + k_{21}X_T (2a) ∂X_T ∂t = k_{12}X_C � k_{21}X_T (2b) Exactly the same equations would be obtained when restricting to the data obtained after time t^∗, where t^∗ denotes the time of the cessation of the infusion. At t = t^∗ the concentration of the drug can assumed to be greater than zero in both compartments. A general solution of the two-compartment model can e.g. be found in chapter 8 of Riggs [16]. We used Riggs’ results in order to solve the problem given by equations (2a) and (2b), the solution with respect to the central compartment is shown in the appendix.

In practice, it is common to observe the concentration of the drug in one compartment (usually the central compartment) as a function of time and to estimate the parameters of the unknown model from the behaviour of the drug. For this purpose one should have some a priori knowledge of the model, i.e. the number of compartments and the links between them. However, we should avoid too complicated models because there are usually only few observations available.

CENTRAL TISSUE

t = 0 X = 0

t = t X = X_c t = 0 X = 0

t = t X = X_T

- -œ

      ?

k_0 k_{12}

k_{21}

k_{el}

Figure 2: Two-compartment open model, intravenous infusion at a constant rate k_0 starting at time t = 0; X = X_c and X = X_T denote the amount of the drug of the central and tissue compartment, respectively, at time t = t; k_{12} is the transfer rate constant from the central to the tissue compartment; k_{21} is the transfer rate constant from the tissue to the central compartment; k_{el} is the elimination rate of the drug

The assumption of a two-compartment model seems to be sufficient in many applications, because the concentration of the drug observed after t_{max} (which is equal to t = 0 for a bolus infusion) can often be described well by the biexponential function

C_p(t) = A exp(�αt) + B exp(�βt), (3)

where C_p(t) denotes the plasma concentration at time t, Thus, the concentration at t = 0 (or t = t_{max} = 0) is given by C_p(0) = A + B.

The plasma may be regarded as a sample of the central compartment [16] and, therefore, the apparent volume of distribution in the central compartment can be estimated by V_c = X_0/(A + B). Multiplying C_p(t) by V_c the amount of drug in the central compartment can be expressed by (cf. Gibaldi [11])

X_c(t) = X_0 ( A A + B exp(�αt) + B A + B exp(�βt) ) . (4)

Comparing formula (4) with equation (A1) in the appendix we obtain A A + B = k_{21} � α β � α^.

Thus, k_{21} can be estimated by using the estimates of A, B, α and β. The two other transfer rate constants k_{12} and k_{el} can be derived from equations (A3) and (A4). Based on the two-compartment model Gibaldi [11] suggested to calculate the volume of distribution at infusion equilibrium by

(V_d)inf.eq. = k_{21} + k_{12} k_{21} V_c. Furthermore, the author shows that (V_d)inf.eq. is identical to the steady state volume proposed by Riggs [16]. The elimination of the drug assuming a two-compartment model is described by the distribution half-life t_{1/2,α} = log(2)/α and the elimination half-life t_{1/2,β} = log(2)/β, which can be obtained by using the corresponding estimates.

Weighted and unweighted analysis

As mentioned in the introduction there are various approaches in order to estimate the parameters of the biexponential function (3). In the standard situation assuming the same variability with respect to all observed plasma concentrations, the so called homoscedastic situation, the parameters are determined by using unweighted nonlinear least-squares estimation [3]. With this approach, which is often referred to as ordinary least squares and will be, therefore, denoted by OLS, each observation obtains the same weight (w=1).

However, the assumption of homoscedascity may be violated in pharmacokinetic studies. On the one hand, the range of the plasma concentration observed e.g. 1 or 1.5 hours after starting the infusion is usually larger than the range for the smaller values obtained after 12 or 24 hours. On the other hand the concentration of a drug is often estimated via high-performance liquid chromatography (HPLC), a method that can expected to yield appropriate measurement of rather small values. Usually the variability increases with increasing values of the observed plasma concentration. Assuming unequal variances for different observations is referred to as the heteroscedastic situation. To cope with this problem it is necessary to include information about the variability leading to weighted nonlinear least-squares regression or transformation of the data. However, although the quality of the underlying analytical method is usually investigated in a validation study the information of the validation seems not to be used in order to estimate the true variability. Instead, many applications are based on commonly used strategies, which may be more or less appropriate. In pharmacokinetic studies the most common weighting scheme used with nonlinear least squares regression is based on weights w_t = 1/ (C^∗_p (t) )^2, where C^∗_p (t) denotes the observed plasma concentration at time t. With this approach, subsequently referred to as NLS(C^{−2}), small concentrations obtain a very large weight as compared to the huge plasma concentrations observed at or short time after tmax. Using w_t = 1/ C^∗_p (t) – in this paper denoted by NLS(C^{−1}) – leads to a less extreme weighting.

Obviously, the use of different weighting schemes may lead to different parameter estimates of the biexponential function (3) and, therefore, to different results with respect to the half-lives and the volume of distribution. In general, as for OLS, any weighting is based on a specific model with respect to the underlying variability of the observed plasma concentrations. NLS(C^{−2}) e.g. corresponds to the constant coefficient of variation model, i.e. to the assumption that the variability increases proportionally to the concentration [17]. The same assumption is made, when using OLS of the log-concentrations [17]. For this approach, which is expected to be more robust than NLS(C^{−2}), we use the notation OLS(ln).

Considering three regression functions (a simple monoexponential decay, a Bateman function and a Michaelis-Menton-type function) and simulating four different variance models Sheiner and Beal [17] compared several approaches. They showed that NLS(C^{−2}) leads only to better results than OLS if the variability is due to the constant coefficient of variation model. In the three other variance models this weighting turned out to be very unrobust. It is well known that OLS is the best method in the homoscedastic situation, but in the simulation study it seems to be not substantally worse than the other methods in the heteroscedastic situation: If Sheiner and Beal observed an improvement of another methods as compared to OLS this seems to be rather small, wheras several methods turned out to be substantially worse for some constellations. Although Sheiner and Beal [17] did not investigate the biexponential function described in this paper, a weighted analysis based on fixed weights can expected to be unrobust with different variance models in this situation, too.

Using statistical programmes like SAS the parameters of nonlinear functions such as the biexponential function (3) are estimated by means of an iterative procedure. As described above the weights (e.g. w_t = 1/ (C^∗_p (t) )^2 in many pharmacokinetical applications are fixed in advance, i.e. before starting the iterative procedure. In contrast iteratively reweighted least-squares (IRLS), which is commonly used with nonlinear regression and tends to be associated with robust regression, is based on weights that change from iteration to iteration. When using IRLS, the weights are functions of the residuals from the previous iteration such that points with larger residuals receive less weight than points with smaller residuals. Thus, untypical points tend to receive less weight than typical points. There are various approaches of IRLS defined by different functions of the residuals. In this paper we consider

w_k (t) = 1 1 + (^u_c )^2 with c = 2.385, (5)

as weights for the k-th iteration. The standardised residual u is given by u = (Ĉ^{k−1}_p (t)�C^∗_p (t) )/s^{k−1}, where C^∗_p (t) is the observed concentration at time t, Ĉ^{k−1}_p (t) denotes the estimated concentration and s^{k−1} is the estimated residual sum of squares in the (k � 1)-th iteration. The IRLS method defined by the weights given in (5) is referred to as Cauchy method due to its relation to the Cauchy distribution. In this paper we use IRLS_C as notation. Details about this and other IRLS methods can be found in Holland and Welsh [18].

Besides IRLS there are further (more) robust methods used with heteroscedastic nonlinear regression. By means of a simulation study Beal and Sheiner [19] compared several approaches. Simulating seven different variance models the authors considered the same three regression functions as they did in their paper mentioned above. Assuming a constant variance OLS is (as expected) the best, but it can behave quite acceptably with three heteroscedastic variance models, too. The IRLS method used in the cited paper behaves best with those three heteroscedastic variance models, where OLS can behave rather poor. However, in some situations IRLS performs worse than OLS and both can be improved by other methods.

Variability of the estimated pharmacokinetic parameters

Presenting the results of a study usually the point estimates of pharmacokinetic parameters (e.g. half-lives and V_d) are given for all patients. However, due to the small number of observed time points, these estimates can expected to be very unstable. Based on the variance of the underlying model parameters the variance of the resulting pharmacokinetic parameters (which are functions of the model parameters) can be obtained by using the delta method [20]. Considering e.g. the elimination half-life t_{1/2,β} = log(2)/β = g (β) derived from the two-compartment model, which is a function of β, the delta method yields the approximative variance

var (t_{1/2,β}) = ( �^{log(2)}_{β2}^{)2} var (β) = (g^0 (β))^2 var (β) .

A 95-percent confidence interval for t_{1/2,β} can then be obtained by [ t_{1/2,β} � t_{n−4,0.975} √ var (t_{1/2,β}) ; t_{1/2,β} + t_{n−4,0.975} √ var (t_{1/2,β}) ] , (6)

where t_{n−4,0.975} is the 0.975-quantile of the t-distribution with n-4 degrees of freedom (n is the number of time points considered for the analysis and 4 parameters in the biexponential function (3) are estimated). For the practical calculation the estimates β̂ and ^var (β̂) are used instead of β and var (β), respectively. Obviously, replacing β by α we can use the same formulas to calculate a confidence interval for t_{1/2,α}. For V_d the application of the delta method is more complicated, since V_d is a function of all model parameters A, B, α and β. If the elimination half-life and the volume of distribution are obtained by log-linear regression, the variability of both parameters (each is a function of the model parameter λ) can also be estimated via the delta method.

In addition – or sometimes instead of – the presentation of pharmacokinetic parameters for all patients it is common to summarize the results in terms of a mean value and the standard deviation. Doing so it is usually neglected that the point estimates themselves may have a large variability. Thus, summarizing pharmacokinetic parameters it seems to be sensible to calculate a weighted mean, where the weights are chosen according to this variability, rather than using e.g. the arithmetic mean. Considering again t_{1/2,β}, a weighted mean elimination half-life can be obtained by

t̄^w_{1/2,β} = ∑k i=1 1 var (t_{1/2,β} (i)) t^{1/2,β,}(i) ∑k i=1 1 var (t_{1/2,β} (i)) ,

where k denotes the number of patients and (i) is the index for the i-th patient (i = 1, . . . , k). Note, that values of t_{1/2,β} with small variability obtain more weight than values with large variability. This formula is commonly used in meta-analyses, where interest centers arround the determination of a pooled estimate (e.g. the risk of a specific risk factor) based on many studies [21] The corresponding variance formula is given by

var (t̄^w_{1/2,β}) = 1 ∑k i=1 1 var (t_{1/2,β} (i)) .

Formula (6) with t̄^w_{1/2,β} instead of t_{1/2,β} and var (t̄^w_{1/2,β}) instead of var (t_{1/2,β}) can be used in order to calculate a 95-percent confidence interval for the weighted mean elimination half life t̄^w_{1/2,β}.

It should briefly be mentioned that pharmacokinetic parameters with respect to a population of patients can be obtained by using random effects models. An introduction to population pharmacokinetics and pharmacodynamics is given by Sheiner and Ludden [22].

4. Application of different approaches

Based on log-linear regression and the biexponential function (3) in this section we estimated the distribution and elimination half-lives (t_{1/2,α} and t_{1/2,β}) and volumes of distribution for individual patients. In order to fit the biexponential function to the observed plasma concentrations we restricted to values observed at and after t_{max}. Log-linear regression of the terminal elimination phase is based on the last 3 and 4 time points, respectively. Estimating the parameters of the biexponential function OLS, IRLS_C , NLS(C^{−1}), NLS(C^{−2}) and OLS(ln) were applied. For the analysis we used the SAS-procedures PROC REG for the log plasma concentrations and PROC NLIN [14] in order to fit the biexponential function. An application of the latter procedure to a pharmacokinetic study is described in Philip and Schwartz [23]. All results are illustrated with the data of five selected patients, each with a different dose level.

As shown in figure 3a for patient 12 log-linear regression using the last 4 time points leads to a good fit of the corresponding observed plasma concentrations. However, a)

b)

Figure 3: Observed paclitaxel concentrations (dots) and fit (dashed line) obtained by a) log-linear regression using the last 4 time points b) OLS estimation of the biexponential function starting at tmax for patient 12 restricting to the last 3 time points the fit is not worse. The values of the resulting estimates for the terminal half-life t_{1/2} and the volume of distribution V_d, which are displayed in table 1, increased with decreasing number of time-points. For the calculation of V_d = CL/λ (cf. introduction) we used the estimated value of the area under the curve based on the trapezodial rule without extrapolation, i.e AUC0-24 hours. The results shown in table 1 demonstrate that it is important to determine the ‘correct’ number of time points when applying log-linear regression: Should we use the last 3, 4 or maybe 5 time points for the analysis? Since the choice seems to be somewhat arbitrary and the calculated pharmacokinetic parameters depend on the investigators decision, it would be more appropriate to model the complete elimination phase by using multicompartment models.

Table 1: Terminal half-life t_{1/2} (hours) and volume of distribution V_d (liter/m^2) for selected patients derived from log-linear regression using the last 3 and 4 time points

patient dose log-linear regression based on the last (mg/m^2) 4 time points 3 time points

t_{1/2} V_d t_{1/2} V_d 3 150 5.44 120.87 6.08 135.12 5 175 5.04 81.95 5.42 88.15 10 200 6.03 111.30 6.85 126.36 12 225 6.78 122.56 7.52 135.84 24 250 3.66 25.82 3.70 26.10

Estimating the parameters of the biexponential function by OLS regression leads to a very good fit of the plasma concentrations observed at and after tmax. The results for patient 12 are illustrated in figure 3b. Using NLS(C^{−1}) the fit to the data is not worse, whereas – for NLS(C^{−2}) – we observed a larger difference (e.g. > 1000 ng/ml for patient 3) between Cmax and the corresponding estimate resulting from the fact that the weight for the observation Cmax is approximately zero. However, all remaining observations were fitted as good as by the other strategies. The results with respect to t_{1/2,α}, t_{1/2,β} and (V_d)inf.eq. are summarized in tables 2, 3 and 4, respectivley. The values resulting from OLS and IRLS_C correspond very well, whereas we obtain subtantial differences for patients 3 and 24 when using NLS(C^{−1}). As compared to OLS the determination of the pharmacokinetical parameters by NLS(C^{−2}) leads to different results for all patients considered in this paper. With this approach the values of the terminal elimination phase obtain a very large weight as comparged to the huge concentrations observed short time after tmax and, therefore, the values of t_{1/2,β} get larger, too. We also observed a higher volume of distribution for all patients. The results obtained by OLS(ln) differ only slightly from those resulting from NLS(C^{−2}). This is not astonishing, because both strategies are based on the assumption of the constant coefficient of variation model [17]. The pharmacokinetical parameters obtained by log-linear regression of the last 3 or 4 observations are similar to those derived from NLS(C^{−2}). However, these result could have been expected in advance, because NLS(C^{−2}) puts more weight on the second exponential term of the biexponential function. It should be stressed that the similarity of results cannot be a justification for a specific model.

Table 2: Distribution half-life t_{1/2,α} (hours) for selected patients derived from the two-compartment model using different estimation procedures

patient dose (mg/m^2) OLS IRLS_C NLS(C^{−1}) NLS(C^{−2}) OLS(ln)

3 150 0.12 0.12 0.19 0.29 0.29 5 175 0.39 0.39 0.38 0.52 0.50 10 200 0.32 0.32 0.32 0.36 0.36 12 225 0.24 0.24 0.24 0.26 0.25 24 250 0.24 0.23 0.26 0.27 0.26

Table 3: Elimination half-life t_{1/2,β} (hours) for selected patients derived from the two-compartment model using different estimation procedures

patient dose (mg/m^2) OLS IRLS_C NLS(C^{−1}) NLS(C^{−2}) OLS(ln)

3 150 1.32 1.32 3.22 5.42 5.58 5 175 4.61 4.58 4.37 6.26 5.95 10 200 5.17 5.13 5.12 6.88 6.74 12 225 5.63 5.59 5.61 7.21 7.49 24 250 2.64 2.39 3.87 3.68 3.68

Table 4: Volume of distribution (V_d)_{inf.eq.} (liter/m^2) for selected patients derived from the two-compartment model using different estimation procedures

patient dose (mg/m^2) OLS IRLS_C NLS(C^{−1}) NLS(C^{−2}) OLS(ln)

3 150 57.95 57.92 93.93 134.98 130.11 5 175 74.23 73.83 72.28 88.96 85.56 10 200 86.25 85.65 86.66 107.50 105.06 12 225 92.49 91.67 92.95 114.34 116.55 24 250 27.12 25.67 33.74 32.54 32.37

PSfrag replacements

Figure 4: Estimated elimination half-lives t_{1/2,β} (dots) and 95 percent confidence intervals for selected patients based on the delta method (lines) and summary in terms of the weighted mean elimination half-life t̄^w = t̄^w_{1/2,β}

So far we have compared the different approaches described in this paper by comparing the point estimates of half-lives and V_d. Keeping in mind that these estimates are based on a few observations we should also investigate their variability. In this paper we restrict to the elimination half-life t_{1/2,β}. The 95 percent confidence intervals obtained by using formula (6) are displayed in figure 4. All confidence intervals indicate an extremely large variability of the point estimates. Although we observed large differences in t_{1/2,β} between OLS, NLS(C^{−1}) and NLS(C^{−1}), the corresponding confidence interval overlap. Thus, taken the variability into account, the results described above deserve very cautious interpretation. In many applications the results of different patients receiving the same dose are summarized by the mean and the (empirical) standard deviation, which is the square root of the (empirical) variance. Assuming that t_{1/2,β} is independent of the given dose the calculation of these descriptive statistics with respect to different dose levels may be of interest, too. In general, including information about the variability of all estimated pharmacokinetic parameters (instead of neglecting it) may lead to different results. Using NLS(C^{−1}) we obtained t̄^w_{1/2,β} = 4.16 as compared to t̄_{1/2,β} = 4.32 resulting from the relative small variability (cf. figure 4) of the point estimate for patient 24 (t_{1/2,β} = 3.87). Besides the confidence intervals for all individuals figure 4 also contains the confidence intervals with respect to the weighted mean elimination half lives. Note, that there is hardly any difference between NLS(C^{−1}) and NLS(C^{−2}) in the mean value of the five selected patients.

5. The use of information about the underlying HPLC method to estimate the variability of the observed concentrations

The application of weighted NLS or OLS(ln) as well as the estimation of pharmacokinetic parameters by using log-linear regression of the terminal elimination phase is motivated by the assumption of an increasing variability with increasing observed concentration resulting from the uncertainty of the underlying analytical method. This problem can not expected to be solved by the simple application of IRLS, which tries to overcome the lack of robustness caused by single outliers in the data rather than modelling a specific heteroscedastic situation. Although many authors seem to believe in the constant coefficient of variation model, when the concentration of the drug is determined by an HPLC method, we have not found strong evidence to support this assumption in the literature. Considering several recently published studies on the pharmacokinetics of Paclitaxel (table 5) we observed various strategies with respect to the statistical analysis. In some of these papers important details are not given, although the results may change substantially when using e.g. another weighting scheme. These considerations as well as the existence of investigations like those of Sheiner and Beal [17, 19] reveal the uncertainty how to describe the variability of observed plasma concentrations. There are several methods [17, 19] (e.g. extended least squares regression) that estimate the variability of the observed plasma concentrations in addition to the parameters of the model. Besides the problems caused by the estimation of an additional parameter (usually there are only a few data points) the estimated variability may differ between patients. However, assuming a specific model with respect to the variability resulting from an analytical method should be consistent for all patients and all applications.

Usually, the HPLC method used in a pharmacokinetic study is investigated in a validation study before analysing the patients’ blood samples. Therefore, it is worthwhile to use the information of this validation in order to estimate the true variability and to identify the most appropriate weighting scheme.

Table 5: Examples for different methods of pharmacokinetical analysis from the literature (concentration of the corresponding drug determined via HPLC except for Carboplatin^∗)

drug (administration) reference model estimation procedure

Taxol (6h, iv) Wiernik et al. [4] 2-compartment OLS(ln) Taxol (24h, iv) Wiernik et al. [6] 2-compartment OLS(ln) Taxol (6h, iv) Brown et al. [5] 2-compartment NLS(C^{−2}) Taxol (1/6 h, iv) Longnecker et al. [10] 2-compartment NLS(C^{−1}) Taxol (1/6 h, iv) Grem et al. [24] noncompartmental log-linear regression of the terminal elimination phase^△ Doxorubicin (bolus iv) Gianni et al. [25] 3-compartment (DOX) unclear^△ and Paclitaxel (3h, iv) noncompartmental (PTX) log-linear regression of the terminal elimination phase^{△ ♣} Paclitaxel (3h/24h, iv) Gianni et al. [8] noncompartmental log-linear regression of the terminal elimination phase^{△ ♣} Paclitaxel (3h, iv) Huizing et al. [26] 3-compartment (PTX) PTX: OLS(ln) and Carboplatin^∗ (30min, iv) 2-compartment (CP) CP: OLS^△ Paclitaxel (3h, iv) Berg et al. [27] 2-compartment NLS(C^{−2}) R-Verapamil (oral) Epirubicin (bolus iv) Conte et al. [28] 2-compartment NLS, weights not given^△ Paclitaxel (3h, iv) (for each drug) (for each drug)

△ insufficient description of the underlying method ♣ information derived from a description of the computer program LAGRAN [9]

In the present study 8 different concentrations of Paclitaxel (conc= 50, 100, 200, 400, 600, 800, 1000 and 1500 ng/ml) obtained by giving the corresponding amount of paclitaxel to the plasma of healthy persons were considered for validation. The same amount of 7-epi-paclitaxel was given to each of this specimen as internal standard. Then, the resulting blood samples were devided into small portions. To obtain information about the precision of the observed plasma concentrations, the HPLCanalysis was repeated three times within one day (within-days precision, WDP) as well as on six different days (day-to-day precision, DDP).

To get the most appropriate strategy for estimating the parameters of the biexponential function, we considered the analytical results for 400 ng/ml as a baseline. The standard deviation corresponding to this baseline, which will be denoted by std_{400}, is estimated by a weighted mean of the empirical standard deviations for WDP and DDP, where the weights were choosen according to the number of repetitions. Based on std_{400} we calculated those standard deviations that would be assumed for the other concentrations when using different weighting schemes (i.e. assuming different variability models): Obviously, in the homoscedastic situation the standard deviation is equal to std_{400} for all other concentrations. Assuming the constant coefficient of variation model the standard deviation of a concentration conc is obtained by std_{400} � conc / 400. Multiplying std_{400} by √ conc/400 gives the standard deviation of concentration conc, when the variability assumption corresponds to NLS(C^{−1}). Then, using a smoothing line we compared the empirical standard deviations observed in the data to the different model assumptions. This is done separately for WDP and DDP, the results are displayed in figures 5a (WDP) and 5b (DDP). Considering WDP we obtained clear advantages for NLS(C^{−1}), whereas for DDP this weighting seems to be slightly better only for small concentrations. Considering concentrations larger than 400 ng/ml we should rather use NLS(C^{−2}) or OLS(ln). It should briefly be mentioned that we obtained nearly the same results when using slightly modified approaches (not shown in this paper). After fixing the strategy for the determination of the concentration in the validation study, it is common – or at least desirable – to perform a new HPLC analysis using the known concentrations each day when analysing the clinical data. The analytical results of this run are used to determine a calibration line, which is the base for the estimation of the patient’s plasma concentrations. Thus, the WDP seems to be more important with respect to the results of the study, and, therefore, we decided to use NLS(C^{−1}) for the analysis. Concerning the pharmacokinetical analysis of Taxol we only found one example in the literature [10], where the analysis is based on the same weights.

PSfrag replacements

PSfrag replacements

Figure 5: Within-days-precision (WDP) and day-to-day precision (DDP): Observed standard deviation (WDP: circles, DDP: dots) with smoothing line (dashed line) and assumptions according to the weights w_t = 1 (OLS), w_t = 1/C(t) (NLS(C^{−1})) and w_t = 1/C^2(t) (NLS(C^{−2}))

6. Conclusions and discussion

The estimation of pharmacokinetical parameters is often derived from the assumption of a multicompartment model or based on log-linear regression of the terminal elimination phase. In this paper we considered log-linear regression using the last 3 and 4 observations, respectively, as well as a two-compartment model, which corresponds to a biexponential function in order to describe the elimination of the drug in the central compartment. There are various strategies to estimate the unknown parameters of this biexponential function, each of these strategies is attached to a specific assumption concerning the variability of the observed concentrations. Usually, the concentration of paclitaxel (and many other drugs) is determined by high-performance liquid chromatography (HPLC), an analytical method that can be expected to measure rather small values appropriately. Using HPLC the variability is often assumed to increase proportionally to the concentration, i.e. assuming a constant coefficient of variation, and, therefore, the statistical analysis is performed by OLS(ln) and NLS(C^{−2}), respectively (cf. section 3). However, we have not found any proof of this assumption so far. Furthermore, examples from the literature [10, 29] show that not all authors believe in the constant coefficient of variation model.

Analysing the data of patients of a phase I clinical trial, who received paclitaxel as 1-hour infusion we showed that the value of half-lives and the volume of distribution strongly depend on the estimation procedure. We observed increasing values of both pharmacokinetic parameters with decreasing number of time points when the estimation was based on log-linear regression of the so called terminal elimination phase. However, the number of observations used for the analysis is determined by the investigator rather than by any prespecified rule. Based on the estimated parameters of the biexponential function the values of the two half-lives and the volume of distribution increase with more extreme weighting schemes. Since we observed clear differences between the methods considered in this paper, it is likely to obtain incorrect estimates of pharmacokinetic parameters if the assumption with respect to the variability is not true. By means of a simulation study Sheiner and Beal [17] showed e.g. that OLS(ln) and NLS(C^{−2}) can be very unstable when the variability is unequal to the constant coefficient of variation model. Motivated by these problems we developed an approach to use information about the HPLC method in order to estimate the variability of the observed plasma concentrations. The results can then be used to determine the most appropriate statistical analysis. In the current study we decided to estimate the parameters of the biexponential function using NLS(C^{−1}). It should be stressed that our proposal cannot guarantee to estimate the true variability appropriately. However, using information about the underlying analytical method – for HPLC the results of a validation study are usually available in all studies – seems to be better than choosing a specific strategy arbritrarily.

Considering the problems described in this paper it is obvious that pharmacokinetic parameters obtained by using different statistical methods should not be compared as done in the literature [30, 31]. Generally, it is necessary to give a sufficient description of the underlying statistical method when reporting on (pharmacokinetic) results of a study. Unfortunately, this is not done in all publications (cf. table 5). Furthermore, it has been shown that the variability of the estimated pharmacokinetic parameters is extremely large resulting from the small number of blood samples taken. Thus, the number of observed time points should be as large as possible in order to make the analysis more robust.

According to the present study we considered the estimation of half-lives and the volume of distribution for paclitaxel. However, most problems outlined in this paper carry through to other model-based pharmacokinetic parameters and other drugs. Thus, it is important to investigate the variability of the analytical method before analysing the data of a study.

Appendix

Riggs [16] gives in chapter 8 a general solution of a two-compartment model with an exchange between and an elimination from both compartments. Riggs’ formulas, which are for the fraction of the total dose, can easily be adapted to the problem described in this paper by equations (2a) and (2b). For the amount of the drug in the central compartment we obtain X_c = X^0(C_1 exp(�αt) + C_2 exp(�βt)), where X^0 is the given dose and C_1 = k_{12} + k_{el} � k_{21} + Z 2Z C_2 = 1 � k_{12} + k_{el} � k_{21} + Z 2Z α = 1 2 (k_{12} + k_{el} + k_{21} + Z)

β = 1 2 (k_{12} + k_{el} + k_{21} � Z)

with Z = √ (k_{12} + k_{el} � k_{21})^2 + 4k_{12}k_{21}. Easy calculations lead to

C_1 =^{(k21−α)}_{β−α} (A1) C_2 =^{(k21−β)}_{α−β} (A2) (α + β) = k_{21} + k_{12} + k_{el} (A3) (αβ) = k_{21}k_{el} (A4)

References

[1] Rowland M, Tozer TN. Clinical pharmacokinetics: concepts and applications (3rd edition). Williams & Wilkins, Baltimore, 1995

[2] Bailer AJ, Piegorsch WW. Estimating integrals using quadrature methods with an application in pharmacokinetics. Biometrics 1980; 46: 1201-1211

[3] Seber GAF, Wild CJ. Nonlinear Regression. Wiley, New York, 1989

[4] Wiernik PH, Schwartz EL, Strauman JJ, Dutcher JP, Lipton RB, Paietta E.

Phase I clinical and pharmacokinetic study of Taxol. Cancer Research 1987; 47: 2486-2493

[5] Brown T, Havlin K, Weiss G, Cagnola J, Koeller J, Kuhn J, Rizzo J, Craig J, Phillips J, Van Hoff D. Phase I trial of Taxol given by a 6-hour intravenous infusion. Journal of Clinical Oncology 1991; 9: 1261-1267

[6] Wiernik PH, Schwartz EL, Einzig A, Strauman JJ, Lipton RB, Dutcher JP.Phase I trial of Taxol given as a 24-hour infusion every 21 days: responses observed in metastatic melanoma. Journal of Clinical Oncology 1987; 5: 1232-1239.

[7] Huizing MT, Keung ACF, Rosing H, van der Kuij V, ten Bokkel Huinink WW, Mandjes IM, Dubbelman AC, Pinedo HM, Beijnen JH. Pharmacokinetics of paclitaxel and metabolites in a randomized comparative study in platinumpretreated ovarian cancer patients. Journal of Clinical Oncology 1993; 11: 2127- 2135

[8] Gianni L, Kearns CM, Giani A, Capri G, Viganó L, Locatelli A, Bonadonna G, Eorin MJ. Nonlinear pharmacokinetics and metobolism of paclitaxel and its pharmacokinetic/pharmacodynamic relationships in humans. Journal of Clinical Oncology 1995; 13: 180-190

[9] Rocci ML, Jusko WJ. LAGRAN program for area and moments in pharmacokinetic analysis. Computer Programs in Biomedicine 1983; 16: 203-216

[10] Longnecker SM, Donehower RC, Cates AE, Chen T-L, Brundrett RB, Grochow LB, Ettinger DS, Colvin M. High-performance liquid chromatographic assay for Taxol in human plasma an urine and pharmacokinetics in a phase I trial. Cancer Treatment Reports 1986; 71: 53-59

[11] Gibaldi M. (1969): Effect of mode of administration on drug distribution in a two-compartment open system. Journal of Pharmaceutical Sciences 1969; 58: 327-331.

[12] Mross K, Hauns B, Häring B, Bauknecht T, Meerpohl HG, Unger C, Maier-Lenz H. Clinical phase I study with 1-hour paclitaxel infusion. Annals of Oncology 1998, in press

[13] Maier-Lenz H, Hauns B, Häring B, Koetting J, Mross K, Unger C, Bauknecht T, du Bois A, Meerpohl H-G, Holländer N, Diergarten K. Phase I study of paclitaxel administered as 1-hour infusion: toxicity and pharmacokinetics. Seminars in Oncology 1997; 24, Suppl 19: S19-16-S19-19

[14] SAS Institute Inc. SAS/STAT user‘s guide. Version 6, 4th edition, SAS Institute Inc., Cary, NC, 1989

[15] Metzler CM. Usefulness of the two-compartment open model in pharmacokinetics. Journal of the American Statistical Association 1971; 66 (333): 49-54

[16] Riggs DS. The mathematical approach to physiological data. Williams and Wilkins, Baltimore, 1963, 193-217.

[17] Sheiner LB, Beal SL. Pharmacokinetic parameter estimates from several least squares procedures: superiority of extended least squares. Journal of Pharmacokinetics and Biopharmaceutics 1985; 13: 185-201

[18] Holland PW, Welsch RE. Robust regression using iteratively reweighted least squares. Communications in Statistics A 1977; 6: 813-827.

[19] Beal SL, Sheiner LB. Heteroscedastic nonlinear regression. Technometrics 1988;

30: 327-338

[20] Bishop YMM, Fienberg SE, Holland PW. Discrete multivariate analysis: theory and practice. MIT Press, Cambridge, MA, 1975

[21] Shadisch WR, Haddock CK. Combining estimates of effect size. in: Cooper H, Hedges LV (eds.). The handbook of research synthesis. Russel Sage Foundation, New York, 1994

[22] Sheiner LB, Ludden TM. Population pharmacokinetics/dynamics. Annual Review of Pharmacology and Toxicology 1992; 32: 185-209

[23] Philip H, Schwartz CP. The application of BASE SAS, SAS/STAT, and SAS/GRAPH software to the analysis and presentation of pharmacokinetic data. Proceedings of the SAS Users group International Conference 1989, 14: 1168- 1172

[24] Grem JL, Tutsch KD, Simon KJ, Alberti DB, Willson JKV, Tormey DC, Swaminathan S, Trump DL. Phase I study of Taxol administered as short iv infusion daily for 5 days. Cancer Treatment Reports 1987; 71: 1179-1184

[25] Gianni L, Viganò L, Locatelli A, Capri G, Giani A, Tarenzi E, Bonadonna G.

Human pharmacokinetic characterization an in vitro study of the interaction between doxorubicin and paclitaxel in patients with breast cancer. Journal of Clinical Oncology 1997; 15: 1906-1915

[26] Huizing MT, van Warmerdam LJC, Rising H, Schaefers MCW, Lai A, Helmerhorst TJM, Veenhof CHN, Birkhofer, MJ, Rodenhuis S, Beijnen JH, ten Bokkel Huinink WW. Phase I and pharmacologic study of the combination paclitaxel and carboplatin as fist-line-chemotherapy in stage III and IV ovarian cancer. Journal of Clinical Oncology 1997; 15: 1953-1964

[27] Berg SL, Tolcher A, O’Shaughnessy JA, Denicoff AM, Noone M, Ognibene FP, Cowan KH, Balis FM. Effect of R-verapamil on the pharmacokinetics of paclitaxel in women with breast cancer. Journal of Clinical Oncology 1995; 13: 2039-2042

[28] Conte PF, Baldini E, Gennari A, Michelotti A, Salvadori B, Tibaldi C, Danesi R, Innocenti F, Gentile A, Dell’Anna R, Biadi O, Mariani M, Del Tacca M. Dosefinding study and pharmacokinetics of epirubicin and paclitaxel over 3 hours: a regimen with high activity and low cardiotoxicity in advanced breast cancer. Journal of Clinical Oncology 1997; 15: 2510-2517

[29] O’Reilly S, Grochow B, Donehower RC, Chen T-L, Bowling K, Hartman NR, Struck RF, Rowinsky EK. Phase I and pharmacologic study of penclomedine, a novel alkylating agent, in patients with solid tumors. Journal of Clinical Oncology 1997; 15: 1974-1984

[30] Rowinsky EK, Donehower RC. The clinical pharmacology of paclitaxel (Taxol).

Seminars in Oncology 1993; 20: 16-25

[31] Sonnichsen DS, Relling MV. Clinical pharmacokinetics of paclitaxel. Clinical Pharmacokinetics 1994; 27: 256-268