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AUC Area Under the Concentration Time Curve
Description

Estimation of area under the concentration time curve (AUC) and area under the first moment curve
(AUMO).
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Usage

AUC (conc, time, exact=NA, numintp=2, numtail=3, prev=0)

Arguments
conc levels of concentrations.
time time points of concentration assessment.
exact time point for linear interpolation/extrapolation.
numintp number of last data points used for linear interpolation/extrapolation.
numtail number of last data points used for tail area correction.
prev pre-dosing value.
Details

Estimation of the observed area under the concentration time curve (AUC 0O-tlast) and observed area
under the first moment curve (AUMC 0-tlast) using the linear trapezoidal method.

Estimation of the linearly interpolated area under the concentration time curve (AUC 0-exact) and
linearly interpolated area under the moment curve (AUMC 0O-exact). The time point for linear in-
terpolation/extrapolation must be after the last but one time point of concentration assessments.

Estimation of the total area under the concentration curve (AUC 0O-infinity) and total area under the
first moment curve (AUMC O-infinity) by using a tail area correction similar as suggested by Perrier
and Gibaldi (Appendix D, 1982).

If the pre-dosing value indicating that the intrinsic level is greater than 0, the pre-dosing value is
subtracted from all concentration levels before calculation of AUC and AUMC.

Value

Data frame including AUC and AUMC estimates.

Note

Records including missing values and values below zero are omitted.

Author(s)

Martin J. Wolfsegger and Thomas Jaki

References
Cawello W. (2003). Parameters for Compartment-free Pharmacokinetics. Standardisation of Study
Design, Data Analysis and Reporting. Shaker Verlag, Aachen.

Gibaldi M. and Perrier D. (1982). Pharmacokinetics. 2nd Edition. Marcel Dekker, New York and
Basel.
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Examples

## example from Cawello W. (2003, page 70 and 74)

time <- c¢(0, 0.25, 0.5, 0.75, 1, 1.5, 2, 2.5, 3, 4, 5, 6)

conc <- c¢(0, 5.67, 20.6, 28.7, 22.5, 17.4, 17.7, 13.4, 11.0, 8.23, 5.14, 2.84)
AUC (conc=conc, time=time, exact=7, numtail=4)

auc.ssd Estimation of AUC in Serial Sampling Designs

Description

Calculation of a confidence interval for an AUC or for the difference between two AUCs assessed
in a serial sampling design.

Usage

auc.ssd(conc, time, group=NULL, method=c ("tang.burke", "bailer", "boott"),
alternative=c ("two.sided", "less", "greater"),
conf.level=0.95, strata=NULL, nsample=1000, data)

Arguments
conc vector of concentrations.
time vector of time points.
group vector of grouping variable, if specified a confidence interval for the difference
will be calculated; default=NULL.
method character string specifying the method for calculation of confidence intervals;

default=tang.burke.
alternative character string specifying the alternative hypothesis; default=two . sided.

conf.level confidence level; default=0. 95.

strata vector of one strata variable, only available for method boott.
nsample number of bootstrap iterations for method boott; default=1000.
data optional data frame containing variables named as conc, time, group and
strata.
Details

Calculation of a confidence interval for an AUC (from O to the last time point) or for the difference
between two AUCs assessed in a serial sampling design.

In a serial sampling design only one measurement is available per analysis subject at a specific time
point. The AUC (from O to the last time point) is calculated using the linear trapezoidal rule on the
arithmetic means at the different time points. If group=NULL a confidence interval for an AUC
is calculated. If group specifies a factor variable (with two levels), a confidence interval for the
difference between two AUCs is calculated.
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The tang.burke method uses the critical value from a t-distribution with Satterthwaite’s ap-
proximation (1946) to the degrees of freedom for calculation of confidence intervals as presented in
Tang-Liu and Burke (1988) or in Nedelman et al. (1995).

The bailer method uses the critical value from a normal distribution for calculation of confi-
dence intervals as presented in Bailer (1988).

The boott method uses bootstrap-¢ confidence intervals. Using boott an additional strata vari-
able for bootstrapping can be specified.

Value

A data frame consisting of:

est estimate for AUC or estimate for difference between two AUCs.
stderr standard error for estimate.
lower lower limit of confidence interval.
upper upper limit of confidence interval.
df degrees of freedom when using method tang.burke.
Note

Records including missing values are omitted.

Author(s)
Martin J. Wolfsegger and Thomas Jaki

References

Bailer A. J. (1988). Testing for the equality of area under the curves when using destructive mea-
surement techniques. Journal of Pharmacokinetics and Biopharmaceutics, 16(3):303-309.

Nedelman J. R., Gibiansky E. and Lau D. T. W. (1995). Applying Bailer’s method for AUC confi-
dence intervals to sparse sampling. Pharmaceutical Research, 12(1):124-128.

Satterthwaite F. E. (1946). An approximate distribution of estimates of variance components. Bio-
metrics Bulletin, 2:110-114.

Tang-Liu D. D.-S. and Burke J. P. (1988). The effect of azone on ocular levobunolol absorption:
calculating the area under the curve and its standard error using tissue sampling compartments.
Pharmaceutical Research, 5(4):238-241.

See Also

ptest.ssd, eqv.ssd.
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Examples

## example from Nedelman et al. (1995)

m.030 <- c(391, 396, 649, 1990, 3290, 3820, 844, 1650, 75.7, 288)
£.030 <- c (353, 384, 625, 1410, 1020, 1500, 933, 1030, 0, 80.5)
m.100 <- ¢ (1910, 2550, 4230, 5110, 7490, 13500, 4380, 5380, 260, 326)
£.100 <= ¢ (2790, 3280, 4980, 7550, 5500, 6650, 2250, 3220, 213, 636)
time <- c¢(1, 1, 2, 2, 4, 4, 8, 8, 24, 24)

auc.ssd(conc=m.030, time=time, method=c('bailer', 'tang.burke'))
auc.ssd(conc=f.030, time=time, method=c('bailer', 'tang.burke'))

auc.ssd(conc=m.100, time=time, method=c('bailer', 'tang.burke'))
auc.ssd(conc=f.100, time=time, method=c('bailer', 'tang.burke'))

data <- data.frame (conc=c(m.030, £.030, m.100, £.100),
time=rep (time, 4),
sex=c(rep('m', 10), rep('f', 10), rep('m', 10), rep('f', 10)),
dose=c (rep (30, 20), rep(100, 20)))

data$concadj <- data$conc / data$dose
auc.ssd(conc=data$concadj, time=data$time, group=data$dose, method=c('bailer', 'tang.burke')

set.seed (260151)
auc.ssd(conc=data$concadj, time=data$time, group=data$dose, method='boott', strata=data$sex)

## example from Bailer (1988)

time <- c(rep(0, 4), rep(l.5, 4), rep(3, rep (5, 4), rep(8, 4))

4) 4 14
grpl <- c(0.0658, 0.0320, 0.0338, 0.0438, 0.0059, 0.0030, 0.0084,
0.0080, 0.0000, 0.0017, 0.0028, 0.0055, 0.0000, 0.0037,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000)
grp2 <- c¢(0.2287, 0.3824, 0.2402, 0.2373, 0.1252, 0.0446, 0.0638,

o

.0511, 0.0182, 0.0000, 0.0117, 0.0126, 0.0000, 0.0440,
0.0039, 0.0040, 0.0000, 0.0000, 0.0000, 0.0000)

o

grp3 <- c¢(0.4285, 0.5180, 0.3690, 0.5428, 0.0983, 0.0928, 0.1128,
.1157, 0.0234, 0.0311, 0.0344, 0.0349, 0.0032, 0.0052,
0.0049, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000)

o

o
o
o
o

auc.ssd(conc=grpl, time=time, method='bailer')
auc.ssd(conc=grp2, time=time, method='bailer')
auc.ssd(conc=grp3, time=time, method='bailer')

data <- data.frame (conc=c(grpl, grp2, grp3), time=rep(time, 3),
group=c (rep(l, length(grpl)), rep(2, length(grp2)), rep(3, length(grp3)))

## function call with data frame using simultaneous confidence intervals based on bonferroni
auc.ssd(data=subset (data, group== | group==2), method=c('bailer', 'tang.burke'), conf.level
auc.ssd(data=subset (data, group==1 | group==3), method=c('bailer', 'tang.burke'), conf.level
auc.ssd(data=subset (data, group== | group==3), method=c('bailer', 'tang.burke'), conf.level
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biexp Two-Phase Half-Life Estimation by Biexponential Model

Description

Estimation of initial and terminal half-life by fitting a biexponential model.

Usage

biexp(conc, time, prev=0, tol=1E-9, maxit=500)

Arguments
time time points of concentration assessments.
conc levels of concentrations.
prev pre-dosing value.
tol relative error tolerance.
maxit maximum number of iterations.
Details

Estimation of initial and terminal half-life using the biexponential y=alxexp (-blxx) +ta2xexp (-
b2xx) model with a parameterization to ensure bl > b2 > 0 fitted by the least squares criteria with
function opt im of package base with method "Nelder-Mead". Curve peeling (Foss, 1969) is
used get start values for nonlinear model fitting. When no adequate starting values are determined
by curve peeling, a single exponential model is fitted with starting values obtained from an OLS
regression on log transformed values with a parameterization to ensure a slope > 0.

If the pre-dosing value indicating the intrinsic level is greater than 0, the pre-dosing value is sub-
tracted from all concentration levels before calculation of initial and terminal half-life.

Value

A list of S3 class "halflife" containing the following components:

parms half-life and model estimates.
time time points of concentration assessments.
conc levels of concentrations.
method "biexp".
Note

Records including missing values and values below or equal to zero are omitted.
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Author(s)

Martin J. Wolfsegger and Thomas Jaki

References

Foss S. D. (1969). A Method for Obtaining Initial Estimates of the Parameters in Exponential Curve
Fitting. Biometrics, 25:580-584.

Pinheiro J. C. and Bates D. M. (2000). Mixed-Effects Models in S and S-PLUS. Springer, New York.

Examples

## examples from Pinheiro J.C. and Bates D.M. (2000, page 279)

time <- c¢(0.25, 0.5, 0.75, 1, 1.25, 2, 3, 4, 5, 6, 8, 0.25, 0.5, 0.75, 1, 1.25,
2, 3, 4, 5, 6, 8, 0.25, 0.5, 0.75, 1, 1.25, 2, 3, 4, 5, 6, 8, 0.25, 0.5, 0.75, 1,
1.25, 2, 3, 4, 5, 6, 8, 0.25, 0.5, 0.75, 1, 1.25, 2, 3, 4, 5, 6, 8, 0.25, 0.5,
0.75, 1, 1.25, 2, 3, 4, 5, 6, 8)

conc <- c¢(l1.5, 0.94, 0.78, 0.48, 0.37, 0.19, 0.12, 0.11, ©0.08, 0.07, 0.05, 2.03,

1.63, 0.71, 0.7, 0.64, 0.36, 0.32, 0.2, 0.25, 0.12, 0.08, 2.72, 1.49, 1.16, 0.8,

0.8, 0.39, 0.22, 0.12, 0.11, 0.08, 0.08, 1.85, 1.39, 1.02, 0.89, 0.59, 0.4, 0.1e6,
0.1, 0.1, 0.07, 0.07, 2.05, 1.04, 0.81, 0.39, 0.3, 0.23, 0.13, 0.11, 0.08, 0.1,

0.06, 2.31, 1.44, 1.03, 0.84, 0.64, 0.42, 0.24, 0.17, 0.13, 0.1, 0.09)

result <- biexp(conc=conc, time=time)
print (result)
plot (result)

eqv.ssd Establishing Bioequivalence in Serial Sampling Designs

Description

Calculation of a confidence interval for the ratio of two AUCs assessed in a serial sampling design.

Usage

eqgv.ssd(conc, time, group, method=c("fieller", "asymp", "boott"),
conf.level=0.90, strata=NULL, nsample=1000, data)

Arguments
conc vector of concentrations.
time vector of time points.

group vector of grouping variable.
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method character string specifying the method for calculation of confidence intervals;
default=fieller.

conf.level confidence level; default=0. 90.

strata vector of one strata variable, only available for method boott.
nsample number of bootstrap iterations for method boott; default=1000.
data optional data frame containing variables named as conc, time, group and
strata.
Details

Calculation of a confidence interval for the ration of two AUCs (from O to the last time point) as-
sessed in a serial sampling design. In a serial sampling design only one measurement is available
per analysis subject at a specific time point. The AUC (from O to the last time point) is calculated
using the linear trapezoidal rule on the arithmetic means at the different time points. Details for
calculation can be found in Wolfsegger (2007) and in Jaki et al. (in press).

The fieller method is based on Fieller’s theorem (1954) using the critical value from a t-
distribution with Satterthwaite’s approximation (1946) to the degrees of freedom for calculation
of confidence intervals.

The asymp method is based on the limit distribution for the ratio using the critical value from
a normal distribution for calculation of confidence intervals.

The boott method uses the standard error of the limit distribution for the ratio where the criti-
cal value is obtained by the bootstrap-¢ approach. Using boott an additional strata variable for
bootstrapping can be specified.

Value

A data frame consisting of:

ratio estimate for ratio of two AUCs.

lower lower limit of confidence interval.

upper upper limit of confidence interval.

df degrees of freedom when using method fieller.
Note

Records including missing values are omitted.

Author(s)

Martin J. Wolfsegger and Thomas Jaki
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References

Fieller E. C. (1954). Some problems in interval estimation. Journal of the Royal Statistical Society,
Series B, 16:175-185.

Jaki T., Wolfsegger M. J. and Ploner M. Confidence intervals for ratios of AUC’s in the case of
serial sampling: A comparison of seven methods. Pharmaceutical statistics, in press.

Nedelman J. R., Gibiansky E. and Lau D. T. W. (1995). Applying Bailer’s method for AUC confi-
dence intervals to sparse sampling. Pharmaceutical Research, 12(1):124-128.

Satterthwaite F. E. (1946). An approximate distribution of estimates of variance components. Bio-
metrics Bulletin, 2:110-114.

Wolfsegger M. J. (2007). Establishing bioequivalence in serial sacrifice designs. Journal of Phar-
macokinetics and Pharmacodynamics, 34(1):103-113.

See Also

ptest.ssd, auc.ssd.

Examples

## example from Nedelman et al. (1995)
m.030 <- ¢ (391, 396, 649, 1990, 3290, 3820, 844, 1650, 75.7, 288)
£.030 <- ¢ (353, 384, 625, 1410, 1020, 1500, 933, 1030, 0, 80.5)
m.100 <- ¢ (1910, 2550, 4230, 5110, 7490, 13500, 4380, 5380, 260, 326)
£.100 <- ¢ (2790, 3280, 4980, 7550, 5500, 6650, 2250, 3220, 213, 636)
time <- c(1, 1, 2, 2, 4, 4, 8, 8, 24, 24)
data <- data.frame (conc=c(m.030, £.030, m.100, £.100),
time=rep (time, 4),
sex=c(rep('m', 10), rep('f', 10), rep('m', 10), rep('f', 10)),
dose=c (rep (30, 20), rep (100, 20)))

data$concadj <- data$conc / data$dose
eqv.ssd(conc=data$concadj, time=data$time, group=data$dose, method='asymp')
eqgv.ssd(conc=data$Sconcadj, time=data$time, group=data$dose, method='fieller')

set.seed (310578)
eqgv.ssd(conc=data$concadj, time=data$time, group=data$dose, method='boott', nsample=1E4)

set.seed (310578)
egv.ssd(conc=data$concadj, time=data$time, group=data$dose, method='boott', strata=data$sex,
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lee Two-Phase Half-Life Estimation by Linear Fitting

Description

Estimation of initial and terminal half-life by two-phase linear regression fitting.

Usage

lee(time, conc, points=3, prev=0, method=c("lad", "ols", "hub",

"npr") ,

Arguments

time time points of concentration assessments.

conc levels of concentrations.

points minimum number of data points in the terminal phase.

prev pre-dosing value.

method method of model fitting.

1t requesting a longer terminal than initial half-life.
Details

Estimation of initial and terminal half-life based on the method of Lee et al. (1990). This method
uses a two-phase linear regression approach separate the model into two straight lines based on
the selection of the log10 transformed concentration values. For two-phase models the initial and
terminal half-life were determined from the slopes of the regression lines. If a single-phase model
is selected by this method, the corresponding half-life is utilized as both initial and terminal phase
half-life. Half-life is determined only for decreasing initial and terminal phases.

The method o1 s uses the ordinary least squares regression (OLS) to fit regression lines.

The method 1ad uses the absolute deviation regression (LAD) to fit regression lines by using the
algorithm as described in Birkes and Dodge (chapter 4, 1993) for calculation of regression esti-
mates.

The method hub uses the Huber M regression to fit regression lines. Huber M-estimates are cal-
culated by non-linear estimation using the function opt im, where OLS regression parameters are
used as starting values. The function that is minimized involved k = 1.5%1.483*MAD, where MAD
is defined as the median of absolute deviation of residuals obtained by a least absolute deviation
(LAD) regression based on the observed data. The initial value of MAD is used and not updated
during iterations (Holland and Welsch, 1977).

1t=TRUE)
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The method npr uses the nonparametric regression to fit regression lines by using the algorithm as
described in Birkes and Dodge (chapter 6, 1993) for calculation of regression estimates.

The selection criteria for the best tuple of regression lines is the sum of squared residuals for the
ols method, the sum of Huber M residuals for the hub method, the sum of absolute residuals for
the 1ad method and the sum of a function on ranked residuals for the npr method (see Birkes and
Dodge (page 115, 1993)). Calculation details can be found in Wolfsegger (2006).

When 1t=TRUE, the best two-phase model where terminal half-life >= initial half-life is selected.
When 1t=FALSE, the best two-phase model among all possible tuples of regression is selected
which can result in longer initial half-life than terminal half-life.

If the pre-dosing value indicating the intrinsic level is greater than 0, the pre-dosing value is sub-
tracted from all concentration levels before calculation of initial and terminal half-life.

Value

A list of S3 class "halflife" containing the following components:

parms half-life and model estimates.
chgpt change point between initial and terminal phase.
time time points of concentration assessments.
conc levels of concentrations.
method "lee".
Note

Records including missing values and concentration values below or equal to zero are omitted.

Author(s)

Martin J. Wolfsegger and Thomas Jaki

References

Birkes D. and Dodge Y. (1993). Alternative Methods of Regression. Wiley, New York, Chichester,
Brisbane, Toronto, Singapore.

Holland P. W. and Welsch R. E. (1977). Robust regression using iteratively reweighted least-
squares. Commun. Statist.-Theor. Meth. A6(9):813-827.
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Lee M. L., Poon Wai-Yin, Kingdon H. S. (1990). A two-phase linear regression model for biologic
half-life data. Journal of Laboratory and Clinical Medicine. 115(6):745-748.

Wolfsegger M. J. (2006). The R Package PK for Basic Pharmacokinetics. Biometrie und Medizin,

5:61-68.

Examples

## example for preparation 1 from Lee et al.
time <- c¢(0.5, 1.0, 4.0, 8.0, 12.0, 24.0)
conc <- c¢ (75, 72, 61, 54, 36, 6)

(1990)

resultl <- lee(conc=conc, time=time, method='ols', points=2, 1t=TRUE)
print (resultl$parms)

plot (resultl)

plot (resultl, log='y"')

## example for preparation 1 from Lee et al. (1990)

time <- ¢(0.5, 1.0, 4.0, 8.0, 12.0, 24.0)

conc <- ¢ (75, 72, 61, 54, 36, 6)

result2 <- lee(conc=conc, time=time, method='ols', points=2, 1t=FALSE)
print (result2$parms)

plot (result2)

plot (result2, log='y"')

## example for preparation 2 from Lee et al. (1990)

time <- c¢(0.5, 1.0, 2.0, 6.5, 8.0, 12.5, 24.0)

conc <- c¢(75, 55, 48, 51, 39, 9, 5)

result3 <- lee(conc=conc, time=time, method='ols', points=2, 1t=FALSE)

print (result3S$parms)
plot (result3)
plot (result3, log='y"')

## advanced plots

xlim <= c(0,30)

ylim <- c(1,80)

ylab <- 'Log Concentration'
xlab <- 'Time [hours]'

textl <- paste('Initial half-life:',
' Terminal half-life:"',
text2 <- paste('Initial half-life:',
' Terminal half-life:',

split.screen(figs=c(2,1))
screen (1)

plot (result2,
xlim=x1lim,

ylab=ylab,
ylim=ylim, log='y',

xlab=xlab,
sub=textl)
screen (2)

plot (result3,
xlim=x1lim,

xlab=xlab,
sub=text?2)

ylab=ylab,
ylim=ylim, log='y',
close.screen (all=TRUE)

main='Half-1life:

main='Half-1life:

round (result2$parms(1,1],2),
round (result2$parms[1,2],2))
round (result3$parms[1,1],2),
round (result3$parms[1,2],2))

Preparation 1',

Preparation 2',
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## artificial example

time <- c(5, 180, 360, 540, 720)/60
conc <- c¢(2.360, 0.061, 0.019, 0.012,
resultd4d <- lee(conc=conc, time=time,

print (resultd)
plot (result4)

plot (result4,

0.024)

log="'y")

method="'lad"',
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points=2, 1lt=FALSE)

plot.halflife

Plot Regression Lines Used for Half-life Estimation

Description

This method plots objects of S3 class "halflife" (biexp and lee).

Usage

## S3 method for class 'halflife':

plot (x, xlab='Time', ylab='Concentration', main='Half-1life Estimation’',
Arguments

X an object of S3 class "halflife" (biexp and lee)

xlab a label for the x axis.

ylab a label for the y axis.

main a main title for the plot.

x1lim the x limits (min, max) of the plot.

ylim the y limits (min, max) of the plot.

other parameters to be passed through to plotting functions.

Value

none
Author(s)

Martin J. Wolfsegger and Thomas Jaki

x1im=NULL,
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ptest.ssd Comparing AUCs in Serial Sampling Designs

Description

Comparing two AUCs assessed in a serial sampling design with a permutation test.

Usage

ptest.ssd(conc, time, group, alternative=c("two.sided", "less", "greater"), nsample

Arguments
conc vector of concentrations.
time vector of time points.
group vector of grouping variable.

alternative character string specifying the alternative hypothesis; default=t wo . sided.

nsample number of resampling iterations; default=1000.
data optional data frame containing variables named as conc, t ime and group.
Details

Comparing two AUCs assessed in a serial sampling design with a permutation test using a Monte
Carlo approximation for the permutation distribution. The difference between two AUCs is used as
the test statistic and not the z-statistic as suggested in Bailer and Ruberg (1995). In a serial sampling
design only one measurement is available per analysis subject at a specific time point.

Value

A data frame consisting of:

statistic estimate for the difference.
p.value p-value.
Note

Records including missing values are omitted.

Author(s)

Martin J. Wolfsegger
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References

Bailer A. J. (1988). Testing for the equality of area under the curves when using destructive mea-
surement techniques. Journal of Pharmacokinetics and Biopharmaceutics, 16(3):303-309.

Bailer J. A. and Ruberg S. J. (1995). Randomization tests for assessing the equality of area under
curves for studies using destructive sampling. Journal of Applied Toxicology, 16(5):391-395.

Nedelman J. R., Gibiansky E. and Lau D. T. W. (1995). Applying Bailer’s method for AUC confi-
dence intervals to sparse sampling. Pharmaceutical Research, 12(1):124-128.

See Also

auc.ssd, eqv.ssd.

Examples

## example from Nedelman et al. (1995)

m.030 <- c (391, 396, 649, 1990, 3290, 3820, 844, 1650, 75.7, 288)
£.030 <- c (353, 384, 625, 1410, 1020, 1500, 933, 1030, 0, 80.5)

m.100 <- ¢ (1910, 2550, 4230, 5110, 7490, 13500, 4380, 5380, 260, 326)
£.100 <= c (2790, 3280, 4980, 7550, 5500, 6650, 2250, 3220, 213, 636)
time <- ¢(1,1,2,2,4,4,8,8,24,24)

data <- data.frame (conc=c(m.030, £.030, m.100, £.100),
time=rep (time, 4),
sex=c(rep('m', 10), rep('f', 10), rep('m', 10), rep('f', 10)),
dose=c (rep (30, 20), rep(100, 20)))

data$concadj <- dataS$conc / dataS$dose

set.seed (523423)
ptest.ssd(conc=data$concad]j, time=data$time, group=dataS$dose)

## example from Bailer (1988)

time <- c(rep(0, 4), rep(l.5, 4), rep(3, 4), rep(5, 4), rep(8, 4))

grpl <- c(0.0658, 0.0320, 0.0338, 0.0438, 0.0059, 0.0030, 0.0084,
0.0080, 0.0000, 0.0017, 0.0028, 0.0055, 0.0000, 0.0037,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000)

grp2 <- c¢(0.2287, 0.3824, 0.2402, 0.2373, 0.1252, 0.0446, 0.0638,

o

.0511, 0.0182, 0.0000, 0.0117, 0.0126, 0.0000, 0.0440,
0.0039, 0.0040, 0.0000, 0.0000, 0.0000, 0.0000)

o

grp3 <- c(0.4285, 0.5180, 0.3690, 0.5428, 0.0983, 0.0928, 0.1128,
.1157, 0.0234, 0.0311, 0.0344, 0.0349, 0.0032, 0.0052,
0.0049, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000)

o
o

data <- data.frame (conc=c(grpl, grp2, grp3), time=rep(time, 3),
group=c (rep(l, length(grpl)), rep(2, length(grp2)), rep(3, length(grp3)))
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ptest.ssd

## function call with data frame with subsequent multiple comparisons
set.seed (62432)

pvalue <-
pvalue[1l]
pvalue[2]
pvalue[3]

rep (NA, 3)

<- ptest.ssd(data=subset (data, group==1 | group==2))Sp.value
<— ptest.ssd(data=subset (data, group==1 | group==3))S$p.value
<- ptest.ssd(data=subset (data, group==2 | group==3)) S$p.value

print (pvalue)
p.adjust (pvalue, method='holm')
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