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Abstract

The performance of linear mixed effects models for the comparison of dissolution profiles is examined. This type
of model is frequently used by statisticians, but is rather unknown to people that work in dissolution laboratories.
Hence, an extensive theoretical part was introduced to make the methodology more accessible. Firstly, repeated
measures ANOVA is discussed, followed by the ‘real’ linear mixed effects models. The theory is applied to two types
of dissolution data: one corresponding to an immediate and another to a slow release formulation. We tried to use
as much as possible the standard settings of the statistical software (S-plus). Suggestions are given to solve problems
encountered during model fitting. It was found that the statistical limits are much more discriminative than the
similarity factor. © 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

The evaluation of dissolution profiles has an
extensive application in the drug development and
manufacture of tablets and capsules. It is used
during the optimization of the pharmaceutical
dosage form, stability tests, the control of the
production process and the establishment of the
similarity between a new or generic formulation
and an existing one. It is also useful to develop in
vitro—in vivo correlations. In the guidance for
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scale-up and post approval changes (SUPAC) of
the Food and Drug Administration (FDA), it is
mentioned that for certain moderate changes, sim-
ilarity between two batches can be established by
using only in vitro dissolution testing (FDA Guid-
ance for Industry, 1995, 1997).

In most cases, two batches (a reference and a
test batch) have to be compared with each other.
In dissolution testing, the percentage of the active
component dissolved is measured at certain time
points. To obtain meaningful conclusions, it is
better to evaluate multiple time points or the
entire dissolution profile rather than to check at
only one time point whether a minimum percent-
age is dissolved. Several methods to compare dis-
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solution profiles were described. They are often
divided into ANOVA-based methods, model-de-
pendent and model-independent methods.

Although ANOVA-based methods rely on an
underlying model, they are not considered as
model-dependent since they do not really fit a
curve through the observed data. They test the
dissolution profiles for statistical differences in
‘level’ (size) and ‘shape’ (parallelism) (Mauger et
al., 1986; Yuksel et al., 2000). The results (P-val-
ues) showed that these methods were too discrim-
inative and investigated statistical rather than
pharmaceutical equivalence (Polli et al., 1996,
1997; O’Hara et al., 1998).

Other model-independent techniques are the
computation of the difference factor f; and the
similarity factor f,, originally described by Moore
and Flanner (1996) and now recommended (espe-
cially f,) by the FDA (FDA Guidance for Indus-
try, 1995, 1997). Values between 0 and 15 for f
and between 50 and 100 for f, indicate equivalent
dissolution profiles. The f, factor can be calcu-
lated as:

£,=50 x log{|:l +% S (R, — Tt)z]o‘s x 100}
)

with R, and 7, the percentage dissolved at time ¢
(for t=1, 2,..., n) for the reference and the test
batch, respectively, and w, the optional weight
factor (mostly w,=1). Two sets are considered
equivalent when there is no more than an empiri-
cally determined 10% average difference at any
sample time point. This yields a minimal f, factor
of 50.

Tsong et al. (1996) calculated the Mahalanobis
distance between the respective means of the ref-
erence and the test batch using the pooled vari-
ance—covariance matrix. Another possibility to
compare dissolution profiles is the calculation of
the areas under the curve (AUC) or the dissolu-
tion efficiencies (Anderson et al., 1998). When the
AUC is calculated using the trapezoidal rule, the
method is model-independent. When first a curve
is fitted, it is model-dependent. Recently, the use
of principal component analysis for the evaluation
of dissolution profiles was described (Adams et
al., 2001). The first two principal components

allow us to detect differences in level and shape.
Confidence limits can be constructed using the
bootstrap technique.

The so-called model-dependent methods all use
some kind of curve fitting procedure. Different
mathematical fit functions were investigated: the
zero and first-order, Hixson—Crowell, Higuchi,
quadratic, Weibull, Gompertz and logistic (Yuk-
sel et al., 2000; Polli et al., 1997). All these models
are employed to reduce the dimensions of the
observed data to a minimal number of parame-
ters. Although this simplifies the data handling
and interpretation (profiles can statistically be
compared through these model parameters), it
also implies that the models (with mostly only 1
or 2 parameters) are not very flexible. It is even
possible that a function fits the data of the refer-
ence set well while it gives inaccurate results for
the test set, due to a different shape of the dissolu-
tion profiles. Although none of the functions de-
scribed above are suitable to fit all types of
dissolution curves, the Weibull seems to be one of
the better choices. Another way of modeling is the
use of mixed effects models. They show a greater
flexibility and provide more statistical information
compared to mathematical functions like the
Weibull. A distinction can be made between linear
(LME) and non-linear mixed effects (NLME)
models. NLME models suppose that the underly-
ing mechanism that produces the response (here:
the dissolution process) is known. As an interest-
ing consequence, the model parameters have a
physical interpretation. An example of this mech-
anistic model applied to dissolution data was
worked out by Crowder (1996) using specialized
software. Although the results were good, the
method is complicated and difficult to implement
for people who are not familiar with this type of
model.

In this paper, the application of LME models
to dissolution data is examined using standard
statistical software. Since most of the information
that can be found about these models is very
statistically orientated, a comprehensive theoreti-
cal part is added to introduce this technique to
non-statisticians. The theoretical aspects will be
illustrated by analyzing real pharmaceutical disso-
lution data.
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2. Theory

2.1. Introduction

Throughout this text matrices are represented
as capital bold letters and vectors as small bold
letters. Scalars are indicated with small letters not
in bold. Predicted or estimated values for a vector
x or a matrix X are represented as £ and X,
respectively. The transpose X' of a matrix X is
obtained by interchanging the rows and columns
of X. The inverse X~ ! of a (non-singular) square
matrix X is such that X X~ '=X"' X =1, where
I is an identity matrix with all elements on the
principal diagonal (from top-left to bottom-right)
equal to 1 and all other elements being zero.

2.2. Mixed model analysis

Mixed model analysis allows us to investigate
factors whose levels can be controlled by the
researcher (fixed) as well as factors whose levels
are beyond the researcher’s control (random). For
dissolution experiments, this can be illustrated as
follows:

Batch®
| x Time"
Tablet?

Every tablet studied belongs to a certain, fixed
(F) batch (tablet nested in batch). From each
batch studied, a number of tablets are chosen at
random (R) and the dissolution curves are deter-
mined. The factor ‘Time’ is crossed with ‘Tablet’
(which is nested in ‘Batch’) since the percentage
drug dissolved is determined for each selected
tablet at previously determined, fixed (F) time
points. The combination of fixed and random
effects points to the mixed character.

In general, there are two possible approaches
for the statistical comparison of two or more data
sets. One can take one set as the reference, derive
confidence limits and check if the test set falls
within these limits. Another possibility is to exam-
ine whether the differences between the sets to be
compared are significantly different from zero.
Mixed effects models are more suitable for the
latter approach.

2.3. ANOVA-based methods for longitudinal data

These methods are based on the classical, well-
known ANOVA methods. Since for each tablet
the percentage dissolved is measured at several
time points, the analysis can be considered as a
repeated measures ANOVA. This approach is
known as the level and shape approach (Mauger
et al., 1986). Although they are in general not
considered as LME models, the underlying model
for dissolution data can be written as follows:

Y= p+ Bu+ Vit T+ U+ Zyy (2)

forh=1,...,g;i=1,...,n.,and j=1,..., p with g
the number of batches, n, the number of tablets in
batch k, N=2X%_n, the total number of tablets
and p the number of measurement points. y,,;
represents the measurement result at time j for
tablet i belonging to batch 4, u is the overall mean
of all measurements, £, the effect of batch & on
the result where X§_,f,=0, v, the interaction
between batch /2 and time j where X/_,y,, = 0 for
each batch / and 7, the effect of time j where
¥?_,1;=0. U, represents the (random) effect of
tablet i (belonging to batch /) and Z,; the (ran-
dom) measurement error. Two assumptions are
made: Uy, ~ N(0,v*) and Z,,, ~ N(0,¢?). This must
be interpreted that U, and Z,; are both normally
distributed with mean zero and variances v and
o2, respectively. In some statistical software pro-
grams (like SPSS), u represents the mean of one
of the batches. When u is equalized to the mean
of batch 2, this means in fact that S, is set to 0
and that f, expresses the difference between both
batches. It is also required that the reference and
the test batch are measured at the same time
points. Since the time scale is not effectively used
in the calculations, unequally spaced measure-
ment points are considered as equally spaced.

A typical ANOVA table for the study of disso-
lution data is given in Table 1. The sources of
variation can be subdivided in ‘between-subjects’
and ‘within-subjects’ factors (here: subjects =
tablets) (SPSS, 1997). A ‘between-subjects’ factor
is any factor that divides the subjects into discrete
subgroups (here: batches). A ‘within-subjects’ fac-
tor is any factor that distinguishes measurements
made on the same subject (here: each factor in
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connection with the time points at which each of

the tablets is measured). For each factor, the sum

of squares (SS) can be calculated (Massart et al.,

1997). The mean square (MS) is a variance esti-

mate that is obtained by dividing the sum of

squares (SS) by the corresponding degrees of free-
dom (d.f.). The following five terms can be stud-

ied (see also Table 1):

® Batch: allows us to study the difference in level
or size between the mean profiles of the
batches.

® Tablet (Batch): is used to calculate the error
term for the ‘between-subjects’ factors.

e Time: in fact this factor gives an answer to the
question: do the tablets dissolve as a function
of time? Probably they do, so this factor is not
very interesting to study.

® Time*Batch: this interaction allows us to study
the difference in shape (time profile) between
the mean profiles of the batches.

® Time*tablet (Batch): is used to calculate the
error term for the ‘within-subjects’ factors.
So, the most interesting factors to study are

Batch and Time* Batch. Correlated to model Eq.

(2), the first F-test (MSg/MS+,;,) tests the hy-

pothesis f,=0 (for h=1, ...,g) or the difference

in level or size between the batches. The other
interesting F-test (MSqy,«p/MSrperam) tests the
hypothesis v,;=v, (for h=1,....g for each time
point j=1,..., p) or if the mean profiles are
parallel (have the same shape). Although both a

Table 1

univariate and a multivariate approach for the
study of the within-subjects effect (shape) are
possible, the univariate is preferred (Yuksel et al.,
2000; SPSS, 1997). This univariate repeated mea-
sures ANOVA requires certain assumptions about
the homogeneity of the variance—covariance ma-
trix: it assumes on the one hand that the variances
are equal and on the other hand that the covari-
ances between the within subjects (measurement
times) are equal too. These typical assumptions
can be tested by Mauchly’s test of sphericity.
When they are not met, a correction factor like
the Greenhouse—Geisser € can be used to adjust
the degrees of freedom in the F-test.

2.4. Linear mixed effects models
A linear mixed effects model is in general repre-

sented in a somewhat other way than Eq. (2) and
can be defined as:

yi=Xp+Zb +e 3
with the assumptions: b, ~ N(0, D), €;,~ N(0, X£,)
and b,,..., by, &,,..., €y iIndependent.

Eq. (3) must be interpreted as follows: y; is the
(n; x 1) response vector for subject i (here: tablet
i), with n; the number of time points at which
subject i is measured for 1 <i<N and N the
number of subjects. X; (n; x p) and Z; (n, x ¢q) are
(known) design matrices for the p fixed and ¢
random effects, respectively. X; (n; x p) equals Z;

Example of an ANOVA table for the comparison of dissolution profiles

Source of variation d.f. MS F-test Model (2)
‘Between-subjects’

Batch [B] g—1 MS;, MSg/MS+, ) B
Tablet [Ta(B)] N—g MS;, ) U,
(nested in batch)

‘Within-subjects’

Time [Tm] p—1 MS+1n, MS1,,/MS 1 eram) T;
Time*batch [Tm*B] (p—DEe—-1 MS1p+p MS1+p/MStmsracs) Vi
Time*tablet [Tm*Ta(B)] P—-D(N—-g) MS e racs) Zyii
(nested in batch)

Total Np—1

The corresponding term of model Eq. (2) is given in the last column. d.f. = degrees of freedom, MS = mean square, g = number of

batches, N = total number of tablets, p = number of time points.
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(n; x q) x M; (¢ x p) where matrix M, indicates to
which batch tablet i belongs. g (p X I) is the
vector containing the p fixed effects, b,(¢ x 1) the
vector containing the ¢ random effects and ¢;
(n; x 1) the vector of the residual components or
random errors. Furthermore, b, and & are as-
sumed to be normally distributed with mean vec-
tor 0 and covariance matrices D (¢ x ¢) and ZX;
(n; x n;), respectively. 2; depends only on i
through its dimensions. The assumption that b,
and g; are independent means that the random
effects and the random errors are supposed to be
independent.

An example of Eq. (3) applied to dissolution
data is given below where the percentage dis-
solved of tablet i is measured at four time points:

Boo
ﬁOl
va) (1t227) (1B000000Y B, | (117
Vir 1t %7 001B0000O B, 1¢1¢°
= X X +
Yo | (122207 []00001B00 [ |By| 117
Yia 1t 27 00000015, Ba 1t¢
ﬁ30
B
yi=\Zi X Mi/ xp + Z
v
X;

An alternative way to represent Eq. 4 is:

Vi=Poo+ Bo1B)) + (Bro+ 1B X t;
+ (B + BB x ti + (B304 f31B) x t?/"’ bo;
F by Xty by X 15+ by x ]+ ¢

or

Yi= (Boo + BorB; + b)) + (B1o+ BB+ by;) X 1
+ (Bao + B2 Bi+ byy) x 1
+ (Bao+ B1Bi+ b)) x 15+ ¢ (5)

with: y, the percentage dissolved at time point j
for tablet i; oo, L10» Pa0» P30 the fixed effects

111

parameters for the reference set; fo1, f11> 21> P31
the differences between the reference and the test
batch for the fixed effects; by, by, b, bs; the
random effects associated with tablet i; ¢; the
residual components or random errors; and B; the
indicator variables (0 if tablet i belongs to the
reference and 1 if to the test batch).

In model Eq. (5), an intercept, linear, quadratic
and cubic time trend can be distinguished. So in
essence a polynomial function is fitted to the data.
When the tablets are measured at more than four
time points, it is possible in theory to add higher
order terms. However, this makes the formula
more complicated so that more parameters have
to be estimated.

s> &

€ir
€3

€4

o S
13

@

4)

Although models (2) and (5) look different,
some corresponding terms can be indicated: S, ~
W BoiBi~ B (o bijy Doy b3) ~ Uy, (Bro X 1,
Baox 1% Baoxt)~1, (BuBixt, [fyB;xt?
p1B;x t’) ~v, and g;~ Z,,. Compared to the
ANOVA model described in Section 2.3, model
Eq. (5) is more sophisticated and allows a greater
refinement of the random effects (by;, by, s b3;)
and the linear ((B,o+ B;; B;) X t), quadratic
((Bo + B> B) x ¢?) and cubic (B3 + B3 B) x 1°)
time trend. It shows many advantages when
working with unbalanced designs like missing val-
ues or data sets measured at different or un-
equally spaced time points.
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One of the main differences between both ap-
proaches is the estimation of the model parame-
ters. While the ANOVA-based approach uses the
least squares method, the LME models discussed
here make use of the more sophisticated maxi-
mum likelihood estimation (a basic introduction
to this method is given by Kuttatharmakul et al.,
(2000). In this estimation procedure, a distinction
is possible between ‘maximum likelihood’ (ML)
and ‘restricted maximum likelihood” (REML).
For the estimation of the fixed effects (f parame-
ters), the differences between ML and REML are
mostly negligible. For the random effects and the
residuals, REML is preferred because it corrects
for the loss of degrees of freedom due to the
estimation of the fixed effects (Verbeke and Mo-
lenberghs, 1997). In a first step, only D and X, are
estimated by REML. However, since D and X, are
not independent of g [see Eq. (6)], the maximiza-
tion is mostly done in an iterative way using the
Newton—Raphson and the expectation—maxi-
mization (EM) algorithm. A hybrid approach is
recommended, starting with some EM iterations
(bring the parameters quickly into the region of
the optimum, but converge slowly near the opti-
mum) followed by Newton—Raphson iterations
(quite unstable and computationally intensive far
from the optimum, but converge quickly near the
optimum) (Pinheiro and Bates, 2000). The maxi-
mum likelihood estimator of f is given by:

N o~
=<ZXZ-V,

i=1

1N R
lXt) Z XV Iyi (6)

i=1
with
V:‘ = Ziﬁz; + ii

V. is also called the general covariance matrix
because y; has marginal normal distributions with
mean X;f and covariance matrix V;= Var(y,).
Several structures can be used for the covariance
matrices D and X, One usually specifies the un-
structured type (UN) which does not assume the
covariance matrices to be of any specific form. An
overview of some frequently used covariance
structures can be found in Verbeke and Molen-
berghs (1997). The components of b; can be pre-
dicted using the best linear unbiased prediction
(BLUP):

b;=DZV~'(y;— Xp) )

The goodness of fit of the model can be evalu-
ated using the Aikaike Information Criterion
(AIC) or its variant: the Bayesian Information
Criterion (BIC), also known as the Schwarz’s
Bayesian criterion. In S-plus, these criteria are
defined as follows (Pinheiro and Bates, 2000):

AIC = —2logLik + 2n,,, ®)
BIC = —2logLik + n,, log(N) 9)

with logLik the logarithm of the likelihood func-
tion that is maximized in the ML or REML
procedure, n,,, the number of parameters in the
model and N the total number of observations
used to fit the model.

Defined this way, the lower the AIC and BIC
values, the better. It is interesting to mention that
the SAS software gives a somewhat different defi-
nition so that there the higher values are deemed
the better (Verbeke and Molenberghs, 1997). The
advantage of using the AIC or BIC is that these
criteria take into account the complexity of the
model (~n,,,).

For the comparison of two models, the likeli-
hood ratio test (LRT) is used:

Lik,
Lik, ~ = 2(logLik, — logLik;)
for Lik, > Lik, (10)

If n; is the number of parameters to be esti-
mated in model i, a P-value can be calculated for
LRT from a y? distribution with n, —n, degrees
of freedom. It is important to keep in mind that
to compare models with a different fixed effects
structure, estimates based on ML are preferred.

2.5. Working procedure to fit LME models

Since the estimation of all the parameters in
model Eq. (5) by the ML or REML process
sometimes shows convergence problems, in a first
step, the random effects parameters (by; by; by;
and b5;) are reduced to one (b,):

Vi= Boo+ BorB;+ bo) + (B1o+ f11B) x t;

+ (Bao + f21B;) X lé““ (B30 + B31B) x 13"“ &
(11
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Together with the estimation of the parameter
values, also their significance is given in the output.

In a second step, the fixed effects part of the
model is simplified by omitting the fixed effects
parameters with a low significance (for example
P-value > 0.05). This is done in a hierarchical way,
starting with the highest-order terms. Lower-order
terms are kept when a higher-order term is signifi-
cant and a fixed effect parameter S, f10, f20 OF
P 1s not removed when the corresponding differ-
ence indicating parameter f,;, f1;, P2 Or B3 1S
significant. Each time a parameter has been deleted,
the model must be refitted.

Next the random effects parameters are added
successively (b,; — b,; — b;;). The goodness of fit of
each model is evaluated and compared with the
previous, less complex model using the AIC and
LRT. For the reason mentioned in Section 2.4
(comparison of models), it is better to use ML
during model refinement and REML for the defin-
itive estimates. When adding the b-parameters one
by one, it is possible that at a certain step, no
convergence is reached with the standard settings.
Although it is sometimes possible to obtain conver-
gence by modifying these standard settings, it can
be a time consuming procedure. It is better to adapt
the time scale by centering or to use orthogonal
polynomial contrasts (an example will be given in
Section 4.2). When the fixed and random effects
parameters are determined, some diagnostic plots
can be constructed like the residuals versus fit, the
autocorrelation of the residuals and the response
versus fit. According to the assumption g ~ N (0,
X',), the residuals should be homogeneously spread
around zero. This means that a horizontal cluster
is obtained around the zero line of the residual
versus fit plot. The autocorrelation function of the
residuals (the correlation is referred to as autocor-
relation in the context of time-series data) takes
values between — 1 and | such that the correlation
is 1 for identical time points (lag = 0, where the lag
unit describes the shift or ‘distance’ between two
successive time points). For lag > 0, the autocorre-
lation should be small. When the spread of the
residuals is not homogeneous and autocorrelation
for lag > 0 is high, a certain structure (autoregres-
sive of order 1 or AR(1)) for the covariance matrix
D can be applied (Pinheiro and Bates, 2000).

2.6. Software

For the ANOVA-based methods, SPSS 8.0 for
Windows (SPSS, Chicago, IL) was employed in the
mode General Linear Model-Repeated Measures.
S-plus 2000 (MathSoft, Seattle, WA) was used to
study the LME models. Unless otherwise men-
tioned, the standard settings of the program were
used.

3. Data

The methods described above were applied to
two data sets. These data are the same as used in
a previous paper about the evaluation of dissolu-
tion profiles with principal component analysis
(Adams et al., 2001).

Data A were obtained from the industry and
consisted of a reference batch (Ar) and a test batch
(At). Twelve tablets of each batch were measured
at four time points (15, 30, 45 and 60 min). Fig. 1
shows the 12 dissolution profiles of Ar, together
with four profiles of At. As can be seen, at the first
time point measured (15 min), the percentage
dissolved is already relatively high. The mean
profiles of both batches are shown in Fig. 2. The
/> factor, calculated for data A, is 83. So, according
to the FDA guidelines, these batches can be consid-
ered as similar (£, > 50).

20

% dissolved

40 50 60

time (min)

10 20 30

Fig. 1. The 12 dissolution profiles of Ar with dissolution
profile 6 indicated with ‘— x -’ and profile 8 with ‘—*-’.
Dissolution profiles 2 and 7 of At are indicated by ‘--O--" and
profiles 11 and 12 of At by ‘--+ --".
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Data B were obtained from the literature
(Tsong and Hammerstrom, 1994) and also consist
of a reference (Br) and a test set (Bt). In this case,
measurements on 12 tablets of each batch were
performed at seven time points: 1, 2, 3, 4, 6, 8 and
10 h. Notice that these time points are unequally
spaced. The individual profiles of Br are shown in
Fig. 3. It can be seen that the profiles are more
gradually increasing compared to data A. Fig. 4
shows the mean profiles of both sets. When the f,
factor was computed for data B, 64 was obtained.
Since this value is higher than the limit of 50, also
these two sets are not considered pharmaceuti-

100

80

60

% dissolved

40

20}

—_

04— .
0 10 20 30 40 50 60
time (min)

Fig. 2. Mean profiles of both batches of data A (reference
‘— 4 =7, test ‘—O-"), together with the fitted average profiles
using the parameters of Table 2 (—) and Table 3 (----) after
time scale centering.

100
90
80
70

60 -

% dissolved

500
40
300
20

10

2 4 [ 8 10
time (h)

Fig. 3. The 12 dissolution profiles of Br with dissolution profile
2 indicated with ‘—~ O -’ and profile 9 with ‘—*-".

% dissolved

0 2 4 6 8 10
time (h)

Fig. 4. Mean profiles of both batches of data B (reference
‘— + -7, test ‘—O-"), together with the fitted average profiles
using the parameters of Table 4.

cally different.

For data A as well as data B, it is important to
mention that no measurements were performed at
time point 0. Consequently, the point (0,0) was
not taken into account to fit the different models.

4. Results and discussion

4.1. Univariate repeated measures ANOV A

For data A (g=2, p=4, N=24), the first
F-test (MSp/MSrt, ) indicated that the general
level of the profiles of both batches is similar
(significance = 0.974). Concerning the other F-test
(MS1psp/MSerasy), Mauchly’s test indicated
that the assumptions about the variance—covari-
ance matrix of the within-subjects were not met
(significance = 0.000). Using a correction factor
(Greenhouse—Geisser £ =0.351), a significance of
0.032 was obtained (0.003 without correction).
This means that this test indicates that the general
shape of the profiles of both batches is different
when a level of significance of 5% is considered.
Of course, at a lower level (1% or even 0.1%) both
sets are considered similar.

In a next step, the logarithm of data A was
calculated. This transformation was done in an
attempt to make the data more linear. However,
the results were similar as for the original data: no
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difference in level (significance = 0.987), Mauchly’s
test still indicated that a correction factor was
necessary and the shape (significance = 0.047) was
found different at a 5% significance level. So, using
the logarithm of the original data does not show
any advantage.

When data B (g=2, p=7, N=24) were ana-
lyzed, the level of the profiles of both batches was
also  found  similar  (significance = 0.480).
Mauchly’s test (significance = 0.061) showed that
the assumptions about the variance—covariance
structure are met. Consequently a correction factor
is not necessary to evaluate the general dissolution
curve shape of both batches. The significance of the
second F-test was 0.000 so that the shape of the two
sets is considered different.

So, compared to the f, factor, where the two sets
of data A as well as these of data B are considered
pharmaceutically equivalent, the ANOVA-based
methods are much more discriminative.

4.2. Linear mixed effects models

4.2.1. Data A

Following the steps of the working procedure
(see Section 2.5), the parameters of model Eq. (11)
were estimated by ML and the AIC,,; amounted
to 531.1. p5; was found to be not significant
(P-value = 0.9398). After removing this parameter,
the model was refitted. The AIC,, of this new
model was somewhat lower (529.1). The LRT
revealed that both models were equivalent (P =
0.9369), but the latter is preferred because it is less
complex. f35, has in the latter model a P-value of
0.0009 and so it is not deleted. Since f,, is not
significant (P-value = 0.3080), it is omitted and the
new model is refitted (AIC,;; = 528.2). According
to the LRT, the latter model is equivalent (P =
0.2880) to the previous one and because it contains
less parameters, it is preferred. All parameters left
in the model now are significant (P < 0.0001),
except for f,; (P =0.1184). However, this parame-
ter is kept in the model because the corresponding
parameter in the higher-order term (/) is signifi-
cant at the 5% level. So, the fixed effects part of the
model reveals that the mean curves of both sets of
data A have a significant intercept (fo,), linear
(f10), quadratic (f,,) and cubic (f5,) time trend. A

significant difference between both batches is found
in the linear time trend (f,,).

Next, the random effects will be further refined.
When b,; was added to the model, the AIC,,.
decreased to 491.8. According to the LRT, the
addition of a random effects parameter in the linear
time trend, significantly improves (P < 0.0001) the
model. When the model was extended with a
random effects parameter in the quadratic trend
(b,;), it led to no convergence using the standard
settings of the LME models in S-plus. So, the
equation of the provisional best model obtained for
data A can be written as:

Vi= Boo+ BorB;+ by) + (Bro+ BB+ by) x t;
+/820X[?/+ﬁ30><[?/+3;7 (12)

The ML as well as the REML estimates for the
parameters of model Eq. (12) are shown in Table
2. As can be seen, the estimates obtained by ML
and REML are the same for the fixed effects
parameters, but the standard error is slightly differ-
ent. For the random effects too, small differences
are observed as expected. The fixed effects parame-
ters were used to the fit average profiles of both
batches of data A (Fig. 2). One has to keep in mind
that (0,0) was not measured and was not used in
the calculations. So the calculation of the piece cut
on the Y-axis, corresponding to the intercept of Eq.
(12), is an extrapolation of the measured data. Since
ANOVA and LME models are not well suitable for
extrapolations outside the data space, one has to be
careful with the statistical interpretation of the
calculated intercept. The linear term of Eq. (12)
describes the general slope, the quadratic term the
curvature and the cubic term a second minimum/
maximum like the dip at approximately 55 min.
Fig. 5 shows the random effects plot. It can be seen
that the profile of tablet § of the reference set has
a clearly lower intercept than the other curves of
that set. The curve of tablet 6 has also a low
intercept, but shows a clearly different linear time
trend ( ~ slope). This can be related to the profiles
indicated in Fig. 1. Tablets 2 and 7 of the test batch
(14 and 19 in Fig. 5) also show a clearly different
linear time profile. The profiles of tablets 11 and 12
of the test set (23 and 24 in Fig. 5) must be rather
flat with a high intercept and a small linear time
trend. The profiles of these tablets are also plotted
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Table 2
ML and REML estimates of the parameters of model Eq. (12) for data A

Parameter ML estimate P-value REML estimate P-value
(standard error) (t-test) (standard error) (z-test)
Poo 56.69583 <0.0001 56.69583 <0.0001
(3.502551) (3.504897)
Por —4.16667 0.2555 —4.16667 0.2607
(3.568575) (3.608899)
Pio 2.47323 <0.0001 2.47323 <0.0001
(0.252304) (0.249639)
B 0.11317 0.0153 0.11317 0.0164
(0.045470) (0.045984)
Po —0.05406 <0.0001 —0.05406 <0.0001
(0.007375) (0.007294)
o 0.00038 <0.0001 0.00038 <0.0001
(0.000065) (0.000065)
S.D.(by;) 8.287495 8.664086
S.D.(by) 0.099406 0.104225
S.D.(g;) 1.402439 1.432602
AIC 491.8 527.5
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Fig. 5. Random effects plot of model Eq. (12) for the tablets of data A (1-12: reference, 13—-24: test set). ‘Intercept’ is the piece cut
on the Y-axis and ‘time’ represents the linear time trend.



E. Adams et al. / International Journal of Pharmaceutics 226 (2001) 107-125 117

Autocorrelation

0.5 r

27 ° °
o
& o
14 o o ©
o
© o ° Ooo o
© °% oo
)
N o OQ i 08 ) i
K%} | o
% 0 °© ° ® % OOO% 00° o%
7] o o
& o Ooo ° © © oo ° & o
o
o o o o %4 o
17 ° °
o
)
2 .
o
T T T T
70 80 90 100
(a) Fitted values
100
95 7
90 7
o
@
2
2 85
@
Q
4
80 7
00
00
75 . °
° o
70 7
= o
T
70
(©)

0.0 0.5 1.0 15 2.0 25 3.0

(b)

L

o

o o
© o
58 °
Q 88%}“90
S
o
® g8 °
. &8
Qm © r
o @ ©
800
oL L
o]
o
T T
90 100

Fitted values

Fig. 6. Diagnostic plots of model Eq. (12) for data A. (a) Residuals versus fitted values; (b) autocorrelation of the residuals; (c)

response versus fit.

in Fig. 1 and confirm these findings. Similar con-
clusions were drawn when the same data were
analyzed using principal components (Adams et
al., 2001). Fig. 6a shows a plot of the residuals
versus fitted values. The residuals are not com-
pletely homogeneously spread, which means that
there is still some correlation in these values. In
other words, not all information is explained by
the model. This is also noticed in the autocorrela-
tion plot of the residuals (Fig. 6b). Remember
also that Mauchly’s test of sphericity (Section 4.1)
indicated that the typical assumptions about the
variance—covariance matrix of the within-subjects
were not met for data A. Fig. 6¢c shows the
response versus fitted values. Although some in-

teresting conclusions can be drawn from model
Eq. (12), not all possible information is used. In a
next step, the model will be developed further. As
described above, it was not possible to include b,;
in model Eq. (12) due to convergence problems
using the standard settings of the program. Now
some variants will be examined to see if better
results can be obtained. In a first attempt, the
number of iterations of the EM and Newton-
Raphson algorithm was adapted. Default 25 EM
iterations are performed and the maximum num-
ber of optimization iterations (maxIter) is 50, i.e.
maximum 25 Newton—Raphson iterations. When
EM was increased to 50 and maxIter to 100,
convergence was reached when b,; was added to



118 E. Adams et al. / International Journal of Pharmaceutics 226 (2001) 107-125

Eq. (12) (AIC, =418.4). Even b5 could be
added in the ML mode (AIC,,, = 387.2), but not
in the REML mode. When EM was adapted to 15
and maxIter = 100, convergence was also reached
for REML (AICggy; =430.4). The addition of
b,; and b;; means a greater refinement of the
model (significant lower AIC,, values (P <
0.0001)) and the plot shown in Fig. 5 can now be
extended with a random effects plot for the
quadratic and cubic time trend. The conclusions
are about the same as discussed for Fig. 5. Only
tablet 8 of the reference set could not be identified
anymore as somewhat deviant from the other
curves of the batch. The residuals are not yet
homogeneously distributed and the autocorrela-
tion at lag 1 is still too high. However, the main
problem is that there are no rules how to adapt
EM and maxIter and the trial-and-error approach
can take a lot of time.

One of the causes of the convergence problem
can be the unit of the time scale. When minutes
are used as above, ¢? and ¢3 for times like 60 min
result in large figures. The corresponding coeffi-
cients (B,, and P5,) on the other hand become

Table 3

very small and can make the calculation unstable.
When the time scale was expressed in hours,
model Eq. (12) could be extended with b,; without
problems for the estimation of the parameters
using the standard settings, but no convergence
was obtained when b;; was added. Another possi-
bility to adapt the time scale is to center the time
points (from each time point, the mean is sub-
tracted so that —22.5, — 7.5, 7.5 and 22.5 were
used for data A). Using this time scale, it is
possible to calculate the parameters of model Eq.
(13) without convergence problems:

Vi =Boo+ Bo1B;+ bo;)) + (Bro+ B11Bi+ b1 x 1

+ (Boo + b)) X 15+ (B30 + b3) X 15+ &

(13)

The results for the REML estimation of the
parameters are shown in Table 3. Due to the
centering of the time axis, the Y-axis is now in the
middle of the profile. This explains why the inter-
cept is much higher compared to the value of
Table 2. It also means that the calculation of the
intercept is not based on extrapolation. The more
random effects parameters are introduced in the
model, the better the profile of each individual

REML estimates of the parameters of model Eq. (13) for data A using centering of the time scale or orthogonal polynomial

contrasts to estimate the random effects part

Parameter Time scale centering Orthogonal polynomial contrasts
REML estimate P-value REML estimate P-value
(standard error) (t-test) (standard error) (¢-test)

Boo 92.53170 <0.0001 53.96273 <0.0001
(1.484298) (3.658403)

Bos 2.35692 0.2586 1.29955 0.5748
(2.032281) (2.281932)

Bio 0.08152 0.0001 2.51572 <0.0001
(0.018956) (0.185603)

By 0.02818 0.0330 0.02818 0.0330
(0.012947) (0.012947)

B0 —0.01085 <0.0001 —0.05406 (0.003937) <0.0001
(0.000874)

B0 0.00038 <0.0001 0.00038 <0.0001
(0.000028) (0.000028)

S.D.(by;) 5.298758 5.796885

S.D.(byy) 0.085495 19.463823

S.D.(b5) 0.004267 9.396178

S.D.(b3) 0.000133 2918168

S.D.(g;) 0.165530 0.188583

AICremL 4304 4304
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Fig. 7. Random effects plot of model Eq. (13) for the tablets of data A (1-12: reference, 13—24: test set), after centering the time
scale. ‘Intercept’ is the piece cut on the Y-axis, ‘center’ represents the linear, ‘center A 2’ the quadratic and ‘center A 3’ the cubic time

trend.

tablet is fitted [model Eq. (13) has a lower AIC
than model Eq. (12)], but this does not necessarily
mean that the average curve is fitted better as
shown in Fig. 2. However, the average profile is
not necessarily the best representative for a set of
curves. This is certainly true when some curves of
the set show a cubic trend and others do not. So,
it is important to notice that refining the random
effects part of the model will also influence the
fixed effects part. Fig. 7 shows the random effects
plot for model Eq. (13). Tablet 8 of the reference
set can still be recognized as having a deviating
intercept. Tablet 6 of the reference batch has the
largest linear effect parameter of its set, but it is
less pronounced than in Fig. 5. The profiles of
tablets 2 and 7 of the test batch (14 and 19 in Fig.
7) can best be distinguished in the plot of the
random quadratic trend. Test tablets 11 and 12

(23-24 in Fig. 7) also show somewhat deviating
fitted parameters. When the range of the linear,
quadratic and cubic parameters for the reference
(1-12) and the test set (13—24) are compared, it
can be concluded that the variability of the test
set is larger. This is also in correspondence with
the original data and with the conclusions previ-
ously found by principal component analysis in
combination with the bootstrap technique
(Adams et al., 2001). Fig. 8 shows some diagnos-
tic plots: (a) although the residuals are distributed
differently compared to Fig. 6, they are still not
homogeneously distributed; (b) the autocorrela-
tion at lag 1 is still high; (c) the response versus fit
plot is clearly better compared to Fig. 6c.
Another method to deal with the time scaling
problem is the use of orthogonal polynomial con-
trasts (Milliken and Johnson, 1984). This function
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can easily be applied in S-plus using the poly-
(time, 3) command in the formula. Without going
into detail about the background of this method,
the time points are in fact replaced by levels and
made independent of the units used. The condi-
tion that the time points must be equally spaced is
fulfilled for data A. Using orthogonal polynomial
contrasts for the random effects, it is possible to
calculate the parameters of model Eq. (13) with-
out convergence problems. The results are also
shown in Table 3. Remark that the AIC value is
the same as obtained after centering of the time
axis. In the random effects plot (Fig. 9), the
intercept, quadratic and cubic part resembles Fig.
7, but the linear part is more similar to Fig. 5. The
diagnostic plots were the same as in Fig. 8. This

E. Adams et al. / International Journal of Pharmaceutics 226 (2001) 107-125

means that with none of the methods a homoge-
neous spread of the residuals nor small autocorre-
lations could be obtained. Giving the AR(1)
structure to the covariance matrix D did not
change much and the AIC was even higher.

It is interesting to mention that the same results
as for the ANOVA-based methods can be ob-
tained using orthogonal polynomial contrasts for
the estimation of the fixed effects parameters of
model Eq. (11). The intercept must now be inter-
preted similarly as described for the centering of
the time scale. It indicates the average size of each
profile. After estimating the parameters, several
F-tests are performed: S, =0, £, =0, f,0=

Bro= Pz =0 and B, = B, = f3, =0. The respec-
tive P-values are: < 0.0001, 0.9739, < 0.0001 and
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Fig. 9. Random effects plot of model Eq. (13) for the tablets of data A (1-12: reference, 13—24: test set), using orthogonal
polynomial contrasts. ‘Intercept’ is the piece cut on the Y-axis, ‘poly(time, 3)1’ represents the linear, ‘poly(time, 3)2’ the quadratic

and ‘poly(time, 3)3’ the cubic time trend.

0.0032. The fact that f, is significantly different
from 0 is not very interesting because it just
means that there is a significant intercept. The
second test, corresponding to MSyz/MSy, 5, in
Table 1, indicates that the average size of the
mean profiles of each batch is similar. o = f,, =
Pi =0 tests whether the tablets dissolve as a
function of time and is similar to MSp,/
MS 1 ,eras). The last test corresponds to MSy, g/
MS 1 rasy and indicates that there is a global
difference in time profile between the two batches
at a 5% level of significance. So, the P-values
found here are exactly the same as those obtained
with the ANOVA-based methods (without the
Greenhouse—Geisser correction factor) which
means that the structure of model Eq. (11) is
comparable to that of model Eq. (2). However,
the LME models show many advantages: they

allow to fit a real curve to the experimental data,
the factor time can be examined more accurately
since it is split up into its linear, quadratic and
cubic trend (also called variance components) and
the random effects part can also be defined more
precisely by extending model Eq. (11) with b,;, b,;
and b;. It also takes into account the real spacing
between the data and can still be used when both
batches are measured at different time points
and/or contain missing values.

The most important question, however, is
whether the two batches are similar or not. The
difference between the batches is indicated by the
parameters Sy, f11, f1 and f5,. Parameters f,,
and f5, were found not to be significant at the 5%
level of significance. Model Eq. (13) corresponds
to the model with the lowest AIC. Although time
scale centering and orthogonal polynomial con-
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trasts do not yield the same values for the
parameters, the conclusions are the same. Like for
the repeated measures ANOVA, these conclusions
depend strongly on the level of significance. At a
5% level, f3,, is not significant, but f,, is. So, both
batches differ only in the linear part of the equa-
tion ( ~ slope). At a 1% level, both parameters are
not significant and the two batches are considered
similar. Remember that according to the actual
FDA guidelines, the reference and test set are
considered not to be different ( f, = 83).

4.2.2. Data B

The working procedure described in Section 2.5
was also applied to data B. The AIC,,, value for
model Eq. (11) amounted to 785.7. The P-value
of £ (0.1938) indicates that there is no signifi-
cant difference between both batches in the cubic
time trend. When f;, was removed and the
parameters were recalculated by ML, the AIC,,,
was 785.5. Both models were found equivalent by
the LRT (P =0.1822) so that the latter is pre-
ferred because it contains less parameters to be
estimated. Since all parameters in this model are
significant (P < 0.0001), the fixed effects structure
could not be further simplified. The introduction
of b,; reduced the AIC,, to 773.4. According to
the LRT, this is a significant (P =0.0003) im-
provement of the model. When the model was
enlarged with b,;, the AIC,,, increased to 775.7 so
that this addition is not necessary to refine the
model. So, the best model for data B is:

Table 4
REML estimates of the parameters of model Eq. (14) for data
B

Parameter REML estimate P-value (¢-test)
(standard error)

Poo 32.32590 (1.071395) <0.0001

Boi —11.85023 (1.259125) <0.0001

Pio 13.94953 (0.623487) <0.0001

B 4.22639 (0.431214) <0.0001

B0 —1.56643 (0.123673) <0.0001

P —0.24056 (0.036823) <0.0001

P30 0.07041 (0.007379) <0.0001

S.D.(by,) 2.120088

S.D.(by) 0.297404

S.D.(gy) 1.798581

AICremL 795.6

Vi= Boo+ Bo1Bi+ bo) + (Bio+ BB+ byy) X 1
+ (B2 + B21B;) x 154‘/))30 X l}'}‘“ & (14)

The REML estimates for the parameters are
given in Table 4. The fits on the average profiles
of the reference and the test set are shown in Fig.
4. Also here one has to be careful with the inter-
pretation of the intercepts. The random effects
plot can be found in Fig. 10. Tablet 9 of the
reference set has a clearly different intercept. In
Fig. 3, it can be seen that the profile of tablet 9 is
systematically lower than the other profiles. In
this figure, the curve of tablet 2 is also indicated.
The curve starts relatively low and ends relatively
high. This explains the rather high linear time
effect found in Fig. 10. When the variability of
the tablets within each of the two sets is evalu-
ated, the reference set has a slightly wider range.
All these assessments are similar to those obtained
using principal component analysis (Adams et al.,
2001). Fig. 11 shows the diagnostic plots. The
residuals (Fig. 1la) are homogeneously spread
and the autocorrelation of the residuals (Fig. 11b)
is low. This is in accordance with the results of
Mauchly’s test which indicated homogeneity of
the variance—covariance matrix for data B. The
response versus fitted values plot is shown in Fig.
I1c. Next it was checked if the model would still
improve when the AR(1) structure was defined for
the covariance matrix D. Since the AIC increased,
this supplementary modeling can better be
avoided.

Concerning the question whether both batches
are similar or not, it can be seen in Table 4 that
o1, P11 as well as f,, all have P-values < 0.0001.
This means that even at a level of significance of
0.01%, the two batches are considered statistically
different. For comparison, the similarity factor
indicated similarity ( f, = 64).

5. Conclusion

The use of LME models was evaluated for the
comparison of dissolution profiles. Besides the
‘real’ LME models, a repeated measures ANOVA
was applied too and the link between both was
demonstrated. Two different types of formula-
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Fig. 10. Random effects plot of model Eq. (14) for the tablets of data B (1-12: reference, 13—24: test set). ‘Intercept’ is the piece

cut on the Y-axis and ‘time’ represents the linear time trend.

tions were examined, each consisting of a refer-
ence and a test batch. Although some experience
is required, the LME models allow us to analyze
the data very accurately and can indicate small
differences. Statistically seen, two sets are equiva-
lent when all the difference indicating parameters
do not significantly differ from zero (point hy-
pothesis). Even at a level of significance of 0.01%,
the statistical limits are much more discriminative
than the f, factor (actually recommended by the
FDA) and indicate differences where the f, factor
does not. Since the statistical methods do not
confirm what specialists would like to see, they
are often considered as inconvenient. An improve-
ment of the statistical approach can be the use of
an interval hypothesis test instead of a point
hypothesis (Massart et al., 1997). The acceptance
limit can be defined in cooperation with the phar-
maceutical industry.

Another problem using LME models is that the
maximum likelihood method to estimate the
parameters does not always reach convergence
when the standard settings of the software are
used. Centering the time axis or introducing or-
thogonal polynomial contrasts can solve the prob-
lem. When the typical assumption about the
covariance matrix for the data is not fulfilled, the
information left in the residuals can not be mod-
eled in an easy way.
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