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Abstract

The use of principal component analysis (PCA) for incomplete dissolution data sets is examined. The PC space is
constructed using a reference set and the test set is projected in that space. Several cases such as a reference set with
missing data, an incomplete test set and both sets measured at different time points, are discussed using two examples:
one simulation and one obtained from the pharmaceutical practice. From the many possibilities to deal with missing
data, the expectation—maximization algorithm in combination with PCA was chosen. The influence on the similarity
or f, factor is examined too. The sampling with replacement or bootstrap technique, which can be used to obtain
confidence limits, can also be used when missing data are present in one of the data sets. © 2002 Elsevier Science B.V.

All rights reserved.
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1. Introduction

The dissolution test for tablets and capsules was
introduced in the main pharmacopoeias like the
USP and the Ph. Eur. to ensure that the active is
released from the galenic form and becomes avail-
able for absorption in the gastrointestinal tract. In
most cases, the dissolution characteristics of a test
batch have to be compared with those of a reference
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one. A popular, simple way to evaluate the disso-
lution process is to check whether a minimum
percentage of activity is dissolved in a predefined
time. However, this single-point approach is only
useful for highly soluble and rapidly dissolving
drugs because for poorly soluble or slowly dissolv-
ing drug products, the dissolution curves of two
batches can differ significantly before reaching the
same value at the predefined time point. In vivo,
this can result in different plasma concentrations.
Consequently, it is better to compare the percent-
ages of active dissolved at several time points or
even the whole dissolution profiles (FDA Guidance
for Industry, 1995, 1997).
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The FDA recommends the use of the similarity
or f, factor, which is calculated as:

1 n —0.5
£, =50 x log{[l +=Y w(R,— T,)z] x 100}
n

t=1

with R, and 7, the average 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 the £, factor is between 50 and
100. A value of 100 is obtained when both batches
are identical. The lower limit of 50 was deter-
mined empirically by permitting a 10% average
difference at any sample time point.

Another interesting tool to deal with multiple
time point comparison is principal component
analysis (PCA) (Adams et al., 2001). For the data
sets studied in Adams et al. (2001), the dissolution
profiles with a systematically higher or lower per-
centage can be recognized along the first principal
component (PC1) in the PCA scores plot. Along
PC2 the dissolution profiles with a different shape
can be seen. A 95% confidence limit was con-
structed using the bootstrap technique.

When many data have to be measured, the
possibility arises that some values are missing. In
this case, case deletion and imputation methods
are frequently used to obtain a ‘complete’ data set
without missing values. In case deletion, all sub-
jects (here: tablets) with missing values are omit-
ted. It is clear that this approach is inefficient
when only a small number of subjects (typically 6
or 12 tablets) are measured since a part of the
information is discarded. Imputation methods im-
ply that the missing data are filled in with plausi-
ble values. The easiest way is to replace the
missing value(s) by the mean for that variable.
However, by doing so, the correlation between the
data is not respected and the covariance structure
can be seriously distorted. Another possibility is
the expectation—maximization (EM) algorithm.
This can easily be combined with PCA (EM(-
PCA)) (Nelson et al., 1996; Grung and Manne,
1998). A method favored by statisticians is the
maximum likelihood estimation (MLE) (Duncan,
1986). However, it is complicated and difficult to
implement.

In this paper, the performance of the EM(PCA)
approach is examined using two examples. The
first one is a simulation where some elements of
the complete set of dissolution data B used by
Adams et al. (2001) are omitted to create an
incomplete one. This is done for both the refer-
ence and the test set. As a special case of missing
data, the fact that the two data sets are measured
at different time points is considered. For all three
situations, the missing values are replaced with
the predicted values obtained by the EM(PCA)
algorithm. Next, PCA is performed on the recom-
posed, originally incomplete data set and the re-
sults are compared with the results obtained with
the initial, complete data set. The use of the
PCA-bootstrap technique in combination with in-
complete data sets will also be discussed. Al-
though the EM(PCA) algorithm for missing
values is specific to be followed by PCA, the
influence on the f, factor is examined too.

A second example is obtained from the phar-
maceutical practice. In the scope of a comparative
study between different generic tablet formula-
tions on the Tanzanian market, dissolution profi-
les for the same batches were obtained in
Tanzania as well as in Belgium. Since both data
sets are measured at different time points, the
EM(PCA) procedure is applied to be able to
compare the dissolution data of both countries.

2. Theory

2.1. Principal component analysis

Principal component analysis (PCA) is a tech-
nique that allows to explore multivariate data.
Here only the most essential topics will be men-
tioned. More detailed information can be found
in Adams et al. (2001). To perform PCA, singular
value decomposition (SVD) on X, the column
centred matrix of X, is used:

X.(m xp)=X—X=U@m x a)A(a x a)V'(a x p)
=T(m x a)V'(a x p)

where m is the number of objects (here: the num-
ber of tablets measured in the batch), p is the
number of original variables (here: the number of
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time points) and a is the number of principal
components (PCs), with a=m—1 if m<p or
a=p if m>p. U is the unweighted (normalised)
and T the weighted (unnormalised) score matrix.
V is the loading matrix containing the loadings of
the original variables on the different PCs and A
is a diagonal matrix with the singular values /
(for j=1, 2,... a) on the main diagonal. Since
M= A= ... = 4, the first PCs contain the most
relevant information, while the remaining PCs
contain only noise.

2.2. EM(PCA) algorithm

The expectation—maximization approach is a
very general and efficient tool to deal with missing
data. The EM algorithm depends on the type of
analysis performed afterwards. Since PCA is ap-
plied here, the EM(PCA) procedure will be used.
This can be summarized as follows:

1. Replace the missing elements in data matrix X
with their initial estimates, for instance, the
mean values for the corresponding variable.

2. Perform PCA of the completed data set.

3. Reconstruct the data matrix X with the pre-
defined number of significant principal compo-
nents. This results in the matrix of the
predicted values X.

4. Replace the missing elements in the original
matrix X with their predicted values from X
(the observed values of X remain unchanged).

5. Repeat steps 2 to 4 till convergence.

The result is the original data matrix X in which

the missing elements are replaced by the predicted

values from the EM(PCA) algorithm. It is impor-
tant to emphasize that the values for the missing
data are optimized in order to be further analyzed

by PCA.

The convergence f was calculated as:
fv_ SSmiss(r) — SSmiss(r — 1)

Bl SSmiss(r - 1)

where SS,, (for iteration r) = Z7_,(%;)* and c is
the estimated value for the missing element x,.

The EM(PCA) parameters fulfil the least square
criterion since the EM(PCA) approach minimizes
the sum of the squared residuals: min(Z(x; — £,)?)
with x,eX and %,eX

2.3. The bootstrap technique in combination with
EM(PCA)-PCA

The use of the sampling with replacement or
bootstrap technique to simulate the distribution
of the mean in the PC space and the construction
of a 95% confidence limit is explained in Adams et
al. (2001) for complete data matrices. In the case
of missing values in one of the dissolution sets,
two possible approaches will be further discussed:
— EM/BOOT/PCA: the missing values in matrix

Xiss (1 X p) are first replaced by their values

estimated by EM(PCA) to yield a matrix X

(m x p). Next, n bootstrap matrices (X;, X,...,

X,) are formed, all with size (m x p). After

computation of the n column mean vectors

with size (1 x p), an (n x p) matrix is formed
followed by PCA.

— BOOT/EM|/PCA: starting from matrix X,
(m x p) with missing values, first n bootstrap
matrices, also with missing values, are formed.
Each of the n bootstrap matrices is then com-
pleted using EM(PCA). After construction of
the (n x p) matrix of column means, PCA is
performed.

2.4. Software

All programs used for the above described
methods were written in MATLAB (version 4.0, the
MathWorks, Natick, MA).

3. Data

For the first example (data I), the two complete
data sets were originally obtained from the litera-
ture (Tsong and Hammerstrom, 1994) and corre-
spond also to data B used by Adams et al. (2001).
For both the reference and the test batch, twelve
units were measured at seven different times (1, 2,
3, 4, 6, 8 and 10 h). The f, factor of these
complete data sets amounts to 64 so that both
batches can be considered as pharmaceutically
equivalent.

An incomplete reference data set was created by
omitting at random 7 of the 84 values (8%). This
resulted in two non-consecutive values missing in
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tablet 3, two consecutive in tablet 10 and one in
tablets 7, 9 and 11, respectively. An incomplete
test set was obtained by omitting at random 8§ of
the 84 values (10%). For tablets 3 and 10, each
time two successive values were missing, for tablet
1 two non-successive and for tablet 2 as well as
tablet 4, one value.

To simulate that two sets are measured at dif-
ferent time points, the data at 2, 4 and 8 h for the
reference batch and at 1, 3 and 6 h for the test
batch were omitted. The values at 10 h were
retained for both batches so that they had one
measurement time in common.

The data of the second example (data II) were
kindly provided by Professor Remon (Ghent Uni-
versity, Ghent, Belgium). Eight different brands
of the same drug product were subjected to a
dissolution test (according to the USP method,
apparatus 2) in both Tanzania and Belgium. For
each set, six tablets were measured. The time
points used in Tanzania were: 5, 15, 30 and 45
min. In Belgium however, measurements were
performed at 5, 10, 15, 20, 25 and 30 min. Re-
mark that none of the 16 data matrices is consid-
ered as reference. These data can be analyzed in
two ways: (1) the eight brands can be compared
with each other; and (2) for each brand the differ-
ence between the data obtained in Tanzania and
in Belgium can be studied. Since the data of
Tanzania and Belgium are measured at different
time points, the EM(PCA) algorithm is used.

4. Results and discussion
4.1. Incomplete reference data set (data I)

First, the missing values of the reference data
set are replaced by the values predicted by the
EM(PCA) algorithm. Since the most relevant in-
formation for the evaluation of dissolution curves
is found on PC1 and PC2 (Adams et al., 2001),
the EM(PCA) values of the missing elements are
optimized to fit the PCA model with two PCs.
For the initial estimates in EM(PCA), the mean
values of the respective variable are used. The
value of convergence is set at 10 ~!2. After column
centering, the recomposed reference data set is

used to construct the PC space, in which the
original, complete test set is projected. The PC1/
PC2 scores plot is shown in Fig. 1. This figure
also contains the scores that were obtained using
the initial, complete reference set. As can be seen,
similar results are obtained. It is noteworthy that
the percentage of explained variance by PCI and
PC2 increases from 90.6% for the initial data set
to 91.1% for the one recomposed by EM(PCA).
This could be expected because the predicted val-
ues for the missing data perfectly fit the model.

The loadings of the original variables (i.e. seven
measurement times) on the first two PCs are
shown in Fig. 2. In the case that missing values
are present in variables with high loadings (like
measurement times 1, 2 and 10 h) for objects far
away from the rest of the group (like tablets 2 and
9 of the reference batch) it is sometimes possible
that the value of convergence is not reached. This
is due to the relatively small number of objects in
the data set.

The similarity factor ( f;) calculated between the
completed reference and original test set is 64,
which is the same as obtained with the initial,
complete data set.
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Fig. 1. PCA scores plots of the original dissolution curves and
the ones recomposed by EM(PCA) for data I. The (O)
represent the original and the (.) the recomposed reference
batch. The (x) and (+ ) are the projections of the dissolution
profiles of the test batch, calculated using the original and the
recomposed reference batch, respectively. The figures corre-
spond to the 12 tablets of each batch.
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Fig. 2. Loadings of the original variables (i.e. seven measure-
ment times) on PC1 and PC2 for data I.

4.2. Incomplete test data set (data 1)

Similar to Section 4.1, the eight missing ele-
ments were filled in with the values obtained by
the EM(PCA) method. The EM(PCA) values of
the incomplete test set were optimized using the
PCA model constructed with the (complete) refer-
ence set. Afterwards, the initial and the recom-
posed test set are projected in the PC space built
by the reference set. The PC1/PC2 scores plot is
shown in Fig. 3. As can be seen, also here com-
parable results are obtained. When the f, factor is
computed for the original reference and the re-
composed test set, it still is equal to 64, the value
which is obtained with the original data.

4.3. Different measurement times

4.3.1. Data 1

This special case of missing data was treated in
a somewhat different way from the cases de-
scribed in Sections 4.1 and 4.2. When the refer-
ence and the test set are measured at different
times, the resulting matrices contain different
variables. Since both matrices have to be uniform
(contain the same variables), values for the miss-
ing variables must be calculated for the reference
as well as the test set. However, since some vari-
ables are completely missing for the reference

matrix, it is not possible to perform properly
EM(PCA) and to predict well the scores for the
test matrix. For this reason, the matrices of the
incomplete reference (12 x 7) and test set (12 x 7)
are joined together into one matrix (24 x 7). In
this matrix, none of the variables is completely
missing. To be able to estimate the correlation
structure, it is however necessary that there is still
at least one variable in common (here: measure-
ment time 7 (10 h)). As initial estimates in the
EM(PCA) procedure, the values linearly interpo-
lated between the observed data are used. The
value of convergence is here also set at 10 ~'? and
five PCs are used in the optimization step of the
EM(PCA) algorithm. To present the results the
same way as before, the matrix (24 x 7) obtained
after EM(PCA) is split again into the correspond-
ing matrix for the reference batch (12 x 7) and the
one for the test batch (12 x 7). Next, PCA is
performed after column centering and the recom-
posed reference set is used to build the PC space
wherein the recomposed test set is projected. The
PC1/PC2 scores plot is shown in Fig. 4. As can be
seen, good results are obtained.

When the similarity factor is calculated for both
recomposed batches, 53 is found. Although it still
indicates that the batches are pharmaceutically
similar, there is an appreciable difference with the
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Fig. 3. The PCA scores plots of the dissolution profiles of the
reference batch (O), together with the projections of the
dissolution profiles of the original test batch () and the test
batch recomposed by EM(PCA) (+ ) for data 1.
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Fig. 4. The PCA scores plots of the dissolution profiles of the
reference batch (O), together with the projections of the
dissolution profiles of the test batch (x) for data I. The batches
were measured at different time points and were recomposed
by EM(PCA).

original value of 64. As already mentioned earlier,
the result of the EM(PCA) approach is not meant
to be analyzed by the f, factor. When only a few
values are missing in the data set (as in Sections 4.1
and 4.2) the result is nearly the same, but in the
extreme case discussed here, where about half of
the data set has to be completed, the difference can
become considerable.

4.3.2. Data 11

First, the Tanzanian data sets are compared with
the corresponding Belgian ones. An analogous
procedure as in Section 4.3.1 is used to recompose
the data matrices. The only difference is that both
sets are used to construct the PC space because no
distinction could be made between reference and
test set. Although the same batches were measured
in Tanzania and in Belgium, some differences
between the data of both countries can be ob-
served. A typical example is given in Fig. 5 where
the PC1/PC2 scores plot for one of the eight brands
is shown. To have an idea about the pharmaceuti-
cal relevance of these observed differences, the f,
factor for each of the eight sets of measurements
was calculated. One was below the limit of 50
(f>, =46), several others were close to it (f, =53,
54, 55) and four varied between 65 and 71.

Although a more profound discussion about the
differences observed between the Tanzanian and
Belgian data is beyond the scope of this paper,
some possible causes can be: a difference in storage
of the samples (temperature and humidity), small
differences in the apparatus used (in spite of the
fact that both meet the USP requirements) and a
difference in training of the laboratory workers.

A second possibility to analyze data II is the
comparison of the eight brands with each other.
Because all eight batches from one country are
measured at the same time points, there are no
missing data so that the EM(PCA) algorithm is not
necessary. Since the PCA results can be better
visualized in combination with the bootstrap tech-
nique, they will be shown in Section 4.4.2.

The pharmaceutical equivalence of the eight
brands is evaluated using the £, factor. To compare
the eight brands two by two, 28 combinations are
possible (1-2,1-3,1-4,1-5,1-6,1-7, 1-8,2-3,
2-4,...). Using the original data, in Tanzania only
8 of the 28 f, factors are above the limit of 50:
brands 1-3 ( f, =73),2-5(f, = 60), 3-8 (f, =53),
4-6 (f,=68), 4-7 (f,=64), 5-6 (f,=152), 5-7
(f,=61) and 6-7 (f, = 68). The lowest similarity
factor is even 21 (brands 1-4). The f, factors are
also computed using the resulting matrices from

25 T T T

20

PC2
o

30 -20 -10 0 10 20 30
PC1

Fig. 5. The PCA scores plots of the dissolution profiles for one
of the brands of data II: (O) Belgium and (x) Tanzania. Since
both sets are not measured at the same time points, EM(PCA)
is applied.
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EM(PCA). After comparison with the f, values
based on the original data, the maximum differ-
ence found with EM(PCA) is 5. In only one case
this has an influence on the conclusion, because
now 9 of the 28 f, values are greater than 50 (the
same 8 as above, plus combination 4-5 ( f, = 50)).
Using the original Belgian data, 9 of the 28 f,
factors are above 50: combinations 1-3 ( f, = 55),
1-8 (f,=158), 2-7 (f,=53), 2-8 (f,=55), 3-8
(f2=350),4-6 (f3=55),5-6 (/,=155), 5-7 (/> =
70) and 6-7 (f, =53). With the EM(PCA) data,
also combination 4-7 has a f, factor > 50 (f, =
51) so that 10 of the 28 brands are considered
similar. The maximum difference between the cor-
responding f, factors (without and after EM(-
PCA)) is 2.

Beside the considerable differences between the
eight brands, the results obtained with the Tanza-
nian data differ also from those obtained with the
Belgian ones. This is not surprising because the
comparison of the measurements for the same
brands already revealed differences between both
countries.

4.4. The bootstrap technique in combination with
missing data

4.4.1. Data 1

Although PCA is a powerful tool to visualize
data, it contains no criteria to decide that two
batches are similar or different. A statistically
based conclusion can be obtained using the boot-
strap technique. When bootstrap samples (n=
1000) are generated for both the complete
reference and test batch, followed by PCA, a
normalized scores plot as shown in Fig. 6 is
obtained. The circle represents the 95% confidence
limit for the reference batch.

In the case that the reference batch has missing
values, the results obtained with BOOT/EM/PCA
and EM/BOOT/PCA compared to the original
situation, are shown in Fig. 7. For clearness, the
picture was simplified compared to Fig. 6 by
giving only the contours. Taking into account
that bootstrapping does not always give exactly
the same result, the differences for the reference
batch are negligible. For the test batch, BOOT/
EM/PCA gives slightly better results than EM/
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-02 -01 0 0.1 02

Fig. 6. The PCA normalized scores plot after sampling with
replacement (n = 1000) for the original reference batch (.)
together with the projections of the dissolution curves of the
original test set (x). The circle indicates the 95% confidence
limit for the reference set and the 5% omitted objects are
indicated by (o).

BOOT/PCA. However, the first approach takes
much more time because EM(PCA) is applied to
each of the 1000 bootstrapped matrices. When no
convergence (> 10~'%) was obtained within 400
iterations, the result obtained was not taken into
account for further calculations. On the other
hand, the EM/BOOT/PCA approach has only
one EM(PCA) step. This implies that calculations
are much faster, but in some cases it is possible

O
AN test batch

reference batch

0.2 0.3 0.4
PC1

Fig. 7. The PCA normalized scores plots after sampling with
replacement (n = 1000) for both the complete and incomplete
reference batch, together with the projections of the profiles of
the test set: (—) represent the results obtained with the
complete sets, (--) the ones for the reference set recomposed by
EM/BOOT/PCA and (---) by BOOT/EM/PCA.
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Fig. 8. The PCA normalized scores plots after sampling with
replacement (n =1000) for the complete reference batch, to-
gether with the projections of the profiles of the test set: (—)
represent the results obtained for the complete sets, () the
ones for the test set recomposed by EM/BOOT/PCA and (---)
by BOOT/EM/PCA.

that convergence is slow (> 1000 iterations) or
even not reached after 5000 iterations. When
more than 1000 iterations are required to obtain
convergence in the EM step of EM/BOOT/PCA,
BOOT/EM/PCA is preferred since it gives results
which are clearly more similar to the original
situation with the complete reference batch.

When missing values are present in the test
batch, the BOOT/EM/PCA and EM/BOOT/PCA
approaches give comparable results as shown in
Fig. 8. In both cases, the distribution of the scores
was somewhat wider compared to the original,
complete test set.

4.4.2. Data Il

The BOOT/EM/PCA and EM/BOOT/PCA
methods are also applied on data II. The results
obtained after BOOT/EM/PCA and EM/BOOT/
PCA are similar, but the first method is much
slower to perform. When the data of the same
batch, measured in Tanzania and in Belgium re-
spectively, are compared, both sets can be clearly
distinguished in all of the eight cases. The f,
factor is less discriminative, since in seven of the
eight cases, the respective Tanzanian and Belgian
sets are considered as pharmaceutically similar

(f>>50).

It is also interesting to compare the eight
brands with each other using the results measured
in Tanzania and in Belgium respectively. As al-
ready mentioned before, the dissolution data from
one country are measured at the same time points
so that the EM(PCA) algorithm is not necessary.
However, to check the performance of this al-
gorithm, the data matrices obtained above (after
EM/BOOT/PCA for the individual comparison of
each batch) were also used here. Fig. 9 shows that
the results with the complete sets and those after
EM/BOOT/PCA are similar. For the Tanzanian
data, brands 1-3, 4-6, 4-7, 5-7 and 6-7 are
close to each other. These combinations also have
the highest f, factors. The other combinations
with a f, factor above 50 (2-5, 3-8 and 5-6) are
somewhat further in the PC-bootstrap plot, but
have similar scores on PCl. The Belgian data
show similar results for brands 1-8, 2-7, 2-8,
3-8 and 5-7. All have a similarity factor > 50.
The other combinations that can be considered
pharmaceutically equivalent based on the f, factor
(1-3, 4-6, 5-6 and 6-7) have also similar scores
on PCl1 or PC2.

The PC plots also clearly illustrate the differ-
ences between the Tanzanian and Belgian data.
Beside other brands that overlap, the variability
between the dissolution profiles within a batch is
greater for the Belgian data. The f, factor does
not take into account the variability since it is
calculated with the mean values.

5. Conclusion

The use of PCA for the evaluation of dissolu-
tion profiles in the case of an incomplete reference
or test set was examined. The expectation-maxi-
mization algorithm in combination with PCA was
found to be a good and relatively simple ap-
proach to deal with missing data. The EM(PCA)
approach is also useful when both dissolution
data sets are measured at different time points
(except at least one). The bootstrap technique can
still be applied in case of data sets with missing
elements.

Although it is not the intention to analyze the
results from the EM(PCA) algorithm by the simi-
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Fig. 9. The PCA normalized scores plot after sampling with replacement (rz = 1000) for the eight brands of data II.

larity factor, the differences with the original f,
factor (calculated with the complete data) were,
for the cases studied, negligible when only a few
values were missing.
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