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Abstract

Capillary zone electrophoresis with diode-array detection was applied to the separation of ebrotidine and its metabolites.
However, three of these, which are neutral in the conditions studied, co-migrated with the electroosmotic flow signal.
Therefore, strongly overlapping peaks were observed. The main aim of this study was to show the potentiality of capillary
electrophoresis in combination with chemometrics. Multivariate calibration methods were applied to quantify these analytes
in synthetic mixtures. The results obtained using partial least squares (PLS) were in agreement with actual values, with an
overall prediction error of 9.7%. [ 2001 Elsevier Science BV. All rights reserved.
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1. Introduction

Selectivity of detection in analytical chemistry can
be achieved by separation techniques, which phys-
ically separate the compounds present in the sample.
Capillary zone electrophoresis (CZE) has proved to
be an excelent technique for the separation of
charged compounds. CZE takes advantage of a
higher separation efficiency, faster analysis time and
lower consumption of reagents and samples than
high-performance liquid chromatography (HPLC).

Ebrotidine is a histamine H,-receptor antagonist
used as antisecretory drug in the treatment of gastric
ulcer [1]. The analysis of ebrotidine and its metabo-
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lites in body fluids is fundamental to understand its
pharmacokinetics, distribution process and metabo-
lism. For this purpose, analytical methods based on
HPLC with UV-Vis detection [2,3] and mass spec-
trometry [4,5] were proposed by Rozman et al.

Alternatively, the separation of ebrotidine and its
metabolites by CZE has been studied by Sentellas et
a. [6]. Although separation was successful for all
charged compounds, the separation of three neutral
metabolites remained unsolved as these analytes
strongly co-migrated and, furthermore, overlapped
with the electroosmotic flow (EOF) signal. These
neutral compounds, 4-bromobenzenesulfonamide
(compound A), N-(2-methylsulfonylethylamine-
methylene)-4-bromobenzenesulfonamide (compound
B) and N-(2-methylsulfinylethylaminemethylene)-4-
bromobenzenesulfonamide (compound C), are espe-
cialy relevant as they are commonly found in human
urine [2,3] (see Fig. 1 for their structures).
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Fig. 1. Scheme of ebrotidine metabolites under study. Assign-
ment: A =4-bromobenzenesulfonamide; B = N-(2-methylsulfonyl-
ethylaminemethylene)-4-bromobenzenesulfonamide; C=N-(2-
methyl sulfinyl ethylami nemethylene)-4-bromobenzenesul fonamide.

The potential of CZE for the separation of un-
charged compounds is obviously limited. However,
when physical separation of sample components is
not fully accomplished, quantification difficulties
stemming from poorly-resolved peaks may still be
overcome mathematically using chemometrics. The
application of chemometrics to capillary electropho-
resis has seldom been described. For instance, artifi-
cial neura networks have been used for optimization
of the separation conditions [7—10] and chemometric
techniques based on multivariate curve resolution
using alternating least sguares [11,12] and partial
least sguares (PLS) [13] have been satisfactorily
used for quantification.

The paper is focused on the possibilities of
multivariate calibration methods in the improvement
of the quantification in poorly separated peaks from
capillary electrophoretic runs. Of course, when de-
veloping a CE method, an effort should be made for
optimizing the separation conditions in order to
resolve al components present in the sample. How-
ever, the possibilities of the CE techniques are
obvioudly limited and, sometimes, the separation is
not completely successful. It is well known that CZE
is not an appropriate technique for the anaysis of
poorly ionized compounds. Instead, other CE modes
such as capillary electrochromatography and micellar
electrokinetic capillary cromatography would be
recommendable. This drawback might be partly
circumvented using chemometrics for a mathematical
separation of these compounds. Hence, the ap-
plicability of CZE could be expanded to the de-

termination of poorly ionized compounds together
with charged compounds in a single electrophoretic
run. However, the chemometric procedures have also
limits with respect to the number of compounds that
can be analyzed simultaneously and the degree of
overlapping of the spectral and electrophoretic re-
sponses. Therefore, multivariate calibration methods
may be applied to quantify a few number of analytes
with rather dissimilar electrophoretic or spectral
profiles.

In this study, PLS is proposed for quantifying the
neutral ebrotidine metabolites in severa samples
from the analysis of the corresponding CZE with
diode-array detection (CZE—-DAD) data. There is a
great interest in the study of CZE data as they often
show problems arising from the rather low repro-
ducibility and accuracy in comparison with HPLC
techniques, typically one order of magnitude higher.
Then the analysis and quantification of compounds in
CZE might be limited by these experimental var-
iabilities. Either spectra or electrophoretic profiles (or
even more complex signals) can be used as multi-
variate data arranged in data vectors for further
mathematical analysis. Here, data pre-treatment to
correct baseline and spectral drifts and peak shifting
has been developed. The quantitative results confirm
that PLS can overcome the lack of selectivity of the
overlapping CZE responses of neutral ebrotidine
metabolites.

2. Theory

Although multivariate calibration methods have
been extensively described elsewhere [14-16], a
brief description is given below. A common require-
ment of this type of multivariate calibration methods
is that unknown samples and standards must have the
same matrix composition in order to model all
possible contributions to the response (i.e. analytes,
interferences and matrix effects). For those samples
with a complex matrix composition their standards
should be, indeed, other samples anayzed
beforehand by an independent method. Alternatively,
synthetic standards can be used when the matrix is
easily available.
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2.1. Principal component regression (PCR)

PCR decomposes the experimental matrix of
responses of the calibration set as follows:

R=TP'+E (1)

R being the response matrix with a dimension n X
n, (number of standards by the number of working
wavelengths); T the scores matrix (n xn,); P' the
loading matrix (n;Xn,,) (the superindex T indicates
the transposed matrix); and E the residua error
matrix (ngxXn,,). n; is the number of latent variables
or factors included in the model which are able to
keep the relevant variance of data.

Next, the scores matrix T is correlated with the
concentration matrix C (ngXn,), where n, is the
number of analytes, using the expression:

C=TB+E )

where B is the matrix of regression coefficients
which is resolved by using a least squares procedure.

This model is subsequently applied to predict the
concentrations of unknown samples.

2.2, Partial least squares regression

The PLS agorithm takes into account the in-
formation of responses and concentrations simul-
taneously [14,15]. There are two procedures avail-
able to solve the system: in PLS1, one modéd is built
for each analyte by using its concentration vector
(eg. C is n,x1), while in PLS2, &l analyte con-
centrations are simultaneously considered in con-
structing the calibration model (e.g. C isn,xXn,). In
both cases, factors from a PLS model are calculated
as those variables that describe the maximum amount
of relevant information from the spectral or electro-
phoretic response matrix and from the concentration
matrix, as follows:

R=TP +E=3tp,+E (3)

C=QS +F =3q,s +F (4

where R is the response matrix; T and P are the
score and loading matrices associated with the
response (the superindex T indicates the transposed

matrix); C the concentration matrix of the analyte; Q
and S the scores and loading of the concentration
matrix; and E and F’' are the unexplained infor-
mation from responses and concentrations, respec-
tively. The corresponding scores and loading for the
K™ factor are t,, p,, q,, and s, . ..

The inner relationship between responses and
concentrations in the PLS model is given from their
corresponding scores factor by factor:

dy = bty (5

where b, represents the regression coefficients.

Scores and loading of each factor are not calcu-
lated simultaneously but consecutively. The residuals
in the concentration matrix are minimized using the
following equation, which is generalized for the k™
factor as:

Fe=Fea— tkbks-ll— (6)

where F, and F,_, are the residuals of concen-
trations not explained by a model with k and k—1
factors, respectively. Note that for the first factor
F,=C.

2.3 Non-linear PLS (NL-PLS)

PCR and PLS agorithms have essentialy been
developed for modeling linear data since they apply
inner linear relationships between responses and
concentrations. However, the non-linearity of the
response can be taken into account methods by
including more factors. Alternatively to these linear
methods, non-linear PLS procedures have been pro-
posed, which utilize different types of inner non-
linear relationships. As example, polynomial func-
tions [16] have been used.

24. Prediction strategy

Once the model is built, it can be used to predict
the concentration of unknown samples. A suitable
strategy when working with small data sets is to
predict each sample by using the remaining samples
as standards to build the calibration model [17]. With
this approach, the number of samples for the cali-
bration was 25 with one for prediction.

The optimum number of latent variables needed to
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build the calibration model was estimated by |leave-
one-out cross-validation [18], as the number that
minimized the prediction error of the sum-of-squares
(PRESS) function calculated as follows:

Samples

PRESSK = 2 (6~ &(9)° (7

where ¢, is the actual concentration of analyte in the
sample i and ¢,(k) is the concentration predicted by
multivariate calibration methods when considering k
latent variables.

The accuracy of the model was evauated by
calculating the prediction error as follows:

Samples
\/ 2::1 € —¢)
| 2 @

Prediction error (%) = X100 (8)

3. Experimental

3.1. Chemicals

4-Bromobenzenesulfonamide (compound A), N-
(2-methylsulfonylethylaminemethylene)-4-bromo-
benzensulfonamide (compound B) and, N-(2-methyl-
sulfinylethylaminemethyl ene)-4-bromobenzensul -
fonamide (compound C) were purchased from Grupo
Ferrer (Barcelona, Spain) and their structures are
shown in Fig. 1. Stock solutions of each compound
containing 2000 g ml~* were prepared in acetoni-
trile. Reagents used for the preparation of carrier
electrolyte solution were acetic acid and ammonia
(@l from Merck, Darmstadt, Germany).

32 Samples

The one-, two- and three-component samples were
prepared according to full factorial designs at two
concentration levels. The uppercase letter indicates
the metabolite and the number refers to the con-
centration level. The low level containing 100 pg
ml~* of analyte is referred to as 1; the high level
containing 200 wg ml~* is referred to as 2:

One-component samples: Al, A2, B1, B2, C1 and
c2.

Two-component samples: A1B1, A1B2, AZ2B1,
A2B2, A1C1, A1C2, A2C1, A2C2, B1C1, B1C2,
B2C1 and B2C2.

Three-component samples: A1B1Cl1, A1BI1C2,
A1B2C1, A1B2C2, A2B1C1, A2B1C2, A2B2C1 and
A2B2C2.

For instance, A1B2 is the two-component mixture
composed of 100 wg ml~* of compound A and 200
png ml~* of compound B.

3.3. Instrumentation

A Beckman P/ACE System 5500 (Fullerton, CA,
USA) capillary electrophoresis system with diode
array spectrophotometric detector was used. A 75
pm 1.D. fused-silica capillary (Supelco, Bellefonte,
PA, USA) of 57 cm tota length (50 cm to the
detector) was used. Data were processed with a PC
using Beckman P/ACE station software (version
1.0).

3.4. Capillary electrophoresis conditions

The carrier electrolyte was 50 mM acetic-acetate
buffer at pH 5.7 (adjusted with ammonia). The
sample was hydrodynamically injected (0.5 p.si.; 1
p.si.=6894.76 Pa) for 4 s. The separation voltage
was 20 kV and the temperature was set at 25°C.

The capillary was activated by rinsing (20 p.s.i.) 1
M sodium hydroxide solution for 5 min, and then it
was washed with ultrapure water for 5 min. The
capillary was rinsed with the carrier electrolyte for 1
h at the beginning of the study and for 2 min before
each run.

3.5. Data generation

Spectra were acquired in the range 190—290 nm at
regular steps of 0.26 s during the electropherogram.
Sixteen working wavelengths were chosen for analy-
sis; every 5 nm in the range 220—270 nm, where the
spectral information about the analytes was expected
to be maximum, and every 10 nm for the remaining
ranges. Data were converted into ASCII files for
mathematical treatment.
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3.6. Data pre-treatment
The data pre-processing was as follows:

3.6.1. Shift correction

The run-to-run variability of the migration time of
the CZE peaks under study was corrected with a
peak alignment procedure. The peak maximum at
220 nm was chosen for peak synchronization; at this
wavelength, the response was mainly due to the
solvent rather than to the analytes, and thus it was
common to all samples without being affected by the
analyte composition. In particular, a time window
was used in which 40 time channels were taken after
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the peak maximum and 160 time channels before the
pesk maximum. All electrophoretic runs were
synchronized using the expression:

tiggn =t — tyay + 160 9)

where t; . is the synchronized time channel (for i
ranging from O to 200); t, is the origina (un-
synchronized) time channel and t, . is the time
channel at which the peak maximum was reached.
The resulting 201-channel window was between 6.50
and 7.37 min. Fig. 2b illustrate the synchronization

of the origina data shown in Fig. 2a.

(b)
0 10"
~ = 160
D_ 8
3,
8 |« >
g * \
o
—
o 2
@D
Qo
<,
“o 50 100 150 200 250

synchronized channel time

(d)

Absorbance (uA.U.)

0 50 100 150 200 250

synchronized channel time

Fig. 2. Scheme of the data pre-treatment procedure. (8) Unsynchronized electrophoretic profile recorded at 220 nm. (b) Synchronized
electrophoretic profile over a 201-time channel window; t, . was set at the 160 channel for all runs. (c) Spectral correction teking the
absorbance at the beginning of the time window as a reference. (d) Refractive index correction using the absorbance a 290 nm as a

reference. Legends: i refers to a given time channel; a

.o SPectra corrected absorbance; a,;, refractive index corrected absorbance;

8, 5p(1—200)» SPeCtral corrected absorbance at 290 NM; &, - 90, refractive index corrected absorbance at 290 nm. Dotted lines, input profiles
(before being corrected); solid lines, output profiles (after being corrected).
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3.6.2. Sectral correction

Taking the buffer background as a reference, the
absorbance at the beginning of the time window
should be zero at any wavelength. This is because,
apart from the buffer, no absorbing compound is
present in this zone. Possible spectral drift was
corrected by subtracting the spectrum at time channel
0 from the spectral response over time, as shown in
Fig. 2c. This correction was performed to all wave-
lengths as:

aisp = ai - a'O (10)

where a,, is the corrected absorbance vaue at the
synchronized time channel i; a; is the original
absorbance value at the same time channel; and a, is
the original absorbance value at time channel 0.

3.6.3. Drift correction and/or refractive index
correction

At 290 nm neither ebrotidine metabolites nor the
solvent absorb. Consequently, the absorbance over
time at this wavelength should theoretically be zero.
Hence, the behavior of the absorbance at this par-
ticular wavelength reflects possible baseline drifts
and changes in the refractive index, owing to the
different composition of the carrier electrolyte and
the sample solvent. These effects were circumvented
by subtracting the experimental absorbances at 290
nm from the corresponding spectrum for each mea-
surement time (Fig. 2d):

& = aisp - aisp(/\:290 nm) (11)

where a,; was the refractive index corrected ab-
sorbances for the time channel i.

3.7. Software
MATLAB for Windows (Version 4.1) [19] was

used for calculations. Multivariate calibration meth-
ods were from the PLS Toolbox [20].

4. Results and discussion

4.1. Data arrangement

Fig. 3a shows the three-dimensional data peak

obtained for a three component sample. From all
these data either spectral or time vectors can easily
be obtained for further multivariate calibration analy-
sis. For instance, the continuous dark line indicates a
spectrum taken at a pre-selected migration time (Fig.
3b) and the dotted dark line indicates an electro-
phoretic profile taken at a given wavelength (Fig.
30).

When analyzing several samples each one can
produce spectral or time vectors. Then, the data
matrices studied with PLS were constructed by
superimposing vectors and keeping wavelengths
(Fig. 48 or migration times (Fig. 4b) in common, so
that each row corresponded to one sample. Three
single spectral data matrices (referred as S matrices)
were selected for analysis: S160, S155 and S100,
which were taken at time channel 160, 155 and 100,
respectively: their dimensions were 26X 16. Four
time data matrices (referred as T matrices) were also
selected: T240, T245, T255 and T 265, taken at 240,
245, 255 and 265 nm, respectively: their dimensions
were 26X 201.

Progressing on the complexity of the data ma-
trices, other arrangements can be analyzed (see Fig.
4c). Several spectral matrices taken at different
migration times were simultaneously analyzed from
the corresponding row-wise augmented matrix (e.g.
[S160, S155] and [S160, S155, S100]). For example,
[S160, S155] was the augmented data matrix built
from S160 and S155 keeping each sample at the
same row. A similar strategy was followed with time
matrices (e.g. [T240, T245, T255, T265]). Further-
more, combinations of spectral and time matrices
were also available (e.g. [S155, T255]).

4.2. Yectral and electrophoretic features

The spectra of the three ebrotidine metabolites
studied are shown in Fig. 5a. The spectrum of
compound A is easily distinguishable from the others
with a maximum at 240 nm, and it presents poor
absorption at A higher than 260 nm. In contrast,
compounds B and C have amost identical spectra,
and their absorption at A higher than 260 nm is still
high.

At the experimental pH (pH 5.7) used in this
separation, none of these three analytes are charged,
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matrices; (b) single-time matrices and (c) augmented data matrices.

so they co-migrated and overlapped with the EOF
signal. Furthermore, as shown in Fig. 5b, the electro-
phoretic profiles of all the compounds were highly
similar. The peculiar shapes of these peaks were
attributed to the heterogeneous distribution of solvent
and buffer inside the EOF zone. Acetonitrile was
concentrated at the rear of the zone and then, as
analytes have more affinity for acetonitrile than for
the agueous phase, they were also concentrated in
this part.

No selective range was detected in any domain of
measurement (spectral or time domain) and thus the
quantification of such compounds from the CZE
peak was difficult. Although this is a serious draw-
back when considering univariate calibration, this
lack of selectivity can be overcome using multi-
variate calibration techniques.

4.3, Quantification with multivariate calibration
methods

Preliminary studies were addressed to ascertain
which spectral or electrophoretic data provided the
best quantification strategy. For such a purpose,
PLS2 was chosen as multivariate calibration method.

As indicate above, each sample concentration was
predicted using the remaining 25 samples to build

the calibration model. The estimation of the number
of latent variables was based on minimizing the
PRESS function, as illustrated in Fig. 6 for four
examples of data matrices of different types. In this
figure the arrows indicate the optimum number of
latent variables. In these cases, among the contribu-
tions to data variance four factors could be attributed
to the chemical components of the samples (com-
pounds A, B and C and the EOF signal). Single
spectral data matrices were successfully described
with 5-factor models. Conversely, the number of
factors to be included to model single time matrices
and augmented data matrices was rather high, which
indicated the great complexity of this type of data.
The predictive abilities of PLS2 models corre-
sponding to different single and augmented spectral
and time matrices are summarized in Table 1. Three
single-spectral  (S100, S155, S160) and four time
(T240, T245, T255, T265) matrices were assayed for
the PLS quantification. The best accuracy was ob-
tained using spectral data as multivariate information
and, in particular, the lowest prediction error was
found for spectral data at time channel 155 (S155).
These noticeable differences in the capabilities of
each type of data for quantitative purposes were
attributed to the higher dissimilarities in the spectral
data which permitted the analytes to be distinguished
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Fig. 6. Variation of PRESS vaues vs. the number of latent
variables for different single and augmented data matrices. 1=

S155, 2=[S160, S155], 3=T255 and 4=[S155, T255].

Percentage of prediction error in the quantification of compounds A, B and C in the set of samples from the analysis of several single and
augmented data matrices using PLS

Error (%)

Latent Overall A B C

variables
S160 7 12.0 10.9 11.0 139
S155 5 9.7 7.6 10.7 10.3
S100 5 17.0 19.1 12.6 18.7
T240 7 46.8 43.3 535 429
T245 7 44.2 39.3 53.0 38.7
T255 16 29.7 27.2 29.9 319
T265 17 46.4 37.4 61.0 36.7
[S160, S155, S100] 12 11.0 9.2 10.4 13.1
[S160, S155] 8 9.3 7.8 8.7 11.0
[T240, T245, T255, T265] 20 28.9 27.5 37.2 19.0
[S155, T255] 18 23.0 27.7 21.8 18.6
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more efficiently than using electrophoretic profiles.
The variability of peak width was an additional
source of variance that may lead to obtain poorer
predictions.

Among the augmented data matrices,
[S160, S155, S100], [T240, T245, T255, T265] and
[S155, T255] gave a poor predictions. The aug-
mentation [S160, S155] was satisfactory but it did
not significantly improve the quantification of the
single matrix S155. In conclusion the analysis of the
single-data matrix taken at the time channel 155
provided the most simple and appropriate data to
carry out these analyses. These results suggested that
the selectivity was not enhanced in these combina-
tions since additional data matrices mostly provided
redundant information.

The working wavelength range of spectral data
was studied in order to find the optimum conditions
for the quantification. Fig. 7 shows the variation of
the prediction error against the wavelength. The best
quantification was accomplished when using the
intermediate working range from 220 to 290 nm.
Prediction errors increased when widening or nar-
rowing the range. This behavior can be explained as
follows: on the one hand at the widest ranges the
EOF marker contribution interfered with the re-
sponse and made worse determinations, but it was
amost negligible at wavelengths higher than 220
nm. On the other hand, a the narrowest ranges
significant quantitative information concerning the
analytes was lost and, thus, prediction errors in-
creased.

207
15¢

10

Error (%)

190-290 200-290 210-290 220-290 225-290 230-290 235-290 240-290

Wavelength range (nm)

Fig. 7. Variation of the prediction error vs. the working wave-
length range for the spectral data matrix S155.

Table 2
Percentage of prediction error in the quantification of compounds
A, B and C using PCR, PLS1, PLS2 and NL-PLS"

Error (%)

Overal A B C
PCR 9.7 9.0 10.8 9.0
PLS1 9.5 8.9 10.7 8.9
PLS2 9.7 7.6 10.7 10.3
NL-PLS 11.2 10.7 11.0 12.0

®Conditions: single spectra data matrix taken at the time
channel 155, S155.

Table 2 summarizes the results of the prediction of
the sample mixtures with other multivariate cali-
bration methods such as PCR, PLS1 and NL-PLS.
The overall quantification errors were in al cases
around 10%. The accuracy in the prediction was also
similar for compound A, B and C. In the case of
non-linear PLS modeling, the optimum degree of the

Table 3
Results of the quantification of compounds A, B and C in the set
of samples with a 5-factor PLS model®

Co(pgm ™ Co(ugm ™  Cc(ngml?)
al 93 - -
a2 197 - -
bl - 93 -
b2 - 194 —
cl - - 89
c2 — — 197
albl 93 98 -
alb2 90 194 -
a2bl 199 88 -
a2b2 192 189 -
alcl 90 - 90
alc2 95 - 196
a2cl 197 - 97
a2c2 191 - 186
blci - 90 84
blc2 - 90 192
b2c1 - 198 87
b2c2 - 169 174
alblcl 90 82 81
alblc2 80 100 182
alb2cl 92 178 91
a2blcl 185 89 77
a2blc2 198 87 187
a2b2cl 194 191 82
alb2c2 90 195 178
a2b2c2 179 194 184

®Conditions: single spectra data matrix taken at the time
channel 155, S155. Working spectral range: 220-290 nm.
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polynomia was two. When higher degrees were
tested, data overfitting was observed and the predic-
tion error increased considerably. This type of elec-
trophoretic data was expected to behave linearly and,
for this reason, non-linear algorithms did not im-
prove the prediction given by linear algorithms.

Table 3 summarizes the results of the quantitative
determination of ebrotidine metabolites A, B and C
in the samples. These predictions were carried out
under the modeling conditions selected, e.g. using
the single spectral data matrix obtained at time
channel 155 and for a working wavelength range
from 220 to 290 nm. For each sample, a PLS model
with five latent variables was built according to a
leave-one-out cross validation strategy. Compound A
was quantified more accurately than the others, with
a mean prediction error around 7%; this was attribu-
ted to the higher dissimilarity of the spectrum of this
compound. In the case of compound B and C, mean
prediction errors were about 10-11%.

5. Conclusions

This paper has shown that multivariate calibration
methods can improve the quantification in overlap-
ping capillary electrophoretic peaks. The problem is
illustrated with a particular application to quantify
neutral compounds in complex samples. However,
the general strategy can easily be extended to similar
cases with overlapping peaks. Furthermore, this
approach opens the possibility of determining in a
single run a few number of neutral compounds
together with charged analytes by CZE.

The chemometric analysis of the spectral or time
data from CZE-DAD can be an attractive way for
quantifying in poorly resolved peaks when the
electrophoretic separation of analytes is not fully
achieved. The best option for this determination
seems to involve the use of spectral data rather than
time data. This finding was attributed to the greater
dissimilarities in the spectral profiles of the analytes
under study. In this particular case, the performances
of PCR, PLS1, PLS2 and NL-PLS were comparable.
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