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a b s t r a c t

Near Infrared Chemical Imaging (NIR-CI) is an attractive technique in pharmaceutical development and
manufacturing, where new and more robust methods for assessment of the quality of the final dosage
products are continuously demanded. The pharmaceutical manufacturing process of tablets is usually
composed by several unit operations such as blending, granulation, compression, etc. Having reliable,
robust and timely information about the development of the process is mandatory to assure the quality
of the final product.

One of the main advantages of NIR-CI is the capability of recording a great amount of spectral information
in short time. To extract the relevant information from NIR-CI images, several Chemometric methods,
like Partial Least Squares Regression, have been demonstrated to be powerful tools. Nevertheless, these
methods require a calibration phase. Developing new methods that do not need any prior calibration
patial distribution in surfaces

LS
CR-ALS

ugmented MCR-ALS

would be a welcome development.
In this context, we study the potential usefulness of Classical Least Squares and Multivariate Curve

Resolution models to provide quantitative and spatial information of all the ingredients in a complex
tablet matrix composed of five components without the development of any previous calibration model.
The distribution of the analytes in the surfaces, as well as the quantitative determination of the five
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. Introduction

The analytical techniques of hyperspectral imaging, like Near
nfrared Chemical Imaging (NIR-CI) or Raman Chemical Imaging
Raman-CI), comprise a group of attractive techniques in the devel-
pment and manufacturing of pharmaceutical tablets (Chan et al.,
003; Shah et al., 2007; Zhang et al., 2005) where more robust
ethods are continuously demanded for assessment of the quality

f the final products. This attractiveness is due to the capability of
he mentioned techniques to obtain a great amount of spectral and
patial information in defined surfaces of pharmaceutical products
Furukawa et al., 2007). The possibility of recording one spectral
rofile in a wide wavelength range for each defined pixel area of

he tablet poses new challenges for the development of robust and
eliable methodologies of data analysis to extract all the desirable
nformation.
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Basically, the expectations on Chemical Imaging are focused on
btaining quantitative information about the content of each com-
onent in the tablet (Chevallier et al., 2006; Zhang et al., 2005)
roviding at the same time reliable information about the distribu-
ion of the component in the surface of the tablet (Furukawa et al.,
007; Lyon et al., 2002) to assure the quality of the final product.

As mentioned above, the great interest of CI techniques relies in
he capability to obtain thousand of spectra of a defined surface of
he tablet. To extract the quantitative information, powerful math-
matical tools are demanded. In this context, several Chemometric
ethods, like Principal Components Regression (PCR) (Hamilton

t al., 2002), Partial Least Squares Regression (PLS) (Burger and
eladi, 2006; Furukawa et al., 2007; Jovanovic et al., 2006; Lied
t al., 2000; Roggo et al., 2005; Svensson et al., 2006) or its variant
LS2 (Gendrin et al., 2007; Li et al., 2008), have already been demon-
trated to be powerful tools. Nevertheless, these methods require

previous calibration phase, being tedious and time-consuming.
onsequently, the development of new methods that do not need
ny prior calibration stage would be a welcome development.

To overcome the problem of the previous calibration stage,
everal alternatives can be proposed (Amigo et al., 2008), being

http://www.sciencedirect.com/science/journal/09280987
http://www.elsevier.com/locate/ejps
mailto:jmar@life.ku.dk
dx.doi.org/10.1016/j.ejps.2009.01.001
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lassical Least Squares (CLS) (Chan et al., 2005; Gendrin et al.,
007), Multivariate Curve Resolution-Alternating Least Squares
MCR-ALS) (de Juan et al., 2004; Zhang et al., 2005) and MCR-ALS
n augmented fashion (Amigo et al., 2008; de Juan et al., 2004) the

ost promising techniques.
In this context, we study and test the potential usefulness of

lassical Least Squares and Multivariate Curve Resolution models
o provide quantitative and spatial information about the distri-
ution of each analyte in the surface of a complex pharmaceutical
ixture composed of five components without the development of

ny previous calibration model and by using Near Infrared Chemical
maging.

. A brief theoretical background

An exhaustive theoretical background of the proposed models
ill not be given here but readers are encouraged to look for more

nformation in the supplied references.
When a NIR-Chemical Image is measured for a single tablet,

he structure of the obtained dataset is a three-dimensional array
nown as hyperspectral cube, D, whose dimensions are (X × Y × �)
Zhang et al., 2005). X and Y refer to the spatial dimensions of the
urface; whereas � refers to the spectral pattern measured in a
hole wavelength range for each xyth pixel of the tablet.

The basis of CLS and MCR-ALS could be argued to be the
ame. Both methods assume that the absorbance follows a linear
ehaviour with the concentration (Beer–Lambert Law) and that the
um of the individual absorbances for each component equals the
otal absorbance for each pixel (Eq. (1)).

xy� = c1xyε1� + c2xyε2� + c3xyε3� + . . . + cfxyεf� (1)

here axy� is the absorbance at each xyth pixel dimension and at
ach wavelength (�) and, cfxy and εf� the concentration and molar
bsorptivity, respectively, for each f component of the surface.

Mathematically speaking, both are bilinear models. So a pre-
ious stage of unfolding is mandatory in order to adapt the

hree-dimensional structure to bilinear models (Fig. 1). Conse-
uently, the dimensions of the unfolded image D are (XY × �).

The main difference between CLS and MCR-ALS relies in the way
f obtaining the quantitative information. CLS is aimed to obtain the
oncentration of each component by direct regression of D by using

t
o
i
i
d

Fig. 1. Augmentation of images and MCR-ALS analysis. The example
rmaceutical Sciences 37 (2009) 76–82 77

he pure spectra (Chan et al., 2005; Gendrin et al., 2007). Despite the
asiness of calculating this concentration matrix, CLS has one main
rawback: it works perfectly if the spectra of the components are
nown and, what is more important, if there is no other variability
ource in the sample (for example, interaction between compo-
ents, distribution of moisture and hydration/adsorption water,
tc.) that can promote other features in the sample not related to
he pure components. CLS is constrained to model all the variabil-
ty of the sample by using just the pure spectra. For this question,
more feasible method would be preferred.

Multivariate Curve Resolution-Alternating Least Squares (MCR-
LS) (de Juan and Tauler, 2006; de Juan et al., 2004; Tauler, 1995)
ecomposes the matrix D (XY × �) into the product of two matri-
es, C (XY × F), containing the concentration profiles and ST (F × �),
ontaining the spectral profiles for each F component (Eq. (2)):

= CST + E (2)

here E (XY × �) contains the experimental error. The main differ-
nce from CLS is that MCR-ALS works by iteratively optimizing the
atrices C and ST. Thus, the result is not constrained to the pure

pectra, allowing MCR-ALS to cope with minor sources of variability
hat may be in the tablet.

To start the iterations, MCR-ALS needs initial estimates, as well
s several constraints based on chemical knowledge of the sam-
le studied. Using the pure spectra of the components (if they are
vailable) as initial estimations becomes one of the most attractive
ays of including information about the tablet. Several constraints
ased on chemical knowledge or on mathematical features of the
ata can be imposed to the iterations, being the most useful in the
uantification of mixtures by means of Chemical Image analysis
re: (1) non-negativity in concentration and/or spectral profiles,
hich imposes that concentration profiles of the components are

upposed to be always positives and (2) closure, where each pixel
an be supposed to accomplish a constant mass balance of 1, rep-
esenting 100% of global concentration.

The main disadvantage of MCR-ALS in Chemical Imaging is

he lack of selectivity in the surface (Amigo et al., 2008); i.e., to
btain good results, each component must have a selective area
n the tablet, accounting for the variability of the concentration
n the sample. This lack of selectivity can be associated to a rank-
eficiency problem. MCR-ALS only works properly if the rank of

is illustrated by assuming three components in the samples.
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he surface, e.g. the number of mathematical components, is equal
o the number of chemical components present in the tablet. Sev-
ral alternatives has been already proposed to study the chemical
ank of images, like Principal Component Analysis (PCA), or more
pecifically, the Fixed Size Image Window-Evolving Factor Analysis
FSIW-EFA) (de Juan et al., 2004). But, still, this is a complicated
ssue to solve when the quantification of minor components is pur-
ued.

To overcome the problem of lack of selectivity in MCR-ALS, an
lternative has already been formulated: the augmentation of the
riginal sample with more images. This method, proposed by de
uan et al. (2004), treats to analyse several samples simultaneously,
rofiting the qualities of one to each other (de Juan and Tauler,
006). The main feature of the matrix augmentation is that the
nfolded target sample (D2) is augmented with an image without

ack of selectivity problems (full-rank, or standard image, D1) in a
olumn-wise fashion (Eq. (3)):

D1

D2

]
=

[
C1

C2

]
[S]T +

[
E1

E2

]
(3)

here D1 (X1Y1 × �) represents the full-rank image and D2
X2Y2 × �) is the rank-deficient image (the target image). X1, Y1 and
2, Y2 represent the dimensions of the first and the second unfolded

mage, respectively. C1 (X1Y1 × F) and C2 (X2Y2 × F) are the concen-
ration surfaces simultaneously obtained for each image and ST

F × �) is the transpose of the global spectral profiles. E1 (X1Y1 × �)
nd E2 (X2Y2 × �) correspond to the residual matrices.

This “standard” image is composed by specific sections of each
ure component of the tablet (Fig. 1), and can be easily provided
y creating it with images of the pure components. Working with
his standard sample, much more valuable and reliable informa-
ion is modelled by MCR-ALS at the same time, since experimental
ariability is also reflected in the augmented image, allowing MCR-
LS to get hold of selective information in the iterations and, thus,
inimizing the possible lack of selectivity in the target sample.

. Experimental

.1. Reagents and instruments

Six replicates of a five-compound conventional pharmaceu-
ical tablet formulation were used to produce the dataset. The
ominal composition was Active Pharmaceutical Ingredient (API:
.3%, w/w), MicroCrystalline Cellulose (MCC: 20.0%, w/w), Lactose
Lact: 71.5%, w/w), and the common lubricants Magnesium Stearate
0.75%, w/w) and Talc (1.5%, w/w).

The mixing of dry-blend formulation was performed in a drum-
ixer and compressed into tablets of 175 mg on a six-punch station

otary tablet press. A flat punch-set was used to obtain a flat sample
urface of 8 mm of diameter and 2.6 mm of thickness. Pure com-
ound reference tablets of the five components were also produced
y compressing 250 mg of each into 8-mm diameter wafers on a
ydraulic tablet press using 10 kN pressure during 10 s. The stan-
ard sample used for augmentation in MCR-ALS was performed by
ectioning a representative area of 10 square pixels of each pure
omponent image and rearranging the five areas in a new image
ith 500 spectra (100 for each component).

.2. Data acquisition and preprocessing
Each tablet was fixed onto a microscope slide using cyanoacry-
ate adhesive and measured directly on the flat tablet surface.
amples were analysed on a NIR line mapping system (Spectrum
potlight 350 FT-NIR Microscope, PerkinElmer, UK) from which 16

d

S

rmaceutical Sciences 37 (2009) 76–82

pectra were collected in each acquisition from a linear MCT detec-
or array. An area of 2 mm × 2 mm were analysed using pixel size
5 �m × 25 �m thus obtaining a total of 6400 spectra (=pixels) for
ach image. Each spectrum was the average of 8 scans from wave-
ength region 7800–4000 cm−1 using 16 cm−1 spectral resolution.

ore information about the data collection can be found in refer-
nce, Ravn et al. (2008).

One previous step of unfolding the 3D hyperspectral data cube
o a 2D matrix is mandatory to adapt the three-dimensional data
ube (hyperspectral image) for further preprocessing and mod-
lling steps with bidimensional methods (Amigo et al., 2008; Ravn
t al., 2008) (First step in Fig. 1).

Standard Normal Variate (SNV) and Savitzky–Golay smoothing
f the spectral pattern with a window size of 15 and a second poly-
omial order were applied to the unfolded six samples as well as
o the standard sample.

.3. Models application and validation of the results

CLS, Savitzky–Golay smoothing and SNV algorithms were
mplemented in a routine named BACRA working under Mat-
ab v. 7.5 (MathWorks, Massachusetts). The software and detailed
asy-to-follow instructions are freely available from the authors
r via Internet (http://www.models.kvl.dk/users/jose manuel
migo/index.htm). For MCR-ALS and augmented-MCR-ALS applica-
ion, the software provided by Tauler et al., was used (http://www.
b.es/gesq/mcr.htm; Jaumot et al., 2005).

For MCR-ALS analysis, non-negativity of concentration profiles
nd closure constraints were imposed. Pure spectra of the five com-
onents were used as initial estimations. The percentage of lack of
t (% LOF) between the obtained results and the original data gives
measure of the fit quality and has been calculated as follows:

LOF = 100 ×

√√√√∑X
x=1

∑Y
y=1

∑�
�=1e2

xy�∑∑∑
d2

xy�

(4)

here exy� and dxy� represent the xy�th terms of the residuals and
riginal dataset, respectively.

The precision and the predictive capabilities of the different
odels were evaluated by calculating the Root Mean Square Error

f Prediction (RMSEP) and the Standard Error of Prediction (SEP)
etween the mean value of concentration obtained for each com-
onent in each sample and its nominal concentration accordingly
ith Eqs. (5) and (6), respectively.

MSEP =
√∑n

i=1(ĉi − ci)
2

n
(5)

EP =
√∑n

i=1(ĉi − ci − bias)2

n − 1
(6)

here ĉi denotes the mean value of concentration obtained for each
omponent in the surface of each n sample and ci is the nominal
oncentration. The bias was calculated as follows:

ias =
∑n

i=1(ĉi − ci)

n
(7)

To evaluate the distribution of the analytes in the tablet,
istograms of the concentration surfaces were studied and the
tandard Deviation Between Pixels (SDBP) (Furukawa et al., 2007;
ovanovic et al., 2006) was calculated (Eq. (8)) accounting for the

ispersion of the analyte in the surface of the sample:

DBP =

√∑X
x=1

∑Y
y=1(ĉxy − c̄)2

XY − 1
(8)

http://www.models.kvl.dk/users/jose_manuel_amigo/index.htm
http://www.models.kvl.dk/users/jose_manuel_amigo/index.htm
http://www.ub.es/gesq/mcr.htm
http://www.ub.es/gesq/mcr.htm
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Table 1
CLS, MCR-ALS and augmented MCR-ALS mean concentrations (%) obtained for the six replicates.

APIa MgStb MCC Lact Talcc

6.2d 0.75d 20d 71.49d 1.5d

CLS
Mean 8.0 (20.2)e 41.2 (20.3) 18.7 (3.3) 80.2 (3.1) 50.2 (0.2)
RMSEP 18.7 44.9 3.5 9.5 48.7
SEP 20.3 20.4 3.3 3.2 0.2

MCR-ALS
Mean 1.0 (1.4) 0.1 (0.1) 22.2 (3.4) 76.0 (3.2) –
RMSEP 4.9 0.6 3.7 6.1 –
SEP 25.1 0.2 10.2 43.5 –

Augmented MCR-ALS
Mean 4.6 (0.4) 3.8 (0.2) 19.2 (2.2) 71.1 (3.2) 1.7 (0.2)
RMSEP 1.6 3.1 2.5 2.8 0.3
SEP 0.4 0.2 2.6 2.9 0.2

a MCR-ALS: values obtained without sample 2.
b MCR-ALS: values obtained without samples 2, 3, 4 and 5.
c
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Table 2
Correlation coefficients between pure spectra.

API MgSt MCC Lact Talc

API 1.0000 0.9377 0.9072 0.9086 0.9539
MgSt 1.0000 0.9243 0.9233 0.9503
M
L
T

(
e
t
a
t
r
t
b

MCR-ALS: not possible to obtain an estimation of the concentration for Talc.
d Nominal.
e Standard deviation in parenthesis.

here ĉxy is the calculated concentration in each xyth pixel, c̄ repre-
ents the mean value of the concentration obtained for each analyte
nd XY denotes the total number of pixels.

. Results and discussion

.1. Quantitative results

CLS results for the six samples are depicted in Table 1. At first
ight, it can be observed that good values of mean concentration
nd standard deviation have been obtained for the two major com-
onents (MCC and Lact). RMSEP and SEP values obtained for MCC
re slightly high, but still under a good predictive capability. For
act, RMSEP value is higher than SEP, indicating certain overfitting
f the model.

Despite these reasonably good results for MCC and Lact, results
btained for the minor components (API, MgSt and Talc) did not
over all the expectations. Results are far away from being rep-

esentative of the nominal concentration of these components in
he tablet. The reason may be found taking into consideration the

utual correlation between components (Fig. 2). To illustrate this,
he correlation coefficients between pure spectra have been calcu-
ated and are shown in Table 2.

c

e
c
a

Fig. 2. Pure spectra of the five components composing the
CC 1.0000 0.9829 0.9291
act 1.0000 0.9187
alc 1.0000

In general all the correlation coefficients present a high value
more than 0.90). Due to their similar chemical structure, the high-
st value of correlation is found between MCC and Lact whereas
he lowest values are between the minor components (API, MgSt
nd Talc) and the major components (MCC and Lact). One point
o consider is that the concentration of the two major components
epresents more than 90% of the sample. Both facts make CLS unable
o obtain reliable estimations of the minor components, with CLS
eing highly affected for the high values of correlation between the

omponents of the sample.

For MCR-ALS models the percentage of lack of fit (%LOF) and
xplained variance were of 3.80% and 99.87%, respectively, indi-
ating that the models are of good quality. Nevertheless, looking
t the quantitative results in Table 1, it can be observed that the

samples (after SNV and smoothing pretreatments).
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Table 3
Standard Deviation Between Pixels (SDBP) for the concentrations obtained with
augmented MCR-ALS.

API MgSt MCC Lact Talc

Sample 1 2.9 2.2 6.2 7.4 1.4
Sample 2 2.6 2.1 9.1 10.1 1.4
Sample 3 4.1 2.4 9.3 10.9 1.5
Sample 4 2.8 2.2 10.2 11.0 1.4
S
S

w
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oncentrations obtained with MCR-ALS did not correspond to the
ominal composition of the tablets. For major components, the
alculated concentration covers the expected range. Nevertheless,
heir RMSEP and SEP values indicate that the predictive capability
f the model is not of good enough quality. Attending to the minor
omponents it is remarkable that it was unable to quantify Talc in
ny of the six samples; whereas it was only possible to quantify API
nd MgSt in one and five of the samples, respectively. These bad
esults for minor components reflect the above-mentioned prob-
em of lack of selectivity (see Section 2).

The results obtained using the augmented version of MCR-ALS
re highly worth mentioning (Table 1). The percentage of Lack
f Fit (%LOF) and explained variance were of 3.90% and 99.80%,

espectively. The concentrations obtained for major components
Lact and MCC) are in the same quality as those obtained with
LS. Nevertheless, the low values obtained for RMSEP and SEP

ndicate the high predictive capability of augmented MCR-ALS.
he good results obtained for Talc are especially remarkable. Its
alculated concentration and standard deviation contained the
ominal concentration in the tablet. Also good result of RMSEP
nd SEP were obtained. For API, lower prediction was obtained;
hereas a higher concentration was obtained for MgSt. Never-

heless, their standard deviations as well as their RMSEP and SEP
alues were of high quality, indicating a good predictive capability
f the model. These results may conclude that augmented MCR-
LS is a good methodology to offer reliable and semi-quantitative

nformation about the concentration of minor components in
ablets, being very accurate in the quantification of major
omponents.

It should be noted that none of the methods actually provide
atisfactory quantification results in relation to the European stan-
ard practice that the active ingredient in drug products should
ange between 95% and 105% of the declared content. Nevertheless,

easuring an area of 2 mm × 2 mm and the surface of the tablet
ould also be inadequate for that purpose. The aim is to provide

ccurate/reliable quantitative results to obtain the most accurate
nformation of the spatial distribution of components. To evalu-
te the quantitative results from the different models in this study

o
t
p
c
o

ig. 3. Concentration surfaces obtained for one of the tablets by applying CLS (upper), M
olor intensity values.
ample 5 2.5 2.3 11.0 11.7 1.2
ample 6 4.7 2.2 8.8 9.8 1.3

e compare with the theoretical concentrations which is obviously
nd approximation.

.2. Spatial distribution of the analytes in the surface

As an illustrative example, the concentration surfaces for sample
obtained with the three methodologies proposed are depicted in

ig. 3. The concentration surfaces obtained with CLS (upper row)
enoted the lack of predictive capability of this method for MgSt
nd Talc. Looking at the concentration maps obtained with MCR-
LS (middle) similar conclusions can be extrapolated from the CLS
esults.

As we expected from the quantitative results, the augmented
ersion of MCR-ALS offered a more reliable semi-quantitative
verview of the distribution of each component in the sample
Fig. 3, bottom). This distribution was studied by calculating the
DBP (Table 3) and depicting the histograms of the distribution
or each sample (Fig. 4). Several conclusions can be extracted from
he histograms: in general, very close distribution histograms
ere obtained in the six samples, giving an idea of the similar
istribution of the analytes between the samples. Moreover, most

f the distributions presented a Gaussian shape. The distribution of
he minor components is characterized by having a high number of
ixels of 0 concentration, being their distribution very close to this
oncentration. Another remarkable information is that histograms
f API and MgSt are highly correlated in the six samples. The

CR-ALS (middle) and augmented MCR-ALS (below). All images are scaled to same
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Fig. 4. Histograms of concentrations obtained f

istribution of the major components was as expected, covering
ost of the concentration range.
One special feature of the obtained histograms is that none of the

aussian distribution showed a thin shape. This fact is corroborated
ith the high values of SDPB obtained (Table 3) in all the samples,

ndicating a high level of dispersion in all the samples for major
omponents, specially.

. Conclusions and further perspectives

In this work, several methods have been tested to overcome the
ossibility of direct quantification of major and minor components

n pharmaceutical samples by using NIR-Chemical Imaging without
previous stage of calibration.

The quantitative results obtained denoted that the most robust
nd reliable results have been obtained by means of the augmented
ersion of Multivariate Curve Resolution. This working method-
logy has been demonstrated to offer reliable and quantitative
nformation about the concentration of major components, as well
s a semi-quantitative estimation of minor components in tablets.
hese features allow the augmented version of MCR-ALS to become
very useful methodology in the field of, for example, blending

rocesses monitoring.
It is also remarkable the usefulness of studying the distribution

f each analyte in the surface of the tablet. This target has been
vercome by using the histograms and SDBP of the results obtained
ith augmented MCR-ALS. These two parameters have offered an

stimation of the real distribution of each analyte in the sample,
eing very useful when the total homogeneous distribution in the
ablet in a blending process is pursued.
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