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ARTICLE INFO ABSTRACT

Near-Infrared hyperspectral imaging (HSI-NIR) is a useful technique for pharmaceutical research and industry
alike. It can provide important surface information such as the polymorphs quantification and its distribution
PLS over the tablet. Several chemometric tools are applied for this purpose, with MCR-ALS and PLS regression being

Keywords:
Hyperspectral images

MCR-ALS the most common approaches. In this work, a detailed comparison between these two approaches is performed.
Polymorphs d a “simple” . . . £ th . local ificati 1
b Beyond a “simple” regression comparison, a comparison of the score images (local quantification) was also

evaluated. The system under study is tablets with ternary mixtures of Mebendazol (MBZ) polymorphs, micro-
crystalline cellulose and magnesium stearate. PLS models, in general, gave lower RMSEP (below 1.7% w/w for
the three MBZ polymorphs) than the corresponding MCR-ALS predictions. Analyzing the distributions of the
scores in the images of each sample shows clear differences between the PLS and MCR-ALS models. The MCR-
ALS gave more chemical meaningful distribution maps for all polymorphs, even though the PLS accurately
predicts the average concentration across the image. The problem is that the PLS models used the main spectral
regions to quantify each MBZ polymorph, but at the same time undermines the minor spectroscopic changes
caused by the different polymorphs. Although this may seem as a minor deviation from the truth, the results
clearly show that this deviation is detrimental for the analysis of the spatial distribution of the analytes. These
results indicate that the optimal multivariate model for multivariate images depend on the goal of the analysis:
global quantification or a distribution analysis.

Multivariate calibration

1. Introduction

Near infrared spectroscopy (NIRS) is widely and successfully used
for pharmaceutical applications due to its inherent characteristics such
as non-destructivity, no sample preparation, fast analysis and easy ap-
plicability for industrial process monitoring [1,2]. This vibrational
spectroscopy enables quantitative and qualitative analysis and is also a
common method for pharmaceutical solid-state assessment such as for
polymorphs analysis [3-5].

Polymorphism means the multiple crystalline forms of a substance.
Several active pharmaceutical ingredients (API) are characterized by
the actual polymorph. Each polymorph displays individual chemical,
physical and process properties without undergoing any change in their
chemical composition [6-8]. Moreover, these different properties may
affect the drug therapeutic efficiency and product manufacturing such
as the powder flow, compressibility, tablet stability, etc [9,10].
Therefore, it is important to detect and quantify pharmaceutical
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polymorphs in bulk and final product to ensure the presence of a correct
or acceptable solid-state form and also to avoid health and manufacture
problems, such as the famous Ritonavir case, which several manu-
factured lots were botched due to the appearance of a new polymorph
[11]. Mebendazole (MBZ) is a anthelmintic drug that needs careful
attention as it displays three polymorphs (A, B and C) with different and
critical properties [12,13]. For instance, polymorph A does not present
the desired effect when it exceeds 30% in a formulation due to its low
solubility. Polymorph B is the more toxic of the polymorphs [14,15],
while polymorph C is the pharmaceutically preferred. Nonetheless, all
three MBZ polymorphs are found in commercial products [16-18].
Vibrational spectroscopy such as NIRS has been used successfully for
the identification and quantification of MBZ polymorphs in raw mate-
rial [16,19,20]. Ayala et al. characterized MBZ polymorphs using vi-
brational spectroscopy [16]. Silva et al. described analytical methods
using NIRS for MBZ polymorphs quantification using benchtop and
portable instruments [19,20].
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Nowadays, the association of conventional NIRS instruments with
cameras makes the acquisition of chemical images in this electro-
magnetic spectral region possible - so-called Near Infrared-
Hyperspectral Images (HSI-NIR). In a HSI-NIR systems, a NIR spectrum
is measured for each image pixel and a data cube (3D) is generated
(height by width by wavelength). Beyond chemical information (spec-
tral information) obtained with the image samples, spatial information,
such as the API distribution, becomes possible. The HSI-NIR provides a
large amount of information with several thousands of pixels per image,
each measured at many wavelengths, making the subsequent data
analysis complex. At the same time, the possible informational output is
drastically increased. Multivariate data analysis have shown to be an
efficient tool to extract useful information from this type of data
[21-24]. Several applications of HSI-NIR coupled with chemometrics
for different pharmaceutical application such as determination of API
content [25] and its degradation product [26] have been shown. They
unveil multiple solid-state transitions [27], and analysis of pharma-
ceutical pallets [28]. In terms of pharmaceutical quantitative analysis,
the most common chemometrics approaches for hyperspectral images
are Multivariate Curve Resolution — Alternative Least Squares (MCR-
ALS) and Partial Least Squares (PLS) regression [29].

MCR-ALS and PLS are chemometrics approaches well established
and widespread with several references describing them in detail
[30-33]. Described very briefly, PLS regression aims to correlate
spectral information with a dependent variable such as pharmaceutical
bulk content. Thus, a model is built and its regression coefficients are
used to predict the property of interest from new sample spectra
[32,33]. On the other hand, MCR is a curve resolution method that
decomposes the data matrix into its pure response profiles (e.g. spectra)
and their relative concentrations. MCR works in an iterative way (Al-
ternating Least Squares — ALS) to achieve the best data decomposition.
The ALS algorithm allows for several types of constraints (e.g. non-
negativity in concentration/ spectral profile) to improve and reach
chemical reasonable MCR solutions [30,31].

For polymorph determination, both MCR-ALS and PLS regression
have been utilized together with data from HSI-NIR. Rocha et al. [34]
described an analytical method to quantify two piroxicam polymorphs
in tablets using NIRS images and PLS regression. The authors determine
local and global polymorphs concentration in the tablets with predic-
tion errors below 4% w/w. Siddiqui et al. [35] developed models based
on PLS regression to predict the nimodipine polymorph concentration
in powder mixtures using hyperspectral images. Schonbichler et al. [36]
evaluated HSI-NIR for quantifying furosemide crystal polymorphs in
ternary powder mixtures using PLS regression. The quantitative results
obtained with the images were comparable with the ones obtained
using conventional NIRS, Raman and IR spectroscopies. Brondi et al.
[37] evaluated fenofenadine polymorph distribution in tablets by HSI-
NIR. PLS and MCR-ALS were evaluated and compared for polymorphs
quantification. The author concluded that MCR-ALS efficiently quanti-
fied the polymorphs, but the PLS model recovered the concentration
better. In that work, the models’ regression parameters were evaluated
to compare the prediction accuracy.

According to the described works, PLS regression is the most
common approach. Whenever it is compared with MCR-ALS, the focus
is on comparing the regressions parameters. However, it is necessary to
evaluate the multivariate approaches also by the distribution maps, i.e.
analyzing the local concentration prediction within the tablet. In the
case of polymorphs analysis, the vibrational spectral profiles between
the polymorphs are often similar and it complicates the analysis.
Detailed comparison between the two most common chemometrics
tools (MCR-ALS and PLS) for polymorphs quantification using HSI-NIR
is necessary. Therefore, this work aims to evaluate the analytical per-
formance of MCR-ALS and PLS approaches to quantify global and local
concentration of MBZ polymorphs in pharmaceutical tablets.
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2. Material and methods
2.1. Samples

Mebendazole polymorphs A and C were supplied by Formil Quimica
(Sdo Paulo, Brazil) and polymorph B were obtained by the re-
crystallization method described by Kachrimanis et al. and Silva et al.
[18,19]. The polymorphs were characterized by IR spectroscopy and
Powder X-ray diffraction (PXRD). IR spectra were recorded using a FTIR
Spectrum 400 spectrometer (Perkin Elmer) using a universal attenuated
total reflectance (U-ATR) accessory in the 4000-650 em ™! range, with
a 4cm™ ! resolution and an average of 32 scans. PXRD diffractograms
were recorded using a D8 advanced diffractometer (Bruker) using Ko
radiation of copper (1.54 A). The samples were analyzed with a scan
rate of 0.02° 26/s in the angular range of 3-35° 26 at room temperature.
The MBZ patterns were compared with those described in the literature
[13,14,18] and after positive agreement, the samples were sieved into a
355 um (45 mesh screen).

A mixture design, based on the Simplex-Lattice design [38], was
used to prepare 25 ternary mixtures of MBZ polymorphs, varying
polymorph A and C from 0 to 100% and polymorph B in the 0-30%
range. Simplified pharmaceutical tablets containing the polymorph
mixtures and the excipients (microcrystalline cellulose - MCC, and
magnesium stearate — MgSt) were prepared. All tablets with polymorph
mixtures, MCC and MgSt presented 50:49:1 of mass fraction range with
total weight of 100 mg. All the samples were weighted in analytical
balance (CP225D, Sartorius) with an accuracy of 0.01 mg. Each sample
powder mixture was mixed by vortexing for 3 min in 15 mL recipient to
ensure homogeneity in the tablets before pressing. The samples were
pressed in a mechanical press under to 2 ton/cm? to form the MBZ
tablets with a diameter of 8.5 mm. Table 1 shows the amount of MBZ
polymorphs in each tablet.

2.2. NIR images acquisition
Near infrared hyperspectral images were collected using a
SisuCHEMA (Specim) hyperspectral camera in the spectral range of

900-2500 nm and a spectral resolution of 10 nm. This camera measures

Table 1
Amount of MBZ polymorphs in each tablet.

Polymorph A Polymorph B Polymorph C
(% w/w) (% w/w) (% w/w)

M1 42.5 7.5 0
M2 0 15 35
M3 35 15 0
M4 21.5 7.5 21.5
M5 50 0 0
M6 25 0 25
M7 0 0 50
M8 0 7.5 42.5
M9 17.5 15 17.5
M10 37.5 4 8.5
Mi1 30 1.5 18.5
M12 9.5 0.5 40
M13 15 2.5 325
M14 40 6 4
M15 12.5 9 28.5
M16 20 12.5 17.5
M17 30 7.5 12.5
M18 10 10 30
M19 45 1 4
M20 16.5 2 31.5
M21 13.5 3 33.5
M22 7.5 5 37.5
M23 3.5 9.5 37
M24 2.5 11 36.5
M25 1.5 13.5 35
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cross-sections of the sample, and the distance between the cross-sec-
tions is 6.3 nm. The images were measured using a macro lens with
10 mm of field of view and pixel size of 30 X 30 um, resulting in an
average image size of 300 X 300 pixels.

2.3. Data analysis and software

The first step in the data analysis, is to select the Region of Interest
(ROI) in each image to eliminate the background. The spatial pre-pro-
cessing was made by Principal Component Analysis (PCA) frequency
histograms obtained from the score images [39]. Afterwards, the
images were unfolded from three-dimensional to two-dimensional
matrices by unfolding in the spatial direction.

Different pre-processing strategies were applied on the NIR spectra
to minimize the instrumental and physical artefacts that are not related
with the chemical behavior of the samples and pixels, such as noise and
light scattering. Standard Normal Variate (SNV), Multiplicative Signal
Correction (MSC) and Savitzky-Golay 1st and 2nd derivative were all
investigated [40]. On the pre-processed spectra, MCR-ALS and PLS
models were developed to quantify the MBZ polymorphs in the tablet
and visualize their surface distribution. The optimal pre-processing
method was decided based on a set of figures of merit. The MCR-ALS
models were evaluated by the Lack of Fit (LOF), explained variance,
residuals and correlation coefficient between the experimental and the
recovered data, while the PLS models were evaluated by the RMSEC,
RMSECV and the correlation coefficient between the actual and pre-
dicted values. Through this analysis, the optimal pre-processing method
was found to be the Savitzky-Golay routine using a window size of 15, a
polynomial degree of 2 and the estimated 2nd derivative.

The samples were partitioned into a calibration and test set con-
taining 15 samples and 10 samples, respectively. The same calibration
and test set was used for both the PLS and the MCR-ALS models.

MCR-ALS models were developed using the hyperspectral images
compressed by data binning. This compression technique can be ap-
plied in both spectral or spatial dimension and it replaces the original
data by the mean value within a determined pixel or wavelength
window. This data compression was used to decrease the computational
time and it was applied in the spatial dimension in order to reduce the
number of pixels by a factor of two. After data binning, each image
sample included around 14,000 pixels. In addition, row-wise aug-
mented matrices with the calibration subset samples were made to
perform the models; effectively positioning the images below each
other in the data matrix. The tablet components (MBZ polymorphs,
MCC and MgSt) spectra were provide as initial estimation and non-
negativity constraints were applied on the concentration profiles.
Finally, the mean resolved concentration value for each image was
regressed against the global concentration for each polymorph in the
image. In this way, the relative concentration is turned into absolute
concentration by the regression line. The recovered MCR-ALS spectra
were used to determine the concentration profile for the prediction
samples and its global concentration was determined by the calibration
model described above. The quality of the calibration model was
evaluated by the root mean square error of calibration (RMSEC) and the
regression parameters. More details about quantification based on
MCR-ALS can be found in a review made by Piqueiras et al. [31].

Partial Least Squares (PLS) regression models were developed using
the mean pre-processed spectra of each image. Full cross validation was
carried out to select the optimal number of latent variables (LV) in the
regression models. The number of LVs was determined from the
minimum root mean squared error of cross validation (RMSECV). It
should be noted that both the average image and the content of the
polymorph where mean-centered.

The predictive ability of the regression models developed in this
work was evaluated by the root mean square error of prediction
(RMSEP) of the test set and by the regression parameters. The Limit of
Detection (LOD) values for each models were determined according to
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Booksh and Kowalski [41]. Distribution maps for the test set were ob-
tained by refolding the predicted concentration at each pixel of the HSI.

All chemometrics calculations were performed using Matlab soft-
ware (Mathworks®), PLS Toolbox (Eigenvector Research Inc.),
Hypertools Toolbox [42] and MCR-ALS interface (available at www.
mcrals.info) [30].
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Table 2
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Overall results for PLS and MCR-ALS models for quantifying MBZ polymorph in tablets using HSI-NIR. The values in parentheses refers the number of latent variables

used in the PLS regression models.

Polymorph A Polymorph B

Polymorph C

RMSEC R?>  RMSEP R®> LOD RMSEC R?>  RMSEP R?> LOD RMSEC R2  RMSEP R> LOD
(% w/w) (% w/w) (% w/w) (% w/w) (% w/w) (% w/w) (% w/w) (% w/w) (% w/w)
PLS 1.65 (4) 0.99 1.71 0.98 2.06 1.09 (4) 0.95 1.00 0.96 2.15 1.28 (3) 0.99 1.12 0.99 229
MCR-ALS 2.87 0.97 4.56 0.95 6.65 1.59 0.91 287 0.88 5.10 1.64 0.99 2.22 0.96 4.62
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Fig. 3. Plots of reference values versus predicted values obtained by the PLS and MCR-ALS models for quantifying MBZ polymorphs in tablets.

3. Results and discussion

Fig. 1 shows the raw NIR spectra from the tablets used in this works
and their components. Although the hyperspectral camera operates
from 900 to 2500 nm, the NIR spectra were reduced to the spectral
range of 1060-2350 nm to eliminate the high frequency noise observed
at each end of the spectra. Fig. 1a shows the NIR spectra profile for each
component in the tablets and their characteristic absorption bands. It is
possible to identify the main characteristic band for the MBZ

23

polymorphs, the first overtone of N-H stretching vibrations around
1450 nm. This band indicates differences in the intensity and width
among the polymorphs due to their packing difference in the crystal
lattice. The 2nd and 1st overtones of the C-H stretching vibration for the
polymorphs arises around 1130nm and 1650 nm, respectively. The
polymorph bands above 2000 nm are assigned to combinations of C-H
and N-H stretching and bending vibration. This spectral region is im-
portant to distinguish the polymorph A and B due to their overlapped
spectral profile.
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MCC has broad bands around 1500 nm, 1900 nm and 2100 nm re-
lated with the 1st and 2nd overtone of O-H stretching (the two first) and
its deformation (at 2100 nm). As can be seen, the MMC spectrum
overlaps the major bands used to distinguish the MBZ polymorphs. It is
worth noting that the global MCC content in the images is the same
(50% w/w) and its information on the mean spectra do not change.
However, spectral variability for MCC is observed in the pixels’ spectra
due to its distribution across the tablet. Finally, the magnesium stearate
spectral profile showed bands around 1150 nm and 1700 nm related
with the 1st and 2nd overtones of C-H stretching, as well as char-
acteristic combination bands (1st C-H stretching + 1st C-H deforma-
tion) around 2280 nm.

Fig. 1b shows the mean raw NIR spectra for all tablets. As can be
seen, the main information observed in the mean spectra is related with
the MBZ polymorphs and MCC. Spectral information about the mag-
nesium stearate is not clear due to its low content (1% w/w) in the
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tablets. Scattering effect is observed in these measurements and this
effect was removed prior to the analysis by pre-processing in the
spectral mode.

Different pre-processing strategies were evaluated for MBZ quanti-
fication using both MCR-ALS and PLS regression. However, the second
derivative with Savitzky-Golay smoothing filter with second order
polynomial and 15 points window size provided the best results based
on PLS and MCR-ALS predictive ability.

MCR-ALS models were built using two different strategies, (1) all
the pre-processed NIR spectra after data binning and (2) their mean
spectra for calibration samples. Between these models, the first strategy
provided best results since more spectral variability were included and
equality constrains can be used to obtain good recovered spectra. Fig. 2
shows the recovered and pre-processed MBZ spectra for the best MCR-
ALS model and the respective correlation coefficient between the re-
covered MCR-ALS and the pure spectra.

Table 2 summarizes the results obtained for quantification of MBZ
polymorphs using both MCR-ALS and PLS regression. For all poly-
morphs, the PLS models exhibit better results for global tablet con-
centration with lower calibration and prediction errors when compared
with the MCR-ALS results. Probably the better analytical performance
for global determinations using PLS is because the model was devel-
oped with the mean spectra, in other words just general tablet in-
formation was included in the model. On the other hand, the MCR-ALS
models were based on the local information and the global concentra-
tion was obtained through an extra regression step. This means that it is
likely that MCR-ALS is more accurate regarding local distribution of the
chemical components across the whole image. In addition, for local
quantification (distribution maps), any variability not reflected in the
average image spectrum may affect the PLS distribution maps. There-
fore, only the regression parameters (as shown in Table 2) are not en-
ough to evaluate the analytical performance of these approaches for
local determination. In order to include this a pixel by pixel evaluation
is needed, as the models developed indicate that they could behave
differently with regards to the local concentration evaluation.

Fig. 3 shows the reference versus predicted values plots for the
models summarized in the Table 2. All samples are distributed around
the target line demonstrating agreement between the predicted and
nominal values. The higher random prediction error for the MCR-ALS
models was expected due to how the model has been generated. Among
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the polymorphs, the polymorph B showed the highest deviations from
the target line. This is not a surprise as the polymorph A overlapped the
polymorph B spectra making its quantification more difficult. To ensure
that the PLS models were using information associated with the re-
spective polymorphs, the Net Analytical Signal (NAS) from the MCR-
ALS recovered spectra were calculated and compared with the PLS re-
gression coefficient. The correlation coefficient between the NAS and
the PLS regression coefficient were 78% for polymorphs A and B, and
59% for polymorph C. The largest differences between the NAS and PLS
regression coefficient for each polymorph are related with the smaller
peaks utilized during the quantification in the PLS models.
Considering the LOD (Table 2), the PLS models achieved values
lower than those obtained with the MCR-ALS models. These results also
showed the better sensitivity of the PLS models for global polymorph

25

quantification in tablets. In addition, the PLS results obtained in this
work were comparable with the analytical methods previously pub-
lished using conventional NIR, MIR and Raman spectroscopies for
quantify MBZ polymorphs in raw materials [19,20,43].

According to the PLS regression coefficient (Fig. 4), the main
spectral region for quantifying polymorphs A and B is the region of
combination bands. In addition to this region, polymorph C presented
high regression coefficient values at the first overtone of N-H stretching
vibration for its quantification. These spectral regions verified in the
PLS regression coefficient showed agreement with the spectral bands
used to characterize each MBZ polymorphs.

To evaluate the local concentration for both PLS and MCR-ALS
models, several tablet images with different polymorphs concentrations
were recovered using the models. Figs. 5-7 show the distribution maps
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for the MBZ polymorphs and its frequency histograms for the tablets
M4, M16 and M18 (Table 1).

The different powder features among the MBZ polymorphs are very
important for these evaluations, as this comparison cannot be per-
formed quantitatively, only qualitatively. All the MBZ polymorphs are
cohesive and easily agglomerates, with polymorph B with the lowest
degree of agglomeration [44]. Since the tablets used in this work were
powder blends, it is expected that the samples carry on the natural
features of the powders. It means that the more aggregating powders
(polymorph A and C) should indicate clusters on the tablet. While the
others components are expected to be more homogenous.

The distribution maps and their histograms reveal some difference
between the two strategies. For polymorphs A and B, the MCR-ALS
gives a wider histogram compared with the PLS models, while the PLS
models accurately predict the global quantity. However, with the MCR-
ALS models it is possible to indicate the powder clusters in the dis-
tribution maps. These clusters indicate high content in that local region
demonstrating the sample heterogeneity. However, the distribution
maps calculated by PLS demonstrated more homogeneous tablet sur-
faces. The PLS regression coefficient (Fig. 4) showed that the combi-
nation bands are the most important region for quantifying polymorphs
A and B. This spectral region (2000-2200 nm) is overlapped by the
broad MCC band (Fig. 1a). As the PLS model uses the mean NIR spectra,
the MCC information does not change and any local variability in the
MCC is not taken into account. However, the MCR-ALS clearly shows
that there is a variability in the local MCC concentration making the
prediction by PLS more difficulty and less realistic as this variability is
not taken into account in the PLS model. Furthermore, the local
quantification by PLS for polymorph B is even more difficult due to this
polymorph presented the lowest content in the tablet (= 30% w/w)
and its absorption bands are readily overlapped by the MCC.

For polymorph C the results showed opposite behavior than these
obtained for the other two MBZ polymorphs on the recovered images.
The PLS models show wider histograms and clear cluster visualization
over the images. It is worth noting that the two main regions used for
this quantification according to PLS regression coefficients are also
highly overlapped by MCC spectra. It means that when the polymorph C
content decreases across the tablet more MCC information is observed
in the same spectral region. It is thus evident that the model used for
understanding the local variability can cause misinterpretation of the
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distribution maps, as observed in the binary mixture sample M1
(Fig. 8).

Fig. 8 shows a tablet sample without the polymorph C. As can be
seen, the distribution map for this polymorph by PLS evidenced some
cluster over the image, although this global concentration (0.06% w/w)
was accurate. The distribution map for polymorph C is similar to that
observed for polymorph A. However, the PLS regression coefficient was
not looking for polymorph A. The PLS model observed the lack of MCC
in the sample, which for that sample is similar with the distribution
maps for polymorph A due to its high content in the tablet. The re-
gression coefficient for polymorph C has a band around 1900 nm re-
lated with the MCC and that region presented a negative contribution in
the model.

For polymorph C, the MCR-ALS (Figs. 5-7) showed the most
homogenous distribution maps among the polymorphs. As the MCR-
ALS decomposed the data, its distribution maps for polymorph C are
more realistic for the concentration range used and for that complexity
data.

It is worth to highlight that the same information and behavior for
all MBZ polymorphs were observed over the images. Even though the
focus of this work is related with the quantification of the polymorphs,
the tablet excipient distributions are only possible with the MCR-ALS
strategy. The recovered images for the excipients were analyzed and all
of them showed an agreement with the other compounds; and areas
with high content of other compounds show low content of the major
excipients.

As stated before, the regression parameters are not sufficient to
evaluate analytical performance in different quantification approaches
for images analysis. That kind of evaluation is of less importance when
distribution maps also are of interest, which is the case of many ap-
plications of HSI. Sabin et al. [45] showed in their work that there is no
difference between the PLS and MCR-ALS results for both local and
global quantification in cabemezepine tablets. An agreement between
the approaches used for global and local quantification is related with
the data complexity, for instance the number of APIs, as well as the
spectral features among the chemical components of the tablet.
Therefore, quantification analysis in both global and local distribution
are necessary and needs to be done carefully in quantitative analysis
using hyperspectral images.
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4. Conclusion

In this work a detailed comparison between MCR-ALS and PLS
models to quantify MBZ polymorphs in tablets using HSI-NIR was
presented. For global tablet determination, the PLS showed better
prediction performance with lower calibration and prediction errors
when compared with the MCR-ALS results. The superior performance
for PLS for global quantification is because these models are developed
with the average image spectra and only general information about the
tablet was included.

For local quantification, analyzing the distribution maps, the MCR-
ALS provides more meaningful results for all polymorphs, especially if
one base the evaluation on earlier reported observations. The MCR-ALS
results provided clearer and more realistic information about the
polymorphs powder clustering on the tablet. According to the PLS re-
gression coefficients, the important regions for quantification of MBZ
polymorphs are related with the spectral region used to characterize
them. However, these spectral regions are highly overlapped by the
MCC spectral information and it makes the PLS results vulnerable to
local variations in MCC.

These results demonstrate the efficiency of HSI-NIR to provide
global polymorph content in a tablet and its distribution. Moreover, the
prediction performance themselves are not enough to describe which
chemometric model provides most meaningful distribution maps, since
the recovered image quality depend of the spectral information about
the polymorphs and their variability. PLS models provided better re-
sults for global quantification probably because the model is based on
the average image spectra and any variability over this is not con-
sidered in the model. On the other hand, MCR-ALS models include more
spectral information about the samples and can better separate the
polymorphs information for local distribution. Therefore, distribution
maps should be evaluated for different chemometrics approaches even
though a specific model provided good global prediction results. Thus,
the optimal model depends on the goal of the analysis of HSI-NIR. If the
global quantification is important, PLS should be chosen. On the other
hand, if one is interested in accurate distribution maps, MCR-ALS
should be the preferred model.
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