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Using an appropriate set of samples to construct the calibration set is crucial with a view to ensuring
accurate multivariate calibration of NIR spectroscopic data. In this work, we developed and optimized a
new methodology for incorporating physical variability in pharmaceutical production based on the NIR
spectrum for the process. Such a spectrum contains the spectral changes caused by each treatment applied
to the component mixture during the production process. The proposed methodology involves adding
a set of process spectra (viz. difference spectra between those for production tablets and a laboratory
mixture of identical nominal composition) to the set of laboratory samples, which span the wanted
concentration range, in order to construct a calibration set incorporating all physical changes undergone
by the samples in each step of the production process. The best calibration model among those tested
was selected by establishing the influence of spectral pretreatments used to obtain the process spectrum
and construct the calibration models, and also by determining the multiplying factor m to be applied to
the process spectra in order to ensure incorporation of all variability sources into the calibration model.
The specific samples to be included in the calibration set were selected by principal component analysis
(PCA). To this end, the new methodology for constructing calibration sets for determining the Active
Principle Ingredients (API) and excipients was applied to Irbesartan tablets and validated by application
to the API and excipients of paracetamol tablets. The proposed methodology provides simple, robust
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calibration models for determining the different components of a pharmaceutical formulation.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Near infrared spectroscopy has become a widely used tool in
the pharmaceutical industry for a variety of purposes ranging from
the determination of the API in end-products to the monitoring of
the different steps of a pharmaceutical process. During the phar-
maceutical process, a mixture of the different components of the
formulation is subjected to operations including granulation, dry-
ing, pressing and coating, all of which introduce some variability
in the spectra for production samples in relation to those for a
sample obtained simply by mixing the formulation ingredients.
Such variability precludes the use of the same model to deter-
mine any parameter such as the API concentration, an excipient
concentration or some physical property (e.g. particle size, com-
paction pressure) in the pharmaceutical preparation. As a result,
accurately determining each target parameter requires construct-
ing an appropriate calibration model, which is a slow, difficult task
[1].

Introducing process analytical technology (PAT) in a pharma-
ceutical process entails determining some parameters in order to
establish the critical quality attributes for the process or its prod-
uct. This is usually accomplished by using a fast-response technique
such as NIR or Raman spectroscopy. Constructing accurate models
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for pharmaceutical processes requires using a simple, fast, flexible
methodology for this purpose [2].

The greatest difficulty in developing a robust analytical model is
constructing a representative calibration set. In fact, the samples to
be included in the calibration set should span a wide enough con-
centration range to enable the prediction of samples with abnormal
concentrations and meet the ICH guidelines as regards maximum
ranges; also, they should encompass the whole physical and chem-
ical variabilities of the production process [3]. In order to meet
the former requirement, the ICH guidelines [4] recommend using
arange +20% around the nominal value to determine the API; also,
correlation between components in the calibration samples should
ideally be as low as possible.

Physical variability in production samples arises from differ-
ences in density, particle size, granulation and compaction, among
other factors, which resultin differences in light trajectory and scat-
ter that in turn lead to spectral dissimilarities [5]. Because even
small differences can have a strong impact, incorporating them into
the calibration model is crucial with a view to obtaining acceptable
predictions.

The previous requirements are essential in order to construct
effective calibration sets [6]; also, the more similar the calibration
samples and those to be predicted (viz. production samples) are, the
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Concentration correlation coefficients of the different components in Irbesartan laboratory blends.

Correlation coefficients Irbesartan Lactose Avicel pH 102 PVP 25 Croscarmellose sodium Aerosil 200 Sodium stearyl fumarate
Irbesartan 1 - - - - - -
Lactose 0.32 1 - - - - -
Avicel pH 102 0.23 0.20 1 - - - -
PVP 25 -0.99 -0.39 -0.29 1 - - -
Croscarmellose sodium -0.99 -0.40 -0.28 0.99 1 - -
Aerosil 200 -0.99 -0.38 -0.29 1.00 0.99 1 -
Sodium stearyl fumarate -0.99 -0.40 -0.28 0.99 1.00 0.99 1

better will be the predictions. Fulfillment of these requirements can
be ensured by using a number of methods [7-14]. Some tablet pro-
duction variables including grain size [1,8,9], compaction pressure
[1,11], tablet shape [5] and coating [17] influence the NIR spectrum
for the product and should therefore be considered in construct-
ing a multivariate calibration model to determine the API content.
Recently, Blanco et al. [15] proposed a new method for incorpo-
rating physical variability in a pharmaceutical production process
into the set of calibration spectra via a calculated process spec-
trum. The process spectrum is the difference spectrum between
that for the sample at an intermediate stage of the process (mixture,
granulate, core) or its final stage (tablet) and a powder mixture of
identical composition. The differences calculated for several pro-
duction samples are expressed as a set of mathematical vectors
defining variability in the production process. This is the so-called
“process variability matrix”, which is added to the matrix contain-
ing the set of NIR spectra for several powder mixtures spanning the
desired range of API concentrations in order to obtain the spectral
matrix for the calibration set. The spectrum for a calibration sam-
ple is the sum of the weighted contributions of the different sample
components (laboratory-made samples in our case) and that of the
production process (i.e. the process spectrum).

Usually, the number of available process spectra is small and
may not contain the whole variability in the production sam-
ples. Under such conditions, the variability included in the process
variability matrix can be increased by multiplying the process
spectra by an empirical coefficient m to obtain an expanded set:
the extended process variability matrix. The sum of the spectral
matrix for the laboratory powder samples - which contains chemi-
cal variability - and the extended process variability matrix — which
contains physical variability introduced by the different steps of
the production process - provides the extended total variability
matrix - which contains both physical and chemical variabilities
in the process, and is used to construct the calibration model. A
poor selection of samples for the calculation of process spectra can
introduce systematic errors in the prediction of production samples
[15].

In this work, we developed a methodology for selecting the
most suitable empirical coefficient m to be used in calculating the
extended variability matrix and assessed the effect of spectral treat-
ments used to obtain the process spectrum on the simplicity of the
ensuing calibration model and its predictive ability.

2. Experimental
2.1. Production samples

The pharmaceutical products studied were 100 tablets of Irbe-
sartan 300mg and 52 tablets of Paracetamol 1g, both from
Laboratorios KernPharma. Irbesartan 300 mg is commercially avail-
able as uncoated white cylindrical tablets containing Irbesartan
(59.29 wt%) as API; lactose (19.76 wt%) and Avicel pH 102 (10.97
wt%) as major excipients; and PVP 25 (2.96 wt%), Croscarmellose
sodium (2.67 wt%), sodium stearyl fumarate (2.57 wt%) and Aerosil
200 (1.78 wt%) as minor excipients. The paracetamol 1g tablets

were also white and uncoated, and contained Paracetamol (89.90
wt%) as API; pre-gelatinized starch (8.70 wt%) as major excipient;
and stearic acid (0.50 wt%) and Povidone (1.00 wt%) as minor excip-
ients.

2.2. Laboratory samples

The pure components of Irbesartan 300 mg tablets were used
to prepare a total of 30 laboratory samples consisting of accurately
weighed amounts of the powdered ingredients spanning a concen-
tration range +20% around the nominal API content as per the ICH
guidelines [4]. The sample set was established by using a D-optimal
design in order to minimize correlation between concentrations
(see Table 1).

Similarly, the pure components of Paracetamol 1 g tablets were
used to prepare a total of 26 mixtures spanning a concentration
range from 80 to 111% the nominal API content (898 mg/g) in
the commercial tablets, the latter value corresponding to pure
paracetamol. Such a high API concentration and low excipient con-
centrations precluded using an experimental design to prepare a
sample set with low correlated concentrations.

All samples were made by weighing the required amounts
of each component on an analytical balance. The mixtures were
homogenized in a solid mixer and assumed to be homogeneous
when they gave two identical consecutive NIR spectra. All concen-
trations were expressed as percentages of the total weight of each
pharmaceutical preparation.

2.3. Instrumentation and software

Laboratory samples were homogenized in a Turbula T2C WAB
shaker mixer. The NIR spectra for the Irbesartan and Paracetamol
laboratory samples and tablets were recorded on a Bruker MPA
Fourier Transform spectrophotometer equipped with an integrat-
ing sphere and a rotary module furnished with a cast of the same
shape and size as the tablets. The instrument was governed via the
software Opus v. 6.5.

The D-optimal design was developed with the software Modde
v.6.0 from Umetrics.

All spectra were processed and multivariate models were con-
structed by using The Unscrambler v. 9.8 from Camo.

2.4. Recording of NIR spectra

The NIR reflectance spectra for the samples were recorded
over the range 12 500-3750 cm~! (800-2666 nm) with a maximum
spectral resolution of 2 cm~! and an accuracy of 0.3 nm. Each spec-
trum was the average of 32 scans.

Powder samples were held in vials for direct placement on the
autosampler window. Each sample was used to record two spectra,
with turnover between the two, for averaging.

The spectra for Irbesartan tablets were recorded in cylindrical
casts, and those for Paracetamol tablets in oblong casts, which were
directly placed on the autosampler. Each sample was used to record
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two spectra and their average used to predict the component con-
centrations.

2.5. Preparation of the calibration-validation set

The process spectrum (Sp, which contained the contributions of
granulation and pressing), was calculated as

S];):ST_Sref (])

where St is the spectrum for the production sample (tablet) and
Sef that for a laboratory powder sample containing the same API
and excipient concentrations as the production sample. Calcula-
tions were based on the data for 5 tablets from as many production
batches of Irbesartan 300 mg and 10 of Paracetamol 1 g. The 5 Irbe-
sartan and 10 Paracetamol process spectra thus obtained contained
the spectral variability introduced by the production process. These
spectra constituted the reduced process variability matriX, Sy red,
for the production steps, which was added to the spectral matrix
for laboratory samples of known concentration in order to obtain
the reduced total variability matrix, S; reqd.

St.red = Sconc + Sp.red

The number of process spectra used was small; also, they might
not contain the whole variability of the production process. In order
to increase the variability in Sp, we used a multiplying factor rang-
ing from 1.5 to 0.5; specifically, we used the values 0.5;1.5,0.75;1.25
and 0.91;1.1. This not only increased the number of process spec-
tra, but also the variability spanned by the new set of process
spectra, which constituted the extended process variability matrix,
Sp.ext. This new spectral set was randomly added to the spectra for
laboratory powder samples spanning an API concentration range
+20% around the nominal value for the Irbesartan formulation, and
80-111% for the Paracetamol formulation:

St.ext = Sconc + Sp.ext (2)

where Siext is the spectral matrix with the desired process vari-
ability and concentration range for calibration, Sconc that for the
laboratory powder samples and Spex: the extended process vari-
ability matrix. The spectral set S¢ext constituted the extended total
variability matrix, which was subjected to various treatments such
as SNV and derivation prior to construction of the calibration model
[16].

2.6. Reference values

The reference values for the laboratory-made samples were
obtained from the weights of the formulation components.

The API content of the Irbesartan 300 mg production samples
used to validate the models was determined by HPLC-UV/Vis under
the following conditions: a steel column 25 cm long x 4.6 mm i.d.
packed with Kromasil 100 C;g in 5wm particle size; a mobile
phase consisting of 65:35 (v/v) buffer at pH=2.5/acetonitrile (A)
and 30:70 (v/v) buffer at pH=2.5/acetonitrile (B), and used in a
gradient regime at a flow rate of 0.8 mLmin~!; an injected volume
of 20 wL; a chromatographic run time of 35 min and a detection
wavelength of 275 nm.

The API content of the Paracetamol 1 g production tablets used
to validate the model was also determined by HPLC-UV/Vis, using a
steel column 25 cm long x 4 mm i.d. packed with Spherisorb ODS-2
in 5 wm particle size; a 70:30 (v/v) methanol/(water/acetic acid) at
a flow rate of 1.0 mLmin~! as mobile phase; an injected volume of
25 pL; a chromatographic run time never exceeding 10 min and a
wavelength of 280 nm for detection.

2.7. Construction of calibration models

The spectra constituting the extended total variability matrix
were used to develop PLS calibration models. Previously, the spec-
tra were subjected to various treatments including SNV, and first
and second derivatives, using the Savitzky-Golay algorithm with
a 11-point window and fitting to a second-order polynomial in all
cases.

The calibration model was constructed by using the PLS model
with the number of factors leading to the lowest RMSE, it was
calculated from:

m . UNIR REFy2
RMSE = \/ i 1)
n

As determined from a plot of RMSE vs number of factors, YNIR
being the API content predicted by the model, YREF that provided
by the reference method (weighing or HPLC) and n the number of
samples.

3. Results and discussion

Constructing an effective calibration set is crucial with a view
to obtaining accurate predictions with multivariate models based
on NIR spectroscopy; developing a new method involving calcu-
lation of the process spectrum requires a thorough study of the
variables influencing its performance. To this end, we used various
methods to obtain the process spectrum with a twofold purpose,
namely: (a) to establish the effect of spectral treatments in con-
structing calibration models and obtaining the process spectrum
and (b) to incorporate as much variability in the production sam-
ples as possible in order to ensure goodness of the model, which
entailed determining the multiplying factor m to be applied to the
process spectrum in order to ensure the inclusion of production
samples in the calibration set.

A good calibration set should include chemical variability in the
production process and also variability derived from each sam-
ple processing step. This can be accomplished by using a series
of laboratory mixtures prepared in accordance with a D-optimal
design and spanning the desired concentration range for each com-
ponent with minimal collinearity between concentrations. Table 1
shows the concentration correlation in the laboratory-made Irbe-
sartan samples. As can be seen, the correlation coefficients between
the concentrations of the major components (Lactose, Avicel pH
102 and the API) were all less than 0.50; this precluded reducing
collinearity between the minor components, which spanned the
concentration range 1.5-3%.

Physical variability in the process was incorporated into the
calibration model by using the process spectrum methodology,
which involved combining the process spectra (Sp) with those for
laboratory samples prepared as described above. As can be seen
from Fig. 1, which compares the spectrum for a production sample
with that of a powder mixture of identical concentration in each
ingredient, the former exhibited a shift and slightly different band
intensities as a result of physical changes during the production
process (granulation and compaction); the differences, however,
were reduced by adding the spectrum for a laboratory sample to Sp
[5]. The process spectrum is not unique; rather, it is a function of
the samples used in its calculation since each production process
has a different contribution of the factors introducing variability in
it. Therefore, the matrix of process spectra is obtained from several
process spectra for different production samples in order to ensure
that the varying magnitudes of sample variability are included. In
any case, it is rather difficult to ensure that the set of samples used
to record the process spectra will be representative of the overall
variability in the production process.
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Fig. 1. Absorbance spectra of a laboratory blend, Irbesartan 300 mg production
tablet, spectrum process (Sp) and laboratory blend +Sp,.

A scatter plot of the scores for the first two PCs (Fig. 2) revealed
that the spectra for laboratory samples combined with S, (matrix
Stred) Were more similar to the production samples. As can be seen
from Fig. 2A, the laboratory mixtures departed from the produc-
tion samples; by contrast, the combination of the spectra for the
laboratory samples and the process spectra (Sp +Sconc =St red) Clus-
tered with the production tablets (Fig. 2B), which suggests that
adding process spectra to laboratory-made samples ensures the
incorporation of a sizeable fraction of variability in the process.

3.1. Influence of spectral treatments
The best spectral treatment for obtaining the calibration mod-

els was identified from a scatter plot of the PCA scores for
Stred and production tablets subjected to the SNV, first-derivative

Table 2
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and second-derivative treatments over the wavelength range
1100-2300 nm. The clusters of laboratory samples for all spectral
treatments included virtually all production samples (Fig. 3A shows
this sample distribution for first derivative spectra and that are sim-
ilar for different pre-treatments); therefore, the samples in S; eq
incorporated most of the variability in the production process and
any of the above spectral treatments could in theory be used to con-
struct the calibration model. This was confirmed by constructing
PLS models from spectra subjected to each treatment. The model
constructed from laboratory mixtures alone (Sconc) (i.e. including
no process spectra, Sp) resulted in large prediction errors for the
production samples despite the low intensity of the S, bands (see
Table 2). Acomparison of the RMSEC/P values for the models includ-
ing S¢ eq revealed that all models provided reasonably accurate
predictions; however, the simplest, best predictive model was that
obtained with the first-derivative spectral treatment, which was
thus adopted to determine the optimum multiplying factor, m.

Using the different spectral treatments to obtain S, resulted
in no difference in the ensuing models irrespective of the time
of application. This was not the case with the process spectra
subjected to SNV; in fact, the S, models constructed from SNV-
treated absorbance spectra provided increased bands by effect of
the autoscaling involved in the SNV treatment.

With the other spectral treatments, altering the application
sequence made no difference, which suggests that the point of
application of the treatment has no effect on the goodness of the
results.

3.2. Increasing the variability of calibration samples

As can be seen from Figs. 2 and 3A - which corresponds to first-
derivative spectra - the production samples were not completely
included in the S;;.q cluster; therefore, variability in the produc-
tion samples was not completely represented in these samples. This
problem was solved by increasing the initial variability (specifically,

Relevant parameters of the PLS models constructed from laboratory blends and laboratory blends + S, for quantifying the Irbesartan (API). Effect of different pre-treatments

over the wavelength range 1100-2300 nm.

Spectral pre-treatment Calibration samples PLS factors Explained variance (%) Calibration Prediction
RMSEC RMSEP

1st derivative Lab blends 4 99.0 0.70 8.07

Absorbance Lab blends +S, 4 97.3 1.14 3.07

SNV Lab blends +S, 4 98.0 0.97 2.88

1st derivative Lab blends +S, 3 97.7 1.17 1.53

2nd derivative Lab blends +S, 3 97.8 1.10 1.75

Calibration samples: 20 laboratory blends (concentration range of 46.4-69.6%, w/w), prediction samples: 10 batches (10 tablets are analyzed in each batch).
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Fig. 3. Scatter plot of PCA scores for production tablets and laboratory blends added reduced or extended process variability matrix. Value of Multiplicative factors (m): (A)

1,(B)0.5; 1.5, (C) 0.75; 1.25, (D) 0.9; 1.1.

by multiplying the process spectrum by a near-unity factor m). We
used principal component analysis (PCA) to determine the specific
mvalue ensuring inclusion of the spectra for all production samples
in the cluster of Sconc combined with the products of the process
spectra by m.

We used a scatter plot of PCA scores to explore the spectra for
laboratory samples modified with the extended process variability
martrix (Sconc + mSp =Stext) and production tablets in order to select
the most suitable m values with a view to constructing a set of
spectra Sconc + mSp incorporating the whole variability in the pro-
duction samples. Fig. 3 shows the scatter plots for four PCAs on
combinations of spectra for laboratory samples with process spec-
tra multiplied by the m values 0.5;1.5, 0.75;1.25 and 0.91;1.1; the
spectra were subjected to the first-derivative treatment over the
wavelength range 1100-2300 nm. As can be seen, Stex: failed to
include all production samples (Fig. 3A); also, the laboratory sam-

ples whose spectra were applied an m value of 0.5;1.5 departed
considerably from the production samples (Fig. 3B) and those with
an m value less than 0.75;1.25 fell closer to them (Fig. 3C), but
those whose spectra were multiplied by m=1.25 fell below and
distant from the production samples. Finally, using an m factor of
0.9;1.1 led to the laboratory samples falling closer to the produc-
tion samples (Fig. 3D). These results were confirmed by the figures
of merit of the ensuing PLS models (Table 3). As can be seen, the PLS
model obtained with m=0.9;1.1 was the simplest (i.e. that using the
smallest number of factors) and also that resulting in the smallest
RMSEP.

The goodness of the proposed methodology was further con-
firmed by using a variability matrix containing a variable number
of process spectra (5 and 15). Fig. 4 shows three scatter plots for
the PC scores. As can be seen, the cluster Sconc +Sp (#Sp =5) failed
to include all production samples (Fig. 4A), that constructed from

Table 3
Figures of merit for PLS models constructed from reduced and extended total variability matrix for Irbesartan (API) determination.
Samples for calibration Multiplicative factors (m) PLS factors Explained variance (%) Calibration Prediction
No. samples RMSEC RMSEP
Reduced total variability matrix 1 4 98.0 20 0.97 2.88
Extended total variability matrix 0.5; 1.5 5 97.9 60 1.01 1.67
0.75; 1.25 4 97.7 60 1.07 1.58
09; 1.1 3 97.7 60 1.17 1.53

Calibration samples with concentration range 46.4-69.6% (w/w). Prediction samples: 10 batches (10 tablets are analyzed in each batch) using 1st derivative mode over the

wavelength range 1100-2300 nm.
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1E02

Spectral treatment: 15t derivative mode over the wavelength 1100-2300 nm.

Fig. 4. Scatter plot of PCA scores for production tablets and laboratory blends added reduced process variability matrix: (A) 5 process spectra, (B) 15 process spectra (C) 5
process spectra added extended process variability matrix (m=0.9:1.1).

Table 4
Figures of merit for PLS models constructed with different quantity of spectra process (S, ) for quantifying Irbesartan tablets.
Samples for calibration No. S, Multiplicative factor (m) PLS factors Explained variance (%) Calibration Prediction
No. samples RMSEC RMSEP
Reduced process variability matrix 5 1 3 98.2 20 0.92 2.09
15 1 3 97.5 20 1.10 0.94
Extended process variability matrix 5 0.9; 1.1 3 98.4 60 117 1.53

Calibration samples with concentration range 46.4-69.6% (w/w). Prediction samples: 10 batches (10 tablets are analyzed in each batch) using 1st derivative mode over the
wavelength range 1100-2300 nm.

15 Sp included more (Fig. 4B), and that obtained with an m fac-
tor of 0.9;1.1 included virtually all (Fig. 4C). Table 4 shows the
figures of merit of the three models; as can be seen, the results
confirmed the conclusions drawn from the scores plots. Thus, the
best models were those encompassing the greatest variability with-

out significantly increasing the complexity of the treatment. Also,
using a multiplying factor and an increased number of S, to expand
the variability of the calibration samples led to better predictions
of the production samples. However, using an increased number
of process spectra entailed recording more spectra and detracted

Table 5

PLS models for excipients determination in Irbesartan tablets using the extended total variability matrix.
Components Manufacturer’s PLS factors Pre-treatment Explained variance (%) Prediction?

specification value (% w/w)
Mean (% w/w) Conc. range (% w/w) S.D.

Lactose 19.76 10 2nd derivative 99.8 193 18.1-21.2 0.9
Avicel pH 102 10.97 9 2nd derivative ~ 97.6 109 9.6-12.5 0.9
PVP 25 2.96 5 1st derivative 97.9 35 2.4-4.0 0.5
Croscarmellose sodium 2.67 5 1st derivative 99.1 3.2 2.2-3.6 0.4
Sodium stearyl fumarate 2.57 5 1st derivative 99.1 2.8 24-32 0.3
Aerosil 200 1.78 5 1st derivative 974 21 14-24 0.3

3 Prediction samples: 10 batches (10 tablets are analyzed in each batch). Wavelength range 1100-2300 nm.
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Table 6

Figures of merit of PLS models for paracetamol (API) and excipients determination using extended total variability matrix.
Components PLS factors Explained variance (%) Calibration Prediction

Conc. range (% w/w) RMSEC Conc. range (% w/w) RMSEP Mean (%w/w) S.D.

Paracetamol 3 99.4 72-100 0.67 86.6-88.3 0.91 87.5 0.9
Corn starch 3 98.8 0-25 0.70 10.3-12.0 - 11.1 0.4
Stearic acid 7 97.4 0-2 0.11 0.1-0.9 - 0.4 0.2
Povidone 5 98.0 0-4 0.19 0.2-1.0 - 0.6 0.2

Prediction set consisted in 52 individual tablets; models in 1st derivative mode over a wavelength range 1100-2500 nm.

from expeditiousness, whereas using the multiplying factor led to
similarly good results in a shorter time.

3.3. Determination of the excipients

The high predictive ability of the proposed methodology was
confirmed by constructing PLS models for the other formulation
components. Such models were established from the same spec-
tra used for the API (Irbesartan) and excipient concentrations in
the laboratory mixtures. Table 5 shows the figures of merit of the
different models. Worth special note here is the large number of
PLS factors required by the models for Lactose (10) and Avicel (9),
even at relatively high concentrations. This can be ascribed to the
strong correlation between their spectra. The models required dif-
ferent spectral treatments for optimal performance. The results of
Table 5 are quite consistent with the nominal concentrations of
these two excipients, the actual contents of which in the formu-
lation are unknown because their analysis is usually not required.
This testifies to the capabilities of the proposed methodology. Not
knowing the actual concentrations of these excipients precluded
calculation of their RMSEPs; however, their standard deviations are
suggestive of the quality of their quantitation.

The primary aim of constructing these models was not to deter-
mine the concentrations of the excipients as target parameters,
but rather to show that the proposed methodology affords their
quantitation, if desired, without the need to prepare a new set of
samples.

3.4. Analysis of paracetamol tablets

The proposed methodology was used to analyze paracetamol
production tablets containing the API (89.8 wt%) and maize starch
(8.7 wt%) as major components. The high concentration of both
precluded the use of an experimental design based on laboratory
samples to reduce correlation between concentrations. Even so, the
PLS models obtained were simple (only three factors) and exhib-
ited good predictive ability (see Table 6). On the other hand, the PLS

——Paracetamol

-=-=- Com starch
os | — -Stearicacid

— -Povidone

o7

Absorbance

Wavelengh (nm)

Fig. 5. NIR spectra for production tablet, Paracetamol (API) and excipients (Corn
starch, Povidone and Stearic acid).

models for Povidone and stearic acid, which are present in relatively
low proportions, were more complex (5 and 7 factors, respectively)
owing to the similarity of their spectra (Fig. 5), the low concentra-
tion of the two excipients and the high correlation between their
spectra (r=0.97). In any case, both models had standard deviations
less than 0.25 (Table 6).

4. Conclusions

The study conducted in this work demonstrates the usefulness
of the proposed methodology, based on the obtainment of a process
spectrum that is used to construct a calibration set incorporating
the variability in a pharmaceutical production process in the form of
a process variability matrix. As shown here, the proposed method-
ology is compatible with the application of an SNV or derivative
spectral treatment, but the most suitable treatment for each spe-
cific model cannot be established beforehand. Using a multiplying
factor on process spectra expands the variability of the calibration
set, and hence the quality of the ensuing PLS models, without addi-
tional experimental work. Also, a PCA scores plot provides a highly
useful tool for determining the optimum value of the multiplying
factor. Using an increased number of process spectra leads to more
robust calibration models; this, together with an appropriate choice
of the multiplying factor, provides simple models giving small pre-
diction errors. This paper provides the keys and tools needed to use
the proposed methodology as an alternative choice for constructing
a calibration set incorporating variability in a production process
with a view to quantifying any API and excipients with acceptable
predictive ability in any type of pharmaceutical formulation.
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