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Abstract: Quality control in pharmaceutical manufacturing necessitates rigorous testing and approval,
adhering to Current Good Manufacturing Practices before commercialization. The production of solid
drugs presents significant industrial challenges regarding uniformity, homogeneity, and consistency.
Traditional quality guidelines rely on classical analytical methods such as liquid chromatography cou-
pled with mass spectrometry. However, the emergence of Process Analytical Technology introduced
non-destructive, rapid, and cost-effective methods like UV-Visible Diffuse Reflectance Spectroscopy.
The present study aimed to develop a chemometric method for quantifying Active Pharmaceutical
Ingredients (APIs) in Neo Nisidine®, a solid mixture drug, using spectrophotometric data. The Net
Analyte Signal (NAS) method, combined with standard additions, allowed the creation of a pseudo-
univariate standard addition model, overcoming some challenges in solid-phase analysis. Successful
quantifications of APIs in ideal laboratory samples and real pharmaceutical tablets were obtained.
NAS-based chemometric models showed high precision and reliability, whose results were validated
by comparisons with HPLC ones. The study revealed that solid-phase spectrophotometric analyses
can be considered a valid alternative to API analyses. Solid-phase analysis offers non-destructive,
cost-effective, and environmentally friendly benefits, enabling its integration into pharmaceutical
production to improve quality control.
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1. Introduction

Quality control [1] is one of the main topics in the pharmaceutical industry, which
necessitates ensuring the safety, efficacy, and consistency of drugs and products before these
reach consumers. Among the intricate landscape of pharmaceutical manufacturing, the
production of solid drugs, such as tablets, capsules, and powders, presents several analytical
challenges [2]. Achieving uniformity in solid formulations, ensuring homogeneity of active
pharmaceutical ingredients (APIs) [3] within each dosage unit, and maintaining consistency
across batches pose significant hurdles in such pharmaceutical productions.

Traditionally, quality control has been based on established and well-known analyti-
cal methodologies for both quality assessment and quantitative analyses [2]. One of the
most important methods in this field is high-performance liquid chromatography (HPLC)
coupled with mass spectrometry (MS) or diode array (DAD) detectors [4]. However, HPLC
analysis often demands a remarkable quantity of time and solvents, making it costly and
not environmentally sustainable [5]. In 2004, the American Food and Drug Administration
(FDA), followed by the European Medicines Agency (EMA), introduced the concept of
Process Analytical Technology (PAT) [6]. Based on the development of innovative, non-
destructive, and efficient analytical methodologies to monitor critical process parameters,
PAT’s purpose is to ensure product quality throughout manufacturing and control criti-
cal process parameters, as well as raw materials. Since its early applications, analytical
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spectroscopy in reflectance mode has been the perfect candidate for PAT because it is
non-destructive and suitable for online monitoring. Near-infrared (NIR) spectroscopy has
been extensively applied for qualitative analysis, thanks to the possibility of differentiating
compounds based on the vibrational information obtained from the spectra [7]. Medium-
infrared (MIR) spectroscopy has also been successfully applied to quantitative analysis [8].
However, its feasibility for quantitative analysis is still a very interesting task, as well
as for online monitoring. The best spectral range for quantitative spectroscopy remains
UV-Vis [2]. Therefore, for pharmaceutical quality control, solid-phase spectrophotometric
techniques like UV-Vis Diffuse Reflectance Spectroscopy (UV-Vis DRS) and Attenuated
Total Reflectance Infrared spectroscopy (ATR-IR) have gained attention [9]. These tech-
niques offer rapid, non-destructive, and cost-effective facilities to directly analyze solid
pharmaceutical formulations, providing insights into API quantification, homogeneity,
and composition; moreover, direct analysis of solid samples fulfills some requirements
of green chemistry because no solvent is needed. For these reasons, spectrophotometric
methods adhere to PAT guidelines [10]. In particular, in this study, we focused on UV-Vis
DRS analysis.

Solid pharmaceutical formulations are generally made by a mixture of several powders,
which can be roughly divided into two groups: API and excipients. API is the constituent
of the medicinal product that is actively involved in the curative action. Excipients, instead,
are components devoid of any pharmacological action, but useful to meet or improve other
characteristics of the formulation. For example, they protect the active ingredient from
external agents, increase the volume to allow the preparation of tablets of an acceptable
size [11], stabilize solutions or suspensions by preventing sedimentation of the active
ingredient inside the containers, facilitate the transport and absorption of the API in the
body, and make the taste more pleasant.

Therefore, excipients constitute most of the bulk of pharmaceutical products, within
which, generally, a lower quantity of API is mixed. This represents a major technological
challenge for the pharmaceutical industries, as it is necessary to ensure perfect homoge-
nization and distribution of API and excipients in each product batch, requiring several
chemical analyses [12].

This study aimed to evaluate a chemometric method for quantifying active pharma-
ceutical ingredients (APIs) in solid drug mixtures by processing multidimensional spectral
data. Specifically, it focused on a case study: determining the percentages of acetylsalicylic
acid, caffeine, and paracetamol in a well-known commercial solid pharmaceutical formu-
lation (Neo Nisidine® tablets) by rapid, non-destructive, and environmentally friendly
analytical protocols. In particular, powder samples were analyzed using UV-Vis DRS, and
the collected spectra were processed using a multivariate method based on the Net Ana-
lyte Signal (NAS) algorithm, enabling the quantification of individual components in the
presence of the others. To validate the chemometric results, samples were analyzed using
a standard protocol involving HPLC-DAD [13] and a conventional univariate calibration
curve. Although the system composed of acetylsalicylic acid, caffeine, and paracetamol has
already been used in other studies for several purposes [14], our approach aims to quantify
the same APIs in the solid phase (while generally, solutions of the three APIs are studied)
using a different chemometric calibration model (NAS). The solid-phase analysis represents
an innovation in this context, together with the application of NAS, which constitutes a
chemometric and methodological advancement rather than merely an analytical one.

By exploiting chemometric concepts such as NAS and standard addition methods [15],
researchers aim to develop robust models capable of accurately quantifying APIs in com-
plex solid mixtures [16]. Through rigorous experimentation, multivariate data analyses,
and comparison with established liquid-phase methodologies, this research seeks to de-
lineate the efficacy and potential of solid-phase spectrophotometric techniques as a viable
alternative for quality assessment in pharmaceutical manufacturing. These innovations
hold the promise of improving quality control processes, offering real-time monitoring
capabilities, and reducing the dependency on conventional, time-consuming analyses.
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2. Materials and Methods
2.1. Samples Preparation

The present study is focused on the analyses of two different samples: (i) a laboratory
sample simulating Neo Nisidine, prepared to evaluate the analytical method and NAS
performances; (ii) real pharmaceutical tablets, Neo Nisidine®, purchased from a pharmacy
store. The real sample chosen belongs to the antipyretic and anti-inflammatory categories.

2.1.1. Laboratory Sample

Neo Nisidine® contains acetylsalicylic acid (AAS), paracetamol (PAR), and caffeine
(CAF), all of which have API properties. The formulation used in these tablets contained
also magnesium stearate and lactose as excipients, used to improve the pharmacokinetics
and the production of the tablets. The solid solutions were in the form of capsules. In
particular, our goal was to quantify the three active ingredients in the drug.

The weight of the tablets ranged from 560 to 600 mg; the composition reported on the
package leaflet states 25 mg caffeine, 200 mg paracetamol, and 250 mg acetylsalicylic acid.

Laboratory samples of paracetamol (PAR), acetylsalicylic acid (AAS), and caffeine
(CAF) were prepared to simulate Neo Nisidine composition. The standards of the three
substances were purchased from Sigma Aldrich (Saint Louis, MI, USA). The analytical
procedure was based on the standard addition method (SAM) [17], for which four added
standards for each analyte were prepared.

Four standards were obtained at the following added concentrations of pure analyte:
0, 5, 10, and 15% w/w. The preparation of added standard samples was carried out
by geometric dilutions [17,18], widely used to prepare solid-phase solutions to obtain a
homogenous mixture and get reproducible results. The principle behind geometric dilution
is to start with the pure active ingredient, mix it to an equal quantity of the excipient or
sample, and then repeat the same procedure until the desired concentration is reached.

The benchmark samples were prepared as follows. The zero-added standard sample
was obtained by mixing microcrystalline cellulose (as excipient) and each API to obtain
a concentration of 1.5% w/w of API in 300 mg of sample. The further added standards
were prepared by mixing 125 mg of the 1.5% w/w solution with different amounts of
microcrystalline cellulose and pure API to reach a final mass of 300 mg to obtain 5%, 10%,
and 15% w/w concentration.

Four SAM standards at 0%, 5%, 10%, and 15% w/w concentration of the added pure
APIs were prepared, mixing the right amount of the three active principles and excipients
to 125 mg of the 1.5 w/w solution, reaching a final mass of 300 mg. To ensure that the
mixture was more likely to be homogeneous, the binary mixture was manually ground and
tumbled using a Vortex model ZX3 (VELP Scientifica, Milan, Italy) for 10 min.

2.1.2. Real Samples

For the spectrophotometric quantification, the same procedure used to quantify caf-
feine, paracetamol, and acetylsalicylic acid in the laboratory sample was applied to the
three analytes contained in Neo Nisidine®. Hence, four added standards were prepared for
each of the three analytes contained in Neo Nisidine®, and the standard addition method
was applied. The four added concentrations were 0%, 5%, 10%, and 15% w/w. Laboratory
standards were obtained as follows: the final mass was fixed to 300 mg; for each analyte,
an amount corresponding to the chosen values of added concentrations (0 mg, 15 mg,
30 mg, 45 mg, respectively) was added to 100 mg of Neo Nisidine®, and, finally, an amount
of the excipients was added to obtain a final mass of 300 mg. The starting 100 mg of Neo
Nisidine® was taken from a mixture of four Neo Nisidine® tablets, ground together to
obtain a single sample; in this way, better homogeneity was ensured. Moreover, a total of
12 standards had to be prepared, requiring a minimum of 1.2 g of Neo Nisidine®. On
average, each Neo Nisidine® tablet weighed around 0.6 g. Therefore, by mixing four tablets,
the total mass of the starting sample was 2.3061 g. The excess of Neo Nisidine®, compared
to the estimated 1.2 g required for the NAS procedure, was chosen for two reasons: to
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account for potential errors in the sample preparation process and to ensure that an aliquot
would remain available for subsequent analysis using HPLC-DAD.

2.2. Instrumentation

Quantitative analyses were carried out in the solid phase, to develop a technique
that could be implemented for online analysis of a production chain or industrial process.
Therefore, it is essential to use nondestructive techniques, that allow many analyses to be
carried out in a short time, and that can work in the solid phase. The instruments that
meet these requirements are those based on spectroscopy. The spectroscopic technique
used in the present study is the UV-Vis diffuse reflectance, which will be described in the
following section. HPLC-DAD analyses were also performed to compare the results from
spectroscopic analyses with a standard method.

2.2.1. UV-Vis Diffuse Reflectance

The UV-Vis DRS spectra were collected using a double-beam spectrophotometer
Perkin Elmer Lambda 35 (Perkin Elmer, Waltham, MA, USA) equipped with an integrating
sphere accessory [19] Labsphere (North Sutton, NH, USA) RSA-PE-20, with a diameter
of 150 mm. This tool allowed us to enhance and detect the UV-Vis diffuse reflectance
light from an opaque and structured surface [20], which depends on the physicochemical
properties and color of the surface. The analysis range was between 200 and 500 nm with a
step of 0.5 nm. The spectrophotometer is equipped with two lamps for visible (model WI
64604) and UV (model D2 L638) ranges and a photomultiplier detector. Samples and the
reference standard (BaSOy) for background analysis were placed in a quartz cuvette, and
the blank signal was removed by subtraction.

2.2.2. HPLC-DAD

The API quantification in the real sample of Neo Nisidine® was also performed with
the HPLC-DAD. Liquid chromatography is a typical standard analytical method used for
quantification of API in tablets. Therefore, the concentrations obtained were compared
with the spectrophotometric results for method validation. Analyses were carried out with
an HPLC Agilent Technologies system (Agilent, Santa Clara, CA, USA), equipped with a
degasser and DAD detector. The quantification of the analytes was obtained by a calibration
line for each active ingredient relating the concentration of the standards with the area
subtended by the chromatographic peaks. The instrumental parameter settings, analytical
procedures, and separation methods used to perform the analyses of Neo Nisidine® are
described in detail in the two following papers [21,22].

2.3. Data Processing
2.3.1. Principal Components Analysis (PCA) and Dataset Pretreatment

Before performing the NAS quantitative analysis, it is important to explore the datasets
through the use of PCA. PCA is a well-known chemometric method that rotates the space
of original variables to calculate a new highly informative space spanned by principal
components (PCs). The scores plot obtained by PCA allows us to verify the presence of
outliers that are samples or observations not compliant with the others. In the present
study, for outlier detection between the replicates of each added concentration sample,
a one-class modeling method was applied. For this analysis, all SAM samples for each
case study were involved in the same PCA computation, and a Hotelling ellipse at a 95%
confidence level [23] was computed for each added concentration. If an observation fell
outside the domain described by the corresponding ellipse, it was considered an outlier
and removed from the dataset [24,25].

Before quantitative analysis, the datasets filtered out by the outliers were pre-processed
with different methods, to maximize information and minimize instrumental background
noise, which could be very high when working in the solid phase. The pre-treatments tested
in the present study were Savitzky-Golay First Derivative (using a first polynomial order,
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i.e, linear function, and a window of 4 points in both directions), Standard Normal Variate
(SNV), Multiplicative Scattering Correction (MSC), and the combination of SNV + MSC.
Details about the pre-processing techniques are reported in the following paper [26].

2.3.2. Partial Least Squares (PLS)

PLS is a multivariate regression method based on PC computation (in this case called
factors), which simultaneously maximizes the correlation between scores and response,
parameterized by covariance [27]. For this technique, analytical data (spectra) are used
as independent variables and analyte concentration (added concentration in the present
study) as dependent one.

The calibration performance is assessed using Root Mean Square Error values of
calibration (RMSEC) and prediction (RMSEP), both of which must be minimized, and the
coefficient of determination R?, which should be as close as possible to 1. All these parame-
ters are calculated by comparing known concentrations with the ones recalculated by the
model [28]. In particular, RMSEP was calculated by leave-one-out cross-validation [29],
removing one object at a time from the dataset, calculating the model with the others, and
recalculating the concentration of the excluded object.

PLS is the starting point of the NAS methodology, which will be described in the
following Section. The aim of using NAS for improving PLS computation is that one of the
weak points of PLS is its scarce precision when making prediction in extrapolation mode,
i.e., outside the range of the response values. NAS, instead, by converting the multivariate
predictors into pseudo-univariate data, make it possible to convert the multivariate problem
into a univariate one, increasing the precision of predictions in extrapolation as well.
However, NAS results strongly depend on the choice of the PLS factor. Therefore, the
criterion of minimizing RMSEP partly guided the choice of the number of factors, aiming
at reducing the irrelevant information by selecting as few factors as possible [28].

2.3.3. Net Analyte Signal (NAS)

The collected spectra were elaborated with a multivariate method based on the Net
Analyte Signal (NAS) concept [30,31], which allows the quantification of a single ingredient
even when mixed with other ones [18]. The presence of several ingredients in a solid
mixture makes the direct analysis and quantification of one of them very harsh, due to
the matrix effect. In this case, the presence of several analytes and excipients produces a
multivariate signal strongly affected by the matrix effect. Hence, the PLS method cannot
be used to obtain a reliable calibration model [17]. Moreover, PLS is not suitable for
extrapolation, which is necessary when working with the standard addition method. For
these two reasons, we extended the quantitative analysis to NAS [32]. This algorithm
starts from multivariate data (it is particularly effective with spectra) to calculate a pseudo-
univariate regression model, minimizing the matrix effect in the final model.

The net analyte signal is that component of the multivariate signal closely linked to the
chemical characteristics of the analyte, specifically its concentration [33]. Mathematically,
the NAS algorithm projects the sample spectrum in a new space that is perpendicular
(i.e., independent) to the space calculated from the matrix signal. In the present study, the
algorithm developed by Bro has been used [32].

The NAS procedure consists of extracting from the sample signal (x;) only the portion
attributable to the analyte of interest, while removing the portion due to other species. This
is carried out by projecting the original signals (x;) on the NAS space by Equation (1):

x; = H-x; (1)
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where x;" is the i-th sample NAS signals and H is a projection matrix. To compute the
projection matrix, the algorithm starts from the regression coefficients (b) of PLS at the
chosen optimal factor (A) using Equation (2):

H=b, (bEbA)71b£ 2)

The Euclidean norm of x; signals are then used as pseudo-univariate signals, that in
turn are used to calculate a standard addition calibration line. Finally, the concentration of
the zero-added sample can be extrapolated.

Selecting the optimal PLS factor (A) is a critical step to obtain a correct extrapolated
concentration. Thus, for each sample, the optimal PLS factor has been chosen as the
one minimizing the RMSEP of PLS and, at the same time, maximizing the determination
coefficient (R?) of the NAS pseudo-univariate regression line. When it was not possible
to achieve both conditions simultaneously, the PLS factor was chosen based on the best
compromise between these two parameters, prioritizing the highest R? value.

To calculate the standard deviations of the extrapolated concentrations, the Jackknife
method [34] was applied. It works by iterative recalculation of the NAS model after remov-
ing one observation at a time from the training set, producing a sort of cross-validation
in a leave-one-out modality. In this way, a set of extrapolated concentrations is obtained
for each model, each one coming from the removal of one observation, and the standard
deviation calculated from this set of values is used as the standard deviation of the general
extrapolated concentration.

3. Results and Discussion
3.1. Solid Standard Solutions

The UV-Vis DRS analyses of caffeine were chosen as a case study to set up the analytical
and chemometric procedures to be subsequently applied to all samples. Figure 1 shows
the UV-Vis DRS spectra of the pure species used for the present study: microcrystalline
cellulose (the excipient used for laboratory samples preparation), caffeine, paracetamol,
and acetylsalicylic acid.

— Cellulose

— Caffeine

— Paracetamol
Acetylsalicyilic acid

o8
o6 l
o0s

Absorbance (AU)

\N\

0
200 220 240 260 280 300 320 340 360 380 400
Wavelength (nm)

Figure 1. UV-Vis DRS spectra of the pure components used in the present study.

A laboratory solid solution was prepared, containing microcrystalline cellulose (ex-
cipient) and caffeine (active principle) with a caffeine concentration of 1.5% w/w. From
this laboratory sample, used as the 0%-added sample, four added samples were prepared,
adding pure caffeine to obtain the following added concentrations: 5%, 10%, and 15% w/w.
Figure 2 shows the UV-Vis DRS spectra of standard added samples for the caffeine dataset.
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200 220 240 260 280 300 320 340 360 380 400
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Figure 2. UV-Vis DRS spectra of the standard added samples for the caffeine dataset.

The acquired UV-Vis DRS spectra used for chemometric models were organized in
a matrix X, whose dimension was N x M, where N is the number of samples, and M is
the number of variables (spectrophotometric wavelengths). Six replicates of each standard
and of the pure caffeine (useful to evaluate the other spectra) were collected. The dataset
consisted of M = 601 variables and N = 30 rows.

Then, a PCA model was calculated, removing the pure analyte spectra. Therefore, it
was performed only on the 24 spectra of the standard samples. The scores plot is reported
in Figure 3a, where PC1 explains 78% of variance, PC2 8%, and the subsequent principal
components explain gradually decreasing variance. This graph was used to evaluate the
repeatability of the analyses performed on the samples at the same concentration and to
exclude possible outliers. Clusters were calculated for each group of samples having the
same concentration by computing a Hotelling analysis (at 95% confidence) for each group.
In the scores plot (Figure 3a), all points fall inside the corresponding Hotelling ellipse with
the only exception of one point highlighted with a red square. This sample was considered
an outlier and removed in the final model.

Moreover, the four clusters in Figure 3a, corresponding to the four different added
concentrations, were well discriminated along the first principal component (PC1), which
described 78% of the total explained variance. Along PC1, it was possible to see how the
added samples were arranged progressively. On the left (negative PC1 values) were the
samples with higher added caffeine concentration (15% w/w), while on the right (positive
PC1 values) were the samples with lower added concentration of caffeine (0% w/w). Hence,
PC1 proved to be anti-correlated with caffeine. This is coherent with the Loadings plot in
Figure 3b, which shows that negative values of loadings are associated with the caffeine
spectral range of absorption (243-302 nm). Low PC1 values were closely related to higher
caffeine content, and simultaneously to lower excipient content.

The scores plots related to the datasets paracetamol and acetylsalicylic acid (Figure S1)
showed no suspected outliers. Therefore, no data were removed for the computation of the
NAS models.

To optimize NAS results, several pretreatment methods were applied to UV-Vis DRS
spectra, and the extrapolated concentrations at the end of the NAS procedure were com-
pared to find the best pretreatment. The following data pretreatments were tested: first-
order Savitzky-Golay Derivative, SNV, MSC, and, finally, the combination of SNV + MSC.
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Figure 3. PCA performed on the caffeine dataset: (a) scores plot in PC1, PC2 coordinates; (b) loadings
plot of PC1.

For each model, the three control parameters, NAS-R?, PLS-RMSEP, and the extrapo-
lated concentrations of known standards, were assessed. The extrapolated concentration of
the three analytes was considered accurate when there was no significant deviation from
the expected 1.5% w/w in the initially prepared reference sample. Table 1 highlights that
MSC is the best pretreatment method. Specifically, the NAS model developed using the
MSC-pretreated dataset yielded R? values exceeding 0.99, and RMSEP lower than 6% of
the expected value. The extrapolated concentration values were not significantly different
from the expected known value of 1.5% w/w in all cases. Figure 4 shows the NAS standard
addjition line obtained with MSC pretreatment. The accuracy of the predicted concentration
was assessed using a t-test performed with 5% significance. For each of the three analytes
(Tables 1, S1 and S2), we obtained the best results with the MSC pretreatment.

Table 1. Control parameters to evaluate the NAS regression obtained for the four pretreatments
method.

Pretreatment SNV First der. MSC MSC + SNV
RMSEP 1.11 0.839 0.0540 0.0650
R? 0.8863 0.9010 0.9957 0.9522
Number of PLS factors 5 9 6 6
NAS prediction (% w/w) 2.32 3.93 1.54 1.88
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Figure 4. NAS standard addition line for caffeine dataset and MSC pretreatment.

The results from the laboratory samples confirm the feasibility of the analytical and
chemometric models. Consequently, it was possible to go on with the study and apply the
same methods to the two real pharmaceutical samples.

Neo Nisidine® Real Sample

This section presents the results for the real samples. In this case, the spectrophoto-
metric results were compared with those obtained by HPLC.

The dimensions of the real sample dataset were the same as the reference one, 30 x 601.
All three datasets were preprocessed using the MSC method, which yielded the best results
with the laboratory sample. Figure 5 shows the MSC-pretreated spectra of Neo Nisidine
and the caffeine-added samples.

0.7

0.6
— 0% (pure Neo Nisidine)

— 5%
— 10%
15%
— Pure Caffeine

e
w

o
-

MSC-corrected Absorbance
o
~N

o

e
o

-0.2

200 220 240 260 280 300 320 340 360 380 400
Wavelength (nm)

Figure 5. UV-Vis DRS spectra of the dataset obtained by additions of caffeine to Neo Nisidine. All
spectra were pretreated with MSC.

Finally, three analytes were quantified by NAS and to assess the correct quantifications
obtained by UV-Vis DRS, these were compared both with the expected amounts reported
in the package inserts and with the quantification performed by HPLC-DAD.

Table 2 summarizes the spectrophotometric and chromatographic quantification re-
sults and the declared values for each analyte.
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Table 2. Spectrophotometric and chromatographic results for Neo Nisidine. The expected API
concentration is the one declared in the information leaflet. Errors were calculated at a significance
level of 5%.

Case Study AAS (% wiw) PAR (% wlw) CAF (% wiw)
UV-Vis 44 +4 34+£2 47 +£04
HPLC-DAD 43.0£ 09 352+ 0.8 42+01
Expected 43.4 34.7 43

The spectrophotometric-NAS results were not significantly different from the standard
chromatographic technique. In addition, both results were in agreement with the theoret-
ical concentrations stated in the package insert. The results obtained with HPLC-DAD
(Figure S2) were associated with lower errors than those obtained in spectrophotometry.
The higher UV-Vis errors were probably due to high inhomogeneity in the solid-phase solu-
tions and to the several chemometric steps necessary to obtain the final results. In addition,
also the preparation of added standards and a possible variability of granulometry in the
solid sample may have caused an increase in errors. However, also spectrophotometric-
NAS errors never overcame 10%, which is a limit generally accepted by pharmacopeia in
API quantification [35].

4. Conclusions

This comprehensive study demonstrated the efficacy and potential of solid-phase
spectrophotometric analysis as a valid alternative for quantifying Active Pharmaceutical
Ingredients in drug formulations. The investigation began by addressing the significant
challenges encountered in pharmaceutical manufacturing related to uniformity and con-
sistency in solid drug production. Traditional quality control methods, reliant on liquid
chromatography coupled with mass spectrometry or diode array detectors, have been the
industry norm. However, the advent of Process Analytical Technology introduced the pos-
sibility of juxtaposing non-destructive, rapid, and cost-effective spectroscopic techniques,
notably, UV-Visible Diffuse Reflectance Spectroscopy.

The primary goal achieved in this research was to create and validate a NAS-SAM
analytical method. Validation was performed on reference solid mixtures created in the
laboratory to quantify the initial analyte concentration present in the starting solution.
Leveraging the Net Analyte Signal (NAS) concept along with the standard addition method,
the study successfully formulated a NAS-SAM model. The investigation rigorously evalu-
ated various preprocessing techniques, identifying MSC as the best one. Comparing the
known analyte concentration with that predicted by the NAS model enabled excellent
results to be obtained since no predicted concentration showed any significant difference
from the theoretical value.

The second part of the study consisted of quantifying the percentage concentration of
active ingredients present in Neo Nisidine®. The results of this study demonstrated the
successful quantification of APIs in real pharmaceutical tablets. The efficacy and accuracy
of the NAS-based chemometric models were underscored by their comparability with
HPLC-DAD results, validating their reliability for API quantification. The UV-Vis analyses
yielded results comparable with those obtained from HPLC-DAD analysis.

In conclusion, this research marks a pivotal advancement in pharmaceutical quality
control as a valid alternative for API quantification. The UV-Vis DRS analysis coupled with
NAS may be a suitable technique to be introduced for at-line monitoring of pharmaceutical
manufacturing processes. Such at-line monitoring would involve the following procedure:
samples are periodically taken from the process stream by an automatic device and brought
to another automatic device that performs the standard additions, registers the spectra,
and sends data to a computer, where an ad-hoc script creates the chemometric models and
calculates results. By enhancing efficiency, reducing costs, and promoting environmental
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sustainability, this study paves the way for a new era in pharmaceutical quality control,
setting a new standard for innovation and excellence in the industry.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/chemosensors12110227/s1, Figure S1: Scores plot of Paracetamol (a)
and Acetylsalicylic acid (b) laboratory samples datasets; Table S1: Control parameters to evaluate the
NAS regression obtained for the four pretreatments method for paracetamol laboratory samples; Table
52: Control parameters to evaluate the NAS regression obtained for the four pretreatments method
for acetylsalicylic acid laboratory samples; Figure S2: HPLC chromatograms for the calibration line
of paracetamol (first peak at 1.9 min), caffeine (at 2.6 min), and acetylsalicylic acid (at 8.9 min).
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