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ARTICLE INFO ABSTRACT

Keywords: Chemometrics tools are of fundamental importance for data analysis in the pharmaceutical field, especially with
Chemometrics the increasingly strong assertion of the Process Analytical Technologies (PAT). In fact, analytical technologies
Freeze-dry

such as Near-Infrared or Raman spectroscopies generate a lot of data, the spectra, that must be analyzed in a
proper way. Typically, it is quite difficult to deeply understand the information hidden within the raw data.
Therefore, careful, and efficient data exploration is needed to highlight the chemical and physical features of the
analyzed samples.

Here, a tutorial on all the fundamental steps and concepts needed to perform a proper data analysis based on a
case-study of different freeze-dried formulations in the pharmaceutical field is proposed. The data analysis
pipeline begins with the dataset explanation, to better point out the main known differences and similarities
among the investigated formulations. After the first step of data preprocessing, Principal Component Analysis
(PCA), Partial Least Squares (PLS) for regression, and Partial Least Squares-Discriminant Analysis (PLS-DA) for
classification are presented and applied to show how to obtain deep comprehension of the real-case NIR dataset
at hand. The experimental results demonstrate that trends related to increasing levels of sucrose and/or arginine,
as well as distinct clusters related to the sample type and to the operator who conducted the analysis can be
found and modelled in the example data.

The tutorial aims at providing clear practical steps to conduct a robust data analysis, starting from the
extraction and organization of the raw data, up to building more advanced predictive models (regression and
classification). At each step some key questions are asked and answered to stimulate critical thinking in the
reader. Also, commented MATLAB scripts are provided together with the real-case example NIR data, so that
anyone could reproduce the whole data analysis in the tutorial, and try first hand to work with the data.

Near-infrared spectroscopy
Exploratory analysis
Regression analysis
Classification analysis

1. Motivation Quality-by-Design (QbD) approach. A PAT system is defined by FDA as a

“system for designing, analyzing, and controlling manufacturing through

In the last two decades, the regulation of pharmaceutical
manufacturing evolved significantly. In the traditional approach, phar-
maceutical operations lead to high costs associated with drug manu-
facture. For improving pharmaceutical developments and
manufacturing, new technologies were encouraged by the regulatory
authorities in the last years. Specifically, in September 2004 the US Food
and Drug Administration (FDA) published the guidance document: “PAT
— A Framework for Innovative Pharmaceutical Development Manufacturing
and Quality Assurance” [1,2]. This document encourages the introduc-
tion of new technologies, called “Process Analytical Technologies”
(PAT), aiming to increase the quality of the drugs by following the
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timely measurements (i.e., during processing) of critical quality and perfor-
mance attributes of raw and in-process materials and processes, with the goal
of ensuring final product quality”. In this perspective, the quality of a
certain product must be embedded in its production process, carefully
monitored, and not just tested at the end of the manufacturing. For this
purpose, a full understanding and control of the manufacturing process
is recommended. In this framework, huge numbers of variables have to
be measured every few minutes/seconds, leading to huge amounts of
data to be analyzed. Multivariate analysis tools are suitable to face this
issue. They are recognized by FDA as powerful tools to facilitate and
speed up the understanding for scientific pharmaceutical development
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[3]. Also, the European Council published a guideline on the use of
chemometrics methods to process analytical data for quality control and
manufacturing in the official European Pharmacopoeia [4]. Multivariate
analysis tools belong to the world of Chemometrics, whose methods and
tools can be used to extract chemically relevant information from the
available data [5]. In fact, the main scope is to reveal hidden patterns in
the data, and to highlight possible interactions among the measured
parameters and variables [6].

In the pharmaceutical industry, PAT solutions involving spectroscopic
techniques such as Near-Infrared (NIR), Raman and Nuclear Magnetic
Resonance (NMR) spectroscopies, have been widely implemented in
process design and development [6]. These techniques are non-invasive
and non-destructive and can be applied at-line, in-line or on-line. These
techniques generate large amounts of data, the spectra, which can be
easily studied with multivariate tools. The literature about the combina-
tion of spectroscopy and chemometrics for modelling, interpreting, and
understanding the data is very vast. Zhao et al., for instance, used the
Partial Least Squares (PLS) algorithm to quantify the active pharmaceu-
tical ingredient (API) in formulations [7]. Shi et al. built a PLS regression
model of a continuous-flow hydrogenation process for the production of
an API, using the model in simulation to identify the optimal design space
[8]. Tomba et al. applied multivariate analysis for developing a contin-
uous process for the manufacture of paracetamol tablets, using Principal
Component Analysis (PCA) to identify the most critical parameters [9].
Lourenco et al. focused on fluid bed granulation, conducting two Design
of Experiment (DoE [10]) studies to identify the process parameters
having an impact on the granules’ quality [11]. Clavaud et al. developed a
model able to quantify the residual moisture content in freeze-dried
products using both DoE and multivariate data analysis methods [12],
while Bobba et al. and Massei et al. applied PCA, PLS and neural networks
to quantify the residual moisture content at the end of the freeze-drying
process [13,14]. Moreover, Grohganz et al. coupled NIR spectroscopy
with multivariate data analysis to analyze the formation of different solid
forms of mannitol in freeze-dried formulations, highlighting that
B-mannitol form appears in absence of protein [15]. Finally, Ravn et al.
visualized the spatial distribution of chemical compounds within a sample
by taking and analysing NIR hyperspectral images [16].

Most of the published works used PCA as a tool for exploring the data
and then decide if and how to build a subsequent PLS model to predict a
certain Critical Quality Attribute (CQA) of the analyzed product. This
tutorial paper is based on a case study concerning the data analysis of
NIR spectra of different freeze-dried formulations characterized by
different residual moisture content, by the presence of different excipi-
ents and by the addition of an amino acid to a given excipient. Surrogate
solutions, characterized by the typical excipients present in the phar-
maceutical formulations, were prepared. Freeze-drying process is a
crucial step in drug manufacturing, as it allows removing the water
present in the product by sublimation, converting the ice into vapor by
operating at low pressure and temperature [17]. At the end of a
freeze-drying cycle, products must meet certain CQAs. Among all the
residual moisture (RM) is very important since water could promote
biological and chemical degradation processes during storage, thus
potentially reducing the product’s shelf-life [18,19].

Our tutorial is aimed at presenting and highlighting the pros and cons
of the multivariate approach and tools for analyzing experimental data-
sets. The tutorial is organized as a tutorial describing step-by-step the
analytical workflow from data generation to classification and prediction
of specific product characteristics. At each step MATLAB codes are also
provided to stimulate the readers to apply the same simple functions to
their own data, possibly with little adaptations in the codes. First, an in-
depth description of the dataset will be provided, as knowing the data
to model is fundamental to fully develop and understand the data analysis
results. Then, the steps of data preprocessing, data exploration, regression
and classification modelling are presented and discussed.

In addition to the practical coding tips and descriptions, we want to
stress some important take home messages such as the importance of
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standardizing the data acquisition procedures, and how multivariate
methods can reveal any unexpected results due to possible preparation
errors, or also instrumental, operator or temporal deviations.

2. Experimental data acquisition
2.1. Specimens’ preparation and freeze-drying cycle

Seven types of aqueous solutions were prepared and then freeze-
dried into 2 R glass vials in the laboratories of Guidonia Montecelio
(Italy) site of Merck Serono S. p.A. (Rome, Italy, an affiliate of Merck
KGaA, Darmstadt, Germany) using a lab-scale freeze-dryer (LyoStar3, SP
Scientific, Warminster, USA). The filling volume in each vial was 1 mL.
The compositions of each solution (starting with the corresponding
coded label) are hereafter reported:

- S6: sucrose 6 %w aqueous solution

- S3: sucrose 3 %w aqueous solution

- S9: sucrose 9 %w aqueous solution

- SAO5: sucrose 6 %w + arginine 0.5 %w mixture
- SAl: sucrose 6 %w + arginine 1 %w mixture

- SA3: sucrose 3 %w + arginine 3 %w mixture

- T6: trehalose 6 %w aqueous solution.

Sucrose and arginine were supplied by Merck Life Science (Darmstadt,
Germany), while trehalose was supplied by Sigma-Aldrich (Saint Louis,
USA). Ultra-pure water was obtained by a Millipore water system (IQ
7000, Merck Millipore, Burlington, USA). A honeycomb layout was used
as arrangement for the vials, surrounded by metal frames, all in direct
contact with the shelves of the freeze-dryer. At the end of the freeze-
drying cycle, a manual humidification of the vials, by adding a certain
amount of water, was made to get a wider range of residual moisture in
the sample. Table 1 summarizes the process conditions used to carry out
the freeze-drying cycles. Further details about the conduction of the
experimental tests can be found in Bobba et al. [13] and Massei et al. [14].

2.2. Near-infrared (NIR) spectroscopy

Near-infrared (NIR) spectroscopy was used to monitor the freeze-
dried products. It is a vibrational spectroscopy operating in the range
wavelength range of 700-2500 nm, or, following the notation of the
present paper, in the wavenumbers range of 14,300-4000 cm ™ *. A NIR
spectrum can be seen as a collection of values of absorbance, one for
each acquired wavelength. NIR radiation can be absorbed only by mo-
lecular vibrations resulting in changes of dipole moment: the generated
absorbance signal can therefore be related to the chemical composition
of the analyzed sample. For an introduction to NIR spectroscopy, the
reader can refer to Ref. [20].

2.2.1. Why NIR spectroscopy?

NIR spectroscopy provides a lot of information about molecules
containing atomic groups like O-H, N-H, C-H and S-H, since signals like
combination bands and overtones are included in its wavelengths range.
Therefore, water can be easily studied through NIR spectroscopy thanks
to the presence of the O-H groups and its interaction with the C-H
groups of the excipients used in the pharmaceutical field [20-23].

Table 1
Process conditions of the freeze-drying cycles.
Variable Freezing  Annealing Primary Secondary
Drying Drying
Shelf Temperature —45 -15 -25 35
[°C]
Pressure [Pa] atm atm 5
Duration [h] 6 2 30 10
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For these reasons, NIR spectroscopy has been widely investigated as
a powerful alternative technique to the Karl-Fischer (KF) titration for the
estimation of residual moisture in freeze-dried products. Its non-
destructive nature allows for the analysis of larger numbers of vials in
a batch with respect to KF that is, on the contrary, a destructive analysis.
Moreover, NIR spectroscopy is fast, since it requires minimal to no
sample preparation [24-27]. Finally, NIR spectroscopy is suitable for all
molecules having a dipole moment, so it is largely used for measuring
water and proteins, which are strong NIR absorbers. In previous works,
the focus for determining residual moisture in the final products was
placed on the specific water signal, located at 5150 cm ! [27]. It is
important to consider that recording and modelling whole spectra
makes it possible to detect possible interferences with known signals,
like the one of water. When only one wavelength is considered, like in
the case of many traditional analytical methods, effects arising from
interferent species could be easily missed, leading to unreliable data.
This is one of the reasons why multivariate approaches are generally
more reliable than univariate ones.

2.2.2. Spectra acquisitions and NIR instrument

All samples were analyzed in diffuse reflectance mode with a Fourier
Transform NIR spectrometer (Antaris MX FT-NIR, Thermo Fisher Sci-
entific, Waltham, USA), equipped with an InGaAs detector and a
halogen NIR source. The acquisition was done in the wavenumbers
range 1000-4000 cm~! with 32 scans for each spectrum. For each
sample, the spectrum was obtained by averaging three spectra to reduce
the noise of measurements. The NIR beam was pointed to the side of the
vials and focused on the freeze-dried cake. The samples were stored at
+5 °C to maintain stability during the experimental parts.

2.3. Karl-Fisher titration

The residual moisture content values were obtained by Karl Fischer
titration using a coulometric titrator (C30S Mettler Toledo, Columbus,
USA) and following the Standard Operative Procedure (SOP) in place at
the company.

3. Multivariate algorithms, software, and toolboxes
3.1. Why do we need algorithms? And also, why multivariate?

The need for multivariate algorithms increased in the last decades
also due to the rising pressure to use PAT tools, especially when dealing
with spectroscopic data. NIR spectra often contain overlapping signals
from various molecules (related to the functional groups cited in Section
2.2), making univariate analysis impractical due to its time-consuming
nature and limited ability to extract information. In contrast, a multi-
variate approach processes all data simultaneously, revealing essential
correlations between variables and maximizing the extracted informa-
tion. In multivariate approaches, the original data is often linearly
combined to capture the maximum explainable variance, ideally leaving
only the noise unmodeled. To do so, algorithms are applied to the data,
to extract relevant information through models. When appropriately
validated, a multivariate model can substitute for time-consuming and
resource-intensive measurements, enabling the prediction of new values
[20,28]. A more detailed description on the main techniques used in the
tutorial will be provided at the beginning of Sections 6 (exploratory
analysis, PCA), 7 (regression, PLS) and 8 (classification, PLS-DA).

In the pharmaceutical industry, software compliance is crucial for
ensuring that data analysis processes adhere to stringent regulatory
standards. When dealing with data analysis and multivariate methods it
is important to consider the European Pharmacopoeia General mono-
graph 5.21 on Chemometric Methods [4]. This document outlines the
principles and practices for applying chemometric techniques in phar-
maceutical analysis. It emphasizes the importance of data integrity,
validation and the use of multivariate methods to enhance the reliability
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of analytical results. The monograph also provides guidelines for model
development and highlights the necessity of proper data preprocessing.
By following these guidelines, the whole research and analytical activ-
ities can reap benefits such as ensuring accuracy, reliability, and integ-
rity of the data, but also proper and efficient information gathering from
experimental runs.

3.2. Software specifications

All chemometric elaborations described hereafter were performed
under MATLAB environment (R2021a, The Mathworks Inc., Natick, MA,
USA) using the toolboxes created by the Milano Chemometrics and
QSAR Research Group (Department of Earth and Environmental Sci-
ences, University of Milano-Bicocca). The toolboxes can be freely
downloaded from their institutional website (https://michem.unimib.it
/download/matlab-toolboxes/, last access October 11, 2024), but the
reader can find an organized version of the toolboxes in the Codes
Package provided with the tutorial. The instructions on how to correctly
set up your MATLAB environment to be able to smoothly use these
multivariate toolboxes and the scripts provided in this tutorial are pro-
vided in the Supplementary Materials.

3.3. Preparing the data and the tools

An overall description of the data analysis workflow is shown in
Fig. 1. This figure summarizes the needed steps to perform a reliable and
robust data analysis and exploration.

Initial Dataset

SNV
Smoothing
Mean centering

Pre-processed

Dataset

Y

Principal Partial Least
Component Squares
Analysis (PCA) | Discriminant
\—l—/

’Exploratory data a|1al'.|rsisI Analysis I{PLS-DA]

Outlier detection
Scores/loadings plot

Classification modelling

Identification of in-line or out of
specifications somples

Partial Least
Squares
Regression (PLS)
A

r 1
Regression modelling
Prediction of CQAs

Evaluation of R?, SPE, T?
Parity diogram plots
RMSEC, RMSECV and AMSEP

Model

Performances

Fig. 1. Data analysis workflow for processing NIR spectra (“Initial Dataset™)
with annotations about the field of pharmaceutical applications.
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The very first step is obtaining the raw data (“Initial Dataset”) from
the analytical instrument. Then, the preprocessing step is aimed at
obtaining clean and useable data from the raw instrumental data. When
the data can be considered ready for modelling, it is essential to conduct
data exploration, generally using Principal Component Analysis (PCA,
more details in Section 6.2), which allows to extract the information and
highlight hidden relationships among the samples and the variables in
the dataset, in an unsupervised manner. Further analytical steps are
generally aimed at building predictive models, using supervised
methods. The two main families of predictive modelling are regression
and classification, which should be selected based on the following
considerations:

o If the aim is to quantify a property, e.g., the content of water or su-
crose in the formulation, then a regression model is needed. The most
widely used method is Partial Least Squares (PLS) regression (more
details in Section 7.2);

o If the aim is to classify the samples according to known classes of
belonging, then a classification model is needed. In this sense, the
most used method is the Partial Least Squares-Discriminant Analysis
(PLS-DA, more details in Section 8.2).

4. Dataset explanation: a case study on freeze-dried
formulations

4.1. Data organization and import

The first step to get started inspecting and analysing the data is
importing the raw data into MATLAB (or your coding environment of
choice). In some cases, the instrument’s software will produce an
organized Excel file, which is rather easy to process. In any case, a good
starting point would be to obtain a table like the one depicted in Fig. 2.
In the tutorial’s Excel file, all metadata (columns from A to H; more
details on “metadata” in Section 4.2) and data (numerical columns from
I on) are neatly organized.
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From a practical point of view, a NIR spectrum is a collection of many
absorbance values, one for each acquired wavelength. A set of NIR spectra
can be organized in a data table in which each row represents one sample,
and each column represents one descriptor, i.e., a specific wavelength. In
the Excel file from column I on, there is a big numerical matrix (high-
lighted with a red contour): these are the NIR spectra, which we want to
process using the tools of Chemometrics. Since each column of the NIR
matrix represents one spectral wavelength (or wavenumber), the first row
in the example (highlighted with an orange contour) of Fig. 2 contains the
wavenumbers. This information will be used for plotting the spectra and
to properly interpreting them. Regarding the metadata associated with
the spectra, columns from A to H contain the samples’ labels (A), the class
information (B-D) and other numerical data (the responses, E-H).

The information included in the Excel file can be imported to
MATLAB using the “import” command from the program’s Home tool-
bar. This command activates a reader that allows opening, inspecting,
and selecting the desired cells from an Excel file. Thus, by properly
selecting the different columns or groups of cells, selecting the import
format, and renaming the imported data each time, it is possible to
obtain the situation depicted in the MATLAB’s Workspace screenshot as
shown in Fig. 2 (bottom right). Three different classes were imported as
cell vectors: the presence of arginine (“class_arg”), the information about
the operator who performed the analysis (“class_op™), and the type of
freeze-dried solution (“class_type”, classes as described in section 2.1).
This type of metadata can be used for classification purposes. Regarding
the numerical metadata, four responses were imported as a “Numeric
Matrix™: the percentage of arginine (“resp_perc_A”), the percentage of
sucrose (“resp_perc_S’), the ratio between arginine and sucrose
(“resp_perc_AS”, not analyzed in this tutorial), and finally the residual
moisture (“resp_KF™). This type of metadata can be used for building
regression models. An example on how to programmatically read the
data from Excel files and how to prepare them for the subsequent
exploration and chemometric modelling is reported in the Code box 4.1.
Run this code box to obtain the same objects in the MATLAB Workspace
depicted in Fig. 2.

A 8 c D 3 F G H | ) K L
Arginine = ¥

, label  Type Operator no POCA  percS ratio AS  KF | 7100614 7096758 70929 7088,

2 156 6 opl  noarg 0 6 0,00000 0,0101 | 1,10628 1,106664 1,107572 1,10

3 256 6 opl  noarg 0 6 0,00000 0,0109 | 0,843559 0,844678 0,845283 0,8

4 356 6 opl  noarg 0 6 0,00000 0,0109 | 0,957748 0,958802 0,959886 0,5

5 4-56 56 opl no arg 0 6 0,00000 0,0117 | 0,790253 0,790189 0,790769 0,

6 5-56 S6 opl no arg 0 [ 0,00000 0,0128 1,142645 1,143322 1,144246 1

7 656 6 opl  noarg 0 5 0,00000 0,0128 | 1,159681 1,161023 1,162323

8 |7-56 6 opl  noarg 0 6 0,00000 0,013 | 084602 0,847546 0,848595

9 |8-56 6 opl  noarg 0 6 0,00000 0,0150 |0,778161 0,779383 0,779914

10 9-56 6 opl  noarg 0 6 0,00000 0,0151 |0,901044 0,901557 0,902157

11 10-56 6 opl  noarg 0 6 0,00000 0,0165 | 0,599746 0,600825 0,60167

12 |11-56 56 opl  noarg 0 6 0,00000 0,0168 | 0,799587 0,800075 0,8008

13 12-56 6 opl  noarg 0 6 0,00000 0,0169 | 0,814436 0,814827 0,816

14 13-56 6 opl  noarg 0 o 0,00000 00171 |0,827092 0,82837 0,82° Name Value

15 14-56 6 opl  noarg 0 6 0,00000 0,0174 | 0,819561 0,82059 0,82 ()] class_arg

16 15-56 6 opl  noarg 0 6 0,00000 0,0176 | 1,017693 1,018318 1,0 ()] class_op

17 16-56 $6 opl no arg 0 6 0,00000 0,0177 | 0,909059 0,909899 0,° 1), class_type

18 17-56 S6 opl no arg 0 6 0,00000 0,0188 | 0,810642 0,812604 0 1 NIR_data_raw

19 18-S6 S6 opl no arg 0 6 0,00000 0,0200 | 0,660503 0,661746 ()] NIR_data_raw_cell *

20 19-56 6 opl  noarg 0 6 0,00000 0,0200 | 0,930084 0,930966 + NIR_data_raw_num #

21 20-56 6 opl  noarg 0 6 0,00000 0,0201 | 091403 0,915503 | resp_KF

22 21-56 6 opl  noarg 0 6 0,00000 0,0202 | 0,863268 0,863943 1 resp_perc_A

23 22-56 56 opl no arg 0 6 0,00000 0,0204 | 0,901551 0,90334 1 resp_perc_S

24 23.56 6 opl  noarg 0 5 0,00000 0,0206 | 0,855358 0,85570 + resp_perc_AS

25 24-56 56 opl no arg 0 6 0,00000 0,0208 | 0,802108 0,8033 .- samples_labels

26 25-56 6 opl  noarg 0 6 0,00000 0,0222 | 0,785277 0,785°

Fig. 2. Visual representation of the dataset organized as an Excel worksheet (background). A screenshot of the MATLAB workspace is reported in the bottom-right
corner, with coloring matching the original Excel information. Code box 4.1 will automatically get the information of the Excel file and import it into MATLAB,

reproducing the Workspace depicted in the figure.



A. Massei et al.

The NIR spectra were imported as a numeric matrix, as well as the
corresponding wavenumbers vector. The latter was imported also as a
cell vector, since the free toolboxes used in the tutorial require the axis
scale in such format for graphical reasons.

Code box 4.1

Chemometrics and Intelligent Laboratory Systems 257 (2025) 105291

NIR spectra), but can be used as a response vector in a regression
analysis. From the exploratory and interpretation point of view, the
dataset or the results can also be coloured based on the content of a
specific property/compound in each sample.

e Discrete numerical information: this technically corresponds to quan-

Read data and metadata from the Excel file and define the objects on MATLAB. To directly apply this script, be sure that MATLAB’s
working folder contains the Excel file that is going to be read by the function “xlsread”.

%% Read the data from Excel
[~, ~, raw _data] =
% Define the data objects

NIR data_raw = cellZmat (raw_data(2:end,
NIR scale raw cell = raw data(l, 9:end);

NIR scale raw num =

samples labels = raw data(2:end,1);

% Define the continuous metadata
resp_perc A = cell2mat (raw_data(2:end,5));
resp_perc_S = cell2mat (raw_data(2:end, 6));
resp ratio AS = cellZmat (raw data(2:end,7));
sucrose

resp KF =
Fisher method)

cellZmat (raw_data(2:end,8));

oo

o

cell array,
function.

o

% Define the discrete metadata
class_type = raw data(2:end,2);
class_op = raw data(2:end, 3);
class_arg = raw data(2:end,4);
These class vectors are strings
no extraction from the cells is needed,
the complete "raw data" cell array.

o° oP
o o o

o

clear raw data

xlsread('NIR arginine raw data metadata.

cell2mat (NIR scale raw cell);

(response vectors)

These response vectors are originally stored as numbers in the "raw data"
so they must be extracted from the cells with the "cell2mat"

(class vectors)

get the class
get the class
get the class
stored in the "raw data" cell array,
we can directly take a part of

xlsx', 'version OK');

get raw spectra

get axis scale (wavenumbers)
get axis scale as numbers
(for plotting)

get samples' labels

oo

9:end)) ;

o° o de°

o°

oo

the
the
the

get
get
get

percentage of arginine
percentage of sucrose
ratio between arginine and

oo o

oe

get the water content (from Karl-

"type"
"operator"

"arginine yes no"

s0

4.2. Initial data analysis and metadata description

The exploration of the initial dataset and any relevant additional
information is of fundamental importance for deciding what to model
and for interpreting the results. In other words, for any dataset it is
important to consider all available additional information (generally
referred to as “metadata”), which may be:

e Categorical information: this corresponds to qualitative information,
and it is generally referred to as “classes”. For this reason, this type of
information can be used in classification analysis. From the explor-
atory and interpretation point of view, the dataset or the results can
be coloured according to the group/class belonging to each sample,
allowing for easier and more visual interpretation.

e Continuous numerical information: this corresponds to quantitative in-
formation, and it can be used as “responses”. Such information is
generally not modelled together with the “data” (in our example, the

Table 2

titative information, and just like the continuous case it can be used as
a response for a regression task, with some more care when inter-
preting the validity of the results.

Moving to our real-case NIR dataset, seven different samples sub-
groups (or classes) can be defined, as reported in Table 2. Specifically,
most of the samples are sucrose solutions at different percentages: 6 %, 3
% and 9 %. Then, another consistent part of the dataset is represented by
samples of sucrose to which an amount of the amino acid arginine was
added. The remaining part of the dataset is represented by samples
containing 6 % of trehalose instead of sucrose. The described solutions
and concentrations refer to the liquid formulations, which were then
subjected to the freeze-drying process. It is important to consider that
each sample also contains a certain amount of residual water after the
freeze-drying cycle. This content was determined by Karl-Fischer titra-
tion, which serves as the analytical reference technique.

The NIR spectra were acquired directly from the powders obtained

Number of samples in each dataset and the description of the different formulations.

Dataset name Liquid formulation

N° of Samples

Samples from Operator 1 Samples from Operator 2

S6 Sucrose 6 %, 91
S3 Sucrose 3 %,y 59
S9 Sucrose 9 %,, 36
SA05 Sucrose 6 %,, + arginine 0.5 %,, 31
SA1 Sucrose 6 %,, + arginine 1 %,, 32
SA3 Sucrose 3 %,, + arginine 3 %,, 31
T6 Trehalose 6%,, 25

1-91 0
1-28 29-59
1-8 9-36
1-9 10-31
1-8 9-32
1-9 10-31
1-25 0
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from the drying process. An important aspect is that the acquisitions
were performed by two operators, during different sessions of mea-
surements (as reported in the last two columns of Table 2). This exper-
imental aspect can have an impact on the results, due to the manual skill
of the operator or the environment conditions, as shown and discussed
in the Results (Section 6.2). In other words, for each dataset it is
important to consider all available additional information in the form of
“metadata”, which in our case study would be:

e Categorical information: type of compounds in the formulations, the
operator who performed the analysis. Coloring the data or the results
according to these classes allows for easily spotting groupings and
clusters in the data.

e Continuous numerical information: the amount of water contained in
each sample. Coloring the data or the results according to the water
quantification allows for spotting possible trends among the samples.
Otherwise, this information could be used as a response vector in a
regression model for estimating the water content (as reported in
Refs. [13,14] by Massei et al. and Bobba et al.).

e Discrete numerical information: the percentages of arginine, sucrose,
and trehalose in the considered product. Coloring the data or the
results according to these quantifications is conceptually the same as
the continuous numerical information, but the visual result could
look like the case of the categorical information (as the discrete na-
ture of these coloring vectors would result in fewer shades of colors).

5. Data preprocessing
5.1. Raw data inspection and preprocessing techniques

Before any modelling steps, it is important to inspect the raw data
and choose one or more (if needed or in doubt) preprocessing methods.
Prior to conduct multivariate data analysis, the quality of sample
response may be evaluated. In fact, in the pipeline of multivariate data
analysis, careful attention must be paid to the choice of the pre-
processing technique to improve the quality of the analysis [4].

Starting from data inspection, it is always a good idea to simply plot
the raw data, as they are. To do so, one can execute the code from Code
box 5.1

Code box 5.1
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raw data

1.5}

0.5+

7500 7000 6500 6000 5500 5000 4500 4000

reduced data

14+
1.2}

(b)

0.8

0.6}

0.4 L i L A
7500 7000 6500 6000 5500 5000 4500 4000

wavenumber {cm” li

Fig. 3. Raw data (a) and the reduced data (b), i.e., without the noisy part at
wavenumbers lower than 4443 cm ™.

, which produces Fig. 3. The plot in Fig. 3a depicts the raw data
(“NIR_data_raw”), in which we can notice a rather noisy part on the right
end of the spectra: the information contained there could result confused
by the noise, so a data reduction step is needed. The reduced version of
the dataset (“NIR_data™) is depicted in Fig. 3b. This dataset will be used
to proceed with the analytical workflow.

To this point, no signal interpretation has been performed: the situ-
ation depicted in Fig. 3b allows for a general overview of the data,
maybe allowing for spotting potential outliers (like the dark blue spec-
trum in the top part of the plot), but no more detailed conclusions can be
drawn. To start understanding the information content of our data and

Data reduction: cut the noisy part and define a new MATLAB object containing the data to be modelled with PCA (and the further analytical steps).

o

%% Preprocessing - transform the raw data

NIR data = NIR data raw(:,1:690);
NIR scale num = NIR scale raw num(1:690);
NIR scale cell = num2cell (NIR scale num);
figure %

subplot (2,1,1)

plot (NIR_scale raw num, NIR data_raw')
title('raw data')

set (gca, 'xdir', 'rev')

o o oo

o°

subplot (2,1,2)

plot (NIR scale num, NIR data')
title ('reduced data')

set (gca, 'xdir', 'rev')

o

plot in

o° oo

oe

o

xlabel ('wavenumber (cm™-"1)")

open a new figure

plot in the upper part of the figure
plot the raw data with their scale
add title to the subplot

revert the x-axis direction

the lower part of the figure
plot the reduced data with their scale
add title to the subplot

revert the x-axis direction

add x-label

o°

reduce data removing the noisy parts
remember to cut the axis scale too!

this "cell" version of the axis scale

is needed for the toolboxes used in this
tutorial

o o o

o
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to get prepared for the modelling steps, the preprocessing step is needed.

The aim of preprocessing is to highlight the information content of
the data, mainly by further noise reduction, and in the case of NIR
spectra also by removing offsets due to scattering phenomena, which are
generally not related to the chemical information. Scattering arises from
the interaction of the particle with light, so it can be due to technical
limitations of the instrument, to the acquisition conditions or just to the
physical nature of the sample [29].

Code box 5.2
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indicated by Sun et al. [30]. However, it is good practice to plot and
visually inspect the smoothing results, also by applying different
window sizes. In this tutorial we will use a 31-points smoothing
window, and a comparison with the raw data and the application of a
9-points window can be inspected in Fig. 4 (as a result of running
Code box 5.2). You can play with the smoothing window size by
changing the last input in the function “smoothdata” in Code box 5.2
to see how different values produce different results.

Data preprocessing: smoothing application and plot of a specific zoom, i.e., in the wavenumber range 4500-5500 cm %, to better visualize the smoothing effect on

the noisy region of the spectra.

NIR data sm9 = smoothdata(NIR data, 2,
NIR data_sm31 = smoothdata (NIR data, 2,
figure

% plot the raw data

title('raw data')

set (gca, 'xdir', 'rev', 'XLim', [4500 550017,

o

% plot the smoothed data with window = 9

title('smoothed data (window = 9 pts)')
set (gca, 'xdir', 'rev', 'XLim', [4500 550017,

% plot the smoothed data with window = 31

title('smoothed data (window = 31 pts)"')
set (gca, 'xdir', 'rev', 'XLim', [4500 5500],

xlabel ('wavenumber (cm™-=-"1)")

%% Apply a light smoothing (with Savitzky-Golay method) to the data
'sgolay', 9); % smooth data (window = 9
'sgolay', 31); % smooth data (window = 31)

% Plot and compare the different levels of smoothing

subplot(3,1,1), plot(NIR scale num, NIR data')

'YLim', [0.5 1.8])

3 'XLim' and 'YLim' set the horizontal and vertical
intervals in of the desired zoom into the plot

subplot(3,1,2), plot(NIR scale num, NIR data sm9')

'YLim', [0.5 1.8])

subplot(3,1,3), plot(NIR scale num, NIR data sm31'")
'YLim', [0.5 1.8])

% add x-label

The preprocessing methods can be divided into two families: row-
wise methods, in which the mathematical transformation is performed
on each sample on its own, and column-wise methods, in which the
operation affects all samples. The most common row-wise methods are
the normalizations, while the most common column-wise ones generally
operate some sort of scaling [30]. In the present study, the two main
techniques for NIR spectra (plus mean centering, as described below)
were employed:

e Smoothing [30]: this row-wise preprocessing aims at removing the
high-frequency variability, which in the case of spectra is mainly
ascribable to the experimental noise. This is generally done by
smoothing out the sample’s profile using a moving window in which
the corrected value of the window’s central point is computed
combining the information of its neighbouring points. The window
for smoothing NIR spectra must have an odd number of points (a
central point is needed) and it is generally in the interval 7-11, as

e Standard Normal Variate (SNV, [30]): this method is a must-have
in NIR spectroscopy preprocessing. It allows for better highlighting
the actual differences among the samples, while removing at the
same time offsets due to scattering effect. Each spectrum is normal-
ized by subtracting its mean value and dividing by its standard de-
viation. The application of SNV is reported in Code box 5.3.

e Mean centering: in this final preprocessing step the “average
spectrum” computed from the whole dataset is removed from each
sample, allowing for modelling the data directly according to the
differences among samples. Mean centering is applied to our data in
Code box 5.3.

This preprocessing sequence is rather standard, and it is generally the
go-to preprocessing to start analysing NIR data. As described in Sun et al.
[30], there are many other methods for NIR spectra preprocessing,
which can be chosen according to the needs of the analyst.
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5500 5400 5300 5200 5100 5000 4900 4800 4700 4600 4500

gnuudw_d sta__(winduw =9 pui_

(b)

5500 5400 5300 5200 5100 5000 4900 4800 4700 4600 4500

smoothed data (window = 31 pts)

5500 5400 5300 5200 5100 5000 4900 4800 4700 4600 4500
wavenumber lcrn'l}

Fig. 4. This very simple plot allows inspecting the effect of different levels of smoothing, as defined in Code box 5.2: (a) the raw non-smoothed data; (b) smoothed data
with window = 9; (¢) smoothed data with window = 31. It can be noticed that the overall noise affecting the spectra decreases with increasing smoothing window sizes,
and this is particularly clear in the right part of the plots. Please note that the code for this plot is written in a very basic manner, so no axis scale is plotted.

Code box 5.3
Data preprocessing: apply SNV correction and mean center to the data, then plot the preprocessing results.

%% Apply standard normal variate (SNV) to the smoothed data

NIR data sm31 SNV = SNV (NIR data sm31); apply Standard Normal Variate
preprocessing using the "SNV" function
provided in the tutorial's scripts

o° oo

o°

[

% Apply mean center to the smoothed and SNV data
NIR data sm31 SNV _mc = meancenter (NIR data sm31 SNV);

o

apply mean center using
the "meancenter" function
provided in the tutorial's
scripts

o° oo

o

The chosen preprocessing sequence can be inspected step by step by to (c) the effect of mean center becomes clear. Now the preprocessed
running Code box 5.4, which produces Fig. 5: by moving from (a) to (b) data exhibit smooth signals, which can be interpreted according to
we can see the effect of SNV on the raw data, while by moving from (b) literature assignments of personal knowledge of the acquired data.
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Code box 5.4
Data preprocessing: plot the preprocessing results.

Chemometrics and Intelligent Laboratory Systems 257 (2025) 105291

%% Preprocessing - plot the preprocessing steps
figure

% 1) Plot the smoothed data

subplot (3,1,1)

plot (NIR _scale_num, NIR data sm31'")
title('Preprocessed data: smoothing')
set (gca, 'XGrid','on', 'xdir','rev'),
on the main x-axis ticks

3
S

box on 'XGrid'

S

% 2) Plot the smoothed + SNV data

subplot (3,1,2)

plot (NIR scale num, NIR data sm31 SNV')
title('Preprocessed data: smoothing + SNV')
set (gca, 'XGrid','on', 'xdir','rev'), box on

°

3) Plot the smoothed + SNV + mean centered data
subplot (3,1, 3)

plot (NIR scale num, NIR data sm31 SNV _mc')
title('Preprocessed data: percentage (%) of sucrose')

enables the vertical grid

set (gca, 'XGrid','on', 'xdir','rev'), box on
xlabel ('wavenumber (cm™-=-"1)") $ add x-label
Preprocessed data: smoothing
15F F T ] T ]

0‘5 1 i 1 L A '
7500 7000 6500 6000 5500 5000 4500 4000
2t 4
. [ 4
(b) |
gL 4
.2 i I i | L
7500 7000 6500 6000 5500 5000 4500 4000
4 Preprocessed data: smoothing + SNV + mean center
0.5 1
() © '
-0.5
=1 i i L i i
7500 7000 6500 6000 5500 5000 4500 4000

wavenumber (cm™)

Fig. 5. Data preprocessing application: (a) smoothed data; (b) smoothed and SNV-corrected data; (c) final combination of preprocessing (smoothing + SNV + mean

center) which will be used for all subsequent chemometric modelling.
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To better inspect the preprocessed data, the spectra can be coloured
according to the metadata information. An example using two numerical
responses is provided in Code box 5.5. This produces Fig. 6, in which the
dataset of Fig. 5c is now coloured according to the percentage of argi-
nine (a), the percentage of sucrose (b), and the water content (c). The
colorbars on the right-hand side allow interpreting the colors of the
spectra, thus allowing to recognize the most interesting areas of the
spectra. To proceed with the interpretation according to specific signals,
a preliminary assignment study can be done, as described in the
following section.

Code box 5.5
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arginine, appears at around 4900 cm l. This finding can be better
visualized by looking at Fig. 6a, where the samples were coloured ac-
cording to the percentage of arginine. This is a crucial point for the
understanding of the following findings.

6. Exploratory data analysis

6.1. Why do we need to explore the data?

Pharmaceutical products must meet standards set by the regulatory

Data preprocessing: plot the chosen preprocessing combination and color according to the metadata (samples type, percentage of arginine, percentage of sucrose)

using the function plot_color_resp provided with the tutorial’s code package.

figure

5 1)
arginine
subplot (2,1,1)

sucrose
subplot (2,1,2)

subplot (3,1, 3)
plot color_ resp(NIR data sm31_ SNV _mc,

%% Preprocessing - plot the datasets for inspection

Plot the smooth + SNV + mean center data,

plot color resp(NIR data sm31 SNV mc, resp perc A, NIR scale num, '', 1)
title('Preprocessed data: percentage (%) of arginine')

set (gca, 'XGrid','on', 'xdir','rev'), box on

h = colorbar; h.Location = 'east'; % get the colorbar's handle and move it within the
plot

% 2) Plot the smooth + SNV + mean center data, colored according to percentage of

plot color resp(NIR data sm31 SNV _mc, resp perc_ S, NIR scale num, '', 1)
title('Preprocessed data: percentage (%) of sucrose')

set (gca, 'XGrid','on', 'xdir','rev'), box on

h = colorbar; h.Location = 'east'; % get the colorbar's handle and move it within the
plot

% 3) Plot the smooth + SNV + mean center data, colored according to the water content

resp_KF,

title('Preprocessed data: water content (KF)"'")

set (gca, 'XGrid','on', 'xdir','rev'), box on

h = colorbar; h.Location = 'east'; % get the colorbar's handle and move it within the
plot

xlabel ('wavenumber (cm™-"1)") % add x-label

clear h % clean up a bit

colored according to percentage of

(]

NIR scale num, , 1)

5.2. Preliminary signal assignment

Since each chemical component of the powder formulation has its
own specific NIR spectral profile, it is possible to try to identify the most
characteristic signals. A short list of band assignments is reported in
Table 3. As previously underlined, all formulations differ by the contents
of arginine, trehalose, and water. In the region between 5000 and 4500
em™! sucrose shows an absorption band corresponding to the G-H
stretching. Regarding water, it is important to focus on the signals
arising from the band of O-H stretching and H-O-H bending at around
5150 cm L. As expected, this band shows the largest variability.

On the other hand, the spectra of the formulations containing argi-
nine appear quite different. A close inspection of Fig. 6a clearly shows
that as the concentration of arginine increases (in terms of percentage of
the total solid fraction), the absorption bands in the water region tends
to get lower and lower. Moreover, another band, specific of pure

10

health authorities as far as concerns their quality. The two most
important phases to create a new drug are:

1) Formulation development: choose the excipients to be mixed with the
APIs to obtain certain/desired physical-chemical properties.

2) Process development: all the processing parameters, such as temper-
ature, mixing conditions, the duration of each process step, etc, must
be monitored since they strongly define the properties of the final
product.

In this framework, exploring the NIR data is of fundamental impor-
tance to assess them from the points of view of both the “numerical
quality” (i.e., the data integrity, to spot obvious wrong acquisitions or
import problems like missing commas giving rise to oddly big or small
numbers) and the information content (also in relation to the additional
information and other measured chemical properties). To this aim, an
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Preprocessed data: percentage (%) of arginine
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Preprocessed data: percentage (%) of sucrose

(b)

7000 6500 6000 5500 5000 4500 4000

Preprocessed data: water content (KF)
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Fig. 6. Preprocessed dataset (smoothing + SNV + mean centering) coloured
according to (a) the percentage of arginine, (c) the percentage of sucrose and (c)
the water content.

Table 3
Band assignments.

Band assignment Wavenumber [cm ']

Water 5150, 6900
C-H stretching 2960, 5920 and 8880
Arginine 4900 and 6500

exploratory data analysis step is needed, and many multivariate tools
are available: Principal Component Analysis is usually the go-to method
for inspecting the information content of any numerical dataset. The
goal of exploratory analysis is to detect correlation patterns among the
samples and among the variables, which in our case are represented by
the intensities at different wavenumbers of the NIR spectra [31]. By
using PCA all relevant information can be extracted and visualized,
emphasising both similarities and differences among the samples, but
also among the variables. In addition to this, potential outlier samples
can be identified, inspected, and possibly removed from the dataset,
leading to more reliable and robust quantitative models.

6.2. What is Principal Component Analysis?

Principal Component Analysis (PCA [32]) is a mathematical
decomposition tool that aims at extracting and organizing all pieces of
information contained in a dataset. It defines the so-called principal
components (PCs), which are “new summary variables” describing
patterns of correlations among the original variables: each PC describes
a phenomenon contained in the data. These newly defined variables
allow describing the data within a mathematical space of fewer di-
mensions, generally in the order of ten PCs: this is particularly useful in

11
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the case of spectral data, where hundreds of (correlated) variables, i.e.,
the wavelengths or the wavenumbers, are recorded for each spectrum.
PCA exploits the natural correlations among the variables to describe
overall patterns, ordering them from the “most intense” (which math-
ematically correspond to the largest sources of variance) to the smaller
ones. However, in the case of spectra, two or three PCs are often
adequate to capture a phenomenon as they describe most of the
variance.

Mathematically speaking, PCA is a bilinear decomposition method,
which means that the initial data are decomposed into their patterns of
correlations in both the samples and variables directions. This is why
from a PCA model we get to inspect the relationships among samples
using the so-called “scores plots” and the relationships among variables
using the so-called “loadings plots™. These are scatter plots in which each
sample or variable is represented as a point, whose coordinates are the
respective scores or loadings values of the PCs that are plotted. Of
course, only pairs or at most triplets of PCs can be plotted, so the visual
inspection of a PCA model when more than three PCs are modelled can
require inspecting different combinations.

It is very important to remind that PCA (and exploratory analysis in
general) always represents the first step of any data analysis pipeline
[31-33]. In this tutorial, we are going to use PCA to inspect the infor-
mation content of our NIR data, especially for linking the spectral in-
formation with the external additional information about the arginine,
sucrose, and water content, in the perspective of building predictive (i.
e., regression and classification) models. PCA is not a predictive model
as it is an unsupervised approach, i.e., the only drive for building the
model is maximizing the variance explained by each PC, so PCA only
uses the information of the dataset itself, and no other/external infor-
mation is included or related to such information. As anticipated in
Section 4.2 about the importance and organization of the metadata, the
additional information can be used to color the scores plots, allowing to
spot tendencies and to possibly explain the natural groupings present in
the data: if a match is found between a cluster and the additional in-
formation, or a tendency is noted in the PCs space, this could be sign that
the modelled data have a relationship with the additional information,
so further regression or classification models might be built.

6.3. PCA results

The discussion of PCA results is largely based on visual inspection of
the scores and loadings and will be focused on the groupings related to
the kind of sample, the operator who performed the experiments and the
trend linked to the arginine and the water content. Remember that all
these pieces of additional information are not included in the data ma-
trix modelled by PCA, so if any groupings or trends were to be found,
they were naturally present in the spectral data.

To determine how many components are needed to properly model
the data, one should begin by inspecting the eigenvalues plot (Fig. 7),
and then proceed to inspect how the information, e.g., groups and
trends, is described across the different scores plots. The eigenvalues
plot (in the toolbox: Results > PCA Results > plot eigenvalues) repre-
sents the information described by each component. The three subplots
of Fig. 7 basically represent the same information, but from different
points of view. The “eigenvalues” and the explained variance (“exp var
(%)) both describe the how much of the total variance is associated
with each component: the components are naturally ordered from the
largest to the smallest. The smaller the share of variance explained by
each component, the more likely it is that the component does not carry
relevant information. For example, PC1 clearly captures a significant
and potentially valuable portion of the information. PC2 follows with a
much smaller percentage, and PC3 with even less. While PC4 may be
similar to PC3, it is likely already capturing variance unrelated to
meaningful information, indicating that at this point, the model is at
least partially describing the noise.

This profile in the eigenvalues and explained variance plots is very
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Fig. 7. PCA eigenvalues plot: (a) the eigenvalues obtained by mathematical decomposition; (b) the variance explained by each component; (c) the cumulative

explained variance associated to each component.

common with spectral data, as there often is a very large PC1, followed
by few smaller but relevant components, quickly fading into noise
components. The third subplot “cum exp var (%)” is obtained by adding
the component’s explained variance to the sum of the previous ones.

As a complementary inspection the scores plot can help under-
standing where the information starts to fade into unstructured vari-
ability, i.e., into the noise. In our case study the first three PCs resulted to
be the most meaningful and are reported and discussed in Fig. 7. For the
sake of brevity, the components from PC4 on will not be shown nor
discussed. Also, the discussed PCA model was fitted with three principal
components: this is crucial to discuss the outliers inspection, as the
visualization to spot them changes according to how many components
are included in the model.

The potential outliers are generally identified by inspecting the so-
called “residuals plot”. To obtain the plot using the toolbox open the
“scores” window (Results > PCA results > scores), and then select

sample plot

“Hotelling T2” to be plotted on the x axis, and “Q residuals” to be
plotted on the y axis. A plot like the one reported on Fig. 8 should be
obtained.

This scatter plot combines two important and complementary mea-
sures about the samples: the Q residuals measure how much unmodelled
information is still associated with each sample, while the Hotelling T2
measures how extreme each sample is within the model. The red hori-
zontal and vertical dashed lines are statistically computed limits that can
be used as a reference to estimate whether a sample exceeding them
should be considered an outlier or not. The situation of Fig. 8 describes a
nice compact dataset: most of the samples are densely grouped within
the statistical limits, few of them exceed lightly one or both limits while
remaining close to the large part of the rest of the samples. Just one
sample exceeds both thresholds in a significant way: sample 128-S3
(spectrum in row number 148 of the data table). This sample was
already noticed in Section 5.1 (“like the dark blue spectrum in the top
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Fig. 8. PCA residuals plot.

12



A. Massei et al.

part of the plot” of Fig. 3), and it should be inspected before considering
removing it from the dataset. By running Code box 6.1, one can obtain
Fig. 9, a visual representation of the whole spectral dataset (in grey) with
the potential outlier sample (128-S3) plotted in red over it.

Code box 6.1

Chemometrics and Intelligent Laboratory Systems 257 (2025) 105291

trehalose ones are almost overlapping in the central area of the plot
(Fig. 10a). The three different arginine-based formulations are located
on the diagonal of the plot as the arginine concentration increases, as
confirmed by Fig. 10d where the same PC1-PC3 scores plot is coloured

Plot specific samples over the whole dataset (represented in grey). Fig. 8 will be obtained.

figure % open new figure

)

> plot the whole dataset in grey
plot (NIR scale num, NIR data sm31 SNV',

shade of grey

o

% plot the potential outlier in red
hold on %

set (gca,
xlabel ('wavenumber

'XGrid', 'on', 'xdir','rev'),
(cm”-"1)")

%% Plot potential outlier against the whole dataset

'Color', [

keep what was already plotted and overimpose the following plotting command
plot (NIR scale num, NIR data sm31 SNV (148,:)',

box on

7 7 71)
7 7 7

0.7 0.7 0.
% [0.7 0.7 0.7] =

RGB values for a light

'Color','r") % 'r' means color in red

The potential outlier generally follows the shape of the other spectra
but exhibits higher noise and different offsets across the spectral win-
dow. With the sample’s name and number, the analyst could trace its
history and potentially explain the unusual appearance of its spectrum.
However, to avoid producing even more datasets and make the tutorial’s
workflow more complex, sample 128-S3 will be kept in the dataset. The
results of the PCA and further modelling are going to be basically the
same. Please refer to Code box S1 in the Supplementary Materials to get
an example of how to remove an outlier from the data table in MATLAB.

The scores plot of PC1 vs PC3 are reported in Fig. 10a: the samples
result grouped according to their type (refer to the legends for inter-
preting the groups). These PCs provide a clear grouping trend related to
the presence of arginine. In fact, the sucrose-based formulations and the

2.5

1.5+

0.5+

-1.5}

21 L L L
7500 7000 6500 6000

according to arginine content in percentage. The NIR signals responsible
for these groupings and trends are described by the loadings plots, which
are reported in Fig. 10e (PC1) and 6.4f (PC3). These plots are used as a
link with the original spectral data and allow us to interpret the infor-
mation provided by the scores according to actual signals. In particular,
a close inspection of Fig. 10e allows detecting the specific signals at
4900 cm ! and 6500 cm ™! that were only found in the dataset at the
highest concentration of arginine, i.e., samples of type SA3. In fact, the
yellow samples in Fig. 10d result isolated from the others due to their
specific absorption bands, which have positive values on both loadings
plots: indeed, the SA3 samples are located in the positive directions of
both PCs (first quadrant).

Moving to the content of sucrose, in Fig. 10c the same PC1-PC3

128-53

| 1
5500 5000 4500 4000

wavenumber [cm'l:l

Fig. 9. The potential outlier 128-S3 plotted against the whole dataset in grey (code in Code box 6.1).
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Fig. 10. PCA results, PC1-PC3. In the first four plots, the scores are: (a) coloured using the type class information “class_type”; (b) coloured using the operator class
information “class_op”; (¢) coloured according to the percentage of sucrose (“resp_perc_S"); (d) coloured according to the percentage of arginine (“resp_perc_A"). In (e)

and (f) the PC1 and PC3 loadings are reported, respectively.

scores plot is reported and coloured according to the percentage of su-
crose in the formulation. Some confirmation of the previously found
information can be obtained:

e the samples at the highest percentage of sucrose (9 %) are located in
the central cluster for positive values of PC3;

e the samples with the lowest percentage of sucrose (3 %) are located
in the central cluster for negative values of PC3;

e the samples at 6 % of sucrose and the trehalose formulation are
located in the central cluster around the zero of PC3 and they are
almost overlapping.

It can be concluded that the samples containing sucrose show an
increasing trend from the bottom to the top moving from negative to
positive PC3 values.

A closer inspection of Fig. 10a-c-d allows identifying two distinct
subgroups within the SA3 samples. By coloring the samples according to
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the operator information (Fig. 10b) an explanation for this separation
could be found: the two groups could be related to the two different
operators. By inspecting the preprocessed spectra of these samples
(Fig. 11c), it can be noticed that the spectra corresponding to operator 1
(in red) differs from the spectra of operator 2 (blue) due to the absence of
the absorption band typical of pure arginine powder, around 4900 cm ™.
The loadings of PC3, reported in Fig. 10e, confirm the importance of this
arginine signal. Therefore, the samples produced by operator 1 could be
considered unreliable, due to possible issues during the measurements
or even their preparation, as there is an apparent lack of arginine. The
ability of PCA to provide clear information about the effect of the
operator on the measurements is potentially an extremely useful
achievement, since it allows to better investigate on the possible issues
during the experimental tests, finally leading to data of higher quality
and, in turn, to more reliable models.

A visual representation of the data like the one of Fig. 11c can be very
useful for interpreting the groupings identified in the PCA scores. The
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Fig. 11. Inspection of two groups of samples related to the operator effect: (a) scores plot coloured according to the operator, and (c) the with identified samples
plotted against the whole dataset in grey (code in Code box 6.2). The plots in (b) and (d) are zooms of the exported scores plot with the labels: different zooms allow
unravelling the overlapped labels to find out which samples correspond to the two clusters.

code for setting two groups of samples, in this case the two SA3 sub-
groups corresponding to the operators (Fig. 11a), is provided in Code
box 6.2. The samples numbers are needed in lines 3 and 4 of the Code
box, and two ways for identifying them can be: 1) zoom in into the scores
plot (Fig. 11c and d) and add the labels to the plot (this can be easily
done within the toolbox) to get the “identity” of the samples; 2) inspect
the metadata table to locate these SA3 samples and then inspect the
operator information.

Code box 6.2

PC1 vs PC2 is another interesting combination to inspect. The PC1 vs
PC2 scores plot depicted in Fig. 12a provides information about the
content of water. Here the samples are coloured according to the water
content determined through the Karl Fisher method. It is possible to
observe a diagonal trend moving from top-left to bottom-right, with
some exceptions. By analyzing the spectra of these exceptions, no
evident anomalies were found. The loadings plot in Figure 12c-d confirm
that the most important signal is related to water, and it corresponds to

Plot specific samples over the whole dataset (represented in grey). Fig. 11c will be obtained.
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Fig. 12. PCA results, PC1-PC2. In the first two plots, the scores are: (a) according to the water content determined through the Karl Fisher method (“resp_KF”); (b)
coloured according to the percentage of arginine (“resp_perc_A"). In (c) and (d) the PC1 and PC2 loadings are reported, respectively.

the band around 5150 cm ™! for both components, and for PC2 it is also
the most influential signal. Notice that the orientation of the water
content trend (top-left to bottom-right) is determined by the fact that the
signals related to water have positive values in the PC1 scores (which are
plotted horizontally in Fig. 12a) and negative in the PC2 scores (which
are plotted vertically in Fig. 12a). However, the most influential PC for
the water content is PC2, as the trend develops mainly vertically. PC1
also describes the signals of arginine, and a trend related to the content
of arginine can be clearly seen in Fig. 12b: its direction is mainly hori-
zontal, as highlighted by the shaded arrow.

Having performed a rather deep exploratory data analysis, the reader
should now be able to remove the outliers or select parts of the data on
which it could be more important/interesting to focus the analysis.
These decisions are strongly related to the purpose of the study and
should be carefully considered before proceeding with more advanced
modelling steps.

It should be clear now how exploratory analysis done by PCA allows
to obtain a large amount of information, both expected (different con-
tents of arginine, sucrose, and water) and unexpected (the operator ef-
fect). Together with the information about the samples exhibiting
different features, the most influent spectral signals and bands were
identified, thanks to the information represented by the loadings. This
also allows focusing, if it makes sense, on specific spectral areas, both for
a deeper exploratory analysis and for considering more refined regres-
sion and classification models. Similar representations of how the
original variables influence the models and their performances will also
be present in the next sections: the logic behind the loadings’ interpre-
tation can be easily transferred to the upcoming sections.

7. Regression analysis
7.1. Why do we need regression analysis?

In the pharmaceutical field, the techniques used for the quantitative
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analysis of CQAs are often expensive, time-consuming and, in some
cases, even destructive. When the attributes to measure are quantitative,
regression analysis is needed. In general, an analytical technique is used
to acquire data about the product, and then the data are processed to
estimate the value of the CQA of interest, as this is usually not directly
measurable, or the measurement with other techniques is expensive or
time-consuming. In the perspective of the PAT approach, Partial Least
Squares regression (PLS) is often used to model spectroscopic data to
predict quantitatively the parameters of interest, allowing for a reduc-
tion of experimental effort and time. Once the regression model has been
developed, many advantages can be obtained:

Extract information from large and complex datasets, such as the
value of CQAs;

Extract information (chemical, physical, quality parameters) from
data in real-time;

Make decisions on processes;

e Increase the process knowledge and speed up the development
phase;

Replace expensive and time-consuming analytical methods, leading
to speed-up the testing phase of CQAs.

Of course, several critical factors must be taken into consideration to
ensure successful implementation and compliance:

e Developing robust models is essential for accurately interpreting data
and making informed decisions during the manufacturing processes.
This involves not only selecting the appropriate variables, but also
ensuring that the models are representative of the underlying
processes.

It is essential to validate the models to confirm their predictive ca-
pabilities and reliability. This ensures that the models can consistently
produce accurate results across different batches and conditions,
which is crucial for maintaining product quality. The models also need
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maintenance over time, which is generally done by performing
scheduled validation measures, but also when the PAT tools signal
possible deviations from the normal operative conditions.

As pharmaceutical companies operate in a highly regulated envi-
ronment, it is vital that any PAT and PLS methods comply with
regulatory standards. Engaging with regulatory bodies early in the
development process can facilitate smoother approvals and ensure
that the methodologies align with industry guidelines.

When transferring methods between laboratories or production sites,
it is essential to ensure that the models maintain their accuracy and
reliability. This requires thorough documentation and training to
ensure consistency in application across different settings.

7.2. What is Partial Least Squares (PLS) regression?

Partial Least Squares regression (PLS [34]) aims at finding a rela-
tionship between a data matrix X, (in our case the NIR spectra) and a
response vector Y (e.g., residual moisture, sucrose or arginine content).
This technique is based on a decomposition of the matrix X and the
response vector Y in a new space described by the so-called latent var-
iables (LVs), which are conceptually similar to the principal components
in PCA, in the sense that in both cases they determine the model’s “di-
mensions”. However, while PCA deals with describing the information
contained in a data matrix X alone, PLS looks for the information con-
tained in X that better correlates with the response vector Y [34].
Speaking in terms of spectral data, PLS models the signals and their
patterns of correlations to find which pieces of information could be
correlated with the response vector Y. PLS is a supervised approach since
the definition of the model also involves the use of additional informa-
tion (the response vector Y), so the learning phase is “supervised” by the
reference information of Y.

In our case study the water content could easily be used as a response
vector Y. However, since the water content calibration for these data
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was extensively addressed in previous works (as cited before [13,14]), in
this tutorial two further chemical components were modelled by PLS, to
provide to the reader with additional and different examples. One model
was built to predict the percentage of arginine and another one to pre-
dict the percentage of sucrose.

Both models serve as the “calibration step” in regression, enabling the
acquisition of crucial yet constrained information regarding the predic-
tive capability of the model. A complete and validated model would also
require splitting the data into a calibration and a test set, or the produc-
tion of a new external test set. The test set is a dataset such as the one used
for calibration, but it must not be included or used otherwise for model
computation: its purpose is to test the model with “fresh” information that
the model has not encountered before. There are several methods for
splitting data in calibration and test sets, but for this tutorial all data were
used for the calibration step, therefore, no test set was defined. Please
refer to the works by Amigo [29] and Westad and Marini [35] for more
details on model validation strategies and test set selection.

For both models, the smoothed data (“NIR_data_sm31") were loaded
into the regression toolbox (“select_toolbox ("regr")”) and SNV and mean
center preprocessings were applied from within the toolbox. The num-
ber of LVs was determined using the built-in “Optimal LV” function of
the toolbox: the resulting plot for choosing how many LVs to model is
reported in Fig. 13a and 13a for arginine and sucrose, respectively. The
resulting models’ dimensions and performances are reported in Table 4
and discussed in the following section.

7.3. PLS regression results

Different aspects of a PLS regression model must be inspected for
correctly interpreting it. The two models (% of arginine and % of su-
crose) will be presented separately, but the same inspection approach
will be used. Just like any regression model (from simple linear to
multivariate regression), the prediction plot is very important, and it is
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Table 4

Regression performance measures of the PLS models of arginine and sucrose.
Model LVs R? RMSE R3y RMSEcy
% of arginine 2 0.949 0.2062 0.947 0.2103
% of sucrose 5 0.874 0.8405 0.865 0.8708

generally the starting point for evaluating any models. Then, the
model’s performances (Table 4) must be considered, since the R?and the
root mean squared error (RMSE) values provide information about how
well the data are modelled and about the error associated with the
prediction of the response.

Starting from the model of arginine, the prediction plot of Fig. 13b
provides for each sample the predicted value of the response under ex-
amination. The samples are coloured according to the content of argi-
nine, for ease of interpretation. From the prediction plot and the
regression performances (high R? and low RMSE) we can state that the
model is performing well. However, even if the model generally works
well, we can also spot that at lower concentrations of arginine the model
slightly overestimates the prediction, while it slightly underestimates it
at higher concentrations. This is also confirmed by the residuals plot of
Fig. 13d, which is complementary to the information provided by
Fig. 13b. Finally, by inspecting the regression coefficients it is possible to
interpret which variables are the most influent on the model, i.e., for
predicting the response. For this model, the regression coefficients are
reported in Figure 13c, and the characteristic absorption band of argi-
nine (also found in PCA, Fig. 12c) appears evident at 4900 cem ™),
together with some other minor signals across the spectral width.

Regarding the PLS model of sucrose a similar situation is found,
even if the model shows slightly worse performances. The predictions
of the different concentrations of sucrose (Fig. 14b) appear more
dispersed than what was found with the arginine model (described in
Fig. 14b — remember that these are two different PLS models). No
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strong under/overestimation effects seem to be present across the
concentration range of sucrose, as confirmed also by the residuals plot
of Fig. 14d. However, the dispersion of the predicted values at the
different % of sucrose is larger than the arginine model, and for this
reason a lower R? and a higher RMSE were obtained in this case. It is
important to consider that modelling a response vector that is “quan-
tized” is somehow risky, as it is generally assumed that the precise
content of sucrose is either 0, 3, 6 or 9 %, with no variability in be-
tween. The model’s output is however not constrained to yield whole
numbers, so the estimated responses will likely be dispersed around the
“quantized steps” that were used as an input. Of course, this is also
valid for evaluating the arginine model.

The interpretation of the regression coefficients is in this case more
difficult, as many signals are contributing to the sucrose content pre-
diction, with the strange influence of the most extreme signals on the
sides of the recorded spectral range. For this reason, further investiga-
tion and more detailed signal assignment might be needed to proceed to
the possible subsequent steps of model deployment for process control. If
predicting the content of arginine or sucrose was the practical aim, the
next step would be to quantify the actual content of these substances,
and then build new PLS models: more “precise” variability in the
response vector generally leads to better models, especially considering
that the response could be linked to specific spectral signals. This is very
clear in the arginine case (Fig. 13c), while in the sucrose case it is more
problematic (Fig. 14c).

It is important to notice that the same dataset that was explored via
PCA is used here for predicting the content of arginine (Fig. 13) and
sucrose (Fig. 14): the multivariate approach allows for fully exploiting
the information content of the spectral dataset which is often a mixture
of signals that might correlate with different properties of the objects
under examination. Following this remark, it becomes clear that in both
PLS models the sucrose-arginine mixtures are considered together,
without evident effects on the models’ performances (Table 4). This is
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mostly because of how PLS works, as the algorithm looks for specific
pieces of information in the spectral dataset that best correlate with the
modelled response, so multiple responses could be calibrated from the
same set of data.

8. Classification analysis
8.1. Why do we need classification analysis?

Classification analysis is needed when the analyzed samples must be
categorized into predefined groups or classes, based on certain charac-
teristics. Specifically, classification models can be built to detect out-of-
specification samples with respect to a threshold defined according to
normal operative conditions. This type of modelling is helpful also for
statistical quality control applications. As an example, a classification
model could be useful to detect in-line and out-of-specification samples
(as a support to the procedural visual inspection activities) to exclude
samples characterized by a water content higher than the specification
established by the company.

In this tutorial, the classification example concerns the ability of
discriminating between samples containing arginine or not. A PLS-DA
model with 2 components was built to distinguish between these two
classes. Even if the case at hand might result rather trivial, the procedure

Chemometrics and Intelligent Laboratory Systems 257 (2025) 105291

to build and inspect the model can be easily adapted for different cases.

8.2. What is Partial Least Squares-Discriminant Analysis (PLS-DA)?

Partial Least Squares-Discriminant Analysis (PLS-DA [36]) is a
particular use of PLS, as this regression method can be also used for
determining class membership. As discussed in Section 7.2, PLS needs a
response vector to perform the regression computations, and in this case
the response would be the class information. To do so, the class infor-
mation is converted into a “dummy matrix” Y, a binary matrix with as
many rows as the samples and as many columns as the numbers of
classes, minus one. For each sample, a “1” is placed in the column rep-
resenting the class it belongs to, while all other positions contain zeros.
Keep in mind that almost any toolbox for multivariate modelling would
not require inputting the dummy matrix, since it would generate it
directly from the class information vector. The PLS algorithm looks for
the information contained in X that better correlates with the dummy
matrix Y, thus providing an output that replicates the class belonging.
Then, a discriminant analysis (DA) step is applied to the PLS output. The
calibrated model can then be used for assigning new unknown samples
to their most probable class of belonging, automatically.

To interpret a PLS-DA model it is important to inspect the classifi-
cation plot (Fig. 15a), but also the classification performances (Tables 5
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Table 5
Classification performances in cross-validation of the PLS-DA model to predict
the presence of arginine (two classes, no arginine/yes arginine).

2 LVs sensitivity specificity precision
no arginine (nA) 0.99 1.00 1.00
yes arginine (A) 1.00 0.99 0.98

Table 6
Confusion Matrices of the PLS-DA model to predict the presence of arginine.

Calibration Cross-validation
pred. class pred. class
nA A nA A
actual class nA 209 2 209 2
A 0 94 0 94

and 6). Many classification measures can be computed and interpreted
[37], but in this tutorial we will stick to the three directly provided by
the toolbox:

e Sensitivity: it is the model ability to correctly recognize samples
belonging to a specific class; this measure is used to assess the false
positives rate.

e Specificity: it is the ability of the model to reject the samples of all the
other classes but the considered one; this measure is used to assess
the false negatives rate.

e Precision: it represents the capability of a model not to include
samples of other classes in the considered class.

For more detailed definitions and explanations on the classification
measures, please refer to Ballabio et al. [37].

In this tutorial PLS-DA will be used to predict the presence of argi-
nine using the information contained in the spectra, i.e., signals specific
for arginine or somehow correlated to its presence. The concept is
similar to what was done in PLS for predicting the amount of arginine, so
it can be expected that the classification analysis will work based on the
same arginine signals that were identified in the previous sections (with
both PCA and PLS). Also in this case, we are going to build a model and
interpret its results limiting our analysis to the calibration step: a proper
validation of the model would require splitting the data into a calibra-
tion and a test set, or the acquisition of an external test set. The strategies
for obtaining a test set by splitting the initial dataset were described in
Section 7.2 and still hold valid in this case.

Regarding the tutorial’s example, the class information (“class_arg”
in MATLAB) is going to be a simple vector containing “yes arg” for
samples containing arginine, while all the others are marked with “no
arg”. The dummy matrix will be composed by the toolbox, but with only
two classes we can imagine it as a simple vector of ones (“yes arg”) and
zeros (“no arg”).

8.3. PLS-DA classification results

Table 5 summarizes the performances of the 2-components PLS-DA
model to predict the presence of arginine (“yes arg”). Table 6 reports
the confusion matrices. Fig. 15a reports the prediction plot of the model,
from the point of view of the classification of samples containing argi-
nine: since this is a two-class problem, the same plot from the point of
view of predicting the samples that do not contain arginine would look
exactly the same, but vertically mirrored. The plot has a horizontal
dashed red line separating the two classes: this line is the result of
applying the discriminant analysis to the PLS output, and it is computed
so that the classification errors are minimized, based on a Bayesian
criterion. Only two samples appear to lie on the wrong side, and they
both belong to the “no arg” class: they are misclassified, i.e., they were
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mistakenly assigned to a class they do not belong to. This is the reason
why the classification performances of Table 5 of the model are not
perfect, even if very high. The number of misclassified samples can be
deduced by looking at the prediction plot (Fig. 15a) or more easily by
inspecting the confusion matrix (Table 6). The confusion matrix pro-
vides the details of the model’s errors, since it clearly represents how
many samples were correctly classified (the diagonal of the matrix) and
how many were classified as belonging to other classes (the off-diagonal
elements). Coherently with Fig. 15a, two samples belonging to the “no
arg” class were classified as if they contained arginine.

Since also this model is multivariate (it is indeed based on PLS
regression), it is possible to interpret the model’s functioning in relation
to the original variables, so in terms of spectral signals. By looking at the
coefficients plot in Fig. 15b, it can be noticed that the signals are basi-
cally the same described by the PLS regression models, confirming that
the water and the arginine-specific signals are the most important ones.
This is not unexpected and can be used as further confirmation that the
model not only is working well, but it is also modelling actual signals
arising from arginine, the target compound of the classification problem.
Being able to explain why a model works is an important validation step,
and in this case the possibility of interpreting the regression coefficients
as linked to the signals of the compound defining our classes gives a
“chemical meaning” to the model, thus contributing to its validation.

9. Conclusions

In this tutorial we illustrated the potential of using a multivariate
approach in the pharmaceutical field, especially from the point of view
of the information that can be extracted from a set of NIR spectra. We
believe that the real case dataset provided many insights for all data
analysis steps, from the exploratory to the more applicative/predictive
regression and classification ones. All the fundamental steps needed to
carry out a proper data analysis were exposed and explained with
practical hints and suggestions, which we tried to design as straight-
forward as possible.

We expect that after reading and hopefully practicing this tutorial
(with the provided data or even better with the reader’s own data) it
became clear that also a lot of different types of data can be explored
using these tools, to understand what has been measured, but also to find
out possible problems or unexpected effects, such as the influence of the
operator or the session of measurements. We invite the readers to try
using the material provided in this tutorial directly on their own data,
also with little changes to the lines in the Codes boxes: our aim was to
provide a thorough yet robust and clear data analysis workflow, to help
anyone dig into their own data.
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