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A.1 Chemometric modeling techniques 

In the following, the methods used in the thesis for the chemometric evaluation of the 

Raman and NIR spectra are introduced based on the referenced literature as well as the PLS 

Toolbox (Eigenvector Research Inc., USA) documentation [1].  

A.1.1 Pre-processing of the spectra 

The first step of every chemometric evaluation is the suitable pre-processing of the raw 

spectra. In the following, the applied pre-processing methods are introduced. Throughout the 

calculations, the collected spectral dataset is handled as a n ×λ sized matrix, where n is the 

number of the samples and λ corresponds to the number of the wavelengths/wavenumbers. 

A.1.1.1 Baseline correction 

Baseline correction of the NIR and Raman spectra is necessary to eliminate background 

scattering, caused e.g. by a stray light source or fluorescence. The baseline correction is 

generally performed by subtracting a baseline (a 1×λ row vector) from the spectra (each row of 

the sample matrix). The baseline can be either a user-defined (piecewise) linear or low-order 

polynomial curve or several algorithms can be used to automatically determine the baseline. 

For example, the method of asymmetric weighted least squares aims to fit a background that 

avoids the creation of negative peaks in the pre-processed spectra [2]. This is performed by 

iteratively fitting a baseline to each spectrum and determining which variables are the most 

significant, i.e. below the baseline. The asymmetric least squares method of Eilers  [2] is 

governed by two parameters. P, ranging between 0-1, is responsible for regulating the 

asymmetry of the baseline. The larger values allow more negative-going regions, therefore in 

our studies, for general spectroscopic applications, its value was found to be optimal usually 

between 0.001 and 0.1. Lambda is the smoothing parameter, usually ranging between 102 and 

109, which determines the curvature of the baseline, similar to the order of the polynomial.  

A.1.1.2 Normalization 

 Intensity fluctuations occur during vibrational spectroscopic measurements due to surface 

roughness, different compactness of the sample, scattering effects, light source or detector 

fluctuations, focusing uncertainties, etc. This causes a multiplicative effect, that is the intensities 

of all or a portion of the variables are increased or decreased from their true value by a 

multiplicative factor.  This can be handled by normalizing the spectra, e.g. to the unit length, 

the unit area under the spectral curves, or the the maximum intensity observed:  
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𝑥𝑖𝑗
𝑛𝑜𝑟𝑚 =

𝑥𝑖𝑗

𝑤𝑖
   (A1) 

where xij is the intensity of spectrum i at wavenumber j. λ1 and λ2 are the limits of the chosen 

wavenumber range (given as variable numbers). In the case of normalizing to the unit area, 𝑤𝑖 

is 

𝑤𝑖 = ∑ |𝑥𝑖,𝑗|
𝑁
𝑗=1    (A2) 

In the case of normalizing to unit length, 𝑤𝑖 is 

𝑤𝑖 = √∑ 𝑥𝑖,𝑗
2𝑁

𝑗=1   (A3) 

which results in a weighted normalization by the larger values having more weight.  By 

normalizing to the maximum observed value, the normalization is only weighted as only the 

largest value is considered for scaling:  

𝑤𝑖 = max(𝑥𝑖)  (A4) 

 

A.1.1.3 Standard Normal Variate (SNV) 

 SNV is a weighted normalization, where the standard deviation of the given sample is 

calculated and the entire sample is normalized by this value, giving the sample a unit standard 

deviation. Additionally, the spectrum’s mean value is also subtracted from the spectrum during 

the normalization: 

𝑠𝑖 = √
1

𝑛 − 1
∑(𝑥𝑖𝑗 − �̅�𝑖)

2
𝑛

𝑗=1

 (A5) 

𝑥𝑖𝑗
𝑆𝑁𝑉 =

𝑥𝑖𝑗 − �̅�𝑖

𝑠𝑖
 (A6) 

where xij is the component of the original dataset’s row i and column j, �̅�𝑖 is the mean of the 

intensities in row i. 𝑠𝑖 is the observed standard deviation of row i and n is the number of 

variables. 

SNV weights towards the values that deviate from the individual sample mean. Although 

it is usually not expected that a spectrum deviates around its mean value, except when most of 

the variables are noisy and the noise and the signals are on the same scale, the method has 

proved to be especially useful for NIR spectra, where the spectra in a dataset tend to be very 
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similar. However, when spectra change significantly throughout the samples, SNV can 

introduce substantial non-linearity. 

A.1.1.4 Multiplicative scatter correction (MSC) 

To handle the offsets (baseline) and multiplicative scaling effects, MSC [3] can be applied, 

which means linear regression between each spectrum of the dataset and a reference spectrum 

(mostly the mean spectrum of the dataset): 

𝑥𝑖 = 𝑎𝑖 + 𝑏𝑖�̅�𝑗 + 𝑒𝑖  (A7) 

where xi is spectrum i which to be corrected, �̅�𝑗 is the mean spectrum, ei the error of the 

regression, 𝑎𝑖 is the intersection and 𝑏𝑖 is the gradient of the regression curve, that is the 

multiplicative factor. The corrected spectrum is then obtained as: 

𝑥𝑖
𝑀𝑆𝐶 =

(𝑥𝑖−𝑎𝑖)

𝑏𝑖
  (A8) 

 

A.1.1.5 Extended Multiplicative Signal Correction (EMSC) 

Extended multiplicative signal correction (EMSC) [4] is a modification of the standard 

MSC method, developed for the separation of physical light scattering effects from the signals 

related to chemical effects by removing additive and multiplicative effects in the spectra. This 

can be regarded as a filter, where some portion of the signal is passed while others are rejected. 

Similar to MSC, this is performed by regressing each input spectrum against a reference and 

the results are used for correction. The N ×1 signal vector 𝐱 is described as: 

𝐱 = [𝐱𝒓𝒆𝒇𝐕𝐒𝐏]𝐜  (A9) 

where 𝐕 is a N ×Kv matrix of the polynomials of the axis scale (e.g. 𝐕 = [𝟏𝜐𝜐2… ], where 𝜐 

denotes wavenumbers). 𝐒 is a target signal that is allowed to pass, while  𝐏 represents the signal 

that needs to be filtered out, e.g. loadings from a PCA that comprises the clutter signal. The 

𝐜𝑇vector contains the coefficients, that need to be estimated by using the least square method: 

𝐜𝑇 = 𝑐𝑟𝑒𝑓 + 𝐜𝑣
𝑇 + 𝐜𝑠

𝑇 + 𝐜𝑝
𝑇  (A10) 

Then, the corrected signal is obtained as: 

𝐱𝑀𝑆𝐶 =
𝐱 − 𝐕𝐜𝑣 − 𝐏𝐜𝑝

𝑐𝑟𝑒𝑓
 (A11) 
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A.1.1.6 Savitzky-Golay smoothing and derivation  

Savitzky-Golay derivative and smoothing are often used for removing noise from the 

spectra [5]. The method is applicable when the neighboring variables contain similar signals 

and are strongly related to each other, which is usually the case for vibrational spectroscopy.  

Using a point-difference first derivative, each variable in the sample is subtracted from its 

neighboring variable, which removes all the common signals and leaves only the difference 

between the two variables. Performing this process on the entire spectrum, smooth and broad 

(i.e. low frequency) features, such as interferences and baseline signal can be removed. 

Repeating the process in the derived dataset, the higher-frequency features are further 

emphasized. Although this can be advantageous when the information is in the higher-

frequency (i.e. sharp, narrow) signals, the process also intensifies the high-frequency random 

noise. For this reason, the derivation is usually used together with smoothing. 

Assuming that the neighboring variables are related and contain similar information, the 

adjacent variables can be averaged together to reduce the noise. In the case of the Savitzky-

Golay algorithm, this is performed by fitting polynomials to windows around each point of the 

sample. The window size (i.e. the number of neighboring points accounted during fitting) and 

the order of the polynomials need to be optimized to obtain the required smoothing without 

significant data loss (the larger the window and the lower the polynomial order, the smoother 

the result is). 

A.1.1.7 Mean centering 

Several chemometric techniques analyze the variance in the dataset, for which purpose it is 

beneficial to utilize a dataset centered relative to a reference point, most often the mean of the 

data. For example, by performing principal component analysis in a centered dataset, the 

obtained eigenvalues can be associated purely to the captured variance, while without centering, 

the variance and the sum-squared mean of each variable are also included in the eigenvalues. 

Mean centering is a constant offset on the original intensity scale in a manner that results in the 

zero mean at each wavenumber. That is, the mean spectrum of the dataset is subtracted from 

each spectrum:  

𝑥𝑖𝑗
𝑐 = 𝑥𝑖𝑗 − �̅�𝑗   (A12) 

�̅�𝑗 =
1

𝑟
∑𝑥𝑖𝑗

𝑟

𝑖=1

 (A13) 
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where xij is the component of the original dataset’s row i and column j, �̅�𝑗 is the mean of the 

intensities in column j and r is the number of spectra in the dataset.  

A.1.2 Principal Component Analysis (PCA) 

The modern analytical, e.g. spectroscopic techniques often provide information on 

hundreds or thousands of variables (e.g. wavelengths), which makes the interpretation of the 

data complicated, while several variables are correlated and carry redundancy. Therefore, it is 

desirable to compress the data while retaining the most information. PCA [6] is a widely used 

technique for dimension reduction and it is also applicable for unsupervised pattern recognition 

by observing clusters or outliers in the dataset. The PCA approach is also the basis of numerous 

other chemometric techniques. 

 

Figure A.1 Geometric interpretation of PCA in the case of a 3-dimensional original dataset 

and 2-dimensional PCA projection.  

 

PCA is a coordinate transformation of the λ- dimensional original variable space, where λ 

is the number of the original variables (e.g. wavenumbers). The new variables (principal 

components or loadings, PCs) are created by the combination of the original variables. The 

construction of these principal components is carried out in such a way that the new variables 

are orthogonal (i.e. linearly independent) to each other and the first few variables describe the 

possible highest variance of the data in descending order. Its geometric interpretation is 

illustrated in Figure A.1: in a 3-dimensional original dataset (e.g. spectra are measured at 3 

wavelengths), the first PC is a fitted line along with the highest variability of the sample points 

in a least squares process. The second PC is then fitted in the direction of the highest variance 

not explained by PC 1, and PC 1 and PC 2 are orthogonal to each other. The new principal 

component space is defined by two factors: the PC scores are the orthogonal projections of the 

objects (samples) to the PC lines, while the loadings are the direction coefficients of the PC, 

that is it describes the contribution of the original variables in the creation of the given PC. 
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Mathematically, this is achieved by the singular value decomposition of the (mean-

centered) data matrix X (n × λ): 

𝐗 = 𝐔𝐒𝐕𝐓=(𝐔𝐒)𝐕𝐓 = 𝐓𝐏𝐓 (A14) 

where U (n × n) is the left eigenvectors, V (λ × λ) is the right eigenvectors and S (n × λ) is a 

matrix containing singular values in its main diagonal in ascending order, 𝐓 is the matrix of the 

scores (its columns are the PC vectors) and 𝐏 is the matrix of the loadings (rows are the vector 

of PC direction coefficients). Both are orthogonal and normalized (𝐩i
T𝐩j=0, 𝐭i

T𝐭j=0 if i ≠ j and 

1 if i = j) and for 𝐗 and any 𝐭i,𝐩i pairs 

𝐗𝐩i=𝐭i (A15) 

which means that the score vector 𝐭i is the projection of 𝐗 onto 𝐩i. Furthermore, the 𝐭i 𝐩i pairs 

are arranged in descending order according to the amount of variance described by the pair. 

Therefore, the PCA model can be truncated after k components and the residual variance can 

be included in the error matrix E, and in this way, dimension reduction is achieved: 

𝐗 = 𝐭1𝐩1
T + 𝐭2𝐩2

T +⋯𝐭k𝐩k
T+E (A16) 

The maximum number of principal components less than or equal to the smaller dimension of 

X (min{n,  λ}) and the determination of the number of applied PCs in the model (k) is the task 

of the modeler. This is usually performed by the visual interpretation of the loadings and score 

plots, accounting for the percentage of the explained variation and the values of the eigenvalues.  

After the construction of principal components, Principal Component Regression (PCR) 

can be also carried out on the transformed, reduced dimensional dataset in a usual way, using 

multivariate linear regression (𝐘 = 𝐗𝛃 + 𝐄). That is, instead of regressing the response variable 

(e.g. concentration) onto a (set of) the original descriptor variables (e.g. spectral variables), the 

properties are regressed onto the principal component scores.  

A.1.3 Partial Least Squares Regression (PLS) 

Partial Least Squares regression (or as often referred to, Projection of Latent Structures) [7] 

also performs a PCA-like decomposition. The difference is that while PCA finds the factors 

(PCs) that capture the highest variance in the descriptor (𝐗) matrix, PLS aims to construct new 

factors (often referred to as latent variables, LVs), that maximize the amount of variation 

explained in 𝐗, that is relevant for the prediction of the response variable(s) 𝐘. That is, PLS 

attempts to capture both variance and correlation, i.e. the covariance with the response variable. 
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Similar to PCA, scores (𝐓) and loadings (𝐏) are calculated from the 𝐗 matrix with an additional 

weight matrix to maintain orthogonality. In the case of multiple Y-variables, the 𝐘 matrix is 

also decomposed to scores (𝐔)  and loadings (𝐐). Additionally, a vector of ‘inner-relationship” 

coefficients (b) is calculated which relate the 𝐗 and 𝐘 scores. For more details about the 

mathematical derivation of PLS and its algorithms (e.g. SIMPLS, NIPALS), the reader is 

referred to [7, 8] and [1]. 

A.1.3.1 Interval PLS for variable selection 

Several times the acquired spectra contain non-informative spectral ranges and excluding 

them before data evaluation can significantly improve the performance of chemometric models. 

Although PCR and PLS also result in dimension reduction, principal components and latent 

variables are the linear combinations of all the variables, thus the effect of these spectral 

variables is not entirely eliminated. Variable selection methods can provide an effective 

solution to find the subset of variables resulting in the most accurate model. In this study, 

interval PLS (iPLS) [9, 10], a systematic variable clustering method was applied. 

Interval PLS is based on a systematic search of the best combination of variables to reach 

better estimation against PLS on the whole spectral range. The searching algorithm runs in two 

different modes. First, the spectra are divided into variable windows, sized depending on user 

requirement. Applying forward selection mode, the initial step is a PLS model building with 

one variable window, and the RMSECV (see Section A.1.6)  is calculated. In the next steps, 

variable windows are individually added and PLS models are built until the best subset of 

variable windows (resulting model with the lowest RMSECV) is found. Reverse mode operates 

in the opposite direction, i.e. the first PLS model is built by eliminating only one window from 

the spectra then variable windows are excluded successively until the RMSECV of the PLS 

models cannot be reduced further. 

A.1.4  Artificial Neural Network (ANN) 

ANN is a non-linear empirical modeling technique, which aims to transform given inputs 

to desired outputs. Its information processing is inspired by the working of the brain, although 

their complexity and intellectual capacity are not comparable. ANNs have been recognized as 

powerful tools in several fields and their application and development are rapidly expanding. 

Therefore, in this section only some of the most general aspects are introduced, mainly focusing 

on feedforward, backpropagation multi-layer neural networks, which were used in this work. 

More information about ANNs can be found in detailed review papers and books [11-14]. 
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A real brain consists of billions of neurons that are closely connected to each other. Some 

of the main parts (see Figure A.2/a) of a neuron are the dendrites, which are responsible for 

receiving the information from the environment. The information is then processed by the cell 

body, which controls the cell activity. When a threshold is reached, the information as an 

electric signal impulse is carried to the next neuron by the axons. The output of the axon is 

passed to the next neuron by the axon terminals.  Analogously, an artificial neuron (also called 

a node or perceptron) can receive input data (x), which are weighted and combined by an 

activation function (see Figure A.2.b). The information is then received by a transfer function, 

which converts the information to the output data (y). Just like in the brain, the artificial neurons 

are connected to several other neurons as illustrated in Figure A.2.c, and the network need to 

‘learn’ the relationship between the x-y data. Some of the most important parameters when 

building an artificial neural network are the number of neurons, their connection to each other, 

the used transfer function and the learning algorithm. 

a) b) 

  

 

c) 

 

 

Figure A.2 a) Representation of a human neuron b) A single artificial neural network c) a 

multi-layered feedforward backpropagation neural network. 

 

The number of neurons needs to be optimized during model building so that it can capture 

the relationship between the input and the output, but the application of too many neurons can 

result in overfitting, i.e. deteriorated predictive force. 
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The transformation of the inputs to outputs within a neuron can be expressed as 

𝑠 = 𝑏 +∑𝑥𝑖𝑤𝑖 (A17) 

𝑦 = 𝑓(𝑠) (A18) 

where 𝑥𝑖 and 𝑤𝑖 denote the ith input and its weight, respectively, and 𝑏 is the bias, which allows 

the activation function to shift with a constant value, like the constant in a linear function.𝑠 

refers to the output of the activation function and𝑓 denotes the transfer function, which allows 

the transformation of the input. Several functions are applicable depending on the task of the 

neuron, such as the linear function, which is often used in output neurons for function fitting: 

𝑦(𝑠) = 𝑠 (A19) 

The log-sigmoid transfer function provides output between 0 and 1 and is often used for pattern 

recognition problems, where the output is discrete and binary.  

𝑦(𝑠) =
1

1 + 𝑒−𝐾𝑠
, 𝐾 > 0 (A20) 

The tangent sigmoid function results in an output from -1 to +1, which is advantageous in 

hidden layers as can provide more balanced results for backpropagation algorithms.  

𝑦(𝑠) =
1 − 𝑒−𝐾𝑠

1 + 𝑒−𝐾𝑠
, 𝐾 > 0 (A21) 

 

Within a neural network, the neurons with the same functions are organized into layers. 

The most common multi-layer neural network consists of three layers: input, hidden and output 

layer. The nodes in the input layer receive the information from the outside world and pass it to 

the further nodes without any computation. The actual calculations happen in the hidden 

layer(s), which have no direct connection to the outside world but pass the information to the 

output nodes. In the output layer, the final transformations happen, and it provides the results 

of the network. According to the universal approximation theorem [15], a network with one 

hidden layer with a finite number of neurons can estimate any continuous function with 

arbitrary transfer functions. However, the utilization of multiple hidden layers (deep neural 

networks) can be practical e.g. when the three-layer network would require too many nodes. 

By varying the number of neurons, the layers and the connections of the neurons, networks 

with different network architectures can be built. For the estimation of non-linear function, 

feedforward, fully connected networks are commonly used, which means that each neuron in a 
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layer is directly connected to all neurons in the next hidden layer, each connection had its own 

weight, and the information is moving only forward from the input to the output neurons 

through the hidden nodes, without any loops within the network, as demonstrated in Figure 

A.2.c. Time-delayed feedbacks or recurrent connections are also possible in the networks, 

which enables the network to process sequences of input, such as time-series predictions, and 

find applications e.g. in handwriting or voice recognition. 

  ANNs need to be trained for a given task, which means adjusting the weights and biases 

of the neurons. In the case of supervised learning, this is done by using a training (i.e. 

calibration) dataset, which consists of pair of input-output samples. Backpropagation is a 

widely used training method for feedforward ANNs, which is based on iterations: 

• First, the weights and biases of the neurons are initialized. This can be done randomly, or 

by following different initialization techniques [16], which can significantly increase the 

speed of the learning. For example, the Nguyen-Widrow layer initialization [17] method 

aims the approximately even distribution of the weight of each neuron in the layer across 

the layer’s input space, such that the magnitude of the weight is 𝑤 = 0.7𝑁𝐿
1/(𝑁𝐿−1), where 

𝑁𝐿 and 𝑁𝐿−1 denote to the number of the neurons in the given and the preceding layer, 

respectively, and the corresponding biases are random values in the range of (−|𝑤|, |𝑤|).  

• In the next step, the error (cost function) is calculated between the output provided by the 

network and the known (target) output. Common cost functions are the mean absolute 

error (MAE), mean square error (MSE) and the sum of squared error (SSE). 

• Based on the obtained error value, the training algorithm adjusts the weights and biases. 

The learning rate determines the size of the corrective step: the lower the rate, the longer 

the iteration takes and potentially more accurate the result is. The learning rate can be 

either fixed or adaptive, which can improve convergence. Then, the cost function is 

calculated again. One such iteration is called epoch and the process is iterated until a 

stopping criterion is reached.  

Different training algorithms are available which can significantly affect the time of the 

training and consequently the performance of the ANN: 

o The Gradient descent [18] method is a simple optimization algorithm for finding a 

local minimum, based on the calculation of the first derivatives of the cost function 

(𝑐) and grouping them in the gradient vector 𝛁𝑐(𝐰): 

𝛁𝑖𝑐(𝐰) =
∂𝑐

∂𝑤𝑖
 (A22) 
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The method first determines the training direction as the direction of the steepest 

descent (in the error), which is the opposite of the direction of the gradient: 

𝐝k = −𝐠k (A23) 

and adjusts the weights as: 

𝐰𝑘+1 = 𝐰𝑘 − 𝐠𝑘𝜂𝑘 (A24) 

where k refers to the number of the iteration, 𝜂𝑘 is the learning rate and 𝐠𝑘 =

𝛁𝑖𝑐(𝐰
𝑘). Although the gradient descent method is advantageous due to its low 

memory requirement, it is a slow algorithm. 

o Newton’s method [18] uses the second derivatives of the loss function, called the 

Hessian matrix to find better training direction and hence provide faster training: 

𝐇𝑖,𝑗𝒄(𝐰) =
∂𝑐

∂𝑤𝑖 ∂wj

 (A25) 

𝐝k = 𝐇(k)−𝟏𝐠k (A26) 

𝐰𝑘+1 = 𝐰𝑘 − (𝐇(𝐤)−𝟏𝐠𝑘)𝜂𝑘 (A27) 

where 𝐇𝑖,𝑗𝒄(𝐰) = 𝐇 is the Hessian matrix, which calculation makes the method 

computationally expensive.  

o The Levenberg-Marquardt algorithm [19] is a widely used method for 

backpropagation, being the fastest for medium-sized networks, but is only applicable 

when the cost function is in the form of the sum of squares.  

𝑐 =∑𝑒𝑖
2

𝑚

𝑖=1

 (A28) 

In this case, the Hessian matrix is approximated from the Jacobian matrix 𝐉, that 

contains the first derivatives of the errors: 

𝐉𝑖,𝑗 =
∂𝑒𝑖
∂𝑤𝑗

 (A29) 

𝐇 = 𝐉T𝐉 (A30) 

The gradient is computed as  

𝐠 = 𝐉T𝐞 (A31) 

And the weights are calculated as: 
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𝐰𝑘+1 = 𝐰𝑘 − [𝐉T𝐉 + 𝜇𝐈]−1𝐉T𝐞 (A32) 

where 𝜇 is the damping factor (ensures the positiveness of the Hessian), which is 

adjusted at every iteration step. When it is large, the algorithm is equivalent to the 

gradient descent method, but when the value of 𝜇 is 0, Newton’s method is used, 

which is faster and more accurate near the minimum of the error.  

The Levenberg-Marquart algorithm is sensitive to the weight initialization and is also 

prone to overfitting. These problems can be tackled by including Bayes-

regularization [20, 21] within the Levenberg-Marquart algorithm. Bayes-

regularization expands the cost function so that it minimizes not only the linear 

combination of the squared errors (𝐸𝑑) but also the sum of squared weights (𝐸𝑤): 

𝑐 = 𝛽𝐸𝑑 + 𝛼𝐸𝑤 (A33) 

In this way, the effective number of the parameters used in the model for the given 

problem can be also optimized, which leads to better generalization and more robust 

results.  

A.1.5 Cross-validation 

During model building, cross-validation is often applied for the optimization of the model 

parameters (e.g. determination of the necessary number of principal components/latent 

variables or for the estimation of model performance. It is also referred to as internal validation, 

as the calibration dataset is used for the calculation of the cross-validation characteristics (e.g. 

R2
CV, RMSECV, see Section A.1.6), that is it is not an independent validation set. 

Cross-validation means a series of calculations/experiments: first, the calibration dataset is 

divided into multiple subsections following given splitting rules. Then, one subsection is left 

out while the remaining data is used for model building. The model performance is then tested 

using the left-out set and the results are saved in the memory. In the next step, the previously 

left-out partition is merged to the calibration dataset and the model is built again leaving out 

the next subsection. The process is repeated until each subsection is left out once. The predicted 

results are then pooled to obtain the cross-validation characteristics. Based on the splitting rules, 

several cross-validation procedures exist, e.g.: 

• Leave-one-out: One sample is left out at each iteration step. It is most suitable for small 

datasets, as otherwise, it is computationally demanding. 
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• Venetian blinds: At each iteration step, every sth sample is left out, numbering the samples 

of the dataset from 1 to s, where s is defined by the user.  

• Contiguous blocks: The dataset is divided into continuous blocks of samples.  

• Random subsets: The samples for the division into s partitions are selected randomly. 

The user must be careful during the selection of the cross-validation procedure: when there 

are replicates in the dataset, having replicates in the test and calibration sets at the same time 

can result in overly optimistic cross-validation results (replicate sample trap). However, when 

due to an inadequate division, the calibration model needs to extrapolate during the calculation 

of the test results, and therefore too pessimistic results can be also obtained (ill-conditioned 

trap). 

A.1.6 Measures of model goodness 

Coefficient of determination: The coefficient of determination indicates the proportion of 

the variance in the dependent variable, which is predictable from the independent variable:  

𝑅2 = 1 −
∑ (𝑦𝑖

𝑐𝑎𝑙𝑐−𝑦𝑖
𝑎𝑐𝑡𝑢𝑎𝑙)2𝑁

𝑖=1

∑ (𝑦𝑖
𝑎𝑐𝑡𝑢𝑎𝑙−�̅�𝑎𝑐𝑡𝑢𝑎𝑙)2𝑁

𝑖=1

  (A34) 

where 𝑦𝑖
𝑐𝑎𝑙𝑐 is the concentration calculated by the model, 𝑦𝑖

𝑎𝑐𝑡𝑢𝑎𝑙 is the nominal concentration 

of the sample, �̅�𝑎𝑐𝑡𝑢𝑎𝑙 is the mean of the actual concentration, N is the number of samples used 

for the calculation. The R2 value ranges between 0 and 1, where 1 represents a perfect fit. 

Root mean square error: The root mean square error measures the difference between the 

nominal and calculated concentration for the calibration (RMSEC), cross-validation 

(RMSECV) and prediction (RMSEP) as:  

𝑅𝑀𝑆𝐸 = √∑ (𝑦𝑖
𝑐𝑎𝑙𝑐 −𝑦𝑖

𝑎𝑐𝑡𝑢𝑎𝑙)
2𝑁

𝑖=1

𝑁
 

(A35) 

The lower the RMSE value, the better the model. 

Bias: The bias is the intercept at the y-axis of the fitted regression curve. The bias of the 

perfect regression curve is zero. Significant differences from this value either of the calibration, 

cross-validation or prediction curve indicate systematic under- or overprediction.   

Residual plots: Residuals plots are obtained by plotting the actual concentration against 

the difference of actual and nominal concentrations and used for the diagnosis of the non-linear 

behaviour of the datasets. 

Hotelling T2: Hotelling T2 statistic [22] is the multivariate generalization of Student’s t-

test, that is it checks for the multivariate normality of the observations. Following the notation 
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of the PCA model description (Section A.1.2), it is expressed as the sum of the normalized 

squared scores: 

𝑇𝑖
2 = 𝐭i𝜆

−1𝐭i
T (A36) 

where λ is the diagonal matrix containing the eigenvalues corresponding to k eigenvectors (PCs) 

used in the model. The Hotelling T2 statistic detects the variation only within the PCA space, 

that is a high Hotelling T2 means that the model is extrapolating, but it is not possible to gain 

information on unusual variation outside the model. Based on the assumption that the scores 

are randomly distributed, the confidence limits for the scores can be calculated using the 

Student’s t-distribution, which can be used e.g. for outlier detection. However, care must be 

taken regarding this confidence interval when ordering or clustering of the scores are present. 

Q Residuals: While the Hotelling T2 statistic describes the unusual variation inside the 

model, the Q Residuals indicates the unusual variation outside the model, e.g. a sample from a 

different distribution than used for calibration. It is the residual between the sample and its 

projection into the model, that is, for the ith sample, the sum of squares of each row (sample) of 

E (Eq. (A16)):  

𝑄𝑅𝑒𝑠𝑖 =𝐞i𝐞i
T (A37) 

The Q Residual together with the Hotelling T2 statistic clearly indicates the abnormal behavior 

of a given sample, as the unusual variations outside and inside of the model are indicated. Both 

measures are sensitive to the total number of the variables in the model and the spectral 

preprocessing methods, the reduced statistics were used for comparison, which is the original 

statistic divided by the calculated confidence limit at 95 % level. The meaning of Hotelling T2 

and Q Residual is illustrated in Figure A.3. 

 

Figure A.3 Graphical representation of the meaning of t Hotelling T2 and Q Residual 

characteristics for a 3-dimensional dataset and its projection to the 2-dimensional PC space.  
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A.2 Reaction network of the flow synthesis of acetyl-salicylic acid 

The reaction rate equations were expressed as 

𝑟1 =𝑘1 ∙ 𝑐𝑆𝐴(𝑡) ∙ 𝑐𝐴𝐴(𝑡) (A38.a) 

𝑟2 =𝑘2 ∙ 𝑐𝐴𝑆𝐴(𝑡) ∙ 𝑐𝐴𝐴(𝑡) (A38.b) 

𝑟3 =𝑘3 ∙ 𝑐𝐴(𝑡) ∙ 𝑐𝐴𝑆𝐴(𝑡) (A38.c) 

𝑟3𝑟 =𝑘3𝑟 ∙ 𝑐𝐵(𝑡) ∙ 𝑐𝐻𝐴(𝑡) (A38.d) 

𝑟4 =𝑘4 ∙ 𝑐𝑆𝐴(𝑡) ∙ 𝑐𝐴𝐴
2 (𝑡) (A38.e) 

𝑟5 =𝑘5 ∙ 𝑐𝐴(𝑡) ∙ 𝑐𝐸𝑡𝑂𝐻(𝑡) (A38.f) 

𝑟6 =𝑘6 ∙ 𝑐𝐴𝐴(𝑡) ∙ 𝑐𝐸𝑡𝑂𝐻(𝑡) (A38.g) 

𝑟7 =𝑘7 ∙ 𝑐𝐴𝑆𝐴(𝑡) ∙ 𝑐𝐸𝑡𝑂𝐻(𝑡) (A38.h) 

𝑟7𝑟 =𝑘7𝑟 ∙ 𝑐𝑆𝐴(𝑡) ∙ 𝑐𝐸𝑡𝑂𝐴𝑐(𝑡) (A38.i) 

where 𝑐𝑋 denotes the concentration of the given reagent. 

With these, the ODE system of the acetylation step can be written as: 

𝑑𝑐𝑎,𝑆𝐴
𝑑𝑡

= −𝑟1 − 𝑟4 +
𝑐𝑎,𝑆𝐴
0 − 𝑐𝑎,𝑆𝐴

𝜏𝑎
 (A39.a) 

𝑑𝑐𝑎,𝐴𝐴
𝑑𝑡

= −𝑟1 − 𝑟2 − 2𝑟4 +
𝑐𝑎,𝐴𝐴
0 − 𝑐𝑎,𝐴𝐴

𝜏𝑎
 (A39.b) 

𝑑𝑐𝑎,𝐴𝑆𝐴
𝑑𝑡

= 𝑟1 − 𝑟2 − 𝑟3 + 𝑟3𝑟 +
𝑐𝑎,𝐴𝑆𝐴
0 − 𝑐𝑎,𝐴𝑆𝐴

𝜏𝑎
 (A39.c) 

𝑑𝑐𝑎,𝐴
𝑑𝑡

= 𝑟2 − 𝑟3 + 𝑟3𝑟 + 𝑟4 +
𝑐𝑎,𝐴
0 − 𝑐𝑎,𝐴

𝜏𝑎
 (A39.d) 

𝑑𝑐𝑎,𝐵
𝑑𝑡

= 𝑟3 − 𝑟3𝑟 +
𝑐𝑎,𝐵
0 − 𝑐𝑎,𝐵

𝜏𝑎
 (A39.e) 

𝑑𝑐𝑎,𝐻𝐴
𝑑𝑡

= 𝑟1 + 𝑟2 + 𝑟3 − 𝑟3𝑟 + 2𝑟4 +
𝑐𝑎,𝐻𝐴
0 − 𝑐𝑎,𝐻𝐴

𝜏𝑎
 (A39.f) 

 

The ODE system describing the quenching step: 

𝑑𝑐𝑞,𝑆𝐴

𝑑𝑡
= 𝑟7 − 𝑟7𝑟 +

𝑐𝑞,𝑆𝐴
0 − 𝑐𝑞,𝑆𝐴

𝜏𝑞
 (A40.a) 

𝑑𝑐𝑞,𝐴𝐴

𝑑𝑡
= −𝑟6 +

𝑐𝑞,𝐴𝐴
0 − 𝑐𝑞,𝐴𝐴

𝜏𝑞
 (A40.b) 

𝑑𝑐𝑞,𝐴𝑆𝐴

𝑑𝑡
= 𝑟5 − 𝑟7 + 𝑟7𝑟 +

𝑐𝑞,𝐴𝑆𝐴
0 − 𝑐𝑞,𝐴𝑆𝐴

𝜏𝑞
 (A40.c) 

𝑑𝑐𝑞,𝐴

𝑑𝑡
= −𝑟5 +

𝑐𝑞,𝐴
0 − 𝑐𝑞,𝐴

𝜏𝑞
 (A40.d) 

𝑑𝑐𝑞,𝐵

𝑑𝑡
=
𝑐𝑞,𝐵
0 − 𝑐𝑞,𝐵

𝜏𝑞
 (A40.e) 

𝑑𝑐𝑞,𝐻𝐴

𝑑𝑡
= 𝑟6 +

𝑐𝑞,𝐻𝐴
0 − 𝑐𝑞,𝐻𝐴

𝜏𝑞
 (A40.f) 
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𝑑𝑐𝑞,𝐸𝑡𝑂𝐴𝑐

𝑑𝑡
= 𝑟5 + 𝑟6 + 𝑟7 − 𝑟7𝑟 +

𝑐𝑞,𝐸𝑡𝑂𝐴𝑐
0 − 𝑐𝑞,𝐸𝑡𝑂𝐴𝑐

𝜏𝑞
 (A40.g) 

𝑑𝑐𝑞,𝐸𝑡𝑂𝐻

𝑑𝑡
= −𝑟5 − 𝑟6 − 𝑟7 + 𝑟7𝑟 +

𝑐𝑞,𝐸𝑡𝑂𝐻
0 − 𝑐𝑞,𝐸𝑡𝑂𝐻

𝜏𝑞
 (A40.h) 

 

 

A.3 Determination of initial CSD for the PBE-based dissolution model 

The initial CSD (𝑛0(𝐿)) for the dissolution PBM was calculated from the normalized 

measured CSDs (see Section 3.2.1.4) or the CSDs simulated using the continuous 

crystallization model. 

𝑛0(𝐿) = 𝑛𝑚(𝐿)
𝑣𝑐
𝜇3𝑘𝑣

 (A41) 

where 𝑛𝑚(𝐿)is the normalized CSD of the sample to be dissolved (either the measured CSD 

of the samples detailed in Section 2.1.3 or the CSD obtained by the crystallization model), 𝜇3 

is the third moment of the distribution (Eq.(A5)). 

𝜇3 = ∫ 𝐿3𝑛𝑚(𝐿)𝑑𝐿
∞

0

 (A42) 

𝑣𝑐 denotes the volume fraction of the sample in the dissolution medium at the initial moment, 

which was approximated as: 

𝑣𝑐 =

𝑚𝑐

𝜌𝑐
𝑚𝑐

𝜌𝑐
+ 𝑉𝑑

 (A43) 

where 𝑚𝑐, 𝑉𝑑 and 𝜌𝑑 correspond to the sample mass [kg], the volume of the dissolution medium 

[m3] and the density of the dissolution medium [kg m-3]. The values of these parameters were 

set following the experimental method (see Section 3.2.1.4) and summarized in Table 4.4. 

  



18 

 

A.4 PCA models for the integrated continuous powder blending and tableting process 

As detailed in Section 5.3.2.1, PCA models were developed to gain better qualitative 

insight into the main sources of the variance associated with the different spectroscopic tools. 

This was performed by visually inspecting the obtained loading and the grouping in the score 

plots, which are presented in this section. The explained variations of the PCs and the assigned 

effects are summarized in Table 5.8. 

 

Figure A.4 Loadings of the PCA model developed with the NIR reflection spectra. 

 

a) PC 1-PC 2 score plot: 

colored as per the varying compression 

force 

b) PC 2-PC 3 score plot 

 colored as per the varying MgSt content 

  

Figure A.5 Score plots of the PCA model developed with the NIR reflection spectra. 

 

The first three loadings and the PC 1- PC 2 and PC 2- PC 3 score plots of the PCA model 

of the NIR reflection spectra are depicted in Figure A.4 and Figure A.5. As seen in Figure 

A.5/a, PC 2 and PC 3 show significant grouping as per the varying compression force and MgSt, 

respectively. The sharp peaks of the loading on PC 3 could also be associated with the signal 
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of MgSt. However, PC 1 (91.10 % explained variance) could not be attributed to any of the 

experimental effects. The loading and the scores suggest a random variation of the background 

through the samples, which could be caused by measuring on different days. 

In the case of the NIR transmission spectra, the variations explained by PC 1 were 

associated with the MgSt by the strong clustering in the score plot (Figure A.7).  In PC 2, a 

slight clustering effect as per the compression force can be seen, which indicates that the 

variation associated with this factor was mainly eliminated by the preprocessing. PC 3 (1.73 % 

variance) could not be assigned to an experimental effect.  

 

Figure A.6 Loadings of the PCA model developed with the NIR transmission spectra. 

 

a) PC 1-PC 2 score plot: 

colored as per the varying MgSt content 

b) PC 1-PC 2 score plot 

colored as per the varying compression force 

  

Figure A.7 Score plots of the PCA model developed with the NIR transmission spectra. 

 

The PCA model built with the Raman reflection spectra showed the variation associated 

with the varying MgSt content in the grouping of the PC 1 scores, while in PC 2 the ordering 

of the spectra as per the caffeine content was identified (Figure A.9). Peaks of the PC 1 and PC 

2 loadings could be also related to the Raman shifts of the caffeine and MgSt, e.g. at 1430, 1290 
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and 556 cm-1 (Figure A.8). The loading and the score plots of the Raman transmission model 

showed high similarity with the Raman reflection PCA model and the same effects (MgSt and 

caffeine content) could be identified (Figure A.8, Figure A.9). PC 3 could not be assigned to 

experimental effect, although the similarity of the PC3 loading in the reflection and 

transmission measurement indicates a systematic variation, which could be caused e.g. by stray 

light during the measurements. 

 

Figure A.8 Loadings of the PCA model developed with the Raman reflection (above) and 

transmission (bellow) spectra. 

 

a) Raman reflection, score plot: 

colored as per the varying MgSt content 

b) Raman transmission, score plot: 

colored as per the varying MgSt content 

  

Figure A.9 Score plots of the PCA model developed with the Raman reflection and 

transmission spectra. 
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A.5 Surrogate modeling of the in vitro dissolution of tablets 

A.5.1 Response surface fitting for the Weibull-RS-PLS dissolution method 

The response surfaces for the Weibull-RS-PLS method (Eq. (79)-(81)) were fitted using 

ANOVA as detailed in Section 5.4.2. The corresponding estimated effects and ANOVA tables 

are detailed in Table A.1-Table A.6. The Pareto diagrams and the three-dimensional response 

surfaces are illustrated in Figure A.10 by accounting for the first two factors with the highest 

effect and keeping the additional factors at central value. 

Table A.1 Expected effects for 𝑙𝑜𝑔𝛼𝑊. 

Expected effect for logAlpha_W (R^2=0,943; RMSE=0,0647)

Factor

Effect Std.Err
.

t(144) p -95.%
Cnf.Limt

+95.%
Cnf.Limt

Coeff. Std.Err.
Coeff.

-95.%
Cnf.Limt

+95.%
Cnf.Limt

Mean/Interc.

PEO

PEO^2

API

API^2

CF

CF^2

PEO-API (int.)

PEO-CF (int.)

API- CF (int.)

2.07 0.039 53.4 0.000 1.99 2.14 2.07 0.039 1.99 2.14

0.55 0.052 10.6 0.000 0.45 0.65 0.28 0.026 0.22 0.33

-0.06 0.099 -0.6 0.529 -0.26 0.13 -0.03 0.050 -0.13 0.07

0.01 0.052 0.2 0.811 -0.09 0.12 0.01 0.026 -0.05 0.06

0.10 0.099 1.0 0.300 -0.09 0.30 0.05 0.050 -0.05 0.15

2.20 0.064 34.5 0.000 2.07 2.32 1.10 0.032 1.04 1.16

-2.56 0.129 -19.8 0.000 -2.82 -2.31 -1.28 0.065 -1.41 -1.15

-0.08 0.059 -1.3 0.199 -0.19 0.04 -0.04 0.029 -0.10 0.02

-0.19 0.069 -2.8 0.006 -0.33 -0.06 -0.10 0.034 -0.16 -0.03

0.12 0.069 1.7 0.092 -0.02 0.25 0.06 0.034 -0.01 0.13  

Table A.2 Expected effects for 𝛽. 

Expected effect for Beta (R^2=0,615; RMSE=0,0606)

Factor

Effect Std.Err. t(144) p -95.%
Cnf.Limt

+95.%
Cnf.Limt

Coeff. Std.Err.
Coeff.

-95.%
Cnf.Limt

+95.%
Cnf.Limt

Mean/Interc.

PEO

PEO^2

API

API^2

CF

CF^2

PEO-API (int.)

PEO-CF (int.)

API-CF (int.)

1.049 0.037 28.035 0.000 0.976 1.124 1.050 0.037 0.976 1.124

0.144 0.050 2.862 0.005 0.045 0.244 0.072 0.025 0.022 0.122

0.164 0.096 1.708 0.090 -0.026 0.353 0.082 0.048 -0.013 0.177

0.026 0.051 0.503 0.616 -0.075 0.126 0.013 0.025 -0.037 0.063

-0.210 0.096 -2.186 0.030 -0.399 -0.020 -0.105 0.048 -0.200 -0.010

0.561 0.062 9.094 0.000 0.439 0.683 0.280 0.031 0.220 0.341

-0.874 0.125 -6.989 0.000 -1.121 -0.627 -0.437 0.062 -0.560 -0.313

-0.073 0.057 -1.290 0.199 -0.185 0.039 -0.037 0.028 -0.093 0.019

-0.162 0.066 -2.442 0.016 -0.293 -0.031 -0.081 0.033 -0.147 -0.015

0.017 0.067 0.256 0.798 -0.115 0.149 0.009 0.033 -0.057 0.074  

Table A.3 Expected effects for Fmax. 

Expected effect  for Fmax (R^2=0,564; RMSE=68,8)

Factor

Effect Std.Err. t(144) p -95.%
Cnf.Limt

+95.%
Cnf.Limt

Coeff. Std.Err.
Coeff.

-95.%
Cnf.Limt

+95.%
Cnf.Limt

Mean/Interc.

PEO

PEO^2

API

API^2

CF

CF^2

PEO-API (int.)

PEO-CF (int.)

API-CF (int.)

110.19 1.2616 87.344 0.0000 107.70 112.69 110.19 1.2616 107.70 112.69

0.90 1.7005 0.528 0.5980 -2.46 4.26 0.45 0.8502 -1.23 2.13

0.01 3.2305 0.003 0.9973 -6.37 6.40 0.01 1.6152 -3.19 3.20

22.51 1.7111 13.158 0.0000 19.13 25.90 11.26 0.8555 9.57 12.95

-3.53 3.2325 -1.092 0.2767 -9.92 2.86 -1.76 1.6162 -4.96 1.43

0.84 2.0783 0.405 0.6860 -3.27 4.95 0.42 1.0392 -1.63 2.47

1.26 4.2116 0.300 0.7650 -7.06 9.59 0.63 2.1058 -3.53 4.79

3.60 1.9122 1.880 0.0621 -0.18 7.37 1.80 0.9561 -0.09 3.69

2.51 2.2342 1.122 0.2635 -1.91 6.92 1.25 1.1171 -0.95 3.46

-1.36 2.2439 -0.606 0.5457 -5.79 3.08 -0.68 1.1219 -2.90 1.54  
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Table A.4 ANOVA table for 𝑙𝑜𝑔𝛼𝑊. 

ANOVA table for logAlpha_W  (R^2=.943)

3 factors, 1 Blocks, 154 Runs; MS Residual=.0647

Factor SS df MS F p

PEO

PEO 2̂

API

APÎ 2

CF

CF 2̂

PEO-API (int.)

PEO-CF (int.)

API-CF (int.)

Error

Total SS

7.2 1 7.22 112 0.000

0.0 1 0.03 0 0.529

0.0 1 0.00 0 0.811

0.1 1 0.07 1 0.300

77.0 1 77.03 1190 0.000

25.5 1 25.46 393 0.000

0.1 1 0.11 2 0.199

0.5 1 0.50 8 0.006

0.2 1 0.19 3 0.092

9.3 144 0.06

166.5 153  

Table A.5 ANOVA table for 𝛽. 

ANOVA table for Beta (R^2=0.615)

3 factors, 1 Blocks, 154 Runs; MS Residual=.0606

Factor SS df MS F p

PEO

PEO 2̂

API

APÎ 2

CF

CF 2̂

PEO-API (int.)

PEO-CF (int.)

API-CF (int.)

Error

Total SS

0.497 1 0.4967 8.193 0.0048

0.177 1 0.1769 2.918 0.0897

0.015 1 0.0153 0.253 0.6160

0.290 1 0.2896 4.776 0.0305

5.014 1 5.0144 82.703 0.0000

2.962 1 2.9617 48.849 0.0000

0.101 1 0.1009 1.664 0.1991

0.362 1 0.3616 5.964 0.0158

0.004 1 0.0040 0.066 0.7982

8.731 144 0.0606

22.702 153  

Table A.6 ANOVA table for Fmax. 

ANOVA table for Fmax (R^2=0.563)

3 factors, 1 Blocks, 154 Runs; MS Residual=68.8

Factor SS df MS F p

PEO

PEO 2̂

API

APÎ 2

CF

CF 2̂

PEO-API (int.)

PEO-CF (int.)

API-CF (int.)

Error

Total SS

19 1 19 0.3 0.598

0 1 0 0.0 0.997

11918 1 11918 173.1 0.000

82 1 82 1.2 0.277

11 1 11 0.2 0.686

6 1 6 0.1 0.765

243 1 243 3.5 0.062

87 1 87 1.3 0.264

25 1 25 0.4 0.546

9912 144 69

22729 153  

 

 

 

 

 

 



23 

 

a) 

Pareto diagram of effects for logAlpha_W

RMSE = 0,0647

R2 = 0,943
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b) 

Pareto diagram of effects

for Beta
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c) 

Pareto diagram of effects for Fmax

RMSE = 68,8

R2 = 0,564
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Figure A.10 Pareto plots and response surfaces for a)𝑙𝑜𝑔𝛼𝑊, b) 𝛽 and c) Fmax.  
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A.5.2 Measured and predicted dissolution curves of validation tablets 

The predicted in vitro dissolution curves for all the 37 validation samples calculated with each 

modeling methodology and spectroscopic method are depicted in Figure A.11-Figure A.13 

along with the measured dissolution profiles. 

 

Figure A.11 Measured and predicted dissolution curves of tablets Valid 1 (1)- Valid 2 (1). 
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Figure A.12 Measured and predicted dissolution curves of tablets Valid 2 (2)- Valid 3 (2). 
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Figure A.13 Measured and predicted dissolution curves of tablets Valid 3 (3)- Valid 5 (5). 
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