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Abstract

Near-infrared (NIR) global quantitative models were evaluated for the moisture content (MC)
determination of three different freeze-dried drug products. The quantitative models were based on
3822 spectra measured on two identical spectrometers to include variability. The MC, measured with
the reference Karl Fischer (KF) method, were ranged from 0.05% to 4.96%. Linear and non-linear
regression models using Partial Least Square (PLS), Decision Tree (DT), Bayesian Ridge Regression
(Bayes-RR), K-Nearest Neighbors (KNN), and Support Vector Regression (SVR) algorithms were created
and evaluated. Among them, the SVR model was retained for a global application. The Standard Error
of Calibration (SEC) and the Standard Error of Prediction (SEP) were respectively 0.12% and 0.15%. This
model was then evaluated in terms of total error and risk-based assessment, linearity, and accuracy. It
was observed that MC can be fastly and simultaneously determined in freeze-dried pharmaceutical
products thanks to a global NIR model created with different medicines. This innovative approach
allows to speed up the validation time and the in-lab release analyses.
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1. Introduction

The freeze-drying process is widely used in the manufacturing of medicines. This operation consists in
reducing the water content by applying sublimation and desorption [1]. Lab analyses are required to
guantify the remaining water in the freeze-dried products. While Karl Fischer (KF) titration is the most
employed method [2], studies demonstrated the efficiency of Near-infrared (NIR) spectroscopy to
determine the remaining part of water in the freeze-dried products, as well as in powders, tablets or
capsules [3—6]. The choice of NIR for water determination is first justified because it is a safe, fast, and
non-destructive method. Secondly, water has an important signal in the NIR spectral range at around
6900 cm™and 5150 cm™, which is suitable for quantitative applications [7]. The NIR studies published
so far are mainly product specific and creating a NIR model for one product is time-consuming. Thus,
a solution would be to create a dataset composed of spectra of different products for one and unique
guantitative application.

The majority of the published applications for MC determination are focused on single models [5,8]
and few of them on universal models [9,10]. Nevertheless, some multivariate global models have been
investigated for fast quantitative determination of compounds.

The first type of global models published deals with the quantification of compounds in the
pharmaceutical or agricultural fields manufactured at different sites. In the agricultural field, universal
NIR models were investigated for the quantification of compounds in pesticides, in milk (e.g. fat and
protein content), or in feedstock (e.g. banana, coffee) [11-13]. In the pharmaceutical field, models
were presented for active pharmaceutical ingredient (API) quantification (e.g. in capsules, tablets), and
for vitamins quantification [14-18]. In all the studies, the possibility of replacing the case-by-case
strategy conventionally used by a NIR universal model was demonstrated. A strategy has also proposed
to update a universal quantitative model when products with different excipients and manufacturing
processes are involved [19], as well as strategy to select a validation set [20].

The second type of global models that were published is the instrument-to-instrument transfer.
Applying a bias adjustments [21] or adding noise in order to deteriorate data [22] are two examples of
computations to show that model developed with multiple instruments can be transferred to other
ones.

In this paper, three different freeze-dried medicines were chosen to investigate a global regression
model for MC determination. The main novelty of this work lies in the investigation of linear and non-
linear chemometrics regression methods for a global application, namely the Partial least squares
(PLS), the decision tree (DT), the Bayesian ridge regression (Bayes-RR), the K-Nearest Neighbors (KNN),
and the Support vector regression (SVR). A dataset composed of 3822 spectra acquired on two
identical NIR spectrometers was used to create and validate a model common to the three drug
products. Each regression method was evaluated, and the best one based on SVR algorithm was
retained.
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2. Material and methods

2.1. SAMPLES AND VALIDATION CONCEPT

2.1.1. SELECTION OF SAMPLES

2.1.1.1. Calibration and validation sets. Three different freeze-dried medicines, filled into
transparent glass vials, have been measured. The products were annotated A, B, and C for
confidentiality reasons. For the product B, two dosages B; and B, were analyzed that were composed
of the same ingredients but presented a different active pharmaceutical ingredient (API)
concentration. All the products differed in terms of type and content of API, diameter size of the glass
vial, and excipients amount (Table 1).

At least 5 batches and 100 samples per product were selected to include batch-to-batch, product-to-
product, and sample-to-sample variability in the dataset (Table 1).

In addition, a special attention was paid to the quality of the cake. Only sample passing the visual
appearance test were used. The vials were visually inspected to retain the cakes presenting the best
appearance in order to avoid meltbacks [1] (collapse resulting from the presence of liquid during the
primary drying), tilted cake (non-correct position of the cake in the glass vial), and cake breaks or cracks
(due to transport malfunction). All of them could have an impact on the NIR measurement. The NIR
spectra will be impacted and consequently the prediction results will be incorrect.

Table 1
Main characteristics of the products used to calibrate and validate the multivariate models.
Model calibration and validation External validation

Products A B, B, C D
Galenic form Freeze-dried
Type of product Biopharmaceutical (protein based) Chemically manufactured
API type Monoclonal antibody Antibody drug conjugate Antiviral Antiviral
API content (mg/vial) 150 100 160 100 500
Vial format (mL) 15 15 20 3 15
Vial diameter size (cm) 2.5 25 3 1.5 25
Total amount of product in a vial (mg) 50 433 700 50 60
Number of batches 5 10 7 15 5
Number of vials 100 194 238 105 28
(calibration/validation) (67/33) (124/70) (158/80) (70/35) (0/28)
Humid 58 126 166 95 21
Dry 30 14 15 nfa nfa
Unchanged 12 54 57 10 7

2.1.1.2. External validation set. One freeze-dried medicine, named D, also filled into transparent
glass vials, has been tested during the external validation. The product was different to the ones used
to create the models (Table 1).

2.1.2. SAMPLE PREPARATION

In normal circumstances, it is not required to prepare the samples prior to NIR measurements.
Nevertheless, since each of the measured product contains on average 1.00% of residual moisture on
the routine, a preparation step was necessary in order to create a wider MC range.

On the whole, 140 vials were kept intact (unchanged) and stored at 5 °C, storage temperature of the
studied products.
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Then, 466 vials were humidified using the strategy protocol described in a previous work [23]. The vials
were humidified from 5 to 105 min for the product A, from 5 to 240 min for the product B, from 5 to
180 min for product C, and from 15 to 150 min for product D, with 5 min interval. After this period of
time, the samples were closed and stored at 5 °C. The humidification times were selected after
feasibility studies which showed those were the necessary times to reach a wide MC range.

In parallel, 59 vials were dried using also the strategy protocol described in a previous work [23]. The
samples of product A were kept inside desiccators from 2 to 22 days, with 2 days interval. In parallel,
the samples of product B were kept inside desiccators during: 2, 6, 10, 14, 18 and 22 days. Then, when
the indicated time was reached, the samples were closed and stored in a second desiccator containing
silica gel. The drying times were selected after feasibility studies which showed those were the
necessary times to reach a wide MC range. The samples of product C and D were not dried due to their
to initial low MC.

2.1.3. CALIBRATION AND VALIDATION CONCEPT

For the global model evaluation, the whole dataset composed of products A, B, and C, was split into
two independent calibration and validation sets. Each set contained samples from all the products.
The calibration set was composed of two thirds of the dataset and the validation set of the remaining
third. Therefore, 419 vials were used for the calibration and 218 vials for the validation (Table 1).

For the individual model evaluation, each product dataset (products A, B, and C) was also split into
independent calibration and validation sets, with two thirds of the samples in the calibration set and
one third in the validation set (Table 1).

The global and individual models were created using the calibration set and validated with the
validation set. An external validation set composed of 28 vials from the product D was also used to
evaluate the prediction effects of the best global model on an independent product.

2.2. ANALYTICAL METHODS

2.2.1. NEAR-INFRARED EQUIPMENT AND SPECTRA RECORDING

Two identical Antaris Fourier Transform spectrometers (Thermo Fisher Scientific®, Madison, WI, USA)
were used to perform the measurements. The instruments were equipped with an InGaAs detector, a
Michelson interferometer, an halogen NIR source, and an integrating sphere module.

The spectra were acquired in diffuse reflection mode with 32 scans, a resolution of 8 cm™, a gain of 1
and no attenuator. A spectral range of 4000-10,000 cm™ was used. A background spectrum was
acquired every hour. Each medicine vial was measured directly on the measurement window. The
measurements were performed on the bottom of the glass vial. Three repetitions per vial were
performed on each instrument, meaning that each vial was measured six times. Therefore, a total of
3822 spectra for the 637 vials (products A, B, and C) were obtained for the calibration and validation
sets. In addition, a total of 168 spectra was acquired for the product D.
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2.2.2. KARL FISCHER TITRATION METHOD

After the NIR measurements, the MC of each vial was determined using the KF titration reference
method. A Metrohm 901 Volumetric Karl Fischer Titrando (Metrohm, Herisau, Switzerland) instrument
was used. The apparatus was composed of a KFTitrando 901, equipped with a 30 mL/min dosing
system and coupled with a 803 Ti Stand stirring system. Each vial was titrated twice by KF and an
averaged value (expressed as percentage) was obtained.

2.3. CHEMOMETRIC REGRESSION METHODS

2.3.1. DATA PREPROCESSING

Data preprocessing were applied on NIR spectra prior the computation of the regression methods, in
order to correct the effects not related to the moisture. Mathematical treatments such as Standard
normal variate (SNV) [24] and derivatives [25] were applied to correct the baseline drift and the
instrumental changes.

Partial least squares (PLS), Bayesian Ridge regression (BayesRR), Decision tree (DT), and K-Nearest
Neighbors (KNN) models were computed with a SNV as first preprocessing and followed by a Savitzky-
Golay first derivative (polynomial order of 5, windows size of 15). The Support Vector Regression (SVR)
model was computed using only SNV.

2.3.2. PARTIAL LEAST SQUARES (PLS)

The PLS approach is the most popular algorithm for the creation of models [26], especially for MC
determination in pharmaceutical products [5]. Least squares algorithms are used to develop a linear
link between two matrices, in the present case between the NIR spectral data and the KF reference
values.

The PLS algorithm was used to create individual models for each product and then for the computation
of the global model. A mean-centered PLS was applied. The number of PLS components were chosen
by looking at the regression coefficients, and the variation explained by the calibration and cross
validation.

2.3.3. BAYESIAN RIDGE REGRESSION (BAYES-RR)

Another linear regression method used was the Bayes-RR. Bayesian regression is widely used in
machine learning area [27] and its performances for spectroscopic calibration have been proven [28].
The Bayes-RR is a variant of the Bayesian regression based on the ridge regression. The method
presents similarities with least squares, however the estimated coefficients tend towards zero to avoid
multicollinearity [29].

The Bayes-RR approach was applied to the present data for the computation of a global model

2.3.4. DECISION TREE (DT)

The DT method is a non-linear regression technique. The principle is to compute a regression in a tree
structure form breaking down a dataset into smaller and smaller subsets [30].
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The DT approach was applied to evaluate a global model.

2.3.5. K-NEAREST NEIGHBORS (KNN)

An additional non-linear regression method named KNN was also tested [31]. Applied to a set of NIR
spectra, the KNN algorithm predicts an unknown spectrum in function of the K-closest spectra available
(the K-Nearest Neighbors).

The KNN was also applied for the evaluation of a global model.

2.3.6. SUPPORT VECTOR REGRESSION (SVR)

The Support Vector Machine (SVM) is a non-linear algorithm mostly known as a classification method.
It can also be used as a regression method, called the Support Vector Regression (SVR). The SVR uses
the same principles as the SVM [32], based on finding the hyperplane maximizing the margin between
classes. The regression is made possible by the use of kernel functions. The functions transform the
data into a higher dimensional feature space to make a linear separation possible. Different types of
Kernel functions can be applied. In the present study, the Radial Basis Function has been used. The
performance of the SVR algorithm depends on the regularization and gamma parameters [31] which
are optimized to achieve the lowest error.

The SVR was used for the computation of a global model, and then for the creation of the individual
models.

2.4. EVALUATION OF MODEL PERFORMANCE

Three individual PLS models corresponding to the three products A, B, and C and a PLS global model
were created. Individual and global PLS models were then compared.

The DT, Bayes-RR, KNN, and SVR algorithms were used to compute a global model and compared to
the PLS global model in order to select the best predictive model.

The performance of the models was evaluated using the slope, the bias, the intercept, the coefficient
of determination (R?), the standard error of calibration (SEC), the standard error of prediction (SEP),
the Ratio of performance deviation (RPD), and the Range error ratio (RER) [23]. The slope, the bias, the
intercept, and the R were used to detect systematic errors in the models. The SEC and the SEP values
were used to evaluate the accuracy of the models. In addition, RPD and RER were also calculated to
assess the performance of the models. A reliable model should yield high R?, RPD and RER values and
low SEC, SEP, and bias values. In addition, the difference between SEC and SEP values should be low in
order to avoid overfitting.

Moreover, a total error and risk-based approach using the accuracy profile was also used to
demonstrate the capacity of the NIR method to fulfill its MC analyses objective [33]. A part of the
validation set was selected among dried, unchanged and humidified vials and 6 levels of moisture were
defined. For each level of moisture, 4 series combining equipment, product, formulation, and lots
effects were used. For each series, 18 samples were analyzed in triplicate. The acceptance limit for the
accuracy profile was set at +25%. The method is considered valid within the range for which the (-
expectation tolerance limits are within the acceptance limits. The objective of this approach is to
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guarantee that a defined proportion of future measurement of unknown samples will be included
within the tolerance limits.

2.5. SOFTWARE

The “Result NIR Suite 3” package (Thermo Fisher Scientific®, Madison, WI, USA) with the Result
Integration software was used for spectral acquisition.

The regression models were computed with the programming language Python 3.4 (Anaconda
Package, Continuum Analytics) [34,35] and the Spyder 2.3.5.2 interface (The ScientificPYthon
Development EnviRonment) [36]. Pandas 0.16.2 and Numpy 1.9.2. were used to structure and analyze
the data. The derivative pretreatment were calculated with Scipy 0.15.1.

The graphics were generated with R version 3.2.3. E.noval V3.0b® (Arlenda, Liege, Belgium) was used
for accuracy profile computation.

3. Results and discussion

3.1. NIR SPECTRA FEATURES

The dataset was composed of 3822 spectra of 3 different freeze-dried products. The amount of spectra
and the differences between the products (Table 1) might constitute a challenge for the creation of a
common quantitative model. That is why the NIR spectra had first to be interpreted.

The preprocessed NIR spectra have been displayed in Fig. 1. The combination band of OH stretching
and HOH bending at around 5150 cm™and first overtone of OH stretch at around 6900 cm™ are specific
to water. They were observed in the spectra of all the products and increased with the humidity
preparation time. Both moisture peaks showed that the sample preparation was successfully achieved.

In the region comprised between 8500 and 10,000 cm?, no particular peaks were observed and most
of the spectral information is observed in the region between 4000 and 8500 cm™. In this last region,
spectral differences were detected between each product. For instance in the 4000-5000 cm™ region,
the product C presents three sharp peaks at 4418 cm™, 4340 cm™ and 4260 cm™?, corresponding to the
CAH stretching combination. Similarly, two sharp peaks were observed for the product B at 4760 cm™
and 4370 cm™. In addition, in the region between 6000 cm™and 5600 cm™?, corresponding to the first
overtone C—H stretching, spectral differences were observed between each product.

The sample post-preparation had an impact on the composition of the product C. A change in the
chemical structure of the freeze-dried cake was observed. Additional peaks were detected at 4600 cm”
1and 4900 cm™ in some of the spectra (Fig. 1c) characteristic of amine functions. These spectra
correspond to the vials which were humidified and provided MC values superior than 3%.

Although spectra differences were observed for all of the products, a full spectrum approach over the
range 4000 and 10,000 cm!was chosen to create the regression models.
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Fig. 1. NIR spectra of the freeze-dried products after SNV preprocessing with the moisture bands at 6900 and 5150 cm™L. (a)
Spectra of the product A, (b) Spectra of the products B — The differences in the formulation B; and B, are not observed, (c)
Spectra of the product C.

3.2. INDIVIDUAL MODELS USING THE PLS

Prior to global modeling, calibrations for each of the 3 types of products have been created. The
objective was to highlight the performance of each calibration in order to be able to compare them
with the global model.

Five latent variables were selected for each individual model. The Fig. 23, b, and c display the regression
coefficients for the five selected latent variables. The regions of large coefficients are coincident with
both moisture wavelength bands at around 5150 cm™and 6900 cm™. This demonstrated the specificity
of each model.

The three individual calibration curves - PLSa/cal, PLSg/cal, PLSc/cai- are presented in Fig. 2d, e and f. The
SEC and RZ,; values obtained for the individual models were ranged between 0.15% and 0.22%, and
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0.992 and 0.961, respectively (Table 2). These values demonstrated the correlation between NIR and
KF value. They were confirmed with intercept and slope values close to 0 and 1, respectively. No bias
was observed for the three calibration models.

The three individual validation plots - PLSaval, PLSg/val, PLSc/vaiare presented in Fig. 2g, h, and i. The SEP
and R2,; values were ranged between 0.17 and 0.25, and 0.972 and 0.986, respectively (Table 2).
Concerning the product C, a high prediction error was observed around 4.0-5.0%. This phenomenon
can be explained by the differences observed in the spectra of the samples C in this region. Indeed, as
showed during the spectra analysis, a change in the chemical structure of the freeze-dried cake was
noticed for samples C presenting a MC superior than 3% between 5000 cm™ and 4400 cm™. These
spectra were not considered as outliers and were kept in the database.

The individual PLS models created for the products A, B, and C provided satisfactory results in terms
of accuracy and precision.
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Fig. 2. Individual PLS plots - Representation of the regression coefficients plots of the PLS models obtained (a) for the product
A, (b) for the product B, (c) for the product C, with the moisture bands in the black squares. The calibration curves are

represented (d) for product A, (e) product B, (f) product C. The validation samples predicted against their respective

calibration curves are represented (g) for product A, (h) product B, (i) product C.

Table 2

Statistics for the calibration and validation sets obtained with PLS algorithm.

Individual models

Global model

Product A B C A, B, and C

Set Calibration Validation Calibration Validation Calibration Validation Calibration Validation

Model name PLSpycat PLS vl PLSgica PLSgjval PLS¢)cal PLS¢iva PLSy0i/cat PLSynipval

Number of spectra 402 198 1692 900 420 210 2514 1308

KF  Concentration range (%) [0.17; 4.88] [0.21; 4.65] [0.51; 4.96] [0.46; 492] [0.05; 4.87] [0.05; 4.75] [0.05; 4.96] [0.05; 4.92]
Mean 1.87 1.84 234 235 227 2.06 2.25 222
Standard deviation 1.62 1.40 132 1.34 1.27 121 1.38 1.34

Wavelength range (cm™') [4000; 10,000] [4000; 10,000] [4000; 10,000] [4000; 10,000]

Preprocessing SNV + 1st derivative SNV + 1st derivative SNV + 1st derivative SNV + 1st derivative

Number of factors 5 5 5 8

Slope 0.99 1.00 0.98 0.99 096 1.03 0.97 1.00

Intercept 0.02 0.05 0.05 0.02 0.09 001 0.07 0.04

Rf'm’ [Rf,ui) 0.992 0.986 0.980 0.982 0.961 0972 0.970 0.987

SEC(P) 0.15 017 0.19 0.18 0.22 025 0.24 0.23

Ratio SEP/SEC 1.13 0.95 1.14 0.96

Bias 0.00 0.05 0.00 0.00 0.00 0.08 0.00 0.03

Residues [min; max] [-039;041] |-033;043] [-072;060] [-052;1.26] [-1.00;1.02] [-055;0.77] [-0899; 147] [-0.67;1.15]

RPD 9.53 7.33 5.08 6

RER 2771 2478 19.28 2135

Table 3
Statistics for the calibration and validation sets obtained with SVR algorithm for the individuals products.

Product A B C

Set Calibration Validation Calibration Validation Calibration Validation

Model name SVR yjcal SVRApval SVRg/cal SVRgval SVRgjcal SVRcpa

Number of spectra 402 198 1692 900 420 210

KF Concentration range (%) [0.17; 4.88] [0.21; 4.65] [0.51; 4.96] [0.46; 4.92] [0.05; 4.87] [0.05; 4.75]

Mean 1.87 1.84 234 235 2.27 2.06
Standard deviation 1.62 1.40 132 1.34 1.27 1.21

Wavelength range (cm™') [4000; 10,000] [4000; 10,000] [4000; 10,000]

Preprocessing SNV SNV SNV

Slope 1.00 1.03 0.99 0.99 097 1.02

Intercept 0.00 0.02 0.02 0.03 0.07 0.03

R (REyp) 0.996 0.988 0.995 0.992 0.979 0.965

SEC(P) 0.10 0.16 0.10 0.12 0.19 0.24

Ratio SEP/SEC 1.6 1.2 1.26

Bias -0.01 0.03 0.00 0.02 0.00 0.06

Residues [min; max]| [-0.25; 0.97] [-0.33; 048] [-0.35; 0.29] [-0.33; 0.32] [-0.94; 0.89] [-0.49; 0.90]

RPD 10.13 11.00 5.29

RER 29.44 37.08 2008

3.3. GLOBAL MODEL USING THE PLS

Eight regression coefficient were selected as displayed in Fig. 3a. The regions of large coefficients are

coincident with both moisture wavelength bands, as already observed for the individual PLS models.

The huge number of factors regression coefficients is a sign that the spectral data are non-linear in

their nature.

The calibration curve - PLSyni/cal - is presented in Fig. 3b. A SEC value of 0.24 and a RZ,; value of 0.97
were obtained (Table 2) confirming the correlation between NIR and KF value. This observation was

confirmed with an intercept value of 0.07 and a slope value of 0.97.

In addition, no bias was observed.
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The validation plot - PLSunial - is presented in Fig. 3c. A SEP value of 0.23 and a RIz,al value of 0.987
were observed (Table 2). As for the calibration curve, the correlation and slope values were close to 1
and the intercept value was close to 0.

The SEC and SEP values of the global model were higher than the SEC and SEP values of the individual
models. The prediction of the results were not improved compared to individual models. Moreover, a
high prediction error was observed for low and high MC values at around 1% and 4%. The degradation
of the accuracy is explained by the spectral influence of the product C, the presence of several products
and thus the variability coming from each product.

Nevertheless, these encouraging results showed the possibility to use a global model for MC
determination. The challenge would be then to propose a model with prediction results presenting a
better accuracy.
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Fig. 3. Global PLS plots — (a) Representation of the regression coefficients plot for 8 latent variables with the two water bands
in the black squares. (b) Representation of the calibration curve. (c) Representation of the validation curve.

3.4. SCREENING OF OTHER LINEAR AND NON-LINEAR METHODS FOR THE GLOBAL
MODEL

The DT, Bayes-RR, KNN, and SVR chemometrics methods were then evaluated for global modeling. The
table 4 presents a summary of the calibration and validation results obtained for each of the four
models.

The performance overview for each model was first evaluated based on the RPD and RER criteria. Out
of the four the models, the RPD of the SVR model was superior than 8 and the RER superior than 30
meaning that this model was the most accurate one. Indeed, a RPD and a RER greater than 8 and 10
respectively indicate that the model can be used for any quantitative application [37,38]. The DT,
Bayes-RR, and the KNN, all presented lower RPD and RER values than the SVR model, indicating a
higher error of prediction. The chemometric models could thus be ranked (from the best to the worst)
in the following order: SVR, KNN, Bayes-RR, DT. According to the R%al and SEP values, the same ranking
was obtained and R2,; and SEP values of 0.987 and 0.15 were obtained for the best model (SVR).
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In addition, the model DTuni/cal presented a very good equation (R%al of 0.999, SEC of 0.04) which was
not confirmed with the validation set. Indeed, a SEP 5 times higher than the SEC was observed,
suggesting an overfitting of the model.

Consequently, SVRuni/cal Was retained as the best chemometric model and its performances will be
evaluated in the next paragraph.

Table 4
Prediction and statistics of the global calibration and validation results obtained with the DT, Bayes-RR, KNN, and SVR
algorithms. The best predictions results were achieved with the SVR algorithm.

DT Bayes-RR KNN SVR
Type of model Non linear Linear Non linear Non linear
Set Calibration Validation Calibration Validation Calibration Validation Calibration Validation
Model ID DTunijcal DTunipvat Bayes-RRunijcar  Bayes-RRunivai KNNunijcal KNNunipval SVRunijcal SVRunijval
Preprocessing SNV + 1st derivative SNV + 1st derivative SNV + 1st derivative SNV
¢/gamma nfa nfa n/a 100/100
Slope 1.00 1.00 099 1.01 0.98 1.00 0.99 1.00
Confidence interval  [0.998; 1.000] [0.996; 1.013]  [0.981;0.990]  [1.001; 1.017] [0.974; 0.983] [0.991; 1.007] [0.988; 0.995] [0.997; 1.009]
Intercept 0.00 0.04 0.03 0.00 0.05 0.04 0.02 0.02
Confidence interval ~ [-0.001; 0.006] [0.016; 0.060]  [0.021; 0.044]  [-0.024; 0.019] [0.036; 0.061] [0.021; 0.061]  [0.013; 0.023]  [0.008; 0.041]
Réu( (Réuij 0.999 0978 0.988 0.978 0.984 0.980 0.993 0.987
SEC(P) 0.04 0.20 0.15 0.20 0.17 0.19 0.12 0.15
Ratio SEP/SEC 5 1.33 1.12 1.25
Bias 0.00 0.04 0.00 0.02 0.00 0.04 0.00 0.03
Residues [min; max] [-0.44; 0.32] [-0.56; 1.07] [-0.80; 0.56] [-1.19; 0.80] [-0.90; 0.99] [-0.53; 1.20] [-0.96; 0.89] [-0.48; 0.90]
RPD 6.9 6.9 7.26 9.2
RER 24.55 24,55 25.84 32.73

3.5. SVR PERFORMANCES

The SVR algorithm provided a global model with better results in terms of accuracy compared to the
other approaches. The aim of this paragraph part is to demonstrate that this model can be validated
and brings an equivalent or a better precision than the conventional PLS approach and the individual
SVR models.

3.5.1. GLOBAL MODEL

The calibration and validation curves obtained with the SVR global model have been presented in Fig.
4. Alinear relationship is observed between the NIR and KF data. The statistics presenting the efficiency
of the model have already been displayed in Table 4. The advantage of SVR is its ability to deal with
non-linear data which was supposed with the global PLS model. Moreover, the SVR is a quite new
method in the pharmaceutical field and this study should be bring information about its use on freeze-
dried products.

Additionally, since the calibration range was of 4.91% and the SEP value of 0.15, the requirement that
the calibration range should be higher or equal than 10 times the SEP was fulfilled. Moreover, the
concentration limit for each of the 3 types of products was 3%. With a calibration limit at 4.96%, the
requirement that the calibration limit should be higher or equal than 120% of the concentration limit
was also fulfilled. The slope value was included in the range [0.95; 1.05], and the intercept and the bias
values were inferior than 0.03, which demonstrated the linearity for the calibration and validation
samples.

The statistics of the SVR model fulfilled the acceptance criteria defined for the validation of a NIR
method intended to the measurement of the MC in freeze-dried drug products [23].
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Fig. 4. Global SVR plots — (a) Representation of the calibration curve. (b) Representation of the validation curve.

3.5.2. COMPARISON OF GLOBAL PLS AND SVR PERFORMANCES, AND GLOBAL AND INDIVIDUAL
SVR EFFECTS

The PLS and the SVR also proved their efficiency for a global quantification prediction model with NIR
spectroscopy. Both models were accurate and could be validated. However, the performance of the
SVR approach was better than the one obtained with the PLS. Indeed, the RPD and RER values were
higher for the SVR model than the PLS, meaning that SVR model was the most accurate. In addition,
the R, value of the SVR model is higher than the one of PLS model and the RZ,; were equivalent. The
same observation could be done for the SEC and the SEP values with lower values for the SVR than for
the PLS approach while the bias values were equivalent. In addition, the range of the residues is wider
for the PLS model (2.46 and 1.82 for the calibration and validation samples, respectively) than for the

SVR model (1.85 and 1.38 for the calibration and validation samples). The lower the range of residues,
the better the model can be accurate.

The accuracy profile obtained with the validation data using the PLS is illustrated in Fig. 5 while Fig. 6
showed the accuracy profile obtained with the validation data using the SVR. The tolerance interval
for the PLS was included into the acceptance limits in the range 2-4%. For the SVR, the tolerance
interval was wider and included into the acceptance limits in the range 1-4%. Furthermore, the risk to
obtain a result outside the acceptance limits between 0 and 2% is very high with the PLS while it is half
reduced with the SVR. With small moisture content (<1%) the model is not reliable enough. 1% is the
limit of quantification for the SVR model and 2% for the PLS model. According to KF references values
the moisture content of the real-life freeze-drying products is mainly below or around 1%. Under the
limit of quantification values (i.e. 1% or 2%) the recommendation for real-life freeze-drying products
should be to provide the results with the mention “results less than 1%” or “ result less than 2%”. ICH
Q2(R1) validation criteria are presented in Table 5. These criteria are in terms of trueness, precision
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and accuracy in accordance with the validation results obtained in the previous sections for the global
SVR model.

The SVR individual analytical performances were evaluated for each product (Table 3). SEC values of
0.10, 0.10, and 0.19 were observed for the product A, B, and C, respectively. SEP values of 0.16, 0.12,
and 0.24 were then observed. The prediction errors were not better than the ones observed with
SVRuni/carand SVRunival confirming that using a global model did not degrade the prediction accuracy.

Moreover, the minimum amount of NIR spectra required for establishing an almost same global SVR
model was not evaluated. For a PLS application, it was observed that a reduced number of spectra can
provide similar performances than a bigger amount of spectra [23]. Consequently, it could be expected

that statistics obtained with SVR model created with reduced spectra can be similar to the ones
obtained in this study. This criteria can be evaluated in another study.
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reference value. (b) Risk profile — the dotted line represents the maximum risk level chosen at 5%. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 5

ICH Q2(R1) validation criteria of global NIR method for MC determination using SVR based on the total and risk-based
approach.

Mean content Relative Repeatability Intermediate p-expectation relative Relative

level (%) bias (%) (RSD %) precision (RSD %) tolerance limits (%) uncertainty (%)
0.31 43.51 30.58 31.26 [-21.23; 108.3] 63.67

0.60 8.27 15.53 19.59 [-36.21; 52.75] 41.29

1.04 5.82 8.07 8.59 [-12.22; 23.87] 17.64

1.97 2.29 721 7.92 [-14.54; 19.11] 16.34

2,96 1.03 4.44 4.85 [-9.28; 11.33] 10.01

3.96 3.34 5.86 6.16 [-9.55; 16.23] 12.63

3.5.3. PERFORMANCE OF THE GLOBAL SVR MODEL WITH THE EXTERNAL VALIDATION SET

The 168 spectra of the product D were then predicted with the SVRuni/cal model. The idea was to
evaluate the prediction effects on an independent product when using the SVR global model. A large
residues range [0.4; 2.38] was observed. The accuracy was not demonstrated since the following values
were observed: R? of 0.45, RER of 4.03, RPD of 1.31, SEP of 0.64, and bias of 1.17. Therefore, the
product D could not be correctly predicted with the developed global model.

Furthermore, a SVRuni/cat model was created using only the two moisture bands by applying the same
preprocessing. The accuracy was also not demonstrated with SEC and SEP values of 0.07 and 1.4,
respectively.

Since the accuracy is not demonstrated in such case, this is highly recommended that a qualitative
model should be created to insure that the measured product is included in the database, or an update
of the database should be performed. A method to exclude NIR spectra to be predicted by the model
should be in place. For example, a PCA or any classification methods can be investigated. In this study,
a classification method was not established since the scope was focused on prediction possibilities.
Consequently, the developed SVR model has some limitations. The model can be applied only for
products A, B, and C. A product D is badly predicted since it is not part of the calibration set. In addition,
only spectra on the same nature of the ones trained in the calibration (e.g. same products, same
composition, same sampling) should be predicted. If a new product has to be predicted by the model,
it must be first included in the calibration set and the regression model must be reconstructed with
these samples. Finally, the model can be applied only for product A, B, and C produced with freeze-
dried cycles trained in the calibration.

4. Conclusion

The use of NIR spectroscopy was presented for the determination of the MC in three different freeze-
dried drugs products. The aim was to develop a global regression model to speed up the validation
time and the in-lab release analyses. A huge spectral database was created to evaluate several global
regression models. For that purpose, the choice of a SVR model was demonstrated with a very good
reliability. A SEC value of 0.12% and an SEP value of 0.15% were obtained.
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The possibility of using a unique model applied to several products for the rapid and non-destructive
analysis of MC represents a step forward on the analysis of in-lab products. The lead time reduction
conceptisindeed a challenge in the pharmaceutical field. This is why innovative tools are implemented
to speed up the quality control of medicines. The faster the analysis, the faster the manufacturer can
release the product on the market. The possibility of using a unique method for MC determination
instead of several ones is seen as positive not only for the quickness of the analyses, but also for the
quality of the results. Indeed, the concrete use of the global approach is similar than the one of
individual models and the results remain fully comparable to the conventional KF technique.
Moreover, the overall in-lab organization can thus be optimized and the in-lab costs reduced.
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