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A B S T R A C T

Twin-screw wet granulation (TWSG) is a promising continuous alternative of pharmaceutical wet granulation. 
One of its benefits is that the components dissolved in the granulation liquid are distributed homogeneously in 
the granules. This provides an elegant way to manufacture products with ultralow drug doses. Near-infrared 
(NIR) and Raman spectroscopy are well-established process analytical technology (PAT) tools that can be used 
for the in-line monitoring of TSWG. However, their detection limit does not enable the measurement of com
ponents in the ultralow (i.e., ppm) range. In this paper, an indirect approach is presented that enables the real- 
time determination of the concentration of a drug in concentrations between 40 and 100 ppm by using the signal 
of an excipient, in this case, the polyvinylpyrrolidone (PVP). This component is also dissolved in the granulation 
liquid; therefore, it is distributed in the same way as the active ingredient. Results of HPLC measurements have 
proved that the models trained to quantify the concentration of PVP in real-time gave an accurate determination 
for the active ingredient as well (root mean squared error was 7.07 ppm for Raman and 5.31 ppm for NIR 
spectroscopy, respectively). These findings imply that it is possible to indirectly predict the concentration of 
ultralow dose drugs with in-line analytical techniques based on the concentration of an excipient.

1. Introduction

Wet granulation is a vital step of pharmaceutical downstream pro
duction. This process usually relies on a binder compound to form larger 
granules from the particles of a powder. As a result, the flowability and 
compressibility of the material are improved, which enables the pro
duction of tablets with more consistent quality. The uniformity of tablet 
mass and dosage becomes better, and the crushing strength and friability 
of the tablets are also improved when granules are used for tablet pro
duction (Dhenge et al., 2010). There are two dominant batch technol
ogies for wet granulation, namely fluidized bed granulation (Petrović 
et al., 2011) and high shear granulation (Liu et al., 2021), while the most 
desirable continuous wet granulation method is twin-screw wet granu
lation (TSWG) (Bandari et al., 2020). This process uses a modified twin- 
screw extruder, where the powder and the granulation liquid are thor
oughly mixed with two counter-rotating or parallel rotating screws.

Thanks to the intensive and efficient mixing inside the twin-screw 

granulator, the distribution of the components in the granules can be 
very homogeneous. This leads to another great advantage of TSWG: the 
thorough mixing enables the effective homogenization of products with 
the active pharmaceutical ingredients (APIs) at an ultralow dosage. 
Démuth et al. showed that it is possible to manufacture granules with an 
API concentration of approximately 0.035 % w/w with a relative stan
dard deviation (RSD) of less than 2.5 % (Démuth et al., 2020).

In a continuous process, only a small amount of product leaves the 
equipment at any given time. Therefore, by using a real-time analytical 
tool, it is feasible to characterize the whole mass of the product. This is 
highly beneficial compared to the traditional quality inspection of the 
pharmaceutical industry, where each batch is evaluated by small sam
ples that are measured with slow, destructive methods. There are many 
process analytical technology (PAT) methods that can be used for the 
real-time monitoring of TSWG. Typically, the following characteristics 
can be predicted based on PAT measurements. Moisture content is a vital 
attribute of granules, that must be monitored to evaluate whether drying 
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was successful. Microwave spectroscopy (Peters et al., 2017) and near- 
infrared (NIR) spectroscopy (Domokos et al., 2021; Palmer et al., 
2020) are the best tools for this purpose. The particle size of the granules 
can be monitored in real-time with machine vision-based tools 
(Madarász et al., 2022; Meng et al., 2019). The physical properties of the 
granules, such as bulk density, tapped density, and flowability can also 
be predicted based on NIR spectroscopy, Raman spectroscopy, and 
machine vision (Fonteyne et al., 2012). Raman spectroscopy is sensitive 
to changes in the polymorphism of APIs, therefore several authors have 
used this method to detect changes in the crystalline state during 
granulation (Fonteyne et al., 2013; Nomura et al., 2020).

The API concentration of the granules must also be evaluated to 
ensure that the material used for tableting is homogeneous so that the 
tablets will have an appropriate content uniformity (CU). Martinetz et al. 
used NIR spectroscopy for API concentration measurement during dry 
granulation. They placed integrating spheres after the blender and the 
roller compactor, and their model was used for granules with 10 % w/w 
and 20 % w/w API (Martinetz et al., 2018). Román-Ospino et al. utilized 
a NIR line scan spectrometer to measure 9–13.5 % w/w API concen
tration of granules on a conveyor belt right after the granules were 
discharged from the twin-screw granulator (Román-Ospino et al., 2020). 
Meng et al. applied a Raman spectrometer above a conveyor trans
porting granules produced on a TWSG appliance, where they could 
measure API concentrations around 8 % w/w (Meng et al., 2019). 
Harting et al. used a Raman spectroscope placed at the outlet of a twin- 
screw granulator to measure the API concentration of granules between 
5–50 % w/w (Harting and Kleinebudde, 2018, 2019). These works show 
that both NIR and Raman spectroscopy are capable of monitoring the 
API concentration of granules in real-time. However, so far, these 
methods have not been used in the case of API concentrations below 1 % 
w/w. This is not surprising considering the fact that the sensitivity of 
these methods is limited, therefore, the limit of quantification (LoQ) of 
vibrational spectroscopy techniques does not allow for the accurate 
measurement of small concentrations. Consequently, when TSWG is 
used to produce low-dose granules, the real-time measurement of API 
concentration may no longer be possible. In this case, the API concen
tration can still be predicted if a component is present in larger con
centration and which concentration is proportionate to the API. 
Typically, when low-dose granules are manufactured, the API is dis
solved in the granulation liquid, which enables the thorough homoge
nization of the API. In this case, the other components dissolved in the 
granulation liquid are expected to be distributed in the granules simi
larly to the API. Ficzere et al. exploited this phenomenon by including a 
colored tracer material in the granulation liquid (Ficzere et al., 2021). 
The color of the granules depended on the L/S ratio, which also deter
mined the API concentration of the granules. They placed a digital 
camera after the TSWG that acquired images of the granules leaving 
themachine, and the average color of the granules was correlated with 
the API concentration. This way, they could accurately determine the 
concentration of the API based on the images. The API concentration 
was around 0.05 % w/w, and the relative error of the prediction was 
2.62 %. As an alternative method, the average diameter of the granules 
was also calculated, which also correlated with the API concentration 
with a relative prediction error of 2.30 %. It is also possible to determine 
the residence time distribution (RTD) of the system and predict the 
concentration of the output material by convolving the input mass flows 
with the probability distribution function. Gyürkés et al. demonstrated 
that this soft sensor-based approach can predict small changes in the API 
concentration of the granules caused by input mass flow changes 
(Gyürkés et al., 2022). However, the simplest tracer material for the API 
is the binder of the granulation liquid. This component is usually present 
in concentrations of at least 5 % w/w, and is expected to be distributed 
similarly to the API. To the author’s knowledge, so far no work was 
published where the binder is used to indirectly predict the concentra
tion of a low-dose API based on real-time measurements.

The purpose of this work was to create and test an analytical method 

that quantifies the concentration of an ultralow dose API in granules 
produced on a twin-screw granulator, where the API is dissolved in the 
granulation liquid. Granules were produced containing carvedilol (CAR) 
as model drug in concentrations between 40–100 ppm. NIR and Raman 
spectroscopy were used to determine the concentration of poly
vinylpyrrolidone (PVP) K30, the binder in the granulation liquid. The 
API being dissolved in the granulation liquid, the concentrations of PVP 
and CAR correlate in the granules, enabling the indirect quantification 
of CAR concentration. The aim was to to create robust chemometric 
models for the quantification of the PVP concentration, and validate the 
hypothesis that the concentration of CAR can be determined based on 
the PVP. For validation, a continuous experiment with in-line NIR and 
Raman monitoring was carried out, where the L/S ratio was changed, 
resulting in granules with varying PVP and CAR content. The in-line 
measurement results were validated by using HPLC measurements.

2. Materials and methods

2.1. Materials

Carvedilol (CAR) was used as the model API of the formulation, 
provided by Merck (Budapest, Hungary), lactose monohydrate (Gran
ulac 230®), used as filler, was obtained from Meggle Pharma (Duisburg, 
Germany), potato starch (filler) was supplied by Roquette Pharma 
(Lestrem, France). Polyvinylpyrrolidone (PVP) K30 – used as the binding 
agent of the granulation – was purchased from BASF (Ludwigshafen, 
Germany). Ethanol was obtained from Merck (Darmstadt, Germany).

2.2. Methods

2.2.1. Continuous twin-screw wet granulation
Granules containing an ultralow dose of CAR were prepared on a 

twin-screw granulator (TSG) (Quick 2000 Ltd., Hungary). A powder 
mixture of lactose monohydrate and potato starch (the exact ratio is 
confidential) was mixed in a polyethylene bag for 5 min. The granula
tion liquid was prepared by dissolving CAR and PVP K30 in a 96 % V/V 
ethanol–water mixture, and stirring the mixture for 24 h to ensure that 
the components were properly dissolved. The API (CAR) was dissolved 
in the granulation liquid in order to ensure that it would be distributed 
evenly in the granules, granules were produced with concentrations 
between 0–200 ppm. The TSG was equipped with 16 mm, 25 L/D ratio 
screws, operated at 200 rpm. The powder mixture was fed using a 
gravimetric feeder (Brabender Technologie, Duisburg, Germany) in 
gravimetric mode at a feed rate of 1 kg/h. The granulation liquid was 
dosed using a peristaltic pump (Watson Marlow 120U, Wilmington, MA, 
USA) at varying rates. The feeding rate of the pump has some oscillations 
due to its working principle (Démuth et al., 2020). The granules leaving 
the TSG fell on a conveyor belt (Brabender Technologie, Duisburg, 
Germany), where in-line NIR and Raman spectroscopic measurements 
were performed as detailed in Sections 2.2.3 and 2.2.4. The acquired 
spectra were imported into MATLAB and evaluated in real-time using an 
in-house developed script. The setup is described in more detail in our 
earlier work (Domokos et al., 2021).

2.2.2. Sample preparation for chemometric model calibration
The chemometric models that aim to quantify the composition of the 

granules need to be robust to the changes in the residual solvent con
centration, as it can interfere with signals of the solid components of 
interest. This is because immediately after the material leaves the TSG, 
the concentration of the liquid and solid components will be propor
tionate to each other, the ratio corresponding to the composition of the 
granulation liquid. However, during the drying, the ratio of these 
components will continuously change. Therefore, depending on the 
length of drying, as well as the environmental factors (temperature, 
relative humidity) in the manufacturing site, the spectrum will be 
different due to the changes in the residual moisture content. For this 

D.L. Galata et al.                                                                                                                                                                                                                               International Journal of Pharmaceutics 664 (2024) 124650 

2 



reason, the models were created by recording Raman and NIR spectra of 
the same granules immediately after granulation when the concentra
tion of ethanol was high and also after the granules were dried. In this 
way, our aim was to develop such chemometric models that are robust to 
the varying moisture content, and represent the PVP (and API) varia
tions irrespective of the drying stage.

Granules for calibration purposes with known composition were 
prepared by performing wet granulation with a mortar and pestle. The 
granulation liquid was added to a known mass of powder mixture in 
different amounts to produce granules with different PVP (and API) 
concentrations, and the components were thoroughly mixed, creating 
approximately 5 g of product in each case. The nominal concentration of 
PVP in the granules was set to the following values: 0, 1, 2, 3, 4, 5, 5.5, 6, 
6.5, 7, 8, 9 and 10 % w/w, which correspond to 0, 20, 40, 60, 80, 100, 
110, 120, 130, 140, 160, 180 and 200 ppm API concentration (the API 
concentration is always the 1/500 of the concentration of PVP). For the 
off-line validation of the models, independent test samples with 3.5, 6 
and 7.5 % w/w PVP were created with the same technique but on 
different days. These samples represent concentrations levels that are 
not included in the calibration, this way the reliability of the models can 
be more objectively tested, as they must yield predictions for previously 
unseen concentrations.

Two sample sets were created and measured using NIR and Raman 
spectroscopy. In the first case, the granules were immediately measured 
after homogenization in the mortar. In the second scenario, the granules 
were allowed to dry for at least one day at room temperature before 
being measured. 3 spectra were recorded from each sample.

Later, the models were also augmented with samples produced on 
the TSG with various L/S ratios. In order to obtain a concentration value 
for these samples, the concentration of API was measured using HPLC.

2.2.3. Near-infrared spectroscopy
NIR spectra of the granules were recorded using a Bruker MPA FT- 

NIR spectrometer and OPUS 7.5 software (Bruker Optik Gmbh, Ettlin
gen, Germany). In-line and off-line diffuse reflection measurements 
were realized with a Solvias fiber optic probe. Spectra were recorded 
using a high-intensity Tungsten NIR source and an InGaAs detector in 
the 4000–12500 cm− 1 wavenumber range with a resolution of 32 cm− 1, 
and 32 scans were averaged for each spectrum. The measurement time 
was approximately 10 s. Double-sided, forward–backward acquisition 
and 10 kHz scanner velocity were used. For the in-line measurement 
during the continuous process, the probe was positioned in a way that it 
touched the surface of the material on the conveyor. The off-line spectra 
were recorded with the same fiber optic probe and the same settings by 
inserting the probe into the surface of the samples.

2.2.4. Raman spectroscopy
Raman spectra were acquired with a Kaiser Raman Rxn2TM spec

trometer (Kaiser Optical Systems, Ann Arbor, MI, USA) and iC Raman 
4.1 (Mettler-169 Toledo AutoChem Inc., USA) software. A Pharmaceu
tical Area Testing (PhAT) probe was used in reflection mode by illumi
nating the samples with a 400 mW diode laser at 785 nm wavelength in a 
6 mm diameter circular area. Reflection spectra were recorded in the 
200–1890 cm− 1 Raman shift range with a resolution of 4 cm− 1. Spectra 
were recorded with an exposure time of 10 s and two scans. For the in- 
line measurements, the probe was placed above the material moving on 
the conveyor belt. Off-line spectra were acquired with the same settings 
by placing the samples below the PhAT probe.

2.2.5. HPLC measurements
The CAR concentration of the granules was determined using an 

Agilent 1200 HPLC apparatus (Agilent Technologies, Santa Clara, CA, 
USA). For each sample, 3 replicate HPLC measurements were performed 
the following way. 80 mg of powder was dissolved in 10.0 mL volu
metric flasks in a 1:1 mixture of methanol and phosphorous acid solution 
(1:200 phosphorous acid: water solution). The dissolution was 

facilitated by placing the flasks inside an ultrasound bath for 10 min. 
Before injecting them into the HPLC system, the samples were filtered 
through a 0.45 μm PTFE syringe filter. The HPLC measurements were 
performed on a reverse-phase Gemini® NX-C18 3 μm 100 × 4.6 mm 
column (Phenomenex Inc, Torrance, CA, USA). The temperature was set 
to 25 ◦C, gradient elution was applied, and the flow rate was 1.0 mL/ 
min. The UV absorption at 285 nm was used to determine the concen
tration of CAR in the solutions.

2.2.6. Creation of the chemometric models
Data analysis and chemometric model building were performed in 

MATLAB version 9.8 (Mathworks, Natick, MA, USA), using PLS_Toolbox 
8.8.1 (Eigenvector Research, Manson, WA, USA).

The models determining the PVP concentration based on NIR or 
Raman spectra were created using the partial least squares (PLS) method 
(Geladi and Kowalski, 1986). The CAR concentration of the samples was 
determined by dividing the predicted PVP values by 500.

Three types of models were developed for both NIR and Raman 
spectroscopy. The first model – referred to as ‘wet’ model – contained 
only the spectra of material that was collected immediately after gran
ulation and thus had a high ethanol content. The second model used only 
the spectra of the dried samples (‘dry’ models). Lastly, models were also 
created that included both the spectra of the wet and dry samples, 
referred to as ‘combined’ models. Consequently, a total of 6 models were 
obtained.

The performance of these models was evaluated based on the R2 (Eq 
(1).) (Renaud and Victoria-Feser, 2010), and root mean squared error 
(RMSE) metrics (Eq (2).) (Porep et al., 2015). 

R2 = 1 −

∑n
i=1(ymeasured − ypredicted)

2

∑n
i=1(ymeasured − ypredicted)

2 (1) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
ypredicted − ymeasured

)2

n

√
√
√
√
√

(2) 

In Eqs. (1) and (2), n is the number of samples, ymeasured is the actual 
value of the variable and ypredicted is the value of the variable predicted by 
the model. Both metrics are calculated for calibration, cross-validation 
and test samples separately, resulting in RMSEC/R2(calibration), 
RMSECV/R2(cross-validation), and RMSEP/R2(prediction) values, 
respectively.

The models were also characterized by calculating the limit of 
detection (LoD) (Eq. (3)) and limit of quantification (LoQ) (Eq. (4)) 
values according to the ICH Q2 guideline (European Medicines Agency, 
1995). 

LoD =
3.3σ

S
(3) 

LoQ =
10σ
S

(4) 

where σ is the standard deviation of the y-intercept of the calibration 
line, and S is the slope of the calibration curve.

3. Results and discussion

3.1. Comparison of the NIR spectroscopy models

The suitability of NIR spectroscopy for the measurement of PVP 
concentration can be qualitatively evaluated by comparing the spectrum 
of PVP to the signals of ethanol and the wet granules. The NIR spectra of 
these components are shown in Fig. 1. PVP has several characteristic 
peaks in the region below 6000 cm− 1. Ethanol has very strong absor
bance in the region below 9000 cm− 1, therefore a spectrum comparable 
to the other components could only be recorded by diluting ethanol with 
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KBr. On this diluted spectrum, a peak can be observed between 9000 and 
8000 cm− 1. Between 7000 and 4000 cm− 1, ethanol has four additional 
peaks, some of these overlaping with the spectrum of the PVP. Several of 
these peaks also appear in the spectrum of the wet granules. However, 
the peak of PVP at 5200 cm− 1 does not overlap with the peaks of 
ethanol, therefore, it gives an opportunity to measure PVP concentration 
without disturbance from ethanol.

First, models were created by using only the spectra of the off-line 
prepared samples, testing several preprocessing methods in various 
combinations. The first derivative was applied to remove the baseline 
and increase the sharpness of the typically broad peaks in NIR spec
troscopy. As a normalization technique, multiplicative signal correction 
(MSC) and standard normal variate (SNV) were tested. The leave-one- 
out cross-validation method was used. Variable selection was also uti
lized to improve the performance of the models. The interval PLS (iPLS) 
was chosen with a window width of 100 variables. The iPLS technique 
improved the models in the case of the dry and the combined models, 
while the wet model had the best performance when the whole spectrum 
was included. The parameters of the dry, wet and combined NIR spec
troscopy models are shown in Table 1.

The three NIR models and the predictions obtained for the test 
samples are shown in Fig. 2. Comparing the dry and wet models, it can 
be observed that both perform well in terms of calibration and cross 
validation metrics, resulting in a 0.2–0.3 % w/w RMSE. However, when 
the independent test samples (including both wet and dry samples) are 
predicted, there is a large difference between the performance of the two 
methods. Both methods yield accurate predictions for test samples that 
were prepared similarly to their respective (wet or dry) calibration 
samples. The wet model (Fig. 2/a) gives poor predictions for the dry test 
samples, underestimating the PVP concentration (test samples with a 
PVP concentration of 3.5, 6 and 7.5 % w/w are estimated to be 
approximately 1.5, 2.5 and 3 % w/w by the model). This points out that 
the calibration model fitted mainly accounting for the covariance of the 
ethanol NIR signals and the PVP concentration in the wet calibration 
samples. However, in the dry samples, the ethanol is not present 

anymore, therefore a reduced PVP concentration is erroneously pre
dicted. The predictions of the test samples still correlate with the PVP 
concentration, meaning that the NIR signal of PVP also contributes to 
the predictions, but without ethanol, the values are underestimated. The 
dry model (Fig. 2/b) performs much better, indicating that the features 
of ethanol have a much smaller influence on the predictions. The PVP 
concentration of wet test samples is slightly overestimated, but the dry 
technique appears to be more robust to changes in ethanol concentra
tion. Combining the two calibration datasets results in significantly 
worse calibration and cross-validation errors (Fig. 2/c). However, the 
predictions of the test samples are more accurate compared to the dry 
and wet models. This shows that it is worth sacrificing calibration and 
cross-validation metrics for a more robust overall model. The LoD and 
LoQ values of the wet and dry are lower than the combined model. The 
combined model contains data with larger variability, resulting in 
higher detection and quantification limits. The robustness of the com
bined model is also reflected in the number of latent variables. The wet 
and dry models yielded the best predictions for the test samples with 5 
latent variables, but the combined yielded the best performance with 
only 3. It should be noted that the spectral region chosen by the iPLS 
method (5450.09–4597.67) for the combined model contains the peak 
of PVP that does not overlap with the peaks of ethanol. This shows that 
the variable selection technique was capable of finding the part of the 
spectrum that enables the prediction of PVP concentration without 
disturbances from ethanol. This region was also included in the dry 
model.

3.2. Comparison of the Raman spectroscopy models

The Raman spectra of ethanol, PVP and a sample of wet granules are 
displayed in Fig. 3. PVP has many characteristic peaks in the spectrum 
that can potentially be used to quantify its concentration in the granules. 
Ethanol also has a few peaks, but these do not overlap with the signal of 
PVP. This can facilitate the model building, as it is possible to develop a 
model that ignores the regions where ethanol appears and focuses on the 
signal of PVP by suitable variable selection.

During the creation of Raman calibration models, the tested pre
processing methods included smoothing with the Savitzky-Golay 
method to remove noise from the spectra, baseline removal with the 
automatic Whittaker filter method, and normalization via MSC, SNV, 
and area under the curve. The leave-one-out cross-validation technique 
was used. Variable selection was performed using the iPLS algorithm 
with a window width of 25. The application of the iPLS method 
enhanced the performance of the dry model, but it could not improve the 
wet and combined models. The parameters of the dry, wet and combined 
NIR spectroscopy models are shown in Table 2.

The three Raman models and the predictions obtained for the test 
samples are shown in Fig. 4.

Similar to NIR spectroscopy, the wet and dry models do not give 

Fig. 1. The NIR spectra of ethanol, PVP K30 and a sample of wet granules. The 
spectra were preprocessed using SNV. The baselines of the spectra were shifted 
for better visibility.

Table 1 
Properties of wet, dry, and combined NIR spectroscopy models for PVP concentration prediction.

Model type Wet model Dry model Combined model

Variable selection none iPLS iPLS
Spectral range (cm¡1) 12493.2–3999.82 9403.62–7498.21; 5453.95–4597.67 9403.62–7498.21; 5450.09–4597.67
Preprocessing SNV, mncn* SNV, mncn* 1stDer, SNV, mncn*
Cross validation leave-one-out leave-one-out leave-one-out
Number of latent variables 5 5 3
RMSEC [% w/w] 0.258 0.272 0.593
RMSECV [% w/w] 0.294 0.320 0.619
RMSEP [% w/w] 2.479 0.691 0.486
R2 (calibration) 0.994 0.991 0.970
R2 (cross validation) 0.993 0.987 0.968
R2 (prediction) 0.565 0.942 0.976
LoQ [% w/w] 2.62 2.62 6.03
LoD [% w/w] 0.86 0.87 1.99

* 1stDer: first derivative; SNV: standard normal variate; mncn: mean centering.
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reliable predictions for the test samples. The worst performance belongs 
again to the wet model despite its lowest RMSEC and RMSECV values. 
The wet Raman model relies on the signal of ethanol more heavily than 
its NIR counterpart, thus while it yields accurate result for wet test 
samples, its predictions for the dry test samples are even worse. The 
trend of increasing PVP concentration barely appears in these pre
dictions (all test samples are predicted between 0 and 1 % w/w PVP). In 

the case of Raman spectroscopy, the dry model does not perform sub
stantially better either. It slightly underestimates the concentration of 
the dry test samples, and in the case of wet test samples, the predictions 
are much lower than the measured values. This is possibly because the 
Raman spectra consist of much sharper peaks, therefore when ethanol is 
absent, the shape of the spectrum deviates from the one expected by the 
model. Combining the wet and dry datasets yields more spectacular 
results in the case of Raman spectroscopy. The combined model per
forms excellently in the case of calibration, cross-validation and testing. 
The combined Raman model has an RMSEP value of 0.338 % w/w 
compared to 0.486 % w/w in the case of NIR spectroscopy. The LoD and 
LoQ values of the combined Raman model (1.05 % w/w and 3.17 % w/ 
w) are also much lower than that of NIR spectroscopy (1.99 % w/w and 
6.03 % w/w). Interestingly, the iPLS variable selection did not yield a 
more accurate combined model. Based on these results, Raman spec
troscopy appears to be a more promising candidate for the monitoring of 
PVP concentration. The deviations between samples at the same con
centration level can originate from noise caused by changes in ambient 
light, the physical structure of the sample, or the contact between the 
probe and the measured sample can also vary, causing slight changes in 
the spectra.

Fig. 2. NIR models for the prediction of PVP concentration.

Fig. 3. The Raman spectrum of ethanol, PVP K30 and a sample of wet granules 
The baselines of the spectra were shifted for better visibility.
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3.3. Testing the method with a real-time experiment

The performance of the combined models described in Sections 3.1 
and 3.2 was tested by recording in-line Raman and NIR spectra during 
an independent continuous granulation experiment. The purpose of this 
experiment was to evaluate how the models can track changes in the 
granule composition. This was realized by adjusting the L/S ratio by 
changing the rotational speed of the peristaltic pump responsible for 
dosing the granulation liquid. Manufacturing was operated for two 
hours, during this in-line Raman and NIR spectra were recorded at every 
30 s and 12 s, respectively, as well as 24 samples were taken for off-line 
analysis. The CAR concentration of these samples was measured using 
HPLC. This way, the predictions of the spectroscopy methods could be 
compared to actual measured values.

Initially, it was found that the combined models based solely on the 
off-line calibration samples described in Sections 3.1 and 3.2 did not 
yield accurate predictions when they were deployed to monitor the real- 
time experiments. Therefore, the models were augmented with new 
samples collected during in-line monitoring. These samples were 
measured in-line with the spectrometers, then they were collected from 
the conveyor belt and HPLC was used to determine their true CAR 
concentration. The spectra of these samples were then included in the 
training dataset of the PLS models. The samples were collected from two 
separate experiments, meaning 24 samples from the first and 17 from 
the second experiment. Table 3 shows the parameters of the augmented 
models.

After augmentation with the in-line samples, both models showed 
increased RMSEC and RMSECV values. However, despite this, their 
predictions improved in the case of new in-line samples. Fig. 5 shows 
their performance during an independent in-line experiment by 
comparing the predicted PVP and CAR concentration with the results of 
HPLC measurements.

Generally, it can be observed that the predicted concentration values 
correlate well with both the target values and the concentrations 
measured with HPLC. It is worth noting that during the intervals when 
the target concentration is the same, the HPLC measurements still show 
fluctuations, which is also detected by both spectroscopic methods. In 
certain data points, the spectra predict unrealistically large or small 
values. These spectra could be associated with large Hotelling T2 values. 
The Hotelling T2 gives a numeric representation of the variation in the 
spectra that is not explained by the PLS model. Large values imply that 
the spectrum deviates from the spectra that were used to create the 
model, therefore predictions based on this spectrum are not reliable. An 

acceptance limit for the Hotelling T2 value was created by calculating 
the average and standard deviation of the T2 values obtained for the 
calibration samples, and the limit was the average plus 10 times the 
standard deviation. This limit was 39.32 for NIR and 28.87 for Raman 
spectra, above this spectra were marked as outliers. These faulty spectra 
most likely occurred because during the measurement, the amount of 
material on the conveyor was not sufficient. Furthermore, the Raman 
spectrometer is also sensitive to ambient light, thus noise caused by 
external factors can also be responsible for outlier results. Based on the 
Hotelling T2 acceptance values, it is possible to exclude these spectra 
from the analysis.

To quantitatively compare the in-line performance of the spectro
scopic methods, the 3 spectroscopy predictions closest to the time point 
of the off-line sample collection were averaged and the RMSEP values 
were calculated by comparing these values to the HPLC measurements. 
The RMSEP of PVP concentration determination were 0.35 % w/w for 
Raman spectroscopy and 0.27 % w/w for NIR spectroscopy. In the case 
of CAR concentration, Raman spectroscopy has an RMSEP of 7.07 ppm 
and NIR spectroscopy has a value of 5.31 ppm. With a target concen
tration of 60 ppm or higher (here the relative error of Raman is 11.7 % 
and NIR is 8.9 %), these results are enough to reliably recognize outlier 
samples that are not within 85–115 % of the target concentration. 
Consequently, this method can be used for the real-time content uni
formity of samples prepared on a TSWG. These results are interesting 
considering the LoQ values in Table 3. Both spectroscopic techniques 
have a relatively high LoQ (6.03 % w/w for NIR and 3.17 % w/w for 
Raman spectroscopy). However, despite the fact that almost all mea
surements happened below the LoQ of NIR spectroscopy, it yielded more 
accurate results than Raman spectroscopy. Most likely this can be 
attributed to the fact that the models were created by combining spectra 
recorded under various conditions, therefore there is a rather high 
variability between samples belonging to the same concentration level. 
Eventually this manifests in worse calibration performance metrics 
including LoD and LoQ values. This shows that the inclusion of diverse 
spectra resulted in more robust models that do not yield good values 
during calibration, but perform well with independent test samples.

These results extend the lower limit of drug concentration mea
surement in pharmaceutical applications compared to previously pub
lished work. Bostijn et al. applied in-line UV spectroscopy to measure the 
concentration of a drug in a suspension of 0.09 % w/w (Bostijn et al., 
2018). Griffen et al. used transmission Raman spectroscopy to measure 
the concentration of warfarin salts in tablets in concentrations between 
0.25 and 0.7 % w/w. They achieved an LoQ value of 0.19 % w/w with 
this off-line measurement technique (Griffen et al., 2018). Igne et al. 
utilized light-induced fluorescence spectroscopy to measure the drug 
concentration of granules inside the feed frame of a tablet press (Igne 
et al., 2021). The target concentration was 0.89 % w/w. With the pro
posed indirect measurement technique, it is possible to predict con
centrations one or two magnitudes lower compared to the previously 
mentioned works.

These results show that the models are capable of accurately quan
tifying the API concentration even in such a low dose. Furthermore, the 
HPLC results validate that the concentration of PVP and CAR change 
together in the granules. The results indicate that the indirect concen
tration measurement of an ultralow dose API is feasible based on NIR 
and Raman spectroscopy. However, before using this technique with 
other systems, it would be necessary to check whether this correlation is 
true in the case of that particular product. The application of the pro
posed technique would enable manufacturers to obtain real-time API 
concentration information during the manufacturing of ultralow dose 
products. This would eliminate the need for frequent sample taking from 
highly potent powders and the high organic solvent and labour cost of 
measuring numerous samples with HPLC. Using the technique to 
completely replace HPLC measurements would require a more thorough 
validation process according to pharmacopoeial recommendations. This 
procedure could also define acceptance levels by considering the 

Table 2 
Properties of wet, dry, and combined Raman spectroscopy models for PVP 
concentration prediction.

Model type Wet model Dry model Combined 
model

Variable selection none iPLS none
Spectral range 

(cm¡1)
1890–200 940–916; 765–741; 

690–666
1890–200

Preprocessing bl, SNV, 
mncn*

bl, nm (1-norm), 
mncn*

bl, nm (1-norm), 
mncn*

Cross-validation leave-one- 
out

leave-one-out leave-one-out

Number of latent 
variables

2 2 5

RMSEC [% w/w] 0.195 0.404 0.271
RMSECV [% w/w] 0.213 0.436 0.309
RMSEP [% w/w] 3.692 2.750 0.338
R2 (calibration) 0.997 0.981 0.994
R2 (cross-validation) 0.996 0.978 0.992
R2 (prediction) 0.145 0.398 0.981
LoQ [% w/w] 1.98 4.19 3.17
LoD [% w/w] 0.65 1.38 1.05

* bl: baseline correction; SNV: standard normal variate; nm (1-norm): 
normalization for area under curve; mncn: mean centering.
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measurement error of the technique.
The presented methodology could be used for several drug products 

with ultralow API content, with the prerequisite that the drug substance 

is in the liquid phase of the TSWG process, – which is a suggested 
approach for ultralow dose formulations for homogeneity purposes. This 
would give operators of the technique real-time information about the 
dose of the product leaving the granulator. Even if the technique does 
not eliminate the need of HPLC measurements, its value lies in the 
ability to alert operators about large deviations in the concentration, 
therefore they have the chance to react accordingly and compensate for 
the deviation. The method is especially promising in the case of high- 
potent drugs (e.g., hormones, cytostatics) that are often present in low 
concentrations and can have strong side effects if not used in the rec
ommended dosage.

4. Conclusion

The proposed indirect API concentration measurement technique 
was successfully applied for the real-time monitoring of TSWG. By 
monitoring the PVP concentration of the granules, the presented 
methods could predict the concentration of CAR. This could be realized 
because both materials were dissolved in the granulation liquid, there
fore their concentrations were proportionate in the granules. During the 
real-time monitoring of an experiment validated with HPLC, the NIR 

Fig. 4. Raman models for the prediction of PVP concentration.

Table 3 
The parameters of the PLS models augmented with in-line samples.

Model type NIR combined augmented Raman combined 
augmented

Variable selection iPLS none
Spectral range (cm¡1) 9403.62–7498.21; 

5450.09–4597.67
1599–600

Preprocessing 1stDer, SNV, mncn* bl, nm (1-norm), mncn*
Cross validation contiguous block with 10 

splits
contiguous block with 
10 splits

Number of latent 
variables

3 4

RMSEC [% w/w] 0.708 0.329
RMSECV [% w/w] 0.777 0.375
R2 (calibration) 0.941 0.986
R2 (cross validation) 0.929 0.982
LoQ [% w/w] 6.03 3.17
LoD [% w/w] 1.99 1.05

D.L. Galata et al.                                                                                                                                                                                                                               International Journal of Pharmaceutics 664 (2024) 124650 

7 



spectroscopy-based method predicted the API concentration with an 
RMSE value of 5.31 ppm, while Raman spectroscopy had an RMSE of 
7.07 ppm. Concentrations in this range can not be measured directly 
with these spectroscopic methods. This accuracy enables a real-time, 
non-destructive content uniformity and assay measurement of gran
ules produced using TSWG. The technique is expected to work similarly 
in the case of other low-dose products where the API is dissolved in the 
granulation liquid.

The research also provided insights about the efficient chemometric 
model building. The moisture content of the granules needs to be 
considered because without a carefully constructed training dataset, the 
created chemometric models can confuse the signals of the binder ma
terial with the solvent, resulting in poor prediction for samples with 
different moisture content. This issue could be circumvented by 
including both wet and dry granule samples in the training dataset. The 
models built this way were found to be robust to changes in moisture 
content. Our results also show during model creation, chasing the lowest 
RMSE values of calibration and cross validation is not always the best 
way, because ultimately, a more robust model with modest parameters 
can perform better when unknown samples are measured.
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Domokos, A., Pusztai, É., Madarász, L., Nagy, B., Gyürkés, M., Farkas, A., Fülöp, G., 
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