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A B S T R A C T

The application of artificial neural networks (ANNs) has the potential to fundamentally change the pharma
ceutical industry, making manufacturing more agile, robust, efficient and reliable. Although ANNs’ application 
as data-driven soft sensors has a particular potential, the black-box nature of most models creates mistrust and 
prevents their widespread application. Therefore, this study focuses on the development of an explainable ANN 
used as a soft sensor to monitor an integrated, continuous manufacturing process based on twin-screw granu
lation. Our goal was to estimate the moisture content, a critical quality attribute of granules only based on the 
applied process parameters without any direct measurements. Two separate ANNs – a multilayer perceptron 
(MLP) and a Nonlinear Autoregressive with Exogenous Inputs (NARX) – were built and compared with a near- 
infrared (NIR) spectra-based method. The validation of the methods – carried out by performing off-line loss-on- 
drying measurements – revealed that the accuracy of the ANNs and the NIR models was comparable, and the 
moisture content could be determined with a root mean square error of prediction below 1 % in all cases. 
Additionally, the explainability of an MLP was also investigated by SHAP analysis, revealing which parameters 
impacted the prediction and strength of their impact, making the technology transparent and providing valuable 
insight into the model. This study highlights the potential of ANNs applied as data-driven soft sensors, offering a 
viable, orthogonal alternative to traditional analytical methods that is cost-efficient and enhances process 
understanding.

1. Introduction

With the growing importance of digitalization, automation, and the 
huge amount of data collected during manufacturing, the pharmaceu
tical industry is on the verge of transformation. The emerge of the 
Pharma 4.0 is part of the current change happening in other industrial 
sectors called the 4th industrial revolution or Industry 4.0 (Kusiak, 2018; 
Xu et al., 2018). The phrase generally refers to the implementation of 
complex, integrated, and data-driven smart factories supported by 
modern sensors, communication, computing platforms, control strate
gies, simulation, and modeling, taking manufacturing to a new level. 
The implementation of Pharma 4.0 is strongly connected and supported 
by the advanced quality assurance strategies already spreading in the 
sector, most notably the Quality-by-Design approach (QbD) (Jain, 2014; 
Mishra et al., 2018; U. S. Food and Drug Administration, 2023, 2009a, 
2009b), the application of process analytical technologies (PAT) (Simon 
et al., 2015; U. S. Food and Drug Administration, 2009a), and the 

practice of real-time release testing (RTRT) (European Medicines 
Agency, 2012; Markl et al., 2020).

Although these practices have already reformed pharmaceutical 
manufacturing and laid the foundation for future improvements, 
implementing Pharma 4.0 requires further effort. The biggest reasons 
behind the delay are the uncertainties caused by the lack of precedents 
and regulatory guidelines, the need to change the thinking of the experts 
in the field, and the high financial investment associated with the 
development (Arden et al., 2021). It is also important to note that the 
transformation from Industry 2.0 to Industry 3.0 is still in progress in the 
sector, further complicating the field and making the implementation of 
new technologies challenging. Although part of the pharmaceutical in
dustry utilizes improvements associated with Industry 3.0, such as 
automatization, digitalization, continuous manufacturing (CM) tech
nologies, and advanced quality control systems (including PAT), prac
tices of Industry 2.0 (manufacturing with conventional batch 
technologies and using traditional off-line analytical methods) are still 
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applied. Despite these challenges, the implementation of Pharma 4.0 is 
inevitable, as it can solve numerous problems in the industry 
(Steinwandter et al., 2019), making pharmaceutical manufacturing 
more agile, robust, effective, and flexible while reducing waste and 
enhancing product quality (Arden et al., 2021; Barenji et al., 2019; Ding, 
2018).

An essential cornerstone of the Pharma 4.0 initiative is the applica
tion of artificial intelligence (AI). Among other benefits, the use of AI can 
enhance efficiency and quality control and accelerate research and 
development through the effective analysis of big data, the development 
of digital twins, and advanced process optimization (Nagy et al., 2022). 
Machine learning (ML) is one of the most steadily advancing sub
disciplines of AI, showing great potential due to its ability to learn 
patterns from data to make decisions or predictions without being 
explicitly programmed (Arden et al., 2021; Nagy et al., 2022). Although 
implementing AI and ML into the current good manufacturing practice 
still poses a challenge and the regulatory framework still requires 
complementation, the regulatory agencies have already recognized the 
importance and potential benefits of these technologies. Their support is 
demonstrated by the release of the US. Food and Drug Administration’s 
guideline (“Good Machine Learning Practice for Medical Device Devel
opment: Guiding Principles”) and discussion paper (“Using Artificial 
Intelligence & Machine Learning in the Development of Drug and Bio
logical Products”), highlighting significant milestones in the regulation 
and, thereby, the industrial application of AI and ML (U.S. Food and 
Drug Administration., 2023; U.S. Food and Drug Administration, 2021; 
Vora et al., 2023).

Among ML algorithms, artificial neural networks (ANNs) have 
shown particular promise in the pharmaceutical sector by applying su
pervised learning to describe relationships between input and output 
values. ANNs consist of an interconnected web of processing units called 
artificial neurons, where the information is processed with mathemat
ical calculations (Kaur, 2021; Montesinos López et al., 2022; Nagy et al., 
2022). With the artificial neurons organized into layers (input layer, 
hidden layer(s), and output layer), ANNs are capable of effectively 
describing complex, non-linear relationships (Arden et al., 2021; Krogh, 
2008). In contrast to traditional calibration techniques, which usually 
rely on linear multivariate methods, the internal parameters of the ANN 
(i.e. weights and biases) are determined through a training process. 
During training, these parameters are optimized iteratively to minimize 
prediction error, thereby enabling the network to learn highly 
non-linear mappings between the input and target properties 
(Agatonovic-Kustrin and Beresford, 2000; da Silva et al., 2017).

A great number of studies have shown the potential of ANN in the 
pharmaceutical industry. One of the most studied fields is the applica
tion of ANN for process monitoring to evaluate data collected by PAT 
sensors. It is most commonly used to analyze spectroscopic data (UV-VIS 
(Hasani and Moloudi, 2008; Hasanjani and Sohrabi, 2017), infrared 
(Franco et al., 2006), near-infrared (NIR) (Dou et al., 2005; Rantanen 
et al., 2001; Zannikos et al., 1991) or Raman spectra (Péterfi et al., 
2023)); however, examples of applying ANN to complement acoustic 
emission (Carter and Briens, 2018; Fulek et al., 2023), focused beam 
reflectance measurement (Crestani et al., 2021; Leite, 2023) and image 
analysis (Mahdi et al., 2018) can also be found in the literature. Various 
process steps such as synthesis, crystallization, granulation and tableting 
have been studied, and in the case of non-linearity, ANN regularly 
outperformed conventional methods (Nagy et al., 2022). Another 
possible application of ANN is to enhance process understanding and 
optimization by exploring the relationship between the initial critical 
material attributes (CMAs), the manufacturing parameters (the critical 
process parameters (CPPs)), and final product quality (critical quality 
attributes (CQAs)). Numerous application examples can be found in the 
literature: among others, ANNs have been utilized to predict the yield 
(Moghaddam et al., 2010) and optimize (Zhou et al., 2017) synthesis, 
predict the growth rate during crystallization (Vasanth Kumar et al., 
2008), explore the relationship between granule properties and process 

parameters (Murtoniemi et al., 1994), reduce capping tendency during 
tableting (Belič et al., 2009) and optimize tablet coating (Benayache 
et al., 2023).

Another promising yet relatively underexplored field is ANNs’ 
application as data-driven soft sensors. Soft sensors (also known as 
virtual or software sensors) are applied to estimate process variables that 
are otherwise hard to measure with physical sensors. When the direct 
measurement is limited due to technological difficulties, financial rea
sons or impractical setups, using ANNs as soft sensors can be a viable 
alternative (Kadlec et al., 2009). Although the advantages of the 
approach have been highlighted by some studies – among which its 
application for monitoring complex systems is particularly promising 
(Roggo et al., 2020) – its potential is not fully realized. A reason behind 
this is the black-box nature of ANN models, as the lack of transparency 
complicates gaining regulatory approval, increases mistrust in the pre
dictions, and thereby prevents the widespread industrial application of 
ANNs (Fan et al., 2021; Hulsen, 2023; Rawal et al., 2022).

Realizing this issue, a growing amount of research focuses on 
developing methods to explain the operation of ML, AI, and, conse
quently, ANNs (Molnar et al., 2021; Saleem et al., 2022). Although 
various definitions exist (Flora et al., 2022), the explainability of ANNs 
generally refers to the ability to understand the predictions of the model, 
exploring why the model produced the given outputs (Gilpin et al., 
2018; Molnar, 2022; Roscher et al., 2020). Various strategies have been 
established to make ANNs explainable: it can be achieved by focusing on 
analyzing individual model components (Murdoch et al., 2019), or 
through the development and investigation of surrogate models that 
mimic the behaviour of the original ANN (e.g., Local Interpretable 
Model-Agnostic Explanations method) (Ribeiro et al., 2016). Another 
promising approach is to study the model sensitivity by analyzing the 
model predictions to the perturbations of the input data. It can also be 
carried out either globally (e.g., through perturbation-based methods 
(Ivanovs et al., 2021)) or locally, explaining the individual predictions 
(e.g. the game theory-based SHAP (SHapley Additive exPlanations) 
analysis (Ma and Tourani, 2020)). Despite the evident need for 
explainable ANNs, only a few examples in the pharmaceutical field can 
be found in the literature (Gentiluomo et al., 2019; Ghanavati et al., 
2024; Honti et al., 2024; Korteby et al., 2018; Nagy et al., 2023; Ogami 
et al., 2021).

Therefore, the goal of this study was to develop a transparent, 
explainable ANN that can be applied as a data-driven soft sensor to 
monitor an integrated pharmaceutical manufacturing process. Our aim 
was to predict the moisture content, an important CQA, after a contin
uous, twin-screw granulation-based process only from the applied pro
cess parameters (CPPs) without any direct measurement. Two separate 
ANN models – a simple multilayer perceptron (MLP) and a Nonlinear 
Autoregressive with Exogenous Inputs (NARX) – were developed and 
compared with each other as well as traditional monitoring techniques 
to reveal whether they were suitable for in-line monitoring. Addition
ally, the SHAP analysis of the MLP was also carried out to reveal which 
input parameters influenced the prediction and the strength of their 
influence, thereby providing valuable insight into the model. Our goal 
was to demonstrate that ANNs applied as data-driven soft sensors can be 
promising tools to supplement or even replace the traditional off-line or 
spectra-based monitoring, as these methods are orthogonal, cost- 
efficient, and robust, and thereby can reduce expenses, improve accu
racy, and enhance process understanding.

2. Materials and methods

2.1. Materials

The granulation was performed using a placebo system containing 
α-lactose monohydrate (GranuLac® 70), corn starch and poly
vinylpyrrolidone (povidone K30, Kollidon® 30). The α-lactose mono
hydrate was provided by Meggle Pharma (Wasserburg, Germany), the 
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corn starch was supplied by Roquette Pharma (Lestrem, France), and the 
Kollidon® 30 was obtained from BASF (Ludwigshafen, Germany). The 
α-lactose and the corn starch were mixed and homogenized manually 
(for 5 min) before the experiments, while the polyvinylpyrrolidone was 
solved in distilled water to form the granulation liquid (ratio: 75 g 
Kollidon® 30 in 200 mL distilled water).

2.2. Twin-screw wet granulation

The continuous wet granulation was carried out using a fully inte
grated system consisting of a gravimetric feeder, a twin-screw wet 
granulator, a continuous fluidized bed dryer and an oscillating mill. The 
schematic drawing and photo of the continuous system is illustrated in 
Fig. 1.

The mixture of the α-lactose monohydrate and corn starch was fed 
into the hopper of the granulator by a K-SFS-24-type (K-tron, Nie
derlenz, Switzerland) gravimetric feeder applying a feeding rate of 1 and 
2 kg/h. The twin-screw granulator (Quick 2000 Ltd., Tiszavasvári, 
Hungary) consisted of 4 heating zones and comprised two parallel 
rotating screws with 16 mm screw diameter and 400 mm screw length 
(25 L/D). The screw configuration (illustrated in Fig. 2) included three 
conveying zones and two kneading zones, each kneading zone con
taining five kneading elements that all had a 45◦ angle offset. The screw 
speed of the granulator was aligned to the feed rate: 200 rpm and 400 
rpm were used for 1 kg/h and 2 kg/h, respectively.

The granulation liquid was added to the second zone through a sil
icone tube with an inner diameter of 3.1 mm using a peristaltic pump 
(Watson-Marlow 120 U, Wilmington, US). Throughout the experiments, 
0.08 or 0.14 liquid-to-solid ratio (L/S) was applied. The rotation speed of 
the pump was adjusted based on a calibration carried out prior to the 
experiments to achieve adequate feed rates.

From the twin-screw equipment, the granules entered a continuous 
horizontal fluidized bed dryer (Quick 2000 Ltd., Tiszavasvári, Hungary), 
where they were transported by a vibrating metal belt with 50 Hz vi
bration intensity. Simultaneously, the granules were dried by a vertical 
airflow. The dryer was divided into 4 zones, where the temperature and 
flow rate of the drying air could be controlled individually. Throughout 
Experiments 1-3, the temperature of the last zone was not modified and 
was permanently set to 25 ◦C, while during Experiments 4-6, the tem
perature of this zone was set to align with the other zones. This was due 
to the fact that the dryer was modified after Experiment 3, enabling 
more effective drying. The modification also led to quicker granule 
transport, decreasing the residence time in the equipment despite 
applying the same vibration intensity (50 Hz) throughout all the ex
periments. Thus, the residence time in the complete continuous line 
(determined by applying impulse disturbances (Gyürkés et al., 2020)) 
was 120 and 70 s during Experiments 1-3 and 4-6, respectively.

The granules were then milled in a continuous oscillating mill (Quick 
2000 Ltd., Tiszavasvári, Hungary) with an 800 µm sieve diameter, 
applying 150 1/min oscillating speed. Finally, the milled granules were 
transported by a Laborette-24 type vibratory conveying feeder (Fritsch 
GmbH, Idar-Oberstein, Germany) equipped with a U-shaped chute.

During the experiments, the powder mass flow, the L/S ratio, and the 
temperature and flow rate of the drying air were changed, while the 
other process parameters were set to a constant value. The applied 
values of these parameters are summarized in Table 1 of the Supple
mentary Material. The temperature of the drying air refers to the tem
perature of Zones 1-3 during Experiment 1-3, while it means the 
temperature of all zones during Experiment 4-6.

2.3. In-line moisture content detection with a NIR spectra-based method

2.3.1. Spectral and reference data acquisition for model development
Our first goal was to monitor the moisture content of the granules, a 

significant CQA, in-line using a NIR spectra-based method and multi
variate data analysis. The continuous line was supplemented with a 
Bruker MPA II Multi Purpose Fourier-transformed Near-Infrared 
Analyzer (Bruker Optik GmbH, Ettlingen, Germany) equipped with a 
high-intensity NIR source (Tungsten) and PbS detector. The probe of the 
NIR spectroscopy was placed above the chute of the vibratory feeder so 
that spectra of the moving granules could be collected directly, thereby 
enabling in-line monitoring, referring to the continuous measurements 
within the process stream. This setup also supported real-time moni
toring, allowing data to be acquired and analyzed immediately as the 
process unfolded. The spectra collection was carried out in reflection 
mode with a 4000-12,500 cm-1 spectral range while applying an 8 cm-1 

resolution. During the measurement, 8 scans were accumulated in 
double-sided, forward-backward acquisition mode (resulting in 
approximately 9 s of acquisition time), and the spectra accumulation 
was carried out using OPUS® 7.5 software (Burker Optik GmbH, 
Ettlingen, Germany).

The calibration data (the moisture content and spectra pairs) were 
gathered during Experiment 1, while the continuous line was in opera
tion (with the process parameters changed in a wide range). The spectra 
of the granules were continuously collected, and samples of 1-2 g were 
taken for reference off-line loss-on-drying (LOD) measurements 
(detailed in Section 2.4). Additionally, the spectra of dry (not granu
lated) samples were also collected, and their moisture content was 
determined by LOD measurements to expand the investigated moisture 
content range further. Therefore, a calibration range of 0 % to 10.57 % 
was covered.

Similarly, the model was validated by using it during continuous 
operation, with off-line LOD measurements (detailed in Section 2.4) 
taken for comparison, covering a moisture content range of 1.06 % to 

Fig. 1. The (a) schematic drawing and (b) photos of the continuous system consisting of (1) a gravimetric feeder, (2) a peristaltic pump, (3) a twin-screw granulator, 
(4) a continuous fluidized bed dryer, (5) an oscillating mill, (6) a vibratory conveying feeder, (7) a NIR spectroscope and (8) a computer.
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6.38 %.

2.3.2. Chemometric model development
To determine the relationship between the spectra and the detected 

moisture content, partial least squares (PLS) regression, a multivariate 
data analysis method, was applied, using the spectra as the dependent 
variable and the moisture content as the independent variable. The 
spectra evaluation and model development were carried out in MATLAB 
9.11. program (MathWorks, USA) using PLS Toolbox 9.0 (Eigenvector 
Research, USA).

First, a PLS model developed for a previous study investigating the 
same system (Domokos et al., 2021) was evaluated. However, the dif
ferences in the material (new batches were used for this research) and 
the slight changes in the equipment and experiment setup impaired the 
prediction performance. Given our goal to detect small differences, the 
model was modified and complemented with the new calibration 
(Section 2.3.1) samples to enhance accuracy. By adding the new cali
bration data (measured moisture content values and the corresponding 
spectra) to the original dataset, the number of calibration samples was 
increased from 70 to 90.

The parameters and performance details of the original model are 
described in our previous study (Domokos et al., 2021). The new model 
applied the same preprocessing methods (smoothing with 
Savitzky-Golay filter (applying 2nd order polynomial with 15 window 
width), standard normal variate and mean centring), and the same 
cross-validation method (Venetian blinds with 10 data splits and 1 
left-out sample per blind). However, in our case, the variable selection 
was performed using genetic algorithm (with a population size of 64, a 
variable window width of 10, and a maximum latent variable number of 
6), leading to a different spectra range. Furthermore, the number of 
latent variables – linear combinations of the original predictors (spectral 
intensities) that capture maximum covariance with the target (moisture 
content) – was also different: it was set to 6 based on the root mean 
square error of cross-validation.

The performance of the model was evaluated using the coefficient of 
determination for calibration, cross-validation, and prediction (R2

C, R2
CV, 

R2
P) and the root mean square error of calibration, cross-validation, and 

prediction (RMSEC, RMSECV, RMSEP). The corresponding formulas are 
provided in the Supplementary Material.

Additionally, the Hotelling T2 and Qresidual values for the calibration 
data of the new PLS model were also determined. These statistical values 

are widely applied in multivariate analysis to detect outlier data. The 
Qresidual values show the ratio of variation unexplained by the model, 
thereby high values indicate significant differences between the cali
bration and test data (Cogdill et al., 2005; Swarbrick and Westad, 2016). 
This is usually caused by unmodelled variation or instrument failure 
(including sampling or spectra collection error). The Hotelling T2 values 
reveal the variation inside the model (and are calculated by applying the 
multivariate generalization of Student’s t-test), and high values can be 
caused by model extrapolation. Based on the calibration data, an 
acceptance limit was set for both the Hotelling T2 and Qresidual by 
multiplying the highest values by 10. These limits were used during the 
in-line application of the model for outlier detection.

2.3.3. The in-line application of the NIR spectra-based model
Throughout Experiments 2-6, the spectra were evaluated in real-time 

with the new PLS model. Real-time monitoring was accomplished using 
two in-house developed Matlab scripts (Gyürkés et al., 2020; Nagy et al., 
2017): one script exported the collected spectra into Matlab, and one 
performed the chemometric analysis immediately, thereby enabling the 
real-time moisture content detection during the process. The Hotelling 
T2 and Qresidual values were also determined simultaneously, and if 
either of these values was outside the previously set limits, these metrics 
signaled that the predictions were unreliable.

2.4. Off-line moisture content detection

The remaining moisture content of the granules was also determined 
off-line, using LOD measurements. Granule samples of 2-3 g were 
collected during the operation of the continuous system (throughout all 
the experiments) and placed in an oven for 24 h at 105 ◦C. The mass of 
the samples was measured before and after drying, and the moisture 
content was calculated from the difference.

2.5. Indirect moisture content prediction applying MLP

To accomplish the main goal of the research, i.e., to determine the 
moisture content of the granules without any direct measurements, only 
based on the applied process parameters, two ANN models – an MLP and 
a NARX – were developed. Both models were built in Matlab 9.11 pro
gram (MathWorks, USA) with Statistics and Machine Learning Toolbox 
12.2 and Deep Learning Toolbox 14.3. As the models used the applied 
process parameters for the prediction, all the operation parameters were 
continuously collected throughout the experiments.

2.5.1. Data collection with soft sensors
The applied process parameters were recorded with the SIMATIC 

SIPAT (Siemens, Munich, Germany) software connected to the units of 
the continuous line. The operation data was collected simultaneously 
from the gravimetric feeder, the twin-screw granulator, the continuous 
fluidized bed dryer, and the continuous mill. Additionally, the granu
lation liquid was placed on a balance connected to the system to enable 
the monitoring of the remaining liquid mass. From that, the mass loss 

Fig. 2. Screw configuration of the granulator containing three conveying zones and two kneading zones.

Table 1 
Window sizes used for smoothing parameters with a moving average.

Registered parameter Window size

Solid feed rate 120 s
Liquid feed rate 60 s
L/S ratio 120 s
Drying temperature (average of Zone 1-3) 120 s
Flow rate of the drying air (average of Zone 1-4) 60 s
Moisture content (detected by the PLS model) 180 s
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and, thereby, the feed rate of the granulation liquid was determined. The 
operation parameters were registered every 5 s, and the collected pa
rameters of each unit are summarized in Table 2 of the Supplementary 
Material.

The collected data were converted into new variables: the average 
temperature of Zones 1-3 of the dryer, the average airflow in the dryer, 
and the L/S ratio (determined by dividing the liquid mass flow [kg/h] by 
the solid mass flow[kg/h]). These derivatives were then also used as 
model inputs. The final parameters utilized as inputs in the models are 
summarized in Fig. 3.

2.5.2. MLP model
First, a three-layer MLP was built – consisting of one input, one 

output, and one hidden layer to predict the moisture content solely 
based on the recorded parameters. In this ANN structure, the informa
tion is only transferred forward (the network did not contain any loops), 
and every neuron is connected to every neuron in the previous layer, 
with each connection having its own weight. The input layer of the MLP 
consisted of 12 neurons, each corresponding to a value calculated from 
the registered operation parameters, while the output layer had 1 
neuron corresponding to the moisture content of the granule. The hid
den layer was also set to contain a single neuron based on a preliminary 
optimization. In this step, the number of neurons was varied from 1 to 
10, with 100 repetitions per configuration, and the configuration 
yielding the lowest RMSE and highest R2 was selected. A hyperbolic 
tangent sigmoid transfer function was used in the neuron of the hidden 
layer, while a linear transfer function was applied in the output layer. 
The schematic structure of the applied MLP structure is shown in Fig. 3.

The training of the model was carried out using historical data 
registered throughout previous experiments. During these experiments 
(summarized in Table 3 of the Supplementary Material), the operation 
parameters were altered in a wide range, and after steady-state was 
reached, the applied process parameters and the corresponding moisture 
content were registered. Altogether, 108 samples were utilized, each 
consisting of 12 input features (registered process parameters) and one 
output (target) value (measured granule moisture content).

The full dataset was initially divided into training and external 
validation datasets, containing 80 % (86 input-output pairs) and 20 % 
(22 input-output pairs) of all data points, respectively. The training 
dataset was then further split randomly into three subgroups: 70 % was 
used for training (training subset), 20 % for internal validation and 10 % 
for internal testing.

The training of the MLP was carried out using error backpropagation, 
meaning that the weights and biases in each neuron were determined by 
an iteration to minimize the difference between the output calculated by 
the model and the actual target value. Bayesian regularization was 
applied as training algorithm (with training-control hyperparameters 
listed in Table 4 of Supplementary Material), which is a commonly 
applied algorithm known to reduce the risk of overfitting and provide 
better generalization by updating the weights and biases during training 
(Burden and Winkler, 2008). The initial values of the weights and biases 
were set by Nguyen-Widrow layer initialization function (Nguyen and 
Widrow, 1990). Given the inherent randomness of MLP model building 
as well as the complex nature and small size of the dataset, bootstrap 
resampling with 500 repetitions was applied (Nagy et al., 2019). This 
technique ensures the development of a robust model by training 500 

submodels separately, with the final MLP model determined as the 
average of these submodels. Moreover, bootstrap resampling enabled 
the estimation of the distribution and confidence intervals of the model. 
In this study, a 95 % confidence interval was used, determined by the 2.5 
and 97.5 percentiles of the repetitions.

The performance of the model was evaluated by the mean square 
error (MSE), the RMSE and R2, which were all determined for both the 
training and the external validation dataset separately.

After the training was complete, the model was used to predict the 
moisture content of the granules during Experiments 2-3. To smooth the 
random fluctuations (presumably caused by the fluctuations in the 
frequently registered input data), a moving average of 60 s was applied 
to the predictions. This window size was chosen empirically (after 
testing multiple alternatives) as the best compromise between noise 
reduction and preservation of relevant process-related signal changes. 
The prediction performance was evaluated by comparing the moisture 
content predicted by the MLP to the one detected by the NIR spectra- 
based model and the results of the off-line LOD measurements.

2.5.2.1. Explainability of the MLP model. The explainability of the MLP 
model was studied by using the SHAP, or as also called Shapley value, 
which is one of the most used post-hoc, model-independent explanation 
techniques for ML models (Molnar et al., 2021). The technique origi
nates from game theory, where the SHAP value represents the average 
marginal contribution of a player in a cooperative game, with the aim of 
providing a fair distribution of the total gain among individual players. 
For ML models, the SHAP of the input features at a specific prediction 
(query) point characterizes the feature’s contribution to the model 
output. It reflects the deviation of the prediction at the query point from 
the average prediction, which is attributable to the feature. For any 
query point, the sum of the SHAP values across all features equals the 
total deviation of the prediction from the average. Practically, the SHAP 
value of zero indicates that the input feature does not contribute to the 
prediction, while an increasing absolute value shows a higher contri
bution. The sign of the SHAP value also indicates whether the feature 
increases or decreases the predicted value.

In this work, the SHAP values are calculated using the shapley 
function of the Statistics and Machine Learning Toolbox of Matlab, using 
the interventional-kernel algorithm (Lundberg and Lee, 2017). The 
SHAP values for the training dataset and each time point of Experiments 
2 and 3 were used as query points, and they were assessed for all the 500 
bootstrapped submodels of the MLP model. As a result, the mean SHAP 
values of these bootstrapped models are presented for each time point.

2.5.3. NARX
Although MLP is a widely used type of ANN, the moisture content of 

the granules and the recorded operational parameters in this study are 
sequential (i.e., time-series) data, for which recurrent neural network 
(RNN) types might be more suitable. Therefore, a Nonlinear Autore
gressive with Exogenous Inputs (NARX) model – a type of RNN – was 
also tested and compared with the MLP model. The main difference 
between the MLP and NARX is the direction of the information flow: in 
the NARX model, the information can be transferred backwards, not 
only forward. In simpler terms, the output of the model not only depends 
on the current inputs but data from previous time points are also uti
lized. The schematic structure of the applied NARX is illustrated in 
Fig. 4.

In our case, the structure of the NARX model was very similar to the 
MLP, with one neuron in the hidden layer applying hyperbolic tangent 
sigmoid transfer function and the one in the output layer applying linear 
transfer function. Similarly, the model also used the same 12 input pa
rameters. However, a feedback delay (FD) of 1 (corresponding to 5 s) 
was also applied, indicating that each estimated moisture content was 
used for the next time point’s prediction (but only for that and not for 
the ones after). Meanwhile, the input delay (ID) was set to 0, signifying 

Table 2 
The performance of the PLS model during calibration and 
cross-validation.

Model parameters PLS model

R2
C 0.989

R2
CV 0.986

RMSEC (w/w %) 0.252
RMSECV (w/w %) 0.290
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that the input values were only utilized in the current prediction. The 
number of FD, ID, and the neurons in the hidden layer were all chosen 
based on preliminary optimization, which was carried out similarly to 
the optimization described for the MLP model, varying the number of 
neurons, ID, and FD from 1 to 10 (with 100 repetitions), and selecting 
the configuration with the lowest RMSE and highest R2.

As the training of the NARX models has to be carried out with 
sequential data, the historical data used to train the MLP could not be 
utilized, as during those experiments, the process parameters and 
moisture contents were recorded manually, and only the ones belonging 
to steady-state were registered. Instead, for the NARX training, two 
complete experiments (Experiments 4 and 5) were used, where both the 
operation parameters (recorded by the SIPAT software) and the mois
ture content (determined by the NIR spectra-based PLS model) were 
known throughout the whole experiment.

To avoid overfitting and minimize the effect of small random fluc
tuations, the training data – both the input data and the moisture content 
determined by the PLS model – were smoothed using moving averages. 
Since the variation in the operation parameters differed, a different 
moving average was applied to each parameter to filter out random 
fluctuations while retaining meaningful trends. The applied filters are 
summarized in Table 1.

After smoothing, the two experiments were used to train the NARX 
model, resulting in a training dataset of 2660 data points (each con
taining 12 input parameters and one output). Similarly to the MLP, the 
training was carried out by applying error backpropagation and 
Bayesian regularization as the training algorithm. The dataset was also 
set into training, internal validation and internal test groups with a 
70:15:15 ratio, applying block division to preserve the sequential nature 
of the data.

Then, the NARX model was applied to predict the moisture content 
during Experiment 6. Simultaneously, the NIR spectra-based PLS model 
was also applied for in-line monitoring (with the same moving average 
applied as for the MLP prediction (12s)), off-line LOD measurements 
were carried out, and the results were compared.

3. Results and discussion

3.1. The evaluation of the NIR spectra-based PLS methods

First, the PLS model was investigated to determine whether it was 
suitable for accurate moisture content detection. The comparison with 
the ANN-based models was motivated by the growing relevance of the 
in-line application of NIR spectroscopy as a PAT tool, which – despite 
being a relatively novel approach – has demonstrated considerable po
tential and is increasingly adopted in industrial applications (De Beer 
et al., 2011; Sacré et al., 2021; Tool et al., 2004; United States Phar
macopeial Convention, 2006). Our goal was to achieve an absolute 
RMSE of 1 % for moisture content prediction. Although this error might 
appear high, it was sufficient to reliably detect relevant trends and shifts. 
This value aligns with those reported in similar studies (Green et al., 
2005) and, more importantly, ensured that the model could distinguish 
between critical moisture content levels (e.g., overdried, wet, and 
optimal granules), which can significantly impact the quality of the final 
product.

The performance of the model for the calibration and the validation 
datasets are summarized in Tables 2 and 3, respectively.

As presented in Table 3, the moisture content could be detected 
during the validation measurements with 0.418 % RMSE, indicating that 
the model was suitable for this study. Therefore, it was used for in-line 
and real-time monitoring during Experiments 2-6.

Fig. 3. The structure of the MLP used to predict the moisture content, indicating the operation unit from which each input variable was obtained.

Table 3 
The prediction performance of the PLS model.

Model parameters PLS model

R2
P 0.949

RMSEP (w/w %) 0.418

Table 4 
The Hotelling T2 and Qresidual values of the calibration, with the acceptance limit 
(the maximum multiplied by 10) set for the in-line application.

Hotelling T2 Qresidual

Maximum of calibration 2.16 2.01
SD of calibration 0.348 0.331
Acceptance limit 21.6 20.1
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The Hotelling T2 and Qresidual values of the calibration were also 
determined. Based on the investigation of these values, a limit was set 
for each by multiplying the highest observed value by 10 (Table 4). 
These limits were then used for outlier detection during the in-line 
application of the model. Setting such limits based on these values is a 
widely applied technique, as large deviations often indicate changes in 
the spectra, caused by issues with spectra collection or the presence of 
unmodeled variations.

The conservative threshold was deliberately set to ensure that 
random variations – which did not compromise prediction accuracy – 
would not be unnecessarily identified as outliers while still allowing for 
the detection of significant deviations that may indicate process anom
alies. Although the validation dataset exhibited higher Hotelling T2 and 
Qresidual values than the calibration dataset, it still demonstrated accu
rate prediction performance (as shown in Table 3), and all values 
remained within the defined limits. This confirms that the applied 
thresholds were appropriate for the intended in-line monitoring 
application.

3.2. The MLP model

3.2.1. Model development
Next, the MLP model was built to predict the moisture content solely 

from the recorded process parameters without any direct measurement 
or using the NIR spectra. The application of MLP has a great potential, as 
the low development and operation costs of the technique makes it a 
viable alternative to the expensive spectra-based approach. Further
more, the simultaneous application of the two models (the NIR and the 
MLP) could enhance reliability and robustness, as they are orthogonal 
techniques utilizing different data.

The training of the MLP was carried out using historical data, and the 
obtained regression curve of the MLP is illustrated in Fig. 5, while the 
model parameters are summarized in Table 5.

Although some deviations can be observed in Fig. 5, the R2 and RMSE 
values of both the training and validation datasets demonstrate 
acceptable predictive accuracy. Although the RMSE of the MLP was 
slightly higher than that of the PLS model (Tables 2 and 3), the two 
values were close to each other, the observed errors remained in the 
acceptable range (with RMSE below 1 %), and no systematic bias was 
detected. Moreover, the R² values of the two models were also similar, 

Fig. 4. The structure of the NARX used to predict the moisture content, indicating the operation unit from which each input variable was obtained. The feedback 
delay was set to 1, while the input delay was set to 0, indicating that the previous input parameters were not utilized in this structure.

Fig. 5. The regression curve of MLP. The blue marks indicate the data used to 
train the MLP model, while the red marks show the validation samples.

Table 5 
The model parameters of the MLP model.

Model parameters MLP

R2
Train 0.9414

R2
Valid 0.9138

MSETrain (w/w %) 0.2188
MSEValid (w/w %) 0.3448
RMSETrain (w/w %) 0.4678
RMSEValid (w/w %) 0.5872

P. Záhonyi et al.                                                                                                                                                                                                                                European Journal of Pharmaceutical Sciences 212 (2025) 107173 

7 



indicating that despite the minor difference in RMSE, the models are 
comparable. Therefore, the MLP was deemed acceptable for in-line 
monitoring.

3.2.2. Model application
As the MLP yielded adequate results, the model was applied to pre

dict the moisture content during Experiments 2 and 3. The registered 
process parameters of Experiment 2 utilized as inputs in the MLP are 
presented in Fig. 6. Although the model had two additional inputs (the 
mill type and the sieve size of the mill) with varying values in the 
training dataset, these inputs were constant during Experiment 1-6. 
Thereby, they are not illustrated in Fig. 6, nor in any other figure.

From these input values, the moisture content was predicted by the 
MLP model with good accuracy, as illustrated in Fig. 7. However, due to 
the long residence time of the material in the continuous line, the effects 
of the process parameters on the moisture content were delayed. As a 
result, the MLP effectively predicted a future value when these effects 
had already influenced the moisture content – one that had not reached 
the NIR sensor or been captured by the off-line LOD measurements at the 
end of the line. Thus, the moisture content predicted by the MLP did not 
correspond to the one detected at the same time by the other methods. 
Therefore, to ensure proper comparison, the moisture content predicted 
by the MLP was offset by 120 s (the residence time in the continuous 
line) to align it with the NIR spectra-based PLS model and the off-line 
LOD measurements at the end of the line. Thus, Fig. 7 (and, similarly, 
Fig. 9) illustrates the offset MLP predictions, thereby enabling the 
comparison of the methods. Although some operation parameters (e.g., 
screw speed of the granulator, air flow rate of the dryer) are known to 
influence the residence time (Gyürkés et al., 2022, 2020), an average 
value was applied for the offset in this study. Incorporating variable 
residence time could further improve the model, but these minor effects 
were considered negligible and thus not investigated here.

First, it was compared to the NIR spectra-based prediction (indicated 
by blue in Fig. 7). Although slight differences can be observed, the 
predictions of the NIR and the MLP methods are similar, and the same 
trends are clearly identifiable. This was also confirmed by the quanti
tative comparison of the MLP and PLS models by calculating the RMSE 
and the R2 values between the two models (using the MLP as predicted 
and the spectra-based PLS results as observed values), which yielded an 
RMSE of 0.7648 and an R2 value of 0.7123. While no universal R² 
thresholds exist in official guidelines (EMA, 2014; U.S. Food and Drug 
Administration, 2005), values above 0.7 are frequently considered 

indicative of strong correlation and acceptable model performance in 
pharmaceutical and process monitoring studies (Kirsch and Drennen, 
1995; Soriano-Disla et al., 2014; Veerasamy et al., 2011). This is 
particularly relevant in real-time monitoring applications, where 
inherent noise and process variability naturally limit achievable R² 
values. Overall, these results demonstrate a good alignment between the 
two models.

Next, the results of both methods were compared with the off-line 
LOD measurements to validate them further and enable comparison. 
The samples taken for LOD measurements are marked as red dots in 
Fig. 7, and the determined moisture content was compared to the values 
predicted by the two models at the corresponding time points. As shown 
in Table 6, the MLP prediction yielded an RMSE of 0.9654 and an R2 

value of 0.7577, indicating adequate prediction accuracy. Although the 
NIR spectra-based PLS model slightly outperformed the MLP, the two 
methods were comparable, and the accuracy of the latter remains 
acceptable (the RMSE was still below 1 %).

The evaluation of Experiment 3 yielded similar results. The moisture 
content from the registered process parameters (summarized in Fig. 8) 
predicted by the MLP was close to the NIR spectra-based prediction, as 
shown in Fig. 9. The prediction performance of the MLP (determined by 
using the MLP as predicted and the spectra-based results as observed 
values) yielded an RMSE of 0.8014 and an R2 value of 0.7179.

Despite the good alignment in most parts of the experiment, a 
notable difference was observed between the MLP and the spectra-based 
results in the first part of the experiment. While the initial suspicion was 
that the issue was due to problems with the MLP model, further exam
ination of the spectra-based prediction revealed high Hotelling T2 or the 
Qresidual values in this interval (shown by an orange area in Fig. 9), 
exceeding the acceptance limit. Given the broad acceptance limits, these 
values suggest that significant differences were present between the 
calibration and the in-line collected spectra. This difference likely 

Fig. 6. The input parameters of the MLP registered during Experiment 2. The 
mill type (oscillating) and the mill sieve size (800 µm) are not presented in the 
figure, as they were constant throughout the experiment.

Fig. 7. Moisture content of the granules during Experiment 2 predicted by MLP 
and the NIR spectra-based model compared to off-line LOD measurements. The 
95 % confidence intervals for the MLP predictions are shown as dashed lines, 
with the upper limit at the 97.5th percentile and the lower limit at the 
2.5th percentile.

Table 6 
The performance of the MLP and the PLS model during Experiment 2. The 
predicted values are compared to off-line reference measurements.

NIR spectra-based PLS model MLP model

RMSE 0.6017 0.9654
R2 0.9176 0.7577
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occurred due to the chute of the conveying feeder not being entirely 
covered by granules, which caused interference in the spectra. Conse
quently, these predictions were considered outliers, indicating that the 
results of the PLS model are unreliable in this period.

This experiment demonstrates the importance of monitoring these 
values and applying acceptance limits, as it enables the detection of 
malfunctions and the identification of unreliable predictions. Further
more, it highlights potential issues that could occur due to sampling 
problems during PAT-based monitoring, where ANN-based soft sensors 
may offer a more reliable alternative. The MLP consistently predicted 
the moisture content accurately throughout the experiment, demon
strating the advantage of applying orthogonal techniques simulta
neously. Its accuracy was confirmed by the off-line LOD validation 
measurements. As shown in Fig. 9, the moisture content predicted by the 

MLP remained close to the off-line LOD measurements even during the 
first interval. The comparison of the two models’ prediction perfor
mance (determined by using LOD measurements as observed values and 
the corresponding predictions as predicted values) also revealed that the 
MLP had higher RMSE (0.5684) and lower R2 (0.8316) values (Table 7). 
This indicates that the MLP model not only worked reliably (the RMSE 
remained below 1 %) but also produced results nearly identical to those 
of the spectra-based method during this experiment, even slightly out
performing it.

These results demonstrate the accuracy and robustness of the MLP 
model, presenting it as a promising alternative to the NIR spectra-based 
method. Due to the rapid computation time of the model, the described 
MLP could be suitable for in-line and real-time monitoring. As it is an 
orthogonal technique, applying it to complement the NIR spectra-based 
monitoring could enhance reliability and robustness. Given the low 
expenses of the method, this increased insight can be achieved without 
any financial challenges, or MLP’s application could even lead to sig
nificant cost reductions if the model were used in place of the expensive 
NIR equipment.

3.2.3. MLP model explanation
The results presented in the previous section clearly show the ad

vantages and potential of ANN-based soft sensors in monitoring 
manufacturing processes by process data. Nevertheless, ANN models are 
often associated with black-box nature, i.e., the relationship between the 
input and output is often obscure. This hinders model trust and poten
tially prevents their widespread application, especially in areas where 
good understanding and transparency are critical, such as in the 
healthcare or pharmaceutical industry (Hulsen, 2023; Rawal et al., 
2022). Therefore SHAP analysis was carried out to make the proposed 
MLP soft sensor technique transparent.

First, the training dataset was evaluated. Fig. 10 summarizes the 
effect of the input features on the model prediction, with each dot 
signifying the SHAP value for a specific input in a distinct training 
sample. The color of the dots indicates the applied input values (the red 
ones indicate high, and the blue ones indicate low input values), while 
the SHAP value shows the impact on the model output relative to the 
baseline prediction (i.e., the intercept, which represents the average 
predicted moisture content of 2.625 %). SHAP values greater than zero 
positively contribute to (i.e., increase) the moisture content, whereas 
those with values below zero have a negative contribution (i.e., decrease 
the moisture content). This means that, e.g., as the high powder mass 
flow values (indicated by red dots) have positive SHAP values, they 
contribute positively to (i.e., increase) the moisture content. Addition
ally, the strength of the effects is also revealed by the absolute SHAP 
values. Higher absolute SHAP values signify a stronger effect, whereas 
values near zero indicate minimal impact. Although each dot corre
sponds to an individual prediction (an individual training sample), their 
summary enables the global evaluation of the importance of the input 
features.

It is evident that the first four parameters with the highest absolute 
SHAP values – dryer temperature (Zones 1-3), dryer airflow (Zones 1-4), 
powder mass flow, and the L/S ratio – play a critical role in determining 
the moisture content. In contrast, other parameters, such as the mill 
type, contribute negligibly to the prediction of the moisture content, 
which aligns with our expectations. As expected, mass flow and the L/S 
ratio display a positive effect (meaning that higher values increase 
moisture content), whereas increasing the drying temperature and 

Fig. 8. The input parameters of the MLP registered during Experiment 3. The 
mill type (oscillating) and the mill sieve size (800 µm) are not presented in the 
figure, as they were constant throughout the experiment.

Fig. 9. Moisture content of the granules during Experiment 3 predicted by the 
MLP, with 95 % confidence intervals represented by dashed lines (upper limit: 
97.5th percentile; lower limit: 2.5th percentile). The predictions are compared to 
the NIR spectra-based model and off-line LOD measurements. Orange-shaded 
areas mark instances where the Hotelling T² or Qresidual values of the NIR 
spectra-based prediction exceed the acceptance limits.

Table 7 
The performance of the MLP and the PLS model during Experiment 3. The 
predicted values are compared to off-line reference measurements.

NIR spectra-based PLS model MLP model

RMSE 0.5914 0.5684
R2 0.8316 0.8492
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airflow rate decreases the moisture content. These findings are consis
tent with our physical knowledge as well as a previous study (Domokos 
et al., 2021) investigating the same system, where variance analysis 
(ANOVA) identified the same parameters as significant.

An important additional advantage of SHAP analysis is that it not 
only identifies the most influential input features but also enables the 
individual evaluation of each time point of the prediction. Thereby, the 
SHAP values were calculated for each time point during the prediction of 
Experiments 2 and 3, mapping the contribution – i.e., the importance – 
of the input features in creating the obtained output. The results of the 
SHAP analysis for Experiments 2 and 3 are illustrated in Figs. 11 and 12, 
respectively. It should be noted that since the SHAP analysis was per
formed using the initial input data, the comparison was made against the 
raw predictions prior to smoothing to ensure consistency. Therefore, the 
upper part of Figs. 11 and 12 differ slightly from the smoothed 

predictions illustrated in Figs. 7 and 9.
The bottom panels of Figs. 11 and 12 illustrate the contributions (i.e., 

the SHAP values) of the input parameter to the predictions at each time 
point. As described earlier, the sign of the SHAP value (whether the 
value is negative or positive) indicates if it contributed positively or 
negatively to the moisture content at each moment, while its absolute 
value represents the strength of the correlation.

The results of the SHAP analysis of Experiments 2 and 3 aligned well 
with the analysis of the training dataset. As expected, the moisture 
content was mainly determined by the dryer temperature, dryer airflow, 
powder mass flow, and the L/S ratio – the same parameters that were 
found influential during the analysis of the training dataset. The changes 
in SHAP values correspond to the changes in the input parameters 
illustrated in Figs. 6 and 8, and the parameters that were constant during 
the experiments (the mill type and mill sieve size) had the same 
(negligible) influence throughout the whole experiment.

These results highlight that an ANN-based model can become a 
transparent soft sensor by using appropriate explanation techniques, 
mapping real, physical knowledge. Our study also showed that SHAP 
analysis is suitable for both identifying the most influential input pa
rameters and providing local evaluation by enabling the individual 
investigation of each time point in the prediction. Therefore, it can be 
explored which parameters influenced the moisture content and how 
they did so at any given moment, providing an important insight into the 
process. This represents a significant advantage over the NIR spectra- 
based PLS method, where the underlying causes of changes in the pre
dicted moisture content are not revealed. Thus, applying the MLP model 
complemented with the SHAP analysis could lead to enhanced process 
understanding, which can be crucial in the process development phase 
or in identifying the causes of problems during routine manufacturing.

3.3. The NARX model

3.3.1. Model development
Despite the good results of the MLP, it is important to note that it 

evaluates every data point individually, regardless of their evident 
connection. However, the data points (the moisture content of the 
granules) are sequential, time-series data, and thereby treating them as 
such could result in more accurate predictions. Therefore, we also tested 
an RNN, specifically a NARX model. Fig. 13 illustrates the result of the 

Fig. 10. The summary of the SHAP values of the training dataset. The color of 
the dots indicates the applied input values (the red ones indicate high, and the 
blue ones indicate low input values), while the SHAP value shows the impact on 
the model output (values greater than zero positively contribute to the moisture 
content, whereas those with values below zero have a negative contribution). 
The higher absolute SHAP values signify a stronger effect, whereas values near 
zero indicate minimal impact.

Fig. 11. The top panel shows the moisture content of the granules during Experiment 2 predicted by the MLP model and the NIR spectra-based model compared to 
off-line LOD measurements. The 95 % confidence intervals for the MLP predictions are shown as dashed lines. The bottom panel presents the results of the SHAP 
analysis, illustrating the contribution of each parameter to the MLP predictions.
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training of the NARX model (for which Experiments 4 and 5 were used), 
comparing the measured and the predicted moisture contents. Similarly 
to the MLP, the NARX model predicted a future moisture content. Thus, 
the NARX predictions were also offset with the residence time of the 
continuous line (in this case, 70 s) to align it with the results of the NIR 
spectra-based PLS model and the off-line LOD measurements. Further
more, it should be emphasized that although the results of the off-line 
LOD measurements are also included in the figure as red dots, these 
measurements were only used to confirm further that the NIR model was 
accurate. The training of the model was carried out using the results of 
the NIR measurements (the sequential data) as the measured moisture 
content, which the NARX aimed to predict. Thereby, although a good 
alignment can be observed between the NIR and the off-line LOD mea
surement, an initial, additional source of error was brought into the 
NARX model due to the small inaccuracies of the NIR model.

The RMSE of the training was 0.3474, while the R2 was 0.8299. 
Although small differences can be observed and the MLP had slightly 

better results (Table 5), the training was deemed successful, as the RMSE 
was still well below 1 %, and the main trends were identifiable. 
Therefore, the NARX model was applied to predict the moisture content 
during Experiment 6.

3.3.2. Model application
The recorded process parameters during Experiment 6 are presented 

in Fig. 14, while the moisture content prediction of the NARX is illus
trated in Fig. 15.

Similarly to the previous experiments, the results of the NARX and 
the NIR spectra-based method aligned well, exhibiting the same trends. 
The comparison of the two results (calculated by using NARX as pre
dicted and the NIR as observed values) yielded an RMSE of 0.5907 and 
an R2 value of 0.8299, indicating a high degree of similarity. Table 8
illustrates that the evaluation of the NARX compared to the off-line LOD 
measurements also provided good results (an RMSE below 1 %), indi
cating that the application of the NARX model is also a viable alternative 

Fig. 12. The top panel shows the moisture content of the granules during Experiment 3 predicted by the MLP model and the NIR spectra-based model compared to 
off-line LOD measurements. The 95 % confidence intervals for the MLP predictions are shown as dashed lines. The bottom panel presents the results of the SHAP 
analysis, illustrating the contribution of each parameter to the MLP predictions. The higher values increase the moisture content, while the lower ones decrease it.

Fig. 13. The result of the training of the NARX model carried out using Experiments 4 and 5. The measured moisture content detected by the NIR spectra-based 
model is illustrated in red, while the one predicted by the NARX is marked in blue. The results of the LOD measurements are also shown by red dots, but these 
values were not utilized in the training of the NARX model.

P. Záhonyi et al.                                                                                                                                                                                                                                European Journal of Pharmaceutical Sciences 212 (2025) 107173 

11 



for moisture content detection.
However, it should be noted that although the utilized dataset 

(comprising 2660 data points) was significantly larger than the one used 
for the MLP model (containing 108 data points), it is still considered 
relatively small for a NARX model. NARX models generally require more 
data due to the data’s sequential nature and temporal dependencies, 
and, thereby, the more complex learning process. Moreover, the 2660 
data points only correspond to 12 individual experiment settings, indi
cating that not all the possible process parameter combinations were 

investigated. Another difficulty is that the target of the training data (the 
moisture content in the training dataset) was determined by the NIR 
measurement, indicating that any inaccuracies in the NIR spectra-based 
model also affected heavily the NARX model. Therefore, it is reasonable 
to assume that the model could be further enhanced, and the small 
inaccuracies could be reduced by expanding the size of the training data. 
Nevertheless, the prediction of the NARX was adequate despite these 
issues, and the moisture content was accurately predicted even in cases 
where a new process parameter combination was applied, highlighting 
the potential of the model.

Despite its strong predictive performance, SHAP analysis was not 
performed on the NARX model due to the recursive structure and tem
poral dependencies of NARX, which make direct SHAP application 
challenging. While explainable time-series models exist (Honti et al., 
2024; Zhao et al., 2023), and even SHAP-based approaches have been 
adapted for such cases (Villani et al., 2022), their implementation was 
beyond the scope of this study, where explainability efforts were focused 
on the MLP model.

While the comparison between the MLP and NARX models is limited 
as they were developed for slightly modified systems and, thereby, could 
not be used to evaluate the same experiments, both models seem to be 
accurate and reliable. Contrary to our expectations, it cannot be 
concluded that the NARX outperformed the MLP. The similarity of the 
performance of the two models could be explained by the small degree 
of remixing observed in the system, which reduced the importance of the 
time-series approach. This assumption is also supported by the fact that 
the optimization of the NARX yielded low FD and ID values, indicating 
the lack of long-term effects in the system. This demonstrates that 
despite not taking into consideration the time-series nature of the data, 
the MLPs could yield similar or even better results than NARX. Never
theless, in other processes where remixing is more relevant, it could be 
advantageous to apply an RNN approach.

4. Conclusions

This study highlights the potential of the application of explainable 
ANNs as data-driven soft sensors relying on automatically collected 
process data in pharmaceutical manufacturing. Two ANNs, an MLP and 
a NARX, were developed to estimate the moisture content, an important 
CQA, after a continuous, integrated granulation-based process solely 
from the applied process parameters without any direct (process 
analytical) measurement. The prediction performance of both models 
was comparable to the initially used NIR spectra-based PLS method, and 
the moisture content could be determined with an RMSE below 1 % with 
both models. This indicates that both models were suitable for in-line 
and real-time monitoring. During one experiment, the MLP even out
performed the NIR model, highlighting its robustness and reliability. 
Moreover, this instance further demonstrated the importance of the 
simultaneous application of orthogonal techniques that are not affected 
by the same issues.

Finally, the SHAP analysis of the MLP model was also carried out, 
making the model transparent and the predictions explainable. The most 
influential process parameters (model inputs) were identified, and their 
effect on the prediction at each time point was revealed. This not only 
leads to increased process understanding but also provides insight into 
the reasons behind any changes, posing a notable advantage against 
traditional, e.g. NIR spectroscopy-based analytical methods.

This study demonstrates that applying explainable ANN as a data- 
driven soft sensor is a promising, cost-efficient alternative to conven
tional monitoring methods. The proposed methodology could comple
ment the previously applied NIR spectroscopy as an orthogonal 
technique to increase robustness and confidence in the predictions and 
enhance process understanding.

Fig. 14. The input parameters of the ANN registered during Experiment 6. The 
mill type (oscillating) and the mill sieve size (800 µm) are not presented in the 
figure, as they were constant throughout the experiment.

Fig. 15. Moisture content of the granules during Experiment 6 predicted by the 
NARX model (illustrated in black) and the NIR spectra-based model (illustrated 
in blue) compared to the off-line LOD measurements (indicated by red marks).

Table 8 
The performance of the NARX and the PLS model during Experiment 6. The 
predicted values are compared to off-line reference measurements.

NIR spectra-based PLS model NARX model

RMSE 0.4798 0.8099
R2 0.9125 0.8127

P. Záhonyi et al.                                                                                                                                                                                                                                European Journal of Pharmaceutical Sciences 212 (2025) 107173 

12 



CRediT authorship contribution statement
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BME-313 New National Excellence Program of the Ministry for Culture 
and Innovation from the source of the National Research, Development 
and Innovation Fund. Project no. TKP-9-8/PALY-2021 has been imple
mented with the support provided by the Ministry of Culture and 
Innovation of Hungary from the National Research, Development and 
Innovation Fund, financed under the TKP2021-EGA funding scheme. 
The scientific research publicized in this article was reached with the 
sponsorship of Gedeon Richter Talentum Foundation in framework of 
Gedeon Richter Excellence PhD Scholarship of Gedeon Richter.

Supplementary materials

Supplementary material associated with this article can be found, in 
the online version, at doi:10.1016/j.ejps.2025.107173.

Data availability

Data will be made available on request.

References

Agatonovic-Kustrin, S., Beresford, R., 2000. Basic concepts of artificial neural network 
(ANN) modeling and its application in pharmaceutical research. J. Pharm. Biomed. 
Anal. 22, 717–727. https://doi.org/10.1016/S0731-7085(99)00272-1.

Arden, N.S., Fisher, A.C., Tyner, K., Yu, L.X., Lee, S.L., Kopcha, M., 2021. Industry 4.0 for 
pharmaceutical manufacturing: preparing for the smart factories of the future. Int. J. 
Pharm. 602, 120554. https://doi.org/10.1016/j.ijpharm.2021.120554.

Barenji, R.V., Akdag, Y., Yet, B., Oner, L., 2019. Cyber-physical-based PAT (CPbPAT) 
framework for Pharma 4.0. Int. J. Pharm. 567, 118445. https://doi.org/10.1016/j. 
ijpharm.2019.06.036.
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