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ABSTRACT

Tableting is a dry granulation process for compacting powder blends into tablets. In this process,
a blend of active pharmaceutical ingredients (APIs) and excipients are fed into the hopper of a
rotary tablet press via feeders. Inside the tablet press, rotating feed frame paddle wheels fill pow-
der into dies, with tablet mass adjusted by the lower punch position during the die filling process.
Pre-compression rolls press air out of the die, while main compression rolls apply the force nec-
essary for compacting the powder into tablets. In this paper, process variables such as feeder
screw speeds, feed frame impeller speed, lower punch position during die filling, and punch dis-
tance during main compression have been systematically varied. Corresponding responses, in-
cluding pre-compression force, ejection force, and tablet porosity have been evaluated to opti-
mize the tableting process. After implementing an open platform communications unified archi-
tecture (OPC UA) interface, process variables can be monitored in real-time. To enable in-line
monitoring of tablet porosity, a novel UV/Vis fiber optic probe has been implemented into the ro-
tary tablet press. To further analyze the overall process, a data-driven modeling approach is
adopted. Data-driven modeling is a valuable alternative to modeling real-world processes where,
for instance, first principles modeling is difficult or infeasible. Due to the complex nature of the
powder compaction process, several model classes need to be explored. To begin with, linear
autoregressive models with exogenous inputs (ARX) have been considered. Thereafter, nonlinear
autoregressive models with exogenous inputs (NARX) have been considered. Notably, several ex-
periments have been designed to gather the data required for the development of the model.

Keywords: Modeling, Process control, Process monitoring, Industry 4.0, Big data, powder compaction, Tab-
leting, UV/Vis spectroscopy

INTRODUCTION

The pharmaceutical industry is increasingly striving
for autonomous control of their processes [1]. In this con-
text, process and product data are continuously gener-
ated, evaluated and interpreted in order to assess the
quality of the drug product and to control the corre-
sponding process based on this data. Thereby leading to
improved product quality and reduced costs [2].

Tableting represents a vital process step in the pro-
duction of tablets, the most common dosage form, and is
therefore a particular focus of research [3]. Here, in a ro-
tary tablet press, powder is filled into a die, pressed into
https://doi.org/10.69997/sct.101076
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a tablet by a two-stage compression process of the up-
per and lower punch and then ejected by an upward
movement of the lower punch [4]. These tablet presses
are characterized by a particularly high throughput and
double-sided compression of the tablets.

Traditionally, individual samples are taken after tab-
leting and subsequently evaluated off-line and used to
assess the quality of the entire batch. In order to ensure
real-time data, the implementation of an OPC UA connec-
tion and process analytical technology is crucial. This en-
ables process and product data to be generated in real-
time [5].

Process parameters that influence drug product
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quality, referred to as critical process parameters, are in
particular the feed frame speed when filling the die with
powder, the pre-compression force, the main-compres-
sion force, the compression roll distance and the ejection
force. In order to evaluate these critical process parame-
ters in real-time, an OPC UA interface was implemented.

Spectroscopic methods have proven particularly
valuable for critical quality attribute (CQA) monitoring, as
they are non-destructive, non-invasive and fast [6].
CQAs such as the active pharmaceutical ingredient (API)
content and porosity are particularly important here, as
these have a significant influence on the quality of the
drug product. Near-infrared spectroscopy has proven to
be useful for monitoring the active pharmaceutical ingre-
dient content or porosity [7]. However, simultaneous de-
termination was not possible and the evaluation was car-
ried out by multivariate data analysis. In this work, a com-
paratively new method was used that is based on UV/Vis
diffuse reflectance spectroscopy, measures API content
and porosity simultaneously and can be evaluated uni-
variately. For this purpose, the spectrum is separated into
the ultraviolet and the visible range whereby the ultravi-
olet range is utilized to determine the active pharmaceu-
tical ingredient content and the visible range to deter-
mine the porosity. Therefore, the visible range was trans-
formed into the CIELAB color space.

To further analyze the process, we used the exper-
imental data to develop a mathematical model. Recently,
data-driven modeling has received a great deal of atten-
tion to model real-world applications. Parametric and
nonparametric approaches are prevalent in the literature
[8]. In this work, we are interested in the parametric mod-
eling approach. In the parametric modeling approach, a
model class is chosen a priori. Thereafter, the parameters
are estimated, for instance, by using output-error meth-
ods [8, Chapter 7]. Here, we use nonlinear auto-regres-
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sive with exogeneous inputs (NARX) approach [9] to de-
velop a parametric model for the process. Remarkably,
NARX models have already found several applications in
the literature [10-12]. As the powder compaction process
is a complex process consisting of several subprocesses,
itis challenging to determine a model class. In this regard,
both linear and nonlinear autoregressive models with ex-
ogeneous inputs are considered to model the process. As
is shown, the whole process is modeled as a combination
of linear autoregressive and nonlinear autoregressive
equations. We now summarize the contributions of this
study. We collect experimental data for the powder com-
paction process on a rotary tablet press. We analyze full
factorial experimental designs using multiple linear re-
gression analysis to identify significant factors influenc-
ing product quality. We then combine process parame-
ters with data obtained from a real-time spectroscopy
method based on UV/Vis spectroscopy. To gain further
insights about the relationships among various inputs and
outputs of the process shown in Figure 1, we develop a
parametric model based on the collected experimental
data. This data-driven model of the process is developed
using the NARX modeling approach.

MATERIAL AND METHODS

Materials

The formulation consists of 10 wt% theophylline
monohydrate (Theophylline Monohydrate, Thermo Fisher
Scientific, Waltham, USA) used as the active pharmaceu-
tical ingredient, 0.5 wt% magnesium stearate (Ligamed
MF-2-V, Peter Greven, Bad Minstereifel, Germany) used
as the lubricant and lactose monohydrate (Foremost NF
Lactose 310, Foremost Farms USA, Baraboo, USA) used
as the filler and binder. Accordingly, the lactose content
was changed when the active pharmaceutical ingredient
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content was adjusted to 7 and 13 wt%.

Tableting

The tableting process is carried out on a rotary tab-
let press (102i, Fette Compacting, Schwarzenbek, Ger-
many). The throughput was set to 20,000 tablets per
hour. In a first step, the material is fed into the hopper of
the tablet press via loss-in-weight feeders (KT-20,
Cooperion, Niederlenz, Switzerland). The powder is then
filled into the dies via the feed frame equipped with round
spokes paddle wheels (Fill-O-Matic (FOM), Fette Com-
pacting, Schwarzenbek, Germany). Each die is mounted
on the die table and rotates in a circular motion with the
pairs of punches. The die table then continues to rotate
and pre-compression rolls press air out of the die, fol-
lowed by the actual material compression step via the
main-compression rolls. Finally, the finished tablet is
ejected by an upward movement of the lower punch. A
full-factorial experimental design containing three stages
was developed for the investigations. The active phar-
maceutical ingredient content was varied from 7 to 13
wt\%, the main-compression force from 5 to 15 kN and
the speed of the FOM from 40 to 120 rpm. Here, the re-
sponses were the ejection force, the reflectance value
and the CIELAB color space. Furthermore, another exper-
imental design was performed to investigate the influ-
ence of the powder mass on the pre-compression force
as a possible surrogate parameter for real-time monitor-
ing of the tablet weight. Tablet masses from 280 to 360
mg were set by varying the filling depth. Also, the influ-
ence of the pre-compression punch distance was inves-
tigated.

Critical process parameter monitoring

Real-time monitoring of critical process parameters
requires the implementation of an OPC UA interface. This
guarantees real-time data exchange between the tablet
press and the corresponding server. In this study, the
ejection, pre- and main-compression force were rec-
orded and evaluated using the OPC UA interface.

Critical quality attribute monitoring

In this study, the weight and porosity of the tablets
were determined off-line and additionally supported by
real-time UV/Vis spectroscopy data to capture the dy-
namics of the process.

Off-line determination

Tablet porosity (€) (Eqg. (1)) was determined by cor-
relating the tablet density (p:) derived from geometry and
weight measurements (ST50, Sotax, Aesch, Switzerland)
to the solid density (ps) measured by helium pycnometry

according to European Pharmacopoeia 11 (Chapter
2.9.23):

=(1 -~

e=(1 ps) 100%. (1)
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Real-time UV/Vis spectroscopy

Real-time monitoring of the active pharmaceutical
ingredient content and porosity was carried out using a
UV/Vis diffuse reflectance probe (Inspectro X, ColVisTec,
Berlin, Germany). For this purpose, the probe was imple-
mented in the ejection position of the tablets. Here, the
probe is oriented orthogonally to the tablet side wall
meaning measurements are taken on the tablet side wall.
The distance between the probe and the tablet is set to
4 mm. In this way, radiation from 224 to 820 nm is guided
to the tablet via the six outer glass fibers, where the ra-
diation is absorbed. The reflected light is guided back via
the middle glass fiber and evaluated. In order to keep the
6 in 1 array of glass fiber optics free of particles, an addi-
tional air flow and an extraction system have been imple-
mented. For the measurement, 35 light flashes are emit-
ted per measurement, each lasting 2 ms leading to a
measurement frequency of 1.5 Hz.

For data analysis and evaluation with regard to the
API content, the reflectance (R) was formed on the basis
of the intensity of the reflected light (I) and the emitted
light (lo). In addition, Kubelka-Munk was applied to estab-
lish a correlation between absorption and reflection.
Here, the transformed reflectance (f(R)) is the quotient of
absorption and scattering coefficients (k and s) (Eq. (3)):

R=— (2)

Io

k _ (1-R)?
fR) =% =" (3)

For the assessment, the reflectance intensity in the
UV range, specifically in the wavelength range from 320
to 330 nm, was correlated with the active pharmaceutical
ingredient content.

The porosity was evaluated on the basis of the Vis
range (380 to 780 nm) and the corresponding spectral
information were converted into the CIELAB color space.
This describes the range of visible light for humans via
three values (L*, a* and b*) ordered in a Cartesian coor-
dinate system. From this, the color saturation chroma
(C*) can be determined, which correlates with the sur-
face roughness and in consequence with the porosity.

Multiple linear regression analysis

Multiple linear regression analyses were carried out
using Modde software (MODDE 10, Sartorius, Gottingen,
Germany) at a significance level of a=0.05 to visualize
the effects of the individual factors on the responses.
Therefore, models were developed for each set of fac-
tors (B) and response (Y )(Eqg. 4).

Yr = Bo + B1x1 + B2xz + B 2% X, (4)

The results of the analyses are graphically repre-
sented by contour plots using the developed models.
Here, the factors are on the axes while the response is
represented by the color scale. The centre points were
2600



performed in triplicate.

Data-driven modeling approach

We use nonlinear auto-regressive with exogeneous
inputs (NARX) models to develop a mathematical model
for the considered tabletting process. The NARX formal-
ism contains both model identification and model valida-
tion. Model identification step involves two steps: select-
ing model class, for example, polynomial NARX and pa-
rameter estimation. The identified model is then validated
by using a different dataset. As our process contains mul-
tiple-input, multiple-output (MIMO), we model it using a
MIMO NARX model. Assuming that we have m input vari-
ables and p output variables, the jth output of the NARX
model is given by

Y;(0) = F (U3 (k), ., U (), Yyl = 1), Yk = 1)) +
e;(k), (5)
where
U;(k) = [u]-(k),u]-(k =1, u(k— nu)], i=12,..,m,
Yi(k—1) = [yj(k = 1),..,y;(k—ny)],  j=12,..p.

Here u;(k), y;(k), e;(k) denote, respectively, control input,
process output, and noise terms. Function F; is unknown.
However, as we consider the model class of polynomial
NARX to model the process, F; is an unknown polynomial
function. Finally, the parameters n,,n, represent the
maximum lags for the input and output, respectively.

RESULTS

Experimental results

The experimental results are illustrated as contour
plots in Figure 2. Here, increasing the feed frame speed
during die filling leads to an increase in the amount of ap-
plied shear and the hydrophobic lubricant spreads over
the binder particle surface. Friction between the die,
punch and powder is reduced, resulting in a lower ejec-
tion force [13]. Likewise, an influence of the main-com-
pression force is noted, whereby an increase leads to a
stronger consolidation of the powder and thus to a higher
ejection force. Based on the powder component proper-
ties, a correlation to the ejection force is also evident
here. Furthermore, combinatorial effects can be identi-
fied. Thus, the ejection force can be utilized, taking into
account the associated additional effects, to obtain infor-
mation about the lubrication.

The color saturation chroma (C*), however, only in-
dicates a significant influence of the main-compression
force. Increasing the main-compression force results in
decreased roughness on the surface of the tablet, which
intensifies specular reflection and thus leads to a higher
chroma (C*) value. Moreover, this decreases the volume
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of the tablet and causes an increase in porosity. This
makes the chroma value (C*) particularly suitable for
monitoring porosity.

The reflectance in the range from 320 to 330 nm
serves to monitor the active pharmaceutical ingredient
content. Here, the reflectance value increases with
higher active pharmaceutical ingredient content. The ex-
perimental results provide an additional effect of the
main-compression force as well as combinatorial effects.
Thus, further models need to be developed to fully de-
scribe the process and to enable autonomous control.
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Figure 2. MLR results illustrated as contour plots for
ejection force (e_force, top), chroma value (C-value,
middle), and reflectance value (reflec., bottom).

In the second sub-experiment, the pre-compression
force and the mass of the tablets were examined in rela-
tion to the filling depth and punch distance (Figure 3).
The pre-compression force increases with decreasing
the pre-compression roll distance. Here, more force is re-
quired to compress the same amount of powder into a
smaller volume. In addition, an increased quantity of
powder in the die leads to an increased force required to
compact the powder to the defined height. Combinatorial
effects can also be recognized here. However, the mass
of the tablet only depends on the filling depth as this de-
fines the volume filled with material prior to compression,
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if the time for material filling in the die is sufficient.
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Figure 4. Identification (left) and validation (right) plots
for all the outputs. The blue solid lines indicate the
measured outputs, whereas red solid lines indicate

computed outputs.

We aim to develop a parsimonious model for the
process on the basis of gathered experimental data. Re-
markably, several sets of experiments are performed to
gather the necessary data. These data are then used for
both identification and validation of the developed model.
Total 859 samples of data are collected for various inputs
and outputs mentioned in Figure 1. We split the dataset
as follows: 70% for identification (training) and 30% for
validation (generalization or testing).

We denote all the five input variables by u and all the
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four output variables by y. Furthermore, we denote the
four outputs, namely, pre-compression force, ejection
force, UV-reflectance, Vis-CIE-LAB, respectively, by
Y1, V2, Y3, Va. With this notation in place, using the NARX
approach, we obtain, based on the gathered dataset, the
following model:

y1(k) = aqu(k) + Byu(k — 1) + 0.9425y,(k — 1)

y2(k) = apu(k) + Boulk — 1) + yu?(k) + Su’(k — 1)
+0.9y,(k — 1)

y3(k) = azu(k) + Bzu(k — 1) + 0.9181y3(k — 1)

ya(k) = agu(k) + Bau(k — 1) + yuu®(k) + ,u*(k — 1)
+0.6516y,(k — 1) — 0.0756y,(k — 2)
+0.0012y2(k — 1) + 0.0510y2(k — 2),

(6)
where
a, =[0.0135 —1.7538 — 0.4880 — 0.7282 2.5461]
By =[-0.0129 1.5106 0.4653 0.7258 — 2.3407]
a, =[2.696.91092.7 —74.6 —425.5]
B, =[2.5 —103.7 —1010.1 730 396]
Y2 = [0 —12.5 —190.1 2.4 43.7]
8, =[013.1176 — 2.4 —40.7]
as; =[0.0100 — 0.1067 — 0.7568 0.2428 0.5787]
B3 =[—0.0096 0.1160 0.6993 — 0.2406 — 0.5288]
a, = [—0.0007 — 1.0966 — 6.3087 0.0093 4.5086]
B4 =[0.00110.7916 5.1898 0.0104 — 3.5830]
¥4 = [00.1243 0.8290 0.0010 — 0.3157]
8, =[0 —0.0904 —0.6881 — 0.0010 0.2515].

For the purposes of illustration, both the identifica-
tion and validation plots for all the four outputs are shown
in Figure 4. It can be seen that the computed ones almost
agree with the measured ones both in identification and
validation plots. Thus, the model is generalizable and can
be used for further analysis and control tasks. Moreover,
the performance of the model is evaluated by computing
the relative percentage error between measured and
computed outputs defined as

||Ymeasured — Ycomputed ”

100%.

”ymeasured ”

The relative percentage error for both identification and
validation of all the four outputs are given in Table 1. It
can be seen that the errors are in the acceptable range.
Hence, we conclude that the identified NARX model rep-
resents the process. In the future, we will use this identi-
fied model in real-time control of the process for desired
product properties.
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Table 1: Relative percentage error for id. (identification)
and val. (validation) of various outputs.

Outputs Id. Val.

Pre-compression force 12.23 13.90

Ejection force 3.02 4.39

UV-reflectance 2.32 5.42

Vis-CIE-LAB 1.56 1.86
CONCLUSION

In this study, experimental data were collected for
the powder compaction process on a tablet press. Full
factorial experimental designs were analyzed in terms of
multiple linear regression analysis and significant factors
associated with product quality were identified. Thereby,
process parameters were combined with data from a
real-time spectroscopy method based on UV/Vis spec-
troscopy. These collected data and gained insights from
the process were further utilized in developing a para-
metric data-driven model of the process based on the
NARX modeling approach. An avenue of future research
work would be the application of this developed data-
driven model in real-time control of the process.
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