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ABSTRACT

Roller compaction is widely used in pharmaceutical manufacturing to improve powder flowability
and enable robust tablet production. Although often treated as producing a homogeneous granule
population, ribbons may undergo splitting during compaction, generating structurally distinct gran-
ules that affect downstream tableting. This study investigates the impact of ribbon splitting on
tablet critical quality attributes (CQAs) for 10% and 20% acetaminophen (APAP) formulations. Re-
duced-order models (ROMs) proposed by Bachawala et al. [1] were applied to predict tablet den-
sity, elastic recovery, tensile strength, and tablet weight under split and non-split conditions. Alt-
hough ribbon splitting alters the granule size distribution (GSD) and ribbon density, tablet CQAs
such as tensile strength, elastic recovery, and tablet density are accurately predicted by the ex-
isting ROM framework, provided that GSD and ribbon density are known. In contrast, tablet weight
predictions deteriorate when split and non-split data are combined, reflecting the sensitivity of die
filling to granule packing changes induced by splitting. Separating the datasets improves weight
prediction for non-split granules, while split granules remain challenging to model. A multitask
Gaussian Process regression model is further used to analyze splitting as a process disturbance,
highlighting the need for extended or data-driven approaches to accurately predict tablet weight
under split conditions.
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INTRODUCTION

Roller compaction followed by milling is widely used
in pharmaceutical manufacturing to enhance powder
flowability and ensure robust tablet production, where
powders are first consolidated into ribbons and then
milled into granules. Although often treated as producing
a single homogeneous ribbon/granule population, several
studies have shown that ribbons exhibit spatial hetero-
geneity in solid fraction and stress state and may un-
dergo distinct failure modes, such as longitudinal or
transverse splitting upon exiting the rolls, leading to ma-
terially different structures entering downstream pro-
cesses such as tableting [2], [3], [4], [5], [6].

https://doi.org/10.69997/sct.177467

In particular, Shahab et al. [6] demonstrated that
ribbon splitting originates during the roller compaction
stage as the ribbon exits the rolls. They attributed this
behavior to non-uniform stress and density distributions
across the ribbon thickness, coupled with differential
elastic recovery, which generate tensile stresses ex-
ceeding the fracture strength of the compacted material.
As a result, two physically distinct ribbon states may be
produced under otherwise similar operating conditions:
intact (non-split) ribbons and ribbons that undergo longi-
tudinal splitting. These structural differences are subse-
quently inherited by the granules formed during milling,
leading to variations in granule morphology and packing
characteristics [7], [8], [9]. While Shahab et al. identified

Syst Control Trans 5:742-750 (2026) 742


https://doi.org/10.69997/sct.177467
mailto:marcial-gonzalez@purdue.edu

and characterized split and non-split ribbons based on
their fracture behavior at the roll exit during roller com-
paction, prior studies have not assessed whether ribbon
splitting itself selectively influences tablet properties
such as tablet weight, tablet density, or tensile strength.

Bachawala et al. [1] developed a reduced-order
mechanistic framework linking granule size distribution,
packing fraction, ribbon density, and compaction behav-
ior to predict tablet critical quality attributes (CQAS), in-
cluding density, tensile strength, and weight, demon-
strating strong predictive capability across process con-
ditions. However, the model assumes that ribbons are
fully characterized by density and size distribution, with-
out explicitly accounting for ribbon formation pathways
or splitting behavior.

From a manufacturing standpoint, this assumption
may be limiting, as ribbon splitting modifies the internal
structure and effective packing of granules, potentially
influencing die filling and mass deposition during tablet-
ing. As a result, some tablet properties may be sensitive
to splitting, while others may remain unaffected.

The objective of this work is to examine the extent
to which ribbon splitting influences tablet properties,
specifically tablet weight, tablet density, and tensile
strength, in order to identify which critical quality attrib-
utes are sensitive to splitting phenomena. Furthermore,
building on the reduced-order modeling framework pro-
posed by Bachawala et al. [1], this study evaluates the
applicability and robustness of the existing models under
split and non-split ribbon conditions, and assesses
whether additional data-driven approaches, such as ma-
chine learning, are required to accurately predict tablet
properties in cases where the reduced-order models are
insufficient.

MATERIALS AND METHODS

Preparation and Characterization of Granules

Granules were produced using an Alexanderwerk
WP120 roller compactor from two formulations: (i) 90%
w/w microcrystalline cellulose (MCC; Avicel PH-102, In-
ternational N&H USA, Inc.) with 10% w/w acetaminophen
(APAP; Grade 0048, Mallinckrodt Pharmaceuticals), and
(ii) 80% w/w Avicel PH-102 with 20% w/w APAP. Powder
blends (3 kg) were prepared in a 5-L tote blender and
pre-mixed for 30 min, then fed by a Coperion Ktron
feeder into a Gericke GCM-250 continuous blender op-
erating at 150 rpm before conveyance to the roller com-
pactor. No lubricants or glidants were added.

The experimental campaign followed Shahab et al.
[6]1, where roll gap, roll pressure, and roll speed were var-
ied while screw feed speed was adjusted to achieve tar-
get set points. A three-level Box-Behnken design of ex-
periments was employed to reduce experimental runs
while enabling robust analysis [2], [3]. Thirty-two granule
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batches (sixteen per formulation) were produced by var-
ying hydraulic pressure (30-90 bar), roll gap (1.4-2.4
mm), and roll speed (3.5-5.5 rpm). Ribbons were milled
using the integrated two-stage hammer mill with 2.5 and
1.25 mm screens. Ribbon density was measured using a
GeoPyc 1360 pycnometer, while granule samples col-
lected at the compactor outlet were analyzed for GSD us-
ing a Canty SolidSizer and used for tablet production on
a rotary tablet press. The measured GSD was modeled
using a bimodal Weibull distribution.

P(X) =« [il (%)kl_le_(%)kl

1

x

+(1-0a) [fl_z (i)kz_le_(z)kz]

M
where a denotes the fraction of the small mode and
(A4 ky) and (4,7 k,) are the scale and shape parameters of
the small and large modes, respectively. The mean gran-
ule size is then calculated as a weighted average of the
mean sizes of each mode (ugsp = au; + (1 — a)u,) with
= 4TQA + 1/ky), py = 2,7 + 1/k,), and I'(-) denotes the
gamma function.

Preparation and Characterization of Tablets

Granules were tableted on a Natoli NP-400 rotary
press using doubly convex D-type tooling, producing
thirty two tablet batches. The dosing position and pre-
compression thickness were fixed at 9 mm and 6 mm, re-
spectively, with a feeder speed of 35 rpm. The main com-
pression thickness was varied between 2.5 and 3.5 mm,
while the turret speed was adjusted from 15 to 20 rpm.
After manufacturing, tablets were stored in Ziploc bags
for 24 h to allow elastic relaxation and were then tested
using a SOTAX AT4 tablet tester to measure tablet
weight, tensile strength, tablet density, and elastic recov-
ery following the work of [1]. The tablet volumes at dif-
ferent compaction stages [10] are determined from tablet
geometry following [1], where /il tin-die gnd lablet repre-
sent the fill depth, in-die thickness, and final tablet thick-
ness, respectively, and k is the punch cup depth. Using
the tablet weight and true density, the in-die and final
tablet relative densities are then calculated. Tablet ten-
sile strength is obtained from the measured crushing
force F using Pitt’s model as recommended by Razavi et
al. [11], with the full expression available in the cited liter-
ature [1]. It is worth mentioning that many of these quan-
tities are not available online during manufacturing, moti-
vating the need for predictive reduced-order models to
estimate Critical Material Attributes (CMAs) and CQAs for
process monitoring and control.

Tableting Reduced-Order Models

Mechanistic and semi-mechanistic reduced-order
models (ROMs) provide a practical balance between
physical interpretability and computational simplicity, en-
abling their use in process design, optimization, and con-
trol of pharmaceutical tableting [12], [13]. The ROM
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framework describes die filling, compaction, unloading,
and ejection using physically based equations that link
material and process variables to tablet CQAs [1]. The
ROM framework was employed by Bachawala et al. [1],
[14] to establish a quantitative link between dry granula-
tion and the downstream tableting process. The mathe-
matical expressions for die-filling efficacy coefficient
(n), the elastic recovery (¢,), the tablet density (pebk!),
and the Leunberger’s tablet tensile strength (o,) are listed
below:

w

n=r (2)
_ pin—die_o n
= €°< 1-pc ) (3)
ptablet — pin—die(l _ ep) (4)
_ptable able:
c,0¢

Here, p, is the bulk density of the powder blend. The
parameter ¢, represents the elastic recovery at full com-
paction (zero porosity), p. . is the minimum in-die relative
density at which elastic recovery begins, and n accounts
for the nonlinearity of this behavior. Tablet tensile
strength g, depends on the tablet relative density after
elastic recovery p;qpe:, the maximum tensile strength at
full densification o,, and the critical relative density p.,
required for forming a mechanically stable tablet.

Model Selection and Parameter Estimation

Bachawala et al. [1] developed a reduced-order
modeling (ROM) framework that propagates dry granula-
tion attributes—ribbon density and granule size distribu-
tion—into tableting ROMs using normalized rational func-
tions, with model selection guided by the Akaike Infor-
mation Criterion (AIC). In this work, the same framework
is adopted to evaluate the applicability and robustness of
these ROMs under split and non-split ribbon conditions,
with emphasis on predicting tablet weight, density, and
tensile strength. Upstream CMAs and critical process pa-
rameters (CPPs) are coupled to the tableting ROM pa-
rameters through nonlinear mappings of normalized var-
iables, X = ((x — Ib)/(ub — x))r", where Ib and ub are varia-
ble bounds and ry accounts for nonlinear effects. Each
ROM parameter f is expressed as a bivariate rational
function,

P1XY+poX+p3Y+py
f&.Y) = QXY +@X+q3Y+1 (6)
with parameter set 6 = py, p2, P3> Pa» Q1> G2 Q3> s Py €S-
timated from experimental data. Model complexity is
controlled by progressively simplifying the rational func-
tion to form a library of candidate models, with selection
based on:

AIC =n n2E 4 2Np 7)
n
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where n is the number of data points, SSE the sum
of squared errors, and N, the number of parameters. The
lower the AIC values, the better the model. The optimal
model structure m and its parameters 6 are given by:

— 3 1 i n irgm i\2 m

m,0 = arg min [nln(; erry{élgm(zizl(M (6™ — E') ))] + 2N}
(8)

Here, M'(6™) denotes the model prediction, E' the
experimental value, n the number of data points, N;* the
number of parameters, and D,, the feasible parameter
space. Parameter estimation is carried out using
MATLAB's genetic algorithm, followed by fmincon and
GlobalSearch, to reduce sensitivity to initial guesses
and improve convergence to the global optimum.

Although the 10% APAP formulation matches that of
Bachawala et al. [1], parameters are re-estimated here
because a different MCC 102 manufacturer was used,
and all ribbon density and GSD data were measured ex-
perimentally, rather than predicted by machine learning
models as in Huang et al. [15]. Moreover, the tablets pro-
duced in this study exhibit higher densities compared to
those reported in the authors’ work.

Machine Learning framework

Gaussian Process (GP) regression is a Bayesian
nonparametric method for modeling nonlinear input-out-
put relationships with uncertainty quantification. A GP
defines a prior over latent functions f(x)~
GP(m(x),k(x,x)), where m(x) is the mean function and
k(x, x") the covariance kernel, and observations are mod-
eled as y = f(x) + ¢, with ¢ ~ N(0, 02). Given training data,
posterior predictions yield analytical expressions for both
predictive means and variances, with hyperparameters
learned by maximizing the marginal likelihood.

To jointly model correlated tablet properties, multi-
task Gaussian Process regression (MT-GPR) was imple-
mented using the Intrinsic Coregionalization Model (ICM),
where the joint covariance between outputs ¢t and t'at in-
puts x and x’ is defined as K((x,t),(x',t")) = kggra(x, X) -
B, ,, where ky,, captures input-space similarity, while B is
a low-rank coregionalization matrix that encodes inter-
task correlations, enabling information sharing across
outputs while preserving task-specific variability. The in-
put kernel was specified as an additive combination of a
linear kernel and a Matérn kernel with automatic rele-
vance determination to capture both global trends and
smooth nonlinear effects. Task-specific observation
noise was modeled using a multitask Gaussian likelihood
with weakly informative priors, with continuous inputs
standardized prior to training and binary indicators left
unscaled. This multitask formulation enables coherent
joint inference and uncertainty propagation across tablet
properties, which is essential for analyzing process dis-
turbances affecting multiple CQAs simultaneously.
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Figure 1: The top row corresponds to the 10% APAP formulation and the bottom row to the 20% APAP formulation,
(a), (c) goodness of the tablet density prediction, and (b), (d) prediction of the tablet density model.
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RESULTS AND DISCUSSION

Impact of Splitting on Granule Size
Distribution and Ribbon Density

Ribbon splitting during roller compaction produces
structurally weakened ribbons with internal cracks, re-
sulting in reduced effective ribbon density. These de-
fects promote enhanced fragmentation during milling,
shifting the granule size distribution toward finer parti-
cles and increasing fines content. In contrast, non-split
ribbons retain higher structural integrity and generate
coarser, more stable granule populations. Similar rela-
tionships between ribbon failure modes, granule size out-
comes, and ribbon mechanical integrity have been re-
ported in prior studies on roller compaction and ribbon
fracture behavior [6].

Rational Function-Based Approach for
Integrating Dry Granulation with Tableting

Ferdoush et al. / LAPSE:2026.0294
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In this section, the framework of the previous sec-
tion is used to integrate dry granulation with tableting as
demonstrated by Bachawala et al [1]. The ROMs for tablet
weight, tablet density, elastic recovery, and tablet tensile
strength are presented sequentially. The best-perform-
ing models proposed by Bachawala et al. [1] have been
adopted for parameter estimation and analysis of the re-
sults.

Elastic recovery and tablet density

Ribbon relative density p"?°" and mean granule size
uCsP are selected as the two upstream CMAs governing
the coupling between unit operations. Their normalized
forms are defined as:

_ pribbon_pc!rib rx _ uGsp ry
_< 1—pribbon ) ! - (D/G—MGSD) (9)
The ROM parameters for the elastic recovery
model (equation (3)) are expressed as
_ D1XY+pX+p, —
€ = QXY+ X+1" Pee = Pa (10)
745



For the best model, ry =ry =1 in Equation (9). Parame-
ters were estimated simultaneously for split and non-split
data as described previously.

Figure 1 summarizes the results for both formula-
tions. The tablet density model yields R?> = 0.87 for 10%
APAP (Figure 1(a)) and a lower R? = 0.46 for 20% APAP
(Figure 1(c)), attributed to the limited range of measured
densities, which could be improved by expanding the ex-
perimental space. The relationship between tablet den-
sity and in-die density is shown in Figures 1(b) and 1(d).

Ribbon splitting reduces effective ribbon density
and shifts the GSD toward finer particles. Since ribbon
density and granule size are included as model inputs,
the ROMs of Bachawala et al. capture trends accurately
for both split and non-split conditions for 10% APAP for-
mulations.

In Equation (3), the fitted exponent nis 1.20 for the
10% APAP formulation and 1.003 for the 20% APAP for-
mulation. For Equation (10), the estimated parameters for
10% APAP are p, =4.39,p, =4.72,p, = 0.201,q, = 28.64,
and g, = 18.64, while for 20% APAP they are p, = 2.44,p, =
5.67, p, = 0.423,q; = 14.45, and q, = 37.19. In Equation (10),
Pec = D4 IS estimated as 0.336 for 10% APAP and 0.673
for 20% APAP.

Tablet tensile strength

Nordstrom et al [16] showed that tablet tensile
strength depends on the coupled effects of particle size
ratio and the fraction of large particles rather than mean
granule size, whereas most earlier studies focused on
monodisperse or narrowly sieved granules, reporting ei-
ther stronger tablets for smaller granules [17] or no sig-
nificant effect of granule size on tensile strength [18].
Hence, Bachawala et al. expanded the model library to
include dependence on ribbon density p'?b°" and packing
fraction ¢ through the normalized variables

X = Pribbcn_Pc,rib x 7 = P—Pmin z
h 1—pribbon T dmax— ¢

(12)

The ROM parameters for the tensile strength model
(equation (5)) are expressed as
_ P1XZ+DoX+p3Z+ps
G XZ+qX+q3Z+1 "
Parameter estimation results are reported in Table 1, with
predictions shown in Figure 2 and 3 for both 10% and
20% formulations. The ROMs exhibit excellent predictive
performance for both formulations (R? ~ 0.99). Although
ribbon splitting modifies the GSD and consequently influ-
ences the packing fraction, this effect is inherently ac-
counted for in the tensile strength model through the in-
clusion of packing fraction as an input, enabling the ROMs
to accurately capture the experimental trends.

o _ P1XZ+DoX+p3Z+ps
GOt g XZ+qaX+q3Z+1

(13)

0
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Table 1: Estimated parameters for the tensile strength

models are listed below.

Equations Parameters Parameters
10% APAP 20% APAP
Equation 12 ry = 3.21 ry = 9.98
r; = 0.05 rz = 5.72
p: = 215.07 MPa p; = 1.28 MPa
p, = 71.86 MPa p, = 345.79 MPa
Equation 13 p; = 59.51 MPa p; = 0.34 MPa
o ps = 0.08 MPa ps = 422.84 MPa
q, = 0.04 q, = 6.54e — 04
q, = 15.66 q, = 145.89
q; = 534 q; = 0.09
p, = 326.06 MPa p, = 0.07 MPa
p, = 0.004 MPa p, = 166.87 MPa
Equation 13 P3 = 6.79 MPa p; = 0.003 MPa
ps = 891le—05MPa  p, = 0.997 MPa
Peai q = 336.12 q, = 0.08
q, = 19.19 q, = 235.86
q; = 6.99 g; = 0.005
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Tablet weight

For tablet weight, coupling is introduced through
the packing fraction ¢, determined from:

W =np, VI = (X, Y)otruelrivbonV fin (14)
The packing fraction is modeled using a simplified
rational function:

qX+1 (15)

$X.Y) = ps GQXY+q,X+1

wWithX=(1-a)*(1 -3/, andyY = a.

Here, u,/u, is the size ratio of the bimodal distribution.
This formulation is motivated by the analytical expression
proposed by Brouwers and co-workers for the packing
fraction of bimodal hard spheres, which relates packing
efficiency to the size ratio and composition of the mixture
[19], [20].
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Parameter estimation was performed using com-
bined split and non-split data, and the tablet weight
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model showed limited accuracy with R? ~ 0.6. Although
the tablet weight model depends on packing fraction ¢
and ribbon density p, ribbon splitting alters granule
shape, surface roughness, porosity, and cohesion, which
modify die filling dynamics and effective fill efficiency in
ways not fully captured by these two inputs, leading to
lower accuracy in weight prediction [14], [21], [22].

The datasets were therefore separated, and param-
eters were estimated independently for split and non-
split granules. For the non-split 10% APAP formulation,
tablet weight prediction improves markedly (R2 = 0.82,
Figure 3), and the contour plot (Figure 4) reproduces the
trend reported by Bachawala et al, with a maximum pack-
ing fraction at a = 0.7 and increasing packing fraction
with decreasing u4/u2 for 0.6 < a < 0.9. By contrast, pre-
dictions for split granules show lower accuracy (R? =
0.552) and are not shown here, indicating that the current
tablet weight model does not adequately capture split
behavior and may require modification or alternative ap-
proaches such as machine learning. For the 20% APAP
formulation, limited non-split data prevented separation,
resulting in lower prediction accuracy (R? = 0.616, Figure
5) as the model is dominated by split conditions.

The estimated parameters (Equation (15)) for the
10% APAP formulation are p, = 0.48,q; = —1.23, and ¢, =
0.32. For the 20% APAP formulation, the corresponding
parameters are p, = 0.63,q, = —0.10, and g, = 999.99. The
value of p, s, Was kept constant at 0.566, and the values
of dnin @aNd ¢,,4c Were set to 0.367 and 0.75, respectively.
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Figure 5. Goodness of prediction for tablet weight (both
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Impact of Splitting on Tablet Properties

To quantify the impact of splitting on tablet proper-
ties, a multitask Gaussian Process Regression (MT-GPR)
model was implemented to simultaneously predict four
CQAs: tablet weight (W), elastic recovery (ER), relative
density (RD), and tensile strength (TS). The multitask

Syst Control Trans 5:742-750 (2026) 747



formulation exploits correlations among outputs, improv-
ing robustness relative to independent single-output
models. The covariance kernel was defined as an addi-
tive combination of linear and Matérn (v = 2.5) kernels,
K(x,x") = Kijnear + Knmaterns €Nabling the capture of both lin-
ear trends and smooth nonlinear dependencies in pro-
cess variables (e.g., roll gap, pressure, and speed). Auto-
matic relevance determination (ARD) was employed to
weight input contributions. The model was implemented
in GPyTorch using a multitask Gaussian likelihood, and
hyperparameters were optimized by maximizing the ex-
act marginal log-likelihood with the Adam optimizer
(learning rate 0.03, 2000 iterations). All continuous inputs
and outputs were standardized prior to training to ensure
numerical stability and interpretability.

Table 2: The predictive performance of the MT-GPR
model and independent GP models.

Model RMSE | MAE | NLPD | Coverage
(90%)
Multitask GP | 0.41 0.37 4.4 0.91
Ind. GPs 0.58 0.39 1.21 0.77
3601 [R2=0.71
90% coverage = 0.78
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Figure 6. Goodness of prediction for tablet weight.

The predictive performance of the MT-GPR model
was evaluated against independent GP models using
leave-one-out cross-validation (Table 2), with RMSE,
MAE, negative log predictive density (NLPD), and 90%
predictive interval coverage as metrics. For tablet weight,
the goodness of MT-GPR prediction is shown in Figure 6.
The MT-GPR achieved lower overall RMSE and MAE, in-
dicating improved average accuracy, and demonstrated
superior uncertainty calibration through improved pre-
dictive interval coverage. While independent GPs

Ferdoush et al. / LAPSE:2026.0294
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achieved lower RMSE for tablet weight (0.591), the mul-
titask model provided substantially improved accuracy
for elastic recovery (0.027) and relative density (0.027),
reflecting the inherent trade-off in multitask learning
whereby information sharing benefits noisier outputs at
the cost of modest degradation for dominant responses.
MT-GPR yields coherent joint predictions, and consistent
uncertainty estimates across all tablet properties, which
are not guaranteed with independent models, making it
better suited for multivariate, uncertainty-aware analysis
of coupled process disturbances such as ribbon splitting.

To quantify splitting effects, a binary split indicator
was included, and a counterfactual impact analysis was
performed by predicting tablet properties across the ex-
perimental design under forced control (Split = 0) and
failure (Split = 1) scenarios. The resulting differences
(Figure 7) represent the predicted change in tablet prop-
erties due to splitting. Splitting emerges as a significant
process disturbance, primarily reducing tablet weight
(-3.16 mg = 6.43) and tensile strength (-0.49 MPa * 0.8).
The large variability indicates strong interactions be-
tween splitting and roll conditions, localizing quality risk
within specific regions of the design space. Splitting is
associated with over-compaction or high elastic recovery
in the nip region, producing structurally compromised,
work-hardened ribbons that generate finer, bimodal
GSDs during milling. Elevated fines degrade hopper flow
and die filling consistency, reducing tablet weight and in-
creasing variability, while reduced deformability and
bonding area lead to lower tensile strength.

Weight (mg) 1

Elastic Recovery

Rel. Density

Critical Quality Attributes (CQAs)

Tensile Strength (MPa)

25 20 -5 -10 -5 0 5 10 15
A Change in Property (Split Condition - Baseline Condition)
Figure 7. Impact of splitting on tablet properties using
counterfactual impact analysis.

CONCLUSION

Ribbon splitting was investigated as a process dis-
turbance in dry granulation and its impact on downstream
tablet CQAs was quantified using reduced-order and ma-
chine-learning models. Although ribbon splitting alters
the granule size distribution (GSD) and ribbon density,
tablet CQAs such as tensile strength, elastic recovery,
and tablet density are accurately predicted by the
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existing ROM framework, provided that GSD and ribbon
density are known. In contrast, tablet weight is strongly
affected by splitting due to changes in granule packing
and die filling. Separating split and non-split data im-
proves weight prediction for non-split ribbons, but split
granules remain challenging to model mechanistically.
These findings highlight the need for extended or data-
driven approaches to ensure robust tablet weight predic-
tion under splitting conditions.
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