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A B S T R A C T

Many different formulation strategies have been investigated to oppose suboptimal treatment of long-term or
chronic conditions, one of which are the nano- and microsuspensions prepared as long-acting injectables to
prolong the release of an active pharmaceutical compound for a defined period of time by regulating the size of
particles by milling. Typically, surfactant and/or polymers are added in the dispersion medium of the suspension
during processing for stabilization purposes. However, current formulation investigations with milling are
heavily based on prior expertise and trial-and-error approaches. Various interacting parameters such as the
milling bead size, stabilizer type and concentration have confounded the investigation of milling process. The
present study systematically exploited statistical and machine learning (ML) strategies to understand the rela-
tionship between suspension characteristics and formulation parameters under full-factorial milling experiments.
Stabilizer concentration was identified as a significant factor (p < 0.001) for median suspension diameter (D50).
A formulation stability classification ML model with high prediction accuracy (0.91) and F1-score (0.91) under
10-fold cross-validation was constructed based on 72 formulation datapoints. Model interpretation through
Shapley additive explanations (SHAP) revealed the prominent impact of stabilizer concentration and milling
bead size on formulation stability. The present work demonstrated the potential to achieve a deeper under-
standing of the design and optimization of nano- and microsuspensions through explainable ML modelling on
formulation screening data.

1. Introduction

To overcome suboptimal treatment outcome of long-term or chronic
conditions (e.g., schizophrenia or human immunodeficiency virus (HIV))
and poor patient compliance due to frequent administration, several
formulation strategies have been investigated (Park et al., 2013; Okoli
et al., 2022). Among these, long-acting injectables (LAIs) have clinically
been shown to prolong the release of an active pharmaceutical com-
pound for weeks to months by a single injection. LAIs are based on
different formulation techniques, where aqueous suspensions contain-
ing crystalline drug particles can be engineered to release the active
compound for a predefined plasma-concentration profile, within a safe
therapeutic range, by controlling the sizes of the drug particles (Park
et al., 2013; Owen & Rannard, 2016; Pacchiarotti et al., 2019; Nkanga
et al., 2020; Bao et al., 2021; Okoli et al., 2022; Wilkinson et al., 2022;

Bauer et al., 2023; Holm et al., 2023; Alidori et al., 2024).
The manufacturing of nano- and microsuspensions is often prepared

by the highly efficient wet bead media milling (i.e., top-down size
reduction approach) which reduces the size of larger drug particles into
smaller particles by the friction from mechanical forces generated by
milling beads while suspended in an aqueous stabilizer vehicle (Verma
et al., 2009; Nakach et al., 2014; Mishra et al., 2015; Hagedorn et al.,
2017; Willmann et al., 2022; Guner et al., 2023). However, a common
attribute of disperse systems is the unstable thermodynamics which ul-
timately can affect the long-term stability (Kipp, 2004; Azad et al., 2015;
Nakach et al., 2016; Holm et al., 2023). Nano- and microsuspensions
must therefore be formulated to overcome stability challenges such as
agglomeration or crystal growth by Ostwald ripening. Stabilizers in the
form of surfactants and/or polymers are therefore essential contributors
due to their ability to prevent inter-particle forces by electrostatic
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repulsion and/or steric stabilization (Peltonen&Hirvonen, 2010; Verma
et al., 2011; Nakach et al., 2014; Lestari et al., 2015; Willmann et al.,
2022; Holm et al., 2023). Thus, the selection of stabilizer and adequate
concentration is highly dependent on the specific formulation and the
drug compounds physical–chemical properties with various factors in
mind such as the surfactant adsorption and affinity for the drug particle
surface (Peltonen&Hirvonen, 2010; Nakach et al., 2014). The screening
of proper stabilization compositions for pharmaceutical suspensions is
therefore currently based on a time-consuming trial and error approach
(Peltonen & Hirvonen, 2010) with previous studies emphasizing on the
impact of formulation parameters (e.g., stabilizers) on the physical at-
tributes of the final suspensions (Bitterlich et al., 2015; Ferrar et al.,
2020; Karakucuk & Celebi, 2020; Willmann et al., 2022).

To define the optimal formulation design of pharmaceutical sus-
pensions can be a complex and time-consuming barrier due to the
comprehensive screening of optimal stabilizer composition, but never-
theless crucial for the preparation of a well-functioning LAIs with su-
perior long-term stability. Only few studies in the literature have focused
on the selection of stabilizers for the preparation of nano- and micro-
suspensions to strengthen the formulation design (Choi et al., 2005; Lee
et al., 2008; Van Eerdenbrugh et al., 2009; Nakach et al., 2014; Lestari
et al., 2015). However, most studies placed emphasis on empirical
research relying on experimental screening data or the formulation
characteristics such as the physicochemical properties (Nakach et al.,
2014). For instance, two different studies by Van Eerdenbrugh et al.
2009 and Lestari et al. 2015 performed screening studies on a number of
different structural stabilizers in various concentrations to investigate
the importance of suitable stabilizers with respect to the physical sta-
bility of nanosuspensions. The studies reported some general correla-
tions and showed that a higher stabilization concentration showed
positive stabilization effect during suspension preparation. A study by
Nakach and coworkers (Nakach et al., 2014) instead proposed a stepwise
screening approach based on the compounds physicochemical proper-
ties to select an optimum stabilizing agent. Similarly, George and Ghosh
(2013) proposed key drug properties that had a direct outcome on the
formation of stable nanosuspensions as for instance the degree of hy-
drophobicity investigating in total six different compounds (George &
Ghosh, 2013). Another screening approach was based on the surface
energies between the stabilizers and the drug compound presented by
Choi et al. 2005 and Lee et al. 2008. More recently, a study by Zulbeari
and colleagues (Zulbeari et al., 2024) investigated the correlation be-
tween the surface activity of two different surfactants and obtained
particle size profiles after milling by dual centrifugation to predict a
suitable stabilization concentration based upon short-term stress phys-
ical stability data.

Formulating suspensions provides a complex dataset that is judged
by the formulator to identify the most optimal suspension. Another
interesting formulation optimization approach for suspensions could be
the application of machine learning (ML). The development of ML has in
recent years has advanced pharmaceutics research, including drug dis-
covery and development, for modelling and optimization purposes of
pharmaceutical formulations (Vamathevan et al., 2019; Bannigan et al.,
2021; Wang et al., 2022). For example, Bannigan et al. extracted data
from 29 previous publications and obtained a dataset consisting of 181
drug release profiles, providing ML models to predict the release be-
haviors of LAIs (Bannigan et al., 2023). However, many critical aspects
in formulation design, such as drug compound compatibility and storage
stability, were not fully investigated using ML, since the limited avail-
ability of open-source datasets and experiment reports (Bannigan et al.,
2023). The present study investigated a full-factorial design data con-
sisting of an existing formulation screening result of two surfactants
polysorbate 20 and poloxamer 188 (Zulbeari et al., 2024) and a new
dataset showing the combinatorial effect of the two stabilizers. The three
datasets all relate to the formulation of cinnarizine suspensions, with
cinnarizine serving as the model compound. These suspensions were
processed using dual centrifugation as the method for milling. Statistical

methods were leveraged to provide insights about how formulation
parameters could affect the stabilization of prepared suspensions.
Finally, explainable ML models were constructed to predict the stability
of these formulations based on these parameters.

2. Material and methods

2.1. Materials

Cinnarizine was provided by Janssen Pharmaceutica (Beerse,
Belgium). As stabilizers, poloxamer 188 (Thermo Scientific, Kandel,
Germany) and polysorbate 20 (Fisher Scientific, Geel, Belgium) were
purchased. Sodium phosphate monobasic anhydrous was purchased
from VWR Chemicals LLC (Solon, Ohio, USA) to prepare the buffer so-
lution. Zirconium oxide milling beads, stabilized with high-end yttria,
were purchased from NETZSCH (VitaBeads® Nano; ø 0.5, 0.8, 1.0 mm,
Selb, Germany).

2.2. Milling by the dual centrifugation approach

For sample preparation, 2 mL micro twist-tubes were filled with 100
mg cinnarizine, 1 g milling beads (ø 0.5, 0.8, or 1.0 mm), and 1 mL
stabilizer solution containing either poloxamer 188, polysorbate 20, or a
mixture of both surfactants. To prepare the stabilizer solutions, the
surfactants were dissolved in 50 mM phosphate buffer (pH 7.4) in eight
different concentrations that ranged from 0.25 % to 4.00 % (w/v).

The suspensions were milled by the dual centrifugation approach
using a DeltaVita 1 (NETZSCH, Selb, Germany) dual centrifuge. A single
milling cycle was set to 90 min at 1500 rpm with a rotor temperature set
to 0 ◦C (Hagedorn et al., 2017). For short-term physical stability anal-
ysis, the prepared suspensions were separated from the milling beads
and stored in closed glass vials at 40 ◦C until particle size measurements
performed after 0, 7, 14, 21, and 28 days of storage.

2.3. Particle size measurements

Sizes of cinnarizine particles were determined by laser diffraction
using a Mastersizer 3000 (Malvern Instruments, Malvern, United
Kingdom) after 0, 7, 14, 21, and 28 days of suspension storage. The laser
diffractometer was connected to a hydro medium volume unit, con-
nected to water that worked as the wet dispersion unit. The stirring rate
was set to 1200 rpm during sample measurements and the refractive
index of water was set to 1.33. The optical parameters of cinnarizine
were adjusted to a refractive index of 1.63 with an absorption index set
to 0.1, and a particle density of 1.13 g/cm3 (De Cleyn et al., 2019;
Zulbeari et al., 2024). Each suspension was measured five times.

A volume-based diameter approach based on the Mie-Theory for
non-spherical particles were used to interpret the sizes of cinnarizine
particles (d-values), corresponding particle size distributions, and span.
If air bubbles interfered with the obtained particle sizes, the particle size
profiles were reanalyzed to exclude those from the measurements (De
Cleyn et al., 2019).

2.4. Preliminary data exploration

The suspension data determined by laser diffraction was manually
curated in a tabular format consisting of the experiment variables and
the results. Variables such as bead size, type of stabilizer, concentration
of the stabilizer, and the date after production was collected. Results
including D10, D50, and D90, were appended to the corresponding
experiment variables. In order to characterize the polydispersity of
processed particles, the span of each investigated suspension was
calculated by equation (1).

Span =
D90 − D10

D50
(1)
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Distribution plots were generated to explore the evolution of size dis-
tribution over days, with respect to the bead size, type of stabilizer, and
concentration of the stabilizer. The visualization was produced by Py-
thon library Seaborn (version 0.11.2). Two-way ANOVA tests on
repeated measurements, under Greenhouse-Geisser correction, were
performed to investigate the statistical significance of various parame-
ters. Two-tailed t-tests with Bonferroni correction were performed for
the pair-wise comparisons between individual experiment variables.
These statistical tests were implemented through OriginPro 2021b
software (OriginLab Corporation, United States).

2.5. Quantifying suspension stability

To quantify the stability of the prepared suspensions, four statistics,
the mean and standard deviation of both D50 and Span, were calculated
from results of day 0, 7, 14, 21, and 28. Pairwise scatter plots and his-
tograms were obtained though the library Seaborn (version 0.11.2).
Furthermore, box plots were leveraged to visualize the relationship
between the stability statistics and the respective three formulation
variables (bead size, type of stabilizer, concentration of the stabilizer).
Finally, the stable zone of suspensions was coined through the quadrants
from the scatter plot of the standard deviation of D50 and the standard
deviation of the span. The kernel density estimation (KDE) and histo-
grams of the scatter plot were visualized to help the identification of the
cut-offs. In addition, unsupervised learning strategies, including K-
Means clustering and Gaussian mixture models (GMM), were con-
structed to automatically find clusters (n = 4) from the scatter plot data.
The stable/unstable zones defined through unsupervised learning al-
gorithms were compared to the manually cut-offs from the histogram
with Cohen’s Kappa as an inter-voter metric. These were implemented
with Sci-kit learn library (v1.3.0).

2.6. Machine learning model development

Based on the definition of stability, formulations were classified into
two categories: stable and unstable. The whole dataset (N = 72) was
used for ML modelling with type of stabilizer, concentration of stabi-
lizer, and bead size as the input features. Notably, the type of stabilizer
was one-hot encoded with P (for poloxamer 188), P20 (for polysorbate
20), and P + P20 and had been treated as three different stabilizers. The
raw values of the other two features were subjected to ML modelling
without further preprocessing. The stability was set as the classification
target.

Initially, eight ML algorithms were benchmarked to identify the most
suitable model, including Support Vector Classification (SVC), Logistic
Regression (LR), Random Forest (RF), XGBoost, Light Gradient Boosting
Machine (LGBM), Multilayer Perceptron (MLP), k-Nearest Neighbors
(kNN), and Gaussian Process (GP). The XGBoost model was imple-
mented with py-xgboost library (v1.7.3), and LGBM used lightgbm Py-
thon library (v3.3.5). The other six models were implemented through
Scikit-learn library (v1.3.0).

These models went through hyperparameter optimization via grid
search under 10-fold cross validation. With accuracy as the metric, this
process allowed identification of best-performed models under each
algorithm. The search space was selected based on recommendations
from Scikit-learn library and previous literature to cover a reasonable
range of hyperparameters (Table 1).

Classification algorithms with optimized hyperparameters (Table 2)
were subjected to benchmarking, where 10-fold cross validation with
both accuracy and F1-score were referenced as evaluation metrics. Here,
accuracy and F1-score were defined by Eq. (2) and Eq (3), respectively,

Accuracy =
TP + TN

TP + TN + FP + FN
(2)

F1 =
2 • TP

2 • TP + FP + FN
(3)

where TP, TN, FP, and FN were true positives, true negatives, false
positives, and false negatives, respectively. Hyperparameter optimiza-
tion, modeling training, and model benchmarking were all implemented
through Sci-kit learn library (v1.3.0).

Finally, the classification results of models with the highest accuracy
and F1 score were further analyzed through plotting out the confusion

Table 1
Hyperparameter search space.

Model Hyperparameter Values

SVC C [1e-2, 1e-1, 1, 10, 100, 200, 400, 600, 800]
kernel [’poly’, ’rbf’]

LR C [1, 0.9, 0.8, 0.6]
RF N_estimator [50, 100, 200, 500, 700]

Max_features [’auto’, ’sqrt’]
Max_depth [3, 5, 7, 10]
Min_samples_split [2, 5, 8, 10, 12]
Min_samples_leaf [1, 3, 5]

XGBoost Learning_rate [0.01, 0.1]
Max_depth [3, 5, 7, 10]
Min_child_weight [1, 3, 5]
Subsample [0.5, 0.7]
Colsample_bytree [0.5, 0.7]
N_estimators [50, 100, 200, 500, 700]
Reg_lambda [1.1, 1.5, 2, 4]

LGBM Learning_rate [0.01, 0.1]
Num_leaves [7, 31, 70, 127]
Max_depth [3, 5, 7, 10]
Min_child_weight [1, 3, 5]
Subsample [0.5, 0.7]
Colsample_bytree [0.5, 0.7]
N_estimators [50, 100, 200, 500, 700]
Reg_lambda [1.1, 1.5, 2, 4]

MLP Hidden_layer_sizes [ (5, 2), (10, 2), (15, 2)]
kNN N_neighbors [3, 5, 7, 9, 11, 13, 15]
GP kernel [‘rbf’, ‘dotproduct’]

Length scale (for rbf) [0.1, 1, 10]
Sigma_0 (for dot product) [0.1, 1, 10]

Table 2
Optimized hyperparameters.

Model Hyperparameter Values

SVC C 10
kernel ’poly’

LR C 1
RF N_estimator 100

Max_features ’sqrt’
Max_depth 5
Min_samples_split 2
Min_samples_leaf 1

XGBoost Learning_rate 0.1
Max_depth 3
Min_child_weight 1
Subsample 0.5
Colsample_bytree 0.5
N_estimators 100
Reg_lambda 1.1

LGBM Learning_rate 0.1
Num_leaves 7
Max_depth 3
Min_child_weight 1
Subsample 0.5
Colsample_bytree 0.5
N_estimators 500
Reg_lambda 1.1

MLP Hidden_layer_sizes (15, 2)
kNN N_neighbors 3
GP kernel ‘dotproduct’

Sigma_0 (for dot product) 0.1
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matrix, under a randomly shuffled training/test set partitioning at a
ratio of 67 %/33 %. The feature importance and prediction strategy
were further explained through SHapley Additive exPlanations (SHAP,
v0.42.1). All previous procedures were performed on a PC (i7-11850H,
32 GB memory) within a Conda environment (Python 3.9.17).

3. Results and discussion

3.1. Particle size distribution

Before implementingML, a qualitative exploration was performed on
the dataset to understand the relationship between particle size distri-
bution and the two variables in the experiment: stabilizer type and
stabilizer concentration. Notably, the datasets used in the present study
were based on an experimental dataset (Zulbeari et al., 2024) which
investigated the optimum stabilizer concentration of two different sur-
factants independently, i.e., poloxamer 188 and polysorbate 20 based on
their surface activities, and a new experimental dataset which intended
to combine the two surfactants to obtain physical stable nano- and
microsuspensions using cinnarizine as the model compound. At first, the
obtained volume densities of suspensions prepared using beads of 1.0
mm size were plotted on Fig. 1 (detailed volume distribution plots can be
found in Figure S1). Similarly, size distributions of the suspensions
milled with the two other beads sizes (ø 0.5 and 0.8 mm) were provided
in the Supplementary Materials (Figure S2 and S3). It was inferred from
Fig. 1 that suspensions prepared with lower concentrations of stabilizers
(in all three cases), displayed a bimodal distribution at the beginning
(represented as solid lines, day 0) when milled under the specified
conditions. For example, when poloxamer was used as the stabilizer, two
peaks were seen around both 0.7 and 2 µm, even for the highest

stabilizer concentration (4.00 %).
Both poloxamer 188 and polysorbate 20 are commonly used sur-

factants for stabilization purposes of suspensions and regulatory
accepted for intramuscular injections (Muller & Keck, 2004; Peltonen &
Hirvonen, 2010; Food and Administration, 2024), yet the obtained re-
sults demonstrated that different amounts of poloxamer 188 and poly-
sorbate 20 were necessary to manufacture stable suspensions, since
different particle size profiles of cinnarizine were achieved when
investigated under similar process and formulation conditions. In gen-
eral, a wider distribution, i.e., span, was observed for suspensions sta-
bilized with poloxamer 188 (Fig. 1) with a bimodal distribution with two
similar peaks in size, whereas the distribution was slightly narrower
when stabilized with polysorbate 20. A wider span in general would
most likely result in crystal growth by Ostwald ripening which often
occurs in polydisperse systems, where large particles grow at the
expense of smaller particles (Holm et al., 2023). A high affinity of the
stabilizer for the specific drug particle surface is also a crucial factor to
consider (Peltonen & Hirvonen, 2010) since the final particle size and
physical stability performance is defined by the formulation design. In
most cases, poor choice of stabilizer cannot prevent particle aggregation,
whereas an excess of stabilizer unbound to the drug particle surface from
a high surfactant concentration or poor drug affinity could promote the
rate of Ostwald ripening from solubilized drug particles and lead to
unstable formulations (Li et al., 2016).

From a different perspective, the distribution of particles under
various concentrations of stabilizers was revealed in Fig. 2. A clear trend
was observed, namely that the concentration of stabilizers was posi-
tively related to the stabilization of particles over the experiment pe-
riods, which was characterized by a narrower span and span variation
over time for all three stabilization compositions (i.e., polysorbate 20,

Fig. 1. Particle size distribution of suspensions processed using 1.0 mm beads over 28 days, partitioned on stabilizer type. Formulations prepared with eight different
stabilizer concentrations that ranged from 0.25 % to 4.00 % (w/v) were color-coded. Line types represent the results tested on various days after preparation.
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poloxamer 188, or a combination of both). The obtained results further
showed that lower concentrations of polysorbate 20 were necessary to
achieve small particle sizes (Fig. 2) as compared to poloxamer 188 and
especially when compared to the combination of both surfactants since a
higher stabilization concentration was necessary to shift the particle size
distribution of cinnarizine towards smaller size classes. Furthermore, it
was observed that smaller sizes of cinnarizine particles were obtained
when stabilized with polysorbate 20 (Fig. 2) with a stable distribution
over 28 days. These observations correlated to the previous results
explained by Zulbeari et al. (2024) which identified that lower con-
centrations in weight/volume percentage of polysorbate 20 were needed
with regards to the surfactant coverage by a single surfactant molecule.

Further statistical tests were performed on the group milled with 1.0
mm beads to determine the significance of variables to the mean size (as
characterized by D50) and the size distribution (as characterized by
span). As can be seen from Table 3, both the type of stabilizer (p =

0.0047) and its concentration (p < 0.0001) had significant influence on
D50, whereas no significance was found for the span (both p > 0.05).

Pairwise t-tests with pooled data were performed to understand the role
of concentration on D50 (Table 4). The significance letters categorized
concentrations into four groups that had significant differences in mean

Fig. 2. Particle size distribution of suspensions processed using 1.0 mm beads over 28 days after storage at 40 ◦C, partitioned on stabilizer concentration which
ranged from 0.25 % to 4.00 % (w/v). Formulations prepared with different stabilizers (P: poloxamer 188, P20: polysorbate 20) are color-coded. Line types represent
the results tested on various days after preparation.

Table 3
Results of two-way ANOVA repeated measurements test after Greenhouse-Geisser correction performed on 1.0 mm bead size group.

Responses Variables Sum of Squares Degrees of Freedom Mean Square F Significance

D50 (µm) Type of Stabilizer 1871.3 1.1 1675.1 26.31 0.0047
Error(Type of Stabilizer) 284.5 4.5 63.7 ​ ​
Concentration (%) 3112.1 2.0 1581.4 49.75 0.0000
Error(Concentration (%)) 250.2 7.9 31.8 ​ ​
Type of Stabilizer * Concentration (%) 2688.5 2.0 1349.1 23.13 0.0005
Error(Type of Stabilizer * Concentration (%)) 465.0 8.0 58.3 ​ ​

Span Type of Stabilizer 1250.6 1.0 1245.2 2.22 0.2105
Error(Type of Stabilizer) 2255.9 4.0 561.5 ​ ​
Concentration (%) 2367.1 1.1 2062.4 1.12 0.3542
Error(Concentration (%)) 8418.7 4.6 1833.8 ​ ​
Type of Stabilizer * Concentration (%) 4525.3 1.2 3926.6 1.04 0.3717
Error(Type of Stabilizer * Concentration (%)) 17327.2 4.6 3758.7 ​ ​

Table 4
A table summarizing the result of pairwise two-tailed t-tests with Bonferroni
correction performed on 1.0 mm bead size group. The concentrations that do not
share the significance letter represent a significant difference of mean D50 at
0.05 level.

Concentration (%) Mean D50 (µm) Significance Letter

0.25 12.1 A B ​ ​
0.50 14.3 A ​ ​ ​
0.75 7.20 ​ ​ C ​
1.00 8.40 ​ B C ​
1.25 1.00 ​ ​ ​ D
1.50 1.00 ​ ​ ​ D
2.00 1.20 ​ ​ ​ D
4.00 1.30 ​ ​ ​ D
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D50 values in-between. It suggested that formulations prepared with
concentrations above (and including) 1.25 % (significance letter group
D) could achieve significantly smaller D50, which was reflected by the
change of mean D50 from the table. In addition, we highlight that for
each type of stabilizer, this critical concentration is different, as these
two factors (type of stabilizer and concentration) showed significant
interaction (p = 0.0005). Further subgroup test results were enlisted in
the Supplementary Materials in Table S1-3. These results implied that
the stabilizer type and concentration had synergistic effects on the mean
size of the prepared suspensions.

3.2. Quantifying unstable zone

Previous analysis had suggested the dependence of D50 on stabilizer
type and concentration, using the 1.0 mm bead group as a representative
example. However, it was still difficult to quantitatively define the un-
stable zone. Intuitively, if the size or size distribution changed over time,
the formulation was referred to as ‘unstable’. Therefore, the two char-
acteristics D50 and span were examined. The standard deviation of D50
and span was calculated with respect to each formulation over the 4-
week experimental period. The resulting D50Std and SpanStd were
believed to capture the suspension stability during the test. Similarly,
means of D50 and Span were also calculated in a similar manner to serve
as descriptions of each formulations’ characteristics. Through such

processing, the database was reduced to 72 points, each consisting of
three variables: the type of stabilizer, concentration of the stabilizer, and
bead size. From box plots (Fig. 3), the relationship between concentra-
tion and stability could be inferred. Focusing on the bottom two plots,
which used standard deviation to depict the trend of Span and D50, an
increase in concentration was observed with enhanced stability. A
higher concentration of stabilizers was also related to a narrower mean
size and size distribution, as was seen in the top two plots of Fig. 3.

A scatter plot of SpanStd with D50Std, alongside distribution plots of
the two variables, were leveraged to quantitatively define the unstable
zone (Fig. 4). As a low variance in D50 and Span was expected for stable
formulations, the criteria that defined stability (represented as red lines)
were proposed based on the histogram of D50Std and SpanStd. More
specifically, these lines were drawn at the valleys of the bimodal dis-
tributions. A standard deviation of 1.2 µm for the D50 over the experi-
ment period was determined since two groups (with modes around 0.2
µm and 9.0 µm, respectively) could be observed from the histogram
plotted at the top of Fig. 4. Similarly, the criterion of 1.8 for the span
standard deviation was decided. Four quadrants were thus formed under
the separation of these lines. Zone I was hereby defined as the stable
zone, where the D50Std SpanStd were below both criteria. To adhere to a
strict definition of physical stability, formulations that produced results
in Zone II were considered as unstable for a drifting D50. In Zone III, the
variation of Span went over the threshold, indicating a changing particle

Fig. 3. Box plots of SpanMean, SpanStd, D50Mean, and D50Std with respect to the concentration of stabilizers (0.25% to 4.00% w/v). The stabilizer type (P:
poloxamer 188, P20: polysorbate 20) was color-coded. The three dots in each box were samples prepared from three different bead sizes.
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size distribution due to the formation of larger particle clusters which
expanded the span. In zone IV, both D50 and Span of the formulation
increased and was considered as unstable.

To confirm the validity of the cut-offs for the stable/unstable zone,
unsupervised learning algorithms were applied to rule out potential
clusters within the data. More specifically, k-means clustering and GMM
were applied to the data from Fig. 4. The results of clustering could be
found in Figure S4, revealing a very similar choice of zones. Further-
more, pair-wise Cohen’s Kappa was introduced to quantitatively mea-
sure the similarity between the empirically drawn cut-offs and the
algorithm-generated clusters. Cohen’s Kappa for human vs. k-means
and human vs. GMMwas calculated as 0.972 and 0.889, respectively. As
a reference, the value between the two unsupervised learning algorithms
was 0.916. As reported previously, a Kappa value above 0.8 indicated
strong agreement between different voters (McHugh, 2012). Therefore,
these results helped justify the selection of partitioning cut-offs to
effectively separate stable and unstable formulations for further ML
modelling.

3.3. Classification with Machine learning models

With the stability labels available, ML models were constructed to
help predict the stability of formulations based on the bead size, stabi-
lizer type and concentration (Fig. 5). Overall, the training set was
balanced with 35 stable formulations and 37 unstable formulations ac-
cording to the threshold. Multiple algorithms with diverse modelling
mechanisms were attempted and benchmarked to identify the most
suitable one for the stability modelling task. After hyperparameter
optimization, all classifiers were benchmarked based on the accuracy
and F1 score metrics. Interestingly, the performance was similar for both
metrics, indicating a relativity simple classification task. In particular,
the XGBoost model succeeded with a slight edge on the mean of accu-
racy (0.91 ± 0.11) and F1 score (0.91 ± 0.09) within the 10-fold cross
validation process. Through inspecting the confusion matrix of the
XGBoost model, the prediction accuracy was satisfactory on both

training and test sets (Fig. 6). The superior performance of XGBoost
models was also confirmed in other studies that modelled small and
tabular datasets (Tao et al., 2021; Wang et al., 2022). In fact, the tree-
based algorithm that XGBoost relied on was considered efficient and
highly compatible with variables, making it a popular option for
modelling complicated relationships in materials and pharmaceutics
research (Wu et al., 2017). The capacity to handle missing values also
gave it an edge in future deployment as a predictive tool. Overall, it was
decided to proceed with the XGBoost model for further model
interpretation.

3.4. Model interpretation

The trained XGBoost model was explained through SHAP analysis.
Different from conventional model interpretation strategies, SHAP
benefited from game theory and could provide insight into the positive/
negative contribution of variables to the final prediction result
(Lundberg et al., 2020). Here, SHAP analysis was leveraged to under-
stand the modelling result produced with XGBoost (Fig. 7). From two
examples of an unstable and a stable prediction presented in Fig. 7(a)
and (b), it was clearly observed that using P (poloxamer 188) as the
stabilizer was detrimental for the stabilization (compared with other
stabilizers). This coincided with the observation from Fig. 3, where most
suspensions stabilized with poloxamer 188 showed high variation in D50
and Span. The positive (stable) sample in Fig. 7(b) showed that with a
high concentration, the impact of stabilizer became negligible for the
prediction results. The overall analysis showed that concentration as a

Fig. 4. A scatter plot showing SpanStd against D50Std with each dot represents
one formulation. The underlying contours were generated by KDE to assist
visualization. On the side the distribution plots are drawn. The red lines define
four quadrants in the plot, in which zone I was regarded as the stable zone. (For
interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

Fig. 5. Classification performance of various machine learning models under
their optimized hyperparameters. The error bars come from 10-fold
cross validation.
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variable was indeed the most important feature during the prediction
process of the ML classifier, whereas the bead size as a variable had a
lower impact based on the analysis compared to the stabilizer concen-
tration. The analysis showed that a higher bead size contributed towards
a stable prediction for all data, as reflected by the positive SHAP values
assigned to bead sizes of 1.0 and 0.8 mm in Fig. 7c. This could further
correlate to the general understanding of the bead size effect where the
usage of larger bead sizes typically leads to larger sizes of drug particles
and by that means, towards a more thermodynamic stable system.
Compared to systems where smaller drug particles are obtained, the
total surface area and interfacial tension between solid drug particles
and the aqueous dispersion medium is increased and particles tend to
irreversibly aggregate in an attempt to reduce the free energy (Lestari
et al., 2015). Thereby, it would ultimately lead towards a more physi-
cally unstable formulation if not stabilized sufficiently.

So far, the impact of concentration and bead size have been dis-
cussed. The following section placed the focus on the stabilizer. Having
polysorbate 20 as the stabilizer positively contributed to the model to-
wards a stable prediction. An interesting finding from the model was
that the combination of polysorbate 20 and poloxamer 188 was not
helpful for the stabilization of the formulation, even though polysorbate
20 alone was shown to be effective as a stabilizer. The combination of
multiple stabilizers has, in some cases, been favorable due to enhanced
long-term stability (Peltonen&Hirvonen, 2010). However, based on the
obtained ML results in the present study, the stability of the prepared
cinnarizine suspensions would not benefit from the combination of
poloxamer 188 and polysorbate 20, since the model predicted that
polysorbate 20 alone was more efficient with lower stabilization con-
centrations necessary rather when combining the two non-ionic sur-
factants. By this, the addition of poloxamer 188 to polysorbate 20
seemed to have a negative impact on the sizes of cinnarizine particles,
detaining the most stable formulation system. These findings were in
good accordance with the experimental data on the physical properties
of the individual surfactants with regards to the short-term stress
physical stability investigated by particle size profiles as a function of
time. The experimental data showed that physical stable formulations
were first obtained at higher concentrations of stabilizer when poly-
sorbate 20 and poloxamer 188 were combined as for the surfactants
individually, supporting the ML findings. The d-values of cinnarizine

Fig. 6. The confusion matrix for the XGBoost model under 67%/33% parti-
tioning of the full dataset.

Fig. 7. SHAP Analysis results from the XGBoost model trained from the stability dataset. (a) The contribution of variables in the prediction of an unstable
formulation. (b) The contribution of variables in the prediction of a stable formulation. (c) An overview of feature value in the prediction process (ranked from top
to bottom).
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suspensions stabilized with a combination of polysorbate 20 and
poloxamer 188 can be found in the Supplementary Materials (Table S4-
S6). From a formulation perspective, the combination of the two sur-
factants would therefore not benefit the stabilization of suspensions
containing cinnarizine as the model drug based on both the experi-
mental data and the ML algorithms.

By this, a good agreement was observed between the ML-based
prospect and the experimental observations. ML-based approach was
linked to suspension research by obtaining insights about stability and
formulation variables quantitatively through model interpretation. In
addition, the predictive aspect of the ML model could benefit the
research of LAIs by providing the stability information much faster than
the laboratory-based stability testing over a month. Nevertheless, ML
only extracts phenomenological relationships from data, and more
detailed mechanistic studies of microsuspension formulations will be
needed to cross-validate and explain the obtained conclusions. In the
present study the foundation for microsuspension formulation stability
prediction was laid. Future works are required to expand this model to
accommodate more APIs and stabilizers, contributing to a more gener-
alizable model for broader pharmaceutical applications.

4. Conclusion

In summary, this study leveraged ML algorithms to assist the
formulation design of pharmaceutical suspensions. The XGBoost model,
trained on formulation parameters, yielded high prediction accuracy on
the long-term stability of suspensions. Model interpretation provided
further insights in the formulation process. For the selection of stabi-
lizer, polysorbate 20 stood out for its positive contribution towards a
stable prediction in ML compared with poloxamer 188. Furthermore, no
synergistic effect was observed from combining the two surfactants
during preparation on the stabilization capacity. In addition, statistical
analysis showed nanosuspension characteristics, such as their size and
size distribution, were significantly influenced by the concentration of
the stabilizer, followed by the bead size. These data-driven modelling
results correlated well with mechanistic analysis. Through the present
study, a predictive model was established from full factorial experiments
and insights for cinnarizine suspension formulation were gained
through model interpretation to assist the formulation of cinnarizine
nano- and microsuspensions. We also highlight this pipeline combining
traditional statistical analysis, explainable ML, and mechanistic analysis
as a new paradigm to empower future LAI research.
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