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Abstract: The presence of impurities above regulatory thresholds has been responsible for recent
recalls of pharmaceutical drugs. Crystallization is one of the most used separation processes to
control impurities in the final drug. A particular issue emerges when impurities are poorly soluble in
the crystallization solvent and simultaneously precipitate with the product. This publication reports
the development of a population balance model to investigate if the impurity crystallization kinetics
can be selectively inhibited in a seeded batch crystallization system containing acetaminophen
(ACM), a commonly used small-molecule active pharmaceutical ingredient (API), and curcumin
(CUR), a simulated low-solubility/co-precipitating impurity. Raman spectroscopy was used in
combination with a partial least squares (PLS) model for in situ monitoring of the crystallization
process. The Raman data were integrated to calibrate a population balance model in gPROMS
FormulatedProducts, to predict the evolution of the product’s purity throughout the process. Process
optimization demonstrated that a high purity close to equilibrium is feasible within the first 2 h of
crystallization, with ACM seed purity being the primary factor controlling this phenomenon. The
optimal approach for kinetically rejecting impurities requires a low nucleation rate for the impurity,
high product seed purities, and an adjustable crystallization time so the process can be stopped before
equilibrium without allowing the impurity to nucleate. Overall, an improvement in product purity
before equilibrium is attainable if there is enough difference in growth kinetics between the product
and impurity, and if one can generate relatively pure seed crystals.

Keywords: crystallization; kinetics; impurities; Process Analytical Technologies (PAT); Raman
spectroscopy; modeling

1. Introduction

Crystallization has received growing attention in the pharmaceutical industry, espe-
cially since >90% of pharmaceutical products contain drug substances that have a crystalline
solid form [1,2]. The synthesis of Active Pharmaceutical Ingredients (APIs) often generates
structurally similar impurities [3–5], which can lead to changes in solubility, kinetics [6–8],
and crystal morphology [9,10]. Moreover, the presence of potentially toxic impurities in the
final product can cause unintended side effects for the patient. The presence of impurities
above regulatory thresholds has been responsible for recent drug recalls [11], such as raniti-
dine (Zantac) [12,13]. Despite the potential issues impurities pose for pharmaceuticals, and
the fact that both crystallization and drug manufacturing have been around for many years,
there are few reports available in the literature studying crystallization as a purification
process.

A recent publication reported an analysis of impurity retention mechanisms for com-
mon industrial purification challenges. Of the 52 reported examples, impurities were
found to precipitate during crystallization in 27% of the cases [14]. The majority of these

Crystals 2023, 13, 1569. https://doi.org/10.3390/cryst13111569 https://www.mdpi.com/journal/crystals

https://doi.org/10.3390/cryst13111569
https://doi.org/10.3390/cryst13111569
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/crystals
https://www.mdpi.com
https://orcid.org/0000-0002-4056-3823
https://doi.org/10.3390/cryst13111569
https://www.mdpi.com/journal/crystals
https://www.mdpi.com/article/10.3390/cryst13111569?type=check_update&version=1


Crystals 2023, 13, 1569 2 of 18

cases related to when the impurity was immiscible in the solid state with the product. A
particularly challenging mechanism is when the precipitating impurity is poorly soluble
in the crystallization solvent, becoming enriched in the solid phase at equilibrium. This
is sometimes referred to as a Solubility-Limited Impurity Purge type 2 (SLIP 2) mecha-
nism [14,15]. In this mechanism, two crystallization events occur: one for the product and
one for the impurity. From this, a physical mixture is obtained of the final material where
the impurity is less soluble than the product. Thermodynamically, this difference in solu-
bilities implies that no purification can be achieved during crystallization and subsequent
washing processes. However, the two solutes may exhibit different crystallization kinetics
leading to different degrees of purification over time, before reaching equilibrium. With
proper control of the seeding conditions, one may be able to selectively enhance the API
crystallization while inhibiting the impurity crystallization. This could lead to a point in
the process where the API purity is higher than that predicted at equilibrium, without
significant losses in yield.

For our system, acetaminophen (ACM) was used as the API and curcumin (CUR)
was used as the impurity, while the crystallization solvents used were ethanol (EtOH)
and water (H2O). This system is known to generate a SLIP 2 scenario [14], and it presents
an extreme case where the impurity’s solubility is 100 times smaller than the API’s, with
potentially slower kinetics owing to its more complex structure. The molecular structures
are illustrated in Figure 1.
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Figure 1. Molecular structures of acetaminophen (left) and curcumin (right).

ACM is a small-molecule organic chemical that is commonly used in the pharmaceuti-
cal industry (active ingredient in Tylenol). CUR is an orange-yellow powder that is easily
detected visually. Initial studies have showed that CUR has very little incorporation in
the ACM crystal lattice (0.01–0.1 wt. % CUR) [14], so for this system ACM and CUR are
assumed to be essentially immiscible in the solid state. ACM has a higher solubility in
a 75% EtOH/25% H2O (vol%) mixed solvent than in either pure H2O or pure EtOH due
to a co-solvent effect [16]. CUR is very poorly soluble in water, and only slightly soluble
in ethanol [17–19]. In this context, antisolvent crystallization was used because of our
system’s sensitivity to heat, and degradation and decomposition can lead to unnecessary
error [20–22].

The goal of this publication is to explore whether a poorly soluble impurity can be
rejected kinetically by using an appropriate crystallization model. Raman spectroscopy in
conjunction with high-performance liquid chromatography (HPLC) was used to calibrate a
partial least squares (PLS) regression model, in order to measure the liquid phase concen-
trations of the ACM and CUR in situ. Raman is a process analytical technology (PAT) tool
that has been used in determining the presence of cocrystals [23] and polymorphs [24–27],
and for improving purity in biopharmaceuticals [28,29]. The predicted values from the
PLS model for the ACM and CUR crystallization experiments were then integrated into
a population balance model developed in gPROMS FormulatedProducts for parameter
estimation. The process was optimized using Python to determine the extent to which
process conditions (seed amount, seed purity and total crude concentration) affect ACM
product purity, and to determine how feasibly ACM can be purified kinetically before the
process reaches thermodynamic equilibrium.
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2. Materials and Methodology
2.1. Materials

ACM (paracetamol, >98.0%) and CUR (Natural) were purchased from TCI America.
Ethanol (EtOH, absolute) was purchased from VWR. Methanol (MeOH, ≥99.9%) was
purchased from J.T. Baker. Deionized water (H2O) was produced in-house.

2.2. Solubility Measurements

Solubilities for ACM and CUR in 75% EtOH/25% H2O and in 25% EtOH/75% H2O
(both vol%) were obtained by suspending both compounds separately at 20.0 ◦C for
24 h, under stirring. The samples were then syringe filtered (PTFE membrane, 0.45 µm)
and diluted for HPLC analysis. The solubilities were determined on a total solution
basis. The resulting solubilities for 75% EtOH/25% H2O were 215.1 mg/mL for ACM and
3.82 mg/mL for CUR, both in total solution basis. In 25% EtOH/75% H2O, the solubilities
were 34.3 mg/mL for ACM and 0.033 mg/mL for CUR.

2.3. Seeded Batch Crystallization Experiments

Four crystallization experiments (E1–E4, Table 1) were conducted to provide experi-
mental data to calibrate the population balance model. Those experiments were followed
by a validation experiment (E5, Table 1) at intermediate conditions within the design space.
The main parameter that was varied between experiments was the concentration of each of
the two solutes pre-seeding, following the values listed in Table 1. The initial supersatura-
tions before seeding (Table 1) were calculated by taking the natural logarithm of the feed
concentration with the solubilities in the 25%/75% EtOH/H2O solvent from the previous
subsection. More details on the supersaturation calculation can be found in Section 3.3.

Table 1. Model calibration (Exp 1–4) and validation (Exp 5) experimental settings.

Exp Setting Solute E1 E2 E3 E4 E5

Feed Concentration, pre seed
(g/L)

ACM 60.9 60.9 54.0 54.0 57.5
CUR 0.29 0.43 0.29 0.36 0.36

Initial supersaturation, pre seed (t = 0) ACM 0.57 0.57 0.45 0.45 0.52
CUR 2.17 2.57 2.17 2.39 2.39

The feed solutions of ACM and CUR were prepared by dissolving both solutes in
200 mL of a 75% EtOH/25% H2O solvent. The solutions were mixed using magnetic stirring
with a stir bar and left to equilibrate for 18–24 h at room temperature to ensure that all
the solids fully dissolved. These ACM/CUR feed solutions were then fed into a jacketed
glass reactor (700 mL working volume, 100 mm diameter) at a temperature of 20.0 ◦C. The
mixture was stirred using a PTFE-coated overhead propeller (four blades, down-pumping,
and 40 mm diameter) at an agitation speed of 300 rpm. A volume of 400 mL of H2O was
then added to the feed solution as antisolvent, resulting in a metastable, supersaturated
solution with a 25% EtOH/75% H2O solvent composition. A mass of 1 g of seeds were
then added to commence the crystallization process. The seeds utilized were prepared
from a physical powder mixture of ACM and CUR that was crystallized via antisolvent
crystallization and filtered via vacuum filtration. The seeds were then ground up and
a sample was measured on the HPLC. Purity of the seeds used for all experiments was
98.5 wt. % ACM/1.5 wt. % CUR.

2.4. Raman Spectroscopy

During the crystallization experiments, Raman spectra were taken every 15.5 s to track
the liquid-phase concentration of both ACM and CUR simultaneously. This was performed
in-line using a single channel Viserion® 785 nm Analyzer (Indatech Chauvin-Arnoux,
Clapiers, France). Each spectrum consists of 2100 data points, covering the wavenumber
region from 400 to 2500 cm−1, with a resolution of 9 cm−1. The Raman Analyzer was



Crystals 2023, 13, 1569 4 of 18

connected to a probe with a GMP 12 mm immersion pipe (Indatech Chauvin-Arnoux,
Clapiers, France) through optic fibers. Real-time monitoring of the crystallization process of
ACM and CUR was achieved by measuring the liquid-phase concentration of both solutes
as they crystallized, utilizing the probe immersed in the reactor. Raman spectra were
acquired with an integration time of 5 s and using 3 scans per measurement. Performing at
least 3 scans allowed for automatic cosmic spike filtering in the spectra, which is a built-in
feature of the Viserion® software. All Raman data analysis was performed using MATLAB
R2022b (MathWorks, Natick, MA, USA) and PLS_Toolbox 9.1 (EigenvectorResearch Inc.,
Manson, WA, USA).

2.5. HPLC Method

For HPLC analysis, samples were periodically taken from the crystallizing suspension,
filtered out via syringe filtration (PTFE membrane, 0.45 µm) and then diluted. Since the
Raman recorded the time each spectra was taken, we were able to match the samples taken
for HPLC with the Raman timestamp. HPLC measurement data was collected using a
Thermofisher Vanquish HPLC at a flow rate of 1.5 mL/min, a column temperature of 25 ◦C,
an injection volume of 10 µL and at detection wavelengths of 220 and 260 nm for the ACM
and CUR, respectively. The HPLC stationary phase consisted of a BioBasic-18 column
(250 × 4.6 mm, 5 µm). The mobile phase was a gradient of MeOH/H2O, where the water
was adjusted to pH 2.0 using o-phosphoric acid.

2.6. PLS Calibration

The PLS model was calibrated using the liquid-phase concentrations yielded by the
HPLC with the corresponding Raman spectra from three crystallization batches. Two
of these batches were used to construct separate PLS models, one for ACM and another
for CUR. Raman measurements were also conducted on pure ACM and CUR suspended
in the 25/75 EtOH/H2O solvent, as well as the solvent itself, to identify their spectral
signatures (Supporting Information, Figure S1). The third remaining batch, comprising
20 measurements, was used for model validation.

2.7. Parameter Estimation in gPROMS

The parameter estimation (crystallization growth rates, kg), based on the desuper-
saturation results for ACM and CUR in E1–E4, were generated using gPROMS Formu-
latedProducts (Siemens Process Systems Engineering). These parameters were estimated
by fitting the experimental data with the best-fit values calculated from the population
balance model. The model was then validated in gPROMS to predict the ACM and CUR
liquid-phase concentrations and those predictions were compared to the experimental
results from E5. Tables for the model equations, parameters, and variables used in gPROMS
can be found in the Supporting Information.

3. Crystallization Model
3.1. Phase Balances

The concentration of a crude solution containing an API and impurity as solutes can
be calculated using phase balances. Assuming neither the API nor impurity form solvates
or hydrates with the crystallization solvents, and for dilute suspensions (i.e., L solution ≈
L total suspension), the phase balance for the crystallizer is described in Equation (1):

Ctot,i = Cml,i + MT,i (1)

where the total concentration (Ctot,i, g/L suspension) of each solute in the crystallizer is the
sum of its concentration in the liquid phase (CmL,i, g/L solution) and its solids concentration,
or suspension density (MT,i, g/L suspension). Knowing that the total concentration of
a solute comes from the contributions of both the crude feed and the added seeds, the
total concentration of each solute i can also be calculated in Equation (2) using the total
concentration of solutes (product + impurity) in the crude (CC, g/L), and the relative purity
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of a solute i in said crude (PC,i, g/g), together with the equivalent values for concentration
(CS, g/L) and purity in the seeds (PS,i, g/g).

Ctot,i = CcPc,i + CsPs,i (2)

Here, the crude and seed concentrations contain the sum of all solutes in the system,
while the purities are for a specific solute (i). The initial suspension density of a compound
i, as provided by the seeds (Ms,i, g/L), can be obtained using Equation (3).

Ms,i = CsPs,i (3)

3.2. Yield and Purity

Under the assumptions that neither the solute product nor impurities are able to form
solvates or hydrates with the solvent or antisolvent, nor do either ACM or CUR form solid
solutions (or forms solid solutions with only trace amounts of incorporated impurity) with
each other, product purity (Pp,i, g/g) at any given point in time can be calculated from the
fraction of suspension densities for the product and impurity, as provided by Equation (4):

Pp,i =
MT,i

∑j=# of solutes MT,j
(4)

The subscript j accounts for the number of solutes in the system. For this system, the
denominator is the sum of the suspension densities of ACM and CUR.

While conditions in this work were exploratory and not designed with commercializa-
tion in mind, crystallization yield for a solute i (Yi, %) at any given point in time can be
calculated using Equation (5). Here, note that the contribution of the seeds to suspension
density has been excluded, to account only for newly crystallized material in the calculation
of yield.

Yi =
MT,i − Ms,i

Ctot,i − Ms,i
100 (5)

A more relevant parameter for this work is the progress to equilibrium (Ei, %). This is
sometimes called thermodynamic yield, and it represents how far the process is, at a given
point in time, from its maximum crystallization yield. This is relevant for both ACM and
CUR and expressed in Equation (6):

Ei =
MT,i − Ms,i

Ctot,i − Ms,i − Csat,i
100 (6)

where Csat,i (g/L) is the solubility of the solute i at the operating conditions of temperature
and solvent composition.

3.3. Supersaturation

By its definition, supersaturation (σi) depends on the difference in chemical potentials
between a solution in its supersaturated state and its equivalent equilibrium state, and
it is thermodynamically expressed as a logarithmic ratio of activities [1,30]. In its least
assumptive form, it follows Equation (7):

σi = ln
(

γixi

γi
satxi

sat

)
(7)

In Equation (7), xi and xi
sat are the mole fractions of the solute in the supersaturated

solution and in its saturated (equilibrium) solution, respectively. The variables γi and γi
sat

are the corresponding activity coefficients.
The accurate estimation of activity coefficients in non-equilibrium conditions remains

a challenge [30,31], which often leads to simplifications of this expression. One of those
assumptions is to take the ratio of activity coefficients at the saturated and supersaturated



Crystals 2023, 13, 1569 6 of 18

state and assume unity. In addition, assuming that the average molar mass of the supersat-
urated solution is similar to that of the saturated solution (reasonable, as described in prior
work [30]), supersaturation can be expressed as a logarithmic ratio between mother liquor
concentration and solubility using Equation (8) [1,32]:

σi = ln
(

Cml,i

Csat,i

)
(8)

3.4. Batch Crystallization Kinetics

Crystallization occurs via two kinetic mechanisms: nucleation (Bi, L−1s−1) and growth
(Gi, µm/s). The equations for these mechanisms are most commonly expressed as semi-
empirical power law models [33–35]. The power law equations, listed as Equations (9) and
(10), enable the model to be fit using experimental data to estimate the kinetic parameters
(kb, b, j, kg, g):

Bi = kb,iσ
b,iMj,i

T,i (9)

Gi = kg,iσ
g,i (10)

At low supersaturations, growth becomes the primary kinetic mechanism [36,37].
For this work and as discussed further in the results section, secondary nucleation was
considered negligible, and only growth (Equation (10)) was modeled, thus allowing the
calibration to be based on the four conditions in Table 1.

3.5. Population Balance

Assuming size-independent growth, negligible agglomeration and breakage, and that
the crystals have a similar shape or habit (kv), the population balance for a batch crystallizer
can be tracked from its moments using Equation (11).

dµi,j

dt
= 0jBi + jGiµi,j−1 (11)

The variable µi,j (µmj/L suspension) is the population moment, the subscript i rep-
resents the solute, and the subscript j indicates the # of the population moment (usually
zeroth through fourth). Initial conditions for the population moments can be obtained from
the seed suspension densities (Ms,i) and a volume-based crystal size (L, µm) distribution
for those seeds (vol(L)), usually obtained using in situ particle imaging. For this work,
we took a common approach of estimating vol(L) from the square-weighted particle size
distribution of the seed crystals across discrete channels (∆L, µm) using a Mettler Toledo
EasyViewer 400 probe [8,38]. For this system, the particle widths of the seed crystals were
used as the dimension for the particle size distribution. The relationship between vol(L),
Ms,i, and the crystal population (n(L), L−1µm−1) is described in Equation (12):

ni(L) =
voli(L)Ms,i

ρikv,iL3∆L
(12)

where ρi (kg/m3) represents the density of the crystalline product i. The moments can be
calculated from the crystal population (n(L)) following Equation (13), where the subscript j
represents the jth moment of the distribution.

µi,j =
∫

niLjdL (13)

At any given time, the suspension density of a product i in the crystallizer can be
calculated from its third moment, using Equation (14) and the appropriate unit conversions.

MT,i = kv,iρiµi,3 (14)
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The desupersaturation rate, expressed as how the mother liquor concentration for
a solute i decreases over time, can be calculated by combining Equations (11) and (14),
taking the assumption that the secondary nucleation rate is negligible (Bi = 0), and that
for a constant total concentration, the increase in suspension density is equivalent to the
decrease in mother liquor concentration (Equation (1)). This leads to Equation (15), which
can be fitted directly into mother liquor concentration data as collected in situ by the Raman
probe. In combination with Equation (10), this can be used to study the growth parameters
for both solutes.

dCml,i

dt
= −3kv,iρiGiµ2,i (15)

3.6. PLS Equations

PLS regression was used to calculate Cml,i for ACM and CUR from Raman spectra,
separating the contributions of the solvent and the two solutes on the overall spectra. PLS
is a multivariate chemometric technique used to model the relationship between a set of
predictor variables and a response variable. In a PLS regression, the latent variables, or
components, are constructed as linear combinations of the original predictors [39,40]. The
equation for PLS regression is expressed in Equation (16):

Y = Xb + E (16)

Y is the response variable, X is the matrix of predictor variables, b consists of the vector
of regression coefficients, and E is the residual error term.

The goal of PLS regression is to find the optimal weights, scores, loadings, and regres-
sion coefficients that maximize the covariance between the predictors (X) and the response
variable (Y). By iteratively constructing these components, PLS regression captures the
maximum shared information between the predictor variables and the response variable.

In order to evaluate the predictive performance of the PLS model, the commonly used
metrics are the Root Mean Square Error of Cross-Validation (RMSECV) and the Root Mean
Square Error of Prediction (RMSEP). These metrics provide a quantitative measure of the
prediction accuracy of the model [39,40]. The RMSECV and RMSEP can be calculated using
Equations (17) and (18):

RMSECV =

√
1
n
× ∑

((
yi − ŷi

2)) (17)

RMSEP =

√
1
m

× ∑
((

yi − ŷi
2)) (18)

The yi and ŷi variables are, respectively, the observed and predicted value of the
response variable for the i-th observation. The variables n and m are the total number
of observations in the cross-validation process for RMSECV and in the validation or test
dataset for RMSEP. By utilizing RMSECV and RMSEP, one can assess the accuracy and reli-
ability of the PLS model’s predictions and make informed decisions about its performance
in predicting new, unseen data.

4. Results and Discussion
4.1. PLS Results

The collected Raman spectra from the three crystallizations (60 total measurements)
used to calibrate the PLS model were first preprocessed using Standard Normal Variate
(SNV) normalization to reduce variability caused by light scattering from solid formed
crystals and differences between batches. Variable selection was then employed to isolate
specific peaks of ACM and CUR, which are illustrated in Figure 2.
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1:1 lines, which serve as a visual aid to determine the linearity of the results.

The PLS models developed for ACM and CUR exhibited a high predictive accuracy
with errors at the order of 3.1% and 5.9%, respectively. The RMSECV for ACM was
calculated to be 1.83, while the RMSEP value was slightly higher at 2.13. Likewise, for CUR,
the RMSECV and RMSEP values were found to be 0.028 and 0.019, respectively.

Four additional batch crystallizations were conducted after the initial PLS model
calibration, using the developed PLS model, to measure the liquid concentrations for ACM
and CUR in situ. This refinement aimed to improve the models’ resilience against variations
in the concentration ranges of ACM and CUR, thereby enhancing their effectiveness for
predictive purposes that would be used for the experiments in Table 1. Several samples
were collected and analyzed using HPLC to verify that the Raman predictions continued
to be accurate. Subsequently, the PLS models were updated by incorporating the newly
acquired data points, totaling 33 new samples. The updated PLS quantification models are
illustrated in Figure 4. The relative error calculations improved to 2.4% for ACM and 4.2%
for CUR. The Root-Mean-Square Error of Calibration (RMSEC) for ACM and CUR were,
respectively, 1.63 and 0.02, and RMSECV was 1.78 for ACM and 0.024 for CUR. The updated



Crystals 2023, 13, 1569 9 of 18

PLS models in Figure 4 were then used for measuring the liquid-phase concentrations of
E1–E5 completely inline.
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4.2. Particle Imaging

To investigate the assumption of negligible nucleation, batch crystallizations were
conducted simulating the experiments in Table 1, but keeping one of the solutes (ACM or
CUR) undersaturated, to allow for independent crystallization of just that solute. Those
experiments were imaged with a Mettler Toledo EasyViewer 400 probe, with the aim to
investigate the change in crystal count throughout the experiment. In both cases, the particle
size distribution did not vary significantly from the seed size distribution (Supporting
Information, Figure S2), and the increase in crystal counts was negligible. This can be
pictured with images at the start of the crystallization and at equilibrium, as shown in
Figure 5. This observation led to the assumption that the nucleation rate is negligible for
our model, and that desupersaturation occurs primarily via the growth of seed crystals,
not on new nuclei. This is a common occurrence in seeded batch crystallizers within the
metastable region, which makes the simultaneous estimation of nucleation and growth
kinetics from seeded batch experiments a difficult task. As shown in similar works by
Xiouras, Schöll, and Mitchell, this typically leads to the implementation of a growth-only
model for the system [36,37,41,42].

4.3. Population Balance Model Calibration and Validation Results

Calibration of the population balance model was based on E1–E4 in Table 1 and
validated with E5. During the experiments, the ACM and CUR liquid-phase concentrations
were measured in situ using Raman spectroscopy and the PLS model. Values for Cc,
Pc,ACM, and Pc,CUR were obtained in situ from the solute concentrations before seeding
and compared with the expected values from sample preparation. For Cs, Ps,ACM, and
Ps,CUR, we used the weighted amounts of ACM and CUR in the seeds, normalized by the
crystallization operating volume for Cs. Ps,ACM was 98.5% and Ps,CUR was 1.5% for all five
experiments. The initial moments for the seeds were obtained from their particle width
distribution, using Equations (12) and (13). A summary of the values for each experiment
is provided in Table 2.

These values were added to the model as inputs to calculate the best fit to the desuper-
saturation rate (Equation (15)) for both ACM and CUR to the experimentally determined
liquid concentrations from E1–E4 to calibrate the model. E5 was used to validate the model.
The results for the desupersaturation of ACM and CUR for E1–E4 were generated using
gPROMS FormulatedProducts and are illustrated in Figure 6.
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Table 2. Provided variables from experiments used for model calibration and validation.

Provided Variable Solute E1 E2 E3 E4 E5

Cc (g/L) - 63.37 64.23 56.21 55.97 60.24

Cs (g/L) - 1.59 1.59 1.60 1.60 1.59

Pc (wt. %)
ACM 99.51 99.37 99.39 99.23 99.36
CUR 0.49 0.63 0.61 0.77 0.64
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The experimental data from E1–E3 exhibited a good fit to the population balance
model. In E4, the population balance model was observed to overestimate the liquid-phase
concentration for both ACM and CUR, within the first 10 min and 15 min after seeding,
respectively. This may be due to the data collection starting late. The error bars in Figure 6
are based on the RMSEP from the PLS models (2.1 g/L for ACM and 0.02 g/L for CUR).

The desupersaturation profile for the validation experiment (E5, Figure 7) shows a
good prediction of the population balance model for the ACM and CUR based on the
experimental results. The growth supersaturation order (gi) gave a best fit at 1 for ACM
and at 2 for CUR, which is within the typical range of values in which g is typically found
(1.0–2.0, depending on the growth mechanism) [1,43]. The crystal growth rate constants
(kg,i) for ACM and CUR were found to be 3.46 ± 0.08 µm/min and 0.45 ± 0.02 µm/min,
respectively, based on a 95% confidence interval.
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4.4. Process Optimization and Simulations

An optimization program was developed in Python with the purpose of determining
the degree to which the maximum Pp,acm is affected by Cs, Ps,acm or Cc. The boundaries
were set under the assumption that kinetic parameters are not affected by crystal surface
area (i.e., they are independent of Cs and Ps), and using Cc that were not higher than those
used for parameter estimation. Bounds for those variables were then set as follows:

0.08 g/L < Cs < 3.2 g/L

98.0% < Ps,acm < 99.9%

55 g/L < Cc < 65 g/L

Pc,acm was kept constant (in this case, Pc,acm of 99.75% was used) to reflect that in-
dustrially, the crude purity cannot be easily controlled. The crude concentration can be
adjusted by evaporating the solvent or diluting the feed stock. The optimization code
started with listing the model parameters and inputs, such as kg,i, gi, and Csat,i determined
in Section 2.2. The inputs can be summarized in Table 3 below.

The simulations were run over a process time of 7200 s (2 h) to provide a feasible time
for an industrial batch crystallization (typical times were 3000 s in Figures 6 and 7). Next,
the optimization was started by running a Monte Carlo simulation to initially generate
50,000 random values for Cc, Cs, and Ps,acm. The results of the Monte Carlo were used to
calculate the Cml,i and MT,i for both ACM and CUR, which were then used to calculate
Pp,acm and E,acm. In addition, the Eacm at which the maximum attainable Pp,acm was
achieved for each simulation was also calculated.
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Table 3. Input parameters and variables used as assumptions for the optimization simulations.

Input (Units) Variable

kg,ACM (µm/min) 3.46
kg,CUR (µm/min) 0.45
gACM 1
gCUR 2
kv,ACM 1
kv,CUR 1
ρACM (g/mL) 1.293
ρCUR (g/mL) 1.293
Csat,ACM (g/L) 34.3
Csat,CUR (g/L) 0.033

Simulations that calculated the maximum Pp,acm as occurring when Eacm was less than
10% (max. Pp,acm is primarily an indication of seed purity) or greater than 99% (approaching
thermodynamic equilibrium) were excluded from the analysis. These exclusions reduced
the number of simulations from 50,000 to about 48,700.

Cc, Cs, and Ps,acm for the 48,700 simulations were plotted as 3D scatter plots to illustrate
the degree to which each variable affects the maximum Pp,acm and the time this optimal
point is reached. In addition, the time maximum Pp,acm was attained; the corresponding
Eacm to the maximum Pp,acm, and Eacm at the end of the 2 h batch time were also plotted.
The purpose of plotting the times was to examine the feasibility of the simulations in a
batch process. The results of the 3D plots are illustrated in Figure 8.
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Figure 8. Three-dimensional plots over the boundary ranges of crude concentration, seed concentra-
tion and ACM purity in the seeds, examining the max. ACM purity (a), the time when the maximum
ACM purity is reached (b), the progress to thermodynamic equilibrium when the max. purity is
obtained (c), and the progress to equilibrium after the 2 h batch time (d).

Figure 8a shows that the maximum Pp,acm was affected most by Ps,acm, and purer
seeds were also seen to have the lowest times to reach the optimal Pp,acm (Figure 8b). In
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addition, Figure 8b shows that the maximum Pp,acm is attainable within a reasonable batch
time (<2 h). Cc and Cs did not have as noticeable an effect on the maximum Pp,acm, so using
cleaner seeds is the best option for inhibiting the crystallization of the impurity in a SLIP
2 scenario. This behavior is to be expected as long as one can keep the impurity within the
metastable zone (requires short crystallization times), with a negligible nucleation rate. If
the impurity does not nucleate, the surface area available for growth is limited to the one
provided by the seeds which, realistically, will never be completely pure in an industrial
process. By keeping their ACM purity high, we’re selectively providing more surface
area for ACM to grow, thus enhancing its kinetics over CUR’s. This can be performed via
re-crystallization of the seed product (e.g., in the lab scale) before it is used in the industrial
process. The total concentration of seeds (Cs) had a minor effect on the maximum attainable
purity, as the latter is a function of the relative growth kinetics between ACM and CUR.
By increasing seed concentrations, we’re offering more surface area for CUR to grow, but
we’re doing the same for ACM. Overall, Figure 8 demonstrates the importance of seed
purity over seed quantity, when it comes to the kinetic control of product purity.

Eacm was found to be the smallest (furthest away from equilibrium) at higher Ps,acm as
well as at lower Cs (Figure 8c,d). Cc did not have a noticeable effect on Eacm. The figure
also shows that even if more seeds are used, if they have a lower Ps,acm, then the maximum
Pp,acm is not achieved until much further in the crystallization process. This is important to
consider as more seeds means more surface area available for crystallization [44], for both
the product and impurity. In addition, the combination of more seeds, dirtier seeds and
more time could potentially lead to secondary nucleation of the impurity, so care must be
taken to minimize crystallization time. Essentially, there is a tradeoff between Ps,acm and
Cs in how far towards equilibrium the maximum Pp,acm is attained.

As a metric to determine the improvement in Pp,acm from when the maximum is
reached to the Pp,acm at thermodynamic equilibrium, the ratio of the maximum Pp,acm
determined over the Pp,acm achieved at equilibrium calculated from the mass balance
(where Cml,i ≈ Csat,i) was taken. Most of the simulations attained their maximum Pp,acm at
thermodynamic equilibrium (ratio = 1). However, some cases had a modest improvement in
Pp,acm earlier in the process. The ratios were found to be between 1 and 1.004, corresponding
to an improvement of up to 0.4%.

The simulations were also plotted in Python to examine the Pp,acm and Eacm over
the batch time, as well as the time when the maximum Pp,acm was reached, the Eacm
corresponding to when the maximum Pp,acm was attained, and the Cc, Cs, and Ps,acm that
correspond to that simulation. Three simulations are plotted in Figure 9 for a case where the
ACM seeds are very pure (Figure 9a), a case showing that maximum Pp,acm is not attained
until thermodynamic equilibrium is reached (Figure 9b), and a case of worsening Pp,acm
that can be seen earlier in the batch after the maximum is attained (Figure 9c).

The simulation process conditions (Ps,acm, Cs, and Cc), as well as the results for the
maximum Pp,acm (t, Eacm, and Pp,acm at equilibrium), are listed in Table 4.

Table 4. Simulation process conditions and results.

Process Conditions Results for Max. Purity

Variable Ps,acm Cs Cc Max. Pp,acm t, Max. Pp,acm Attained E,acm at Max. Pp,acm Pp,acm at Eq.

Units (%) (g/L) (g/L) (%) (s) (%) (%)

S1 99.90 0.51 64.91 99.93 3557 12.5 99.58
S2 98.75 2.45 61.46 99.49 Eq. Eq. 99.49
S3 99.84 3.12 56.43 99.87 1157 29.4 99.55
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The highest Pp,acm attained among the simulations was 99.93%. The simulation with
this maximum also had a Pp,acm that was 99.58% at equilibrium (Eq.). This simulation is
illustrated in Figure 9a and will be called S1. In S1, the maximum Pp,acm was achieved
in ~1 h and at ~13% towards reaching thermodynamic equilibrium. S1 can be seen as a
scenario in which a very pure product can be obtained within a relatively short batch time,
but it can also fall out of specifications if the crystallization goes on long enough. Thus,
prolonging the crystallization step risks losing product purity over time.

S2 (Figure 9b) is a case where the maximum Pp,acm is not attained until the process
reaches thermodynamic equilibrium, which is not ideal for kinetic control. S2 also has
a high Cs and dirtier seeds than S1, so the process moves toward equilibrium faster.
However, since there is more CUR in the seeds, there is more CUR enriched in the solid
phase. However, since there is more CUR in the seeds, more CUR is enriched in the solid
phase [14,15]. The ACM product only attains its optimum purity once the solution reaches
equilibrium.

S3 is another case where purity can worsen as the process progresses towards equilib-
rium, though this is observed sooner than in S1. In this case, S3 attains its maximum Pp,acm
20 min after seeding, but then more CUR than ACM crystallizes out past this point as ACM
crystallization slows down, resulting in Pp,acm decreasing from 99.87% to 99.55%. S3 has
the largest Cs of the three cases, and since the seeds are very pure with ACM in both S1
and S3, the ACM crystallizes out quickly but then slows down. At this point, CUR is the
predominantly crystallizing solute and the solids become dirtier. This case demonstrates
the CUR impurity growth can only be controlled temporarily once the maximum Pp,acm is
achieved, otherwise purity can decrease as more CUR crystallizes. A possible mitigation
strategy for a scenario like this can be to stop the crystallization shortly after the optimal
Pp,acm is reached before too much CUR is present in the solid phase, at the expense of yield.

In order to visualize the trade-off between yield and purity beyond the three presented
simulations, attainable regions of Pp,acm and Eacm over Ps,acm were generated by plotting
all values of product purity and progress to equilibrium, including purities outside the
value for the maximum observed purity on a given experiment. Results are provided in
Figure 10. This figure shows that the highest product purities are predominantly found in
crystallizations starting with very pure seeds (high Ps,acm). Figure 10 illustrates that it is
possible kinetically to attain a higher Pp,acm than that which is attainable at equilibrium
(99.48 to 99.58%, based on the mass balance for the simulated feed concentrations and the
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provided solubilities), though unless sufficiently clean seeds are used, the optimal Pp,acm is
only attained once the process reaches thermodynamic equilibrium.
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In order to visualize the trade-off between yield and purity beyond the three pre-
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Based on the optimization results and observations, the crystallization kinetics of an
API with a precipitating, low-solubility impurity can be temporarily controlled by seeding
with cleaner API seeds. However, it is difficult to maintain kinetic control in a system
where a low-solubility impurity precipitates with an API, especially since pharmaceutical
processes result in the formation of structurally similar impurities that can have similar
kinetics or solubilities to the API [45]. In this context, the ACM and CUR system should
be viewed as a best-case scenario where the impurity grows nearly ten times slower than
the product. This is partially offset by the fact that the starting impurity supersaturation
is much higher than the product’s. Based on our observations, the optimal approach to
kinetically reject impurities requires (1) a low nucleation rate for the impurity, so that it is
within the metastable zone throughout the process, (2) high seed purities, to selectively
enhance the product’s mass deposition rate, and (3) a crystallization time that is adjusted
so that the process can be stopped before equilibrium, without extending crystallization
time to the point that the impurity will nucleate. The latter can be partially controlled with
the total amount of seeds.

5. Conclusions

In this study, a population balance model for the concomitant crystallization of a
product in the presence of a crystallizing impurity was developed. ACM and CUR were
used as model compounds for a case where an API is paired with a poorly soluble, precipi-
tating impurity. Four seeded antisolvent batch crystallization experiments were conducted
utilizing Raman spectroscopy to track concentrations in situ, and then to calibrate the
population balance model. A validation experiment then validated the model with a good
fit between experimental data and predicted values.

The optimization demonstrated that controlling ACM seed purity had the strongest
impact on the attainable maximum product purities. Most of the simulations reached
the maximum product purity at thermodynamic equilibrium. However, there were cases
where this maximum was attained earlier in the process (30 min–1 h after seeding). The
population balance model demonstrated that a high product purity and near-equilibrium
yields were both attainable within the first 2 h of crystallization, with appropriate control of
seed purities. In addition, seed concentrations played a minor role in purity, despite their
role accelerating the overall process. Overall, it is possible to control the crystallization
kinetics of the impurity with seeding, allowing for a cleaner product before reaching ther-
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modynamic equilibrium. However, this can only be performed temporarily and requires
stopping the process early, taking some losses in yield.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/cryst13111569/s1, Figure S1: Raman spectra for pure ACM (a),
pure CUR (b) and the 25/75 EtOH/H2O solvent (c); Figure S2: particle width distributions for
ACM (a) and CUR (b) indicate little change in the number of small particles between the start of
the crystallization and at equilibrium. These observations led to the assumption that secondary
nucleation of ACM and CUR is negligible, and the primary kinetic mechanism is growth on the seed
crystals; Table S1: model equations for parameter estimation, including equation size for gPROMS
FormulatedProducts; Table S2: model parameters for the equations in Table S1, as they would
be implemented to gPROMS FormulatedProducts; Table S3: model variables for the equations in
Table S1, as they would be implemented to gPROMS FormulatedProducts.
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