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ABSTRACT
Although polycaprolactone (PCL) is an established biodegradable polymer with various applications, comprehensive kinetic 
modeling of its production is very rare. We present a multi-scale model of ring-opening polymerization (ROP) of ε-caprolactone 
catalyzed by tin(II) octoate as a standard industrial method of PCL production. Five batch polymerization experiments with 
varying temperature and monomer/initiator ratio were conducted, leading to the production of linear PCL samples of varying 
molecular weight distributions. The experimental data were subsequently used for the rigorous estimation of kinetic parameters 
associated with the elementary reaction steps in the assumed kinetic scheme. The results of the model predictions are compared 
with experimental data with decent agreement, revealing that although the reaction dynamics are significantly slower for ROP 
of ε-caprolactone than for L,L-lactide, the original kinetic scheme previously validated for polylactide production can be success-
fully used to model the PCL production process.

1   |   Introduction

Currently, there are trends around the world to substitute con-
ventional polymers with biodegradable ones, such as polycapro-
lactone (PCL). PCL is a polymer that was first synthesized in 
the early 1930s and is still of promising use today [1]. Its main 
advantages are its biodegradability and biocompatibility. This 
means that PCL is decomposed through biological processes 
and that the substances that form during this process are not 
harmful to organisms and tissues. Thanks to these properties, 
PCL is used separately or as a copolymer with other biopoly-
mers, such as drug delivery systems, to produce sutures [1–6] 
or as scaffolds in tissue engineering (bones, cartilage, tendons, 
ligaments, blood vessels, skin, nerves, and others) [7–13]. PCL 

is widely used in tissue engineering thanks to its relatively low 
cost, high processing capacity, and ability to maintain structural 
rigidity in physiological environments [14].

For industrial applications, it is useful to know the kinetics of 
polymerization and the change in product chain length distri-
bution to synthesize polymers with desired properties or op-
timize the production process [15, 16]. A widely used method 
of industrial PCL production is ring-opening polymerization 
(ROP) of caprolactone, catalyzed by stannous octoate, Sn(Oct)2, 
usually with alcohol as an initiator [17–19]. The mechanism of 
caprolactone ROP catalyzed by Sn(Oct)2 bears many similarities 
with ROP of L,L-lactide, proceeding via the same coordination-
insertion mechanism [20–24]. Specifically for PCL, Kowalski 
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et  al. [23] reported MALDI-TOF MS (Matrix-Assisted Laser 
Desorption/Ionization—Time Of Flight Mass Spectrometry) ev-
idence for Sn-containing linear and cyclic PCL macromolecules 
in caprolactone/Sn(Oct)2 systems, supporting the assumption of 
covalently bound tin(II)-alkoxide polyester species formation. 
The reversible active/dormant species activation typical for 
lactide ROP is supported by the combination of MALDI-TOF 
end-group assignments and kinetic evidence showing revers-
ible acid-induced deactivation of Sn-alkoxide growing chains 
[21]. The complementary end-group evidence comes from 
Libiszowski et al. [25], who used MALDI-TOF MS in a model 
caprolactone/Sn(Oct)2/BuOH system and identified hydroxy-
terminated PCL populations. They also demonstrated that the 
initially formed BuO(O)C–PCL–OH population evolves with 
time, consistent with subsequent end-group exchange/esterifi-
cation processes.

While there is a relative abundance of publications dealing with 
experimental studies of ε-caprolactone ring opening polymer-
ization kinetics [19, 23, 24, 26–33], publications dealing with ki-
netic modeling of the process are surprisingly rare. Weng et al. 
[34] studied copolymerization of ε-caprolactone and L,L-lactide, 
taking most of the kinetic parameters from the literature and 
at the same time estimating diffusion-controlled rate constants 
of propagation and transesterification from the dynamic pro-
files of comonomers conversion and number-average molecular 
weight of the produced copolymer. Rosa et  al. [35] performed 
ε-caprolactone homopolymerization using Sn(Oct)2 under fixed 
conditions, comparing the obtained experimental results with 
profiles of conversion and average molecular weight predicted 
for various conditions. The kinetic parameters they used were 
mostly taken from L,L-lactide polymerization (therefore not rig-
orously estimated), resulting in not really convincing agreement 
with experimental data. Both studies mentioned above omitted 
the random chain scission step, which had been previously con-
sidered for lactide ROP [36], from their assumed set of elemen-
tary reactions.

In this paper, we present our work on a multi-scale model of PCL 
production based on the previous one used for PLA [37]. This 
model consists of three sub-models (macro-, micro-, and meso-
scale) and in relatively short computational time it can predict 
polymer microstructure and rheological properties using reac-
tion conditions and initial concentrations of monomer, catalyst, 
and initiator. For the ROP production of PCL, the same types of 
catalyst and initiator are used as in the previous case of PLA, 
and we begin our study with the assumption of an equivalent 
reaction mechanism. However, since we consider the published 
kinetic models of caprolactone ring-opening polymerization to 
be not entirely satisfactory, we first want to verify if the previ-
ously published, experimentally validated kinetic scheme for 
PLA production [36, 37] can be used for PCL production model-
ing. Therefore, we test this hypothesis by conducting five batch 
polymerization experiments with altered temperature and the 
ratio between monomer and initiator concentrations. The exper-
imental data are used for the rigorous estimation of kinetic pa-
rameters connected with the elementary reaction steps. Finally, 
analogously with our previous work on PLA, the rheological 
data on the produced PCL samples, which are of importance in 
polymer down-stream processing and final product formula-
tion, are collected and discussed.

2   |   Methodology

2.1   |   Experimental

2.1.1   |   Polymerization

2.1.1.1   |   Materials.  Benzyl alcohol (Sigma Aldrich, 99%) 
was used as received. Toluene (anhydrous, Honeywell, > 99%) 
was used as received. Tin(II) 2-ethylhexanoate (Sigma) 92.5%–
100% was purified using vacuum distillation and stored in a 
glove box under nitrogen gas. ε-caprolactone (BLD pharmatech, 
99.93%) was purified using vacuum distillation and stored in a 
glove box under nitrogen gas.

2.1.1.2   |   Synthesis.  Poly(caprolactone) synthesis was 
performed with simultaneous aliquot extraction for size 
exclusion chromatography (SEC) and 1H NMR analysis. The 
general protocol goes as follows: 2 g (0.0175 mol) of caprolac-
tone was weighed in a round-bottom flask. Seventy one mil-
ligrams of Sn(Oct)2 (0.000175 mol) was weighed in a separate 
vial. Nineteen milligrams of benzyl alcohol (0.000175 mol) 
was added to a separate vial. Note that for experiments where 
the ratio of monomer to initiator was varied, the respective 
mass of benzyl alcohol was adjusted. Everything was weighed 
in a glovebox. A total of 4.83 mL of dry toluene was added to 
caprolactone, with the remaining 1 mL divided over the vials 
with benzyl alcohol and Sn(Oct)2 for a total concentration of 3 M. 
Once the round-bottom flask with caprolactone has reached 
the desired temperature, solutions containing benzyl alcohol 
and Sn(Oct)2 were added. After the predetermined reaction time 
(96 h, 54 h, 30 h), poly(caprolactone) was precipitated in cold 
methanol and dried in a vacuum oven at 40°C overnight.

2.1.2   |   Polymer Characterization

2.1.2.1   |   1H NMR Characterization.  At various time 
intervals, aliquots (44 μL, ~15 mg poly(caprolactone)) were 
taken and left to dry. Conversion was calculated as the ratio 
of the monomer peak integration at 4.22 ppm and the polymer 
peak integration at 4.05 ppm.

2.1.2.2   |   SEC Characterization.  At various time inter-
vals, aliquots (44 μL, ~15 mg poly(caprolactone)) were taken 
and left to dry. Measurements were performed on a TOSOH 
EcoSEC instrument using CHCl3 eluent running at 1 mL/min. 
Multi-angle light scattering (MALS) (LenS3, Tosoh) was used to 
analyze the samples. Samples were dissolved at a concentration 
of approximately 15 mg/mL in CHCl3 with 100 ppm of toluene 
as an internal standard and passed through a 0.2 μm Teflon fil-
ter prior to measurement. Elugrams were converted to molar 
mass distributions using calibration data from polystyrene stan-
dards. Polystyrene standards (Polymer Standards Service; PSS) 
with a molar mass ranging from 0.4 to 1000 kg/mol were used. 
Raw SEC data was processed and subsequently analyzed using 
Igor analysis software.

Based on the results of previous studies on the kinetic mech-
anism of Sn(Oct)2-catalyzed ROP of ε-caprolactone carried 
out mainly by the research group of Stanislaw Penczek (see 
Section 1), the existence of OH-terminated (dormant) chains in 
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the reaction mixture has been implicitly assumed and therefore 
not tested/proven by any analytical method.

2.1.2.3   |   SAOS Characterization.  All rheological tests 
were performed using a stress-controlled rotational rheome-
ter (Anton Paar MCR 302e, Graz, Austria). The rheometer was 
equipped with an electrically controlled temperature hood. The 
analyses were conducted using a 25 mm parallel-plate geome-
try under a nitrogen atmosphere. All samples were character-
ized by frequency sweep tests using angular frequency from 0.1 
to 100 rad/s at a fixed strain amplitude of 1%, within the linear 
viscoelastic regime. Measurement temperatures were selected 
based on the melting peaks identified by DSC. The temperature 
was carefully optimized to capture the narrow region between 
the rapid transition to a low-viscosity melt a few degrees above 
Tm (leading to low-torque limitations) and the rapid solidi-
fication of the melt upon approaching the melting point. It 
was not possible to analyze all the samples at the exact same 
temperature.

2.1.2.4   |   DSC Characterization.  Melting temperatures 
(Tm) were determined using a DSC 25 (TA Instruments, USA). 
For each measurement, approximately 5 mg of sample was 
placed in non-hermetic aluminum pans and subjected to heat–
cool–heat cycles from 25°C to 200°C at a constant heating 
and cooling rate of 10°C/min. For each sample, Tm was deter-
mined from the second heating cycle.

2.2   |   Model Description

Multi-scale modeling allows us to obtain and combine several 
types of information. That is why it is widely used not only in 
polymer science [38–40]. The scheme of our multi-scale model 
is depicted in Figure 1. As explained above, the structure of this 
model is the same as in the work of Zubov and Sin [37], who de-
signed a multi-scale model of PLA production.

1.	 The first part, the macro-scale model, can be imagined 
as a simulation of the reactor in which the polymeriza-
tion is conducted. The inputs of this model are the initial 
composition of the batch (i.e., concentrations of mono-
mer, catalyst, and co-catalyst), reaction temperature, and 
duration of the polymerization reaction. Model results 
are obtained by solving material balances (under isother-
mal assumptions, heat balance is neglected) and popula-
tion balances of polymer chains (the so-called “polymer 

moment” equations), resulting in a set of ordinary differ-
ential equations (ODEs). The outputs of this model are 
the evolution of reacting species concentrations, elemen-
tary reaction rates, monomer conversion, and number 
and weight-average molecular weights of polymer, Mn, 
and Mw, respectively.

2.	 The micro-scale model simulates the growth of chains 
using the Monte Carlo approach first published by Gillespie 
[41]. Its computational burden is partly lowered by uti-
lizing the evolutions of concentrations and reaction rates 
computed by the previous sub-model as an input, resulting 
in a “hybrid” approach. This model predicts the detailed 
chain architecture of the produced polymer.

3.	 The last sub-model is a publicly available software, BoB 
(Branch-on-Branch) [42] model of chain reptation dynam-
ics, allowing estimation of the rheological properties (vis-
cous and elastic modulus, complex viscosity) based on the 
polymer molecular architecture provided by the Monte 
Carlo model.

All the sub-models are further explained in the following 
subsections.

2.2.1   |   Macro-Scale Model

As was noted in the Introduction, in our model, we start with 
the same kinetic scheme as was used for the ROP of lactide by 
Zubov and Sin [37] and Yu et al. [36], differing only in the num-
ber of monomer units added/removed during one propagation/
depropagation step, since lactide is a dimer and ε-caprolactone 
is a monomer. The analogous kinetic scheme is involved in 
this work because of the similar structure of monomers (L, L-
lactide and ε-caprolactone) and the same nature of the catalyst 
and co-catalyst used. The assumed kinetic scheme is shown in 
Figure 2, where M stands for monomer unit (ε-caprolactone), C 
for catalyst (tin(II) octoate), and A for octanoic acid. Symbols 
Rn, Dn, and Gn are used for the active (growing), dormant, and 
terminated (dead) chains of length n, respectively. The initiator 
molecule can be denoted as D0.

The kinetic parameters of propagation, transesterification, and 
chain scission follow the Arrhenius dependency on temperature, 
and are calculated using a pre-exponential factor kp0, kte0, kde0, 
respectively, and activation energy, Ea,p, Ea,te, Ea,de, respectively. 
The activation of the catalyst is assumed fast (as in the case of 

FIGURE 1    |    Scheme of the multi-scale model presented in this paper. Adapted from [37] with permission given by Elsevier.
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lactide ROP); therefore, the kinetic parameter of catalyst activa-
tion is set as constant (ka1 = 106 L mol−1 h−1). The kinetic param-
eter of catalyst deactivation is calculated from the equilibrium 
constant ka2 =

ka1
Keq

, and the equilibrium constant is temperature 
dependent,

with A and B being unknown parameters. The value of the 
depropagation rate coefficient kd is calculated as kd = kp

[

Meq

]

. 
The monomer equilibrium concentration 

[

Meq

]

 is dependent on 
temperature,

where ΔHlc and ΔSlc are the enthalpy and entropy of polymeriza-
tion, respectively.

A further description of the model can be found in the paper 
by Zubov and Sin [37]. Material balances of non-polymeric 
species and rate equations for polymer moments under the 
assumption of an isothermal batch reactor with constant vol-
ume of reaction mixture are presented below. In the following 
equations, λi denotes the i-th moment of the active chains' dis-
tribution, μi denotes the i-th moment of the dormant chains' 
distribution, and γi denotes the i-th moment of the terminated 
chains' distribution.

Balances of monomer, catalyst, and octoic acid:

Moment equations for active chains:

Moment equations for dormant chains:

Moment equations for terminated chains:

All the third order moments are calculated from the following 
closure formulas:

(1)Keq = exp
(

−
A

T
+ B

)

,

(2)
[

Meq

]

=exp

(

ΔHlc

RT
−
ΔSlc
R

)

.

(3)dM

dt
= − kpM�0 + kd�0,

(4)dC

dt
= ka1C�0 − ka2A�0,

(5)dA

dt
= − ka1C�0 − ka2A�0.

(6)
d�0
dt

= ka1C�0 − ka2A�0,

(7)

d�1
dt

=ka1�1C−ka2�1A+kpM �0−kd�0−ks�1�0+ks�1�0

−kte�1
(

�1−�0
)

+
1

2
kte�0

(

�2−�1
)

−kte�1
(

�1−�0
)

+
1

2
kte�0

(

�2−�1
)

−
1

2
kde

(

�2−�1
)

,

(8)

d�2
dt

=ka1�2C−ka2�2A+kpM
(

2�1+�0
)

+kd
(

�0−2�1
)

−ks�2�0+ks�2�0+
1

3
kte�0

(

�1−�3
)

+kte�1
(

�2−�1
)

−kte�2
(

�1−�0
)

+
1

6
kte�0

(

2�3−3�2+�1
)

−kte�2
(

�1−�0
)

+
1

6
kte�0

(

2�3−3�2+�1
)

−
1

6
kde

(

4�3−3�2−�1
)

.

(9)
d�0
dt

= − ka1�0C + ka2�0A,

(10)

d�1
dt

= −ka1�1C+ka2�1A+ks�1�0−ks�1�0+kte�1
(

�1−�0
)

−
1

2
kte�0

(

�2−�1
)

−
1

2
kde

(

�2−�1
)

,

(11)

d�2
dt

= −ka1�2C+ka2�2A+ks �2�0−ks �2 �0.

+kte�2
(

�1−�0
)

+kte�1
(

�2−�1
)

+1∕6kte�0
(

−4�3+3�2+�1
)

−1∕6kde
(

4�3−3�2−�1
)

.

(12)
d�0
dt

= kde
(

�1 − �0
)

+ kde
(

�1 − �0
)

,

(13)

d�1
dt

=kte�1
(

�1−�0
)

−
1

2
kte�0

(

�2−�1
)

−kde
(

�2−�1
)

+
1

2
kde

(

�2−�1
)

+
1

2
kde

(

�2−�1
)

,

(14)

d�2
dt

=kte�2
(

�1−�0
)

+kte�1
(

�2−�1
)

+
1

6
kte�0

(

−4�3+3�2+�1
)

−
1

3
kde

(

4�3−3�2−�1
)

+
1

6
kde

(

2�3−3�2+�1
)

+
1

6
kde

(

2�3−3�2+�1
)

.

(15)�3 =
�2
(

2�2�0 − �21

)

(

�1�0
) ,

FIGURE 2    |    Reaction scheme of ε-caprolactone ROP analogous to 
the scheme for L, L-lactide ROP presented previously in the paper by 
Yu et al. [36].
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2.2.2   |   Micro-Scale Model

The Monte Carlo model is based on a stochastic simulation algo-
rithm for dynamic modeling of coupled reactions [41]. We have 
used the same implementation of this algorithm as Zubov and 
Sin [37], where it is described in detail. The main difference that 
must be implemented is represented by the different number 
of monomer units in one monomer molecule, which was men-
tioned above (two for PLA and one for PCL).

At the beginning of the Monte Carlo simulation, initial con-
centrations are converted to “micro-scale” units in terms of 
finite numbers (amounts) of simulated “particles,” so that the 
reaction rates Ri of each elementary reaction step have physi-
cal units of reciprocal time. During the simulation, the proba-
bility pi of the i-th reaction is calculated from its reaction rate 
(Ri) in the current time step,

Using the pseudorandom number generator, one of the reac-
tions is selected, and the set of simulated “particles” is modi-
fied accordingly. After that, the simulation time is increased 
by Δt,

where r2 is a pseudo-random number from a uniformly distrib-
uted interval [0, 1].

As mentioned at the beginning of Section 2.2, to improve simu-
lation performance, the reaction rates for the micro-scale model 
are pre-computed using the concentration profiles predicted by 
the macro-scale model.

2.2.3   |   Meso-Scale Model

The last sub-model is based on the Branch-on-Branch algorithm 
to predict the rheological properties of the polymer melt at a 
chosen temperature. This model is publicly available as a pre-
compiled executable file  [42]. This model needs the following 
input: polymer architecture or mean molecular weights (only 
for linear polymers), temperature at which the rheological prop-
erties should be predicted, molecular weight of monomer unit, 
polymer melt density, mean chain entanglement length, and 
characteristic entanglement time. The last two parameters char-
acterize the interactions between the chains (entanglements) 
and need to be estimated. Further description of how the model 
is incorporated into the multi-scale scheme, including global 
sensitivity analysis of its input model parameters, can be found 
in the paper by Zubov and Sin [37].

2.3   |   Estimation of Kinetic Parameters

Similar to Zubov and Sin [37], we assume that the kinetic 
rate coefficients of catalyst activation and chain transfer are 
constant. To decrease the size of the optimization problem, 
we have used values of ΔHlc and ΔSlc found in literature [43]. 
Therefore, we had to estimate the values of eight parameters: 
constants of catalyst activation/deactivation equilibrium A and 
B (Equation  1), pre-exponential factor of propagation kp0, and 
activation energy of propagation Ea,p pre-exponential factor and 
activation energy of intermolecular transesterification kte0 and 
Ea,te, and pre-exponential factor and activation energy of non-
radical chain scission kde0 and Ea,de. This is done via nonlinear 
regression utilizing experimental data describing the dynamic 
evolution of caprolactone conversion (X), polymer number- and 
weight-average molecular weight over time (Mn, Mw).

For the estimation of kinetic parameters, we have re-
implemented the macro-scale model in MATLAB. MATLAB 
was chosen because of an efficient optimization algorithm 
based on Differential Evolution [44]. In both parts of the op-
timization problem, the objective function was constructed as 
the sum of squares of differences between N measured experi-
mental values and the results of model predictions at the same 
points in time.

where SSR is the squared sum of residuals, superscript exp de-
notes experimental results, and superscript sim denotes results 
from the mathematical model. Since conversion of monomer X 
is assumed between 0% and 100%, the relative magnitude of its 
term is quantitatively comparable to that of polymer molar mass 
terms (in kg/mol); therefore, no weights for the individual terms 
of the squared residuals sum have been used.

After a few attempts to find the absolute values of all parame-
ters, we have decided to do pre-optimization and find the order 
of magnitude of pre-exponential factors. The upper and lower 
bounds used during pre-optimization are presented in Table S1. 
Using the pre-optimization results, the bounds for final optimi-
zation were defined, see Table S2.

2.4   |   Uncertainty Analysis

In this work, the same approach as described in the paper by 
Ruszcyński et al. [25] was used to evaluate the 95% confidence 
intervals of the estimated kinetic parameters. We utilized the 
nlparci function, implemented in MATLAB [45]. Using the 
Jacobian matrix and vector of residuals precomputed with 
the MATLAB algorithm lsqnonlin, it first calculates the covari-
ance matrix as follows:

where COV(x) is the covariance matrix, resv is the residual vec-
tor, J(x) Jacobian matrix, and n are degrees of freedom, which 

(16)�3 =
�2

(

2�2�0 − �2
1

)

(

�1�0
) ,

(17)�3 =
�2
(

2�2�0 − �2
1

)

(

�1�0
) .

(18)pi =
Ri

∑M
j=1 Rj

.

(19)Δt =
ln r2

∑M
j=1 Rj

,

(20)

SSR =

N
∑

i= 1

(

X exp−X sim
)2

+

N
∑

i= 1

(

Mexp
n −Msim

n

)2
+

N
∑

i= 1

(

Mexp
w −Msim

w

)2
,

(21)COV(�) =
resv

n

(

J(�)T ⋅J(�)
)−1

,
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TABLE 1    |    Table of parameter values for the proposed kinetic scheme with 95% confidence intervals for optimized parameters.

Parameter Value Standard deviation Source

ka1 1 × 106 L mol−1 h−1 — Assumed

A (Keq par.) −2.93 × 104 K 2.34% Estimated

B (Keq par.) 85.51 2.38% Estimated

kp0 3.33 × 106 L mol−1 h−1 13.18% Estimated

Ea,p 38.84 kJ mol−1 1.24% Estimated

ΔHlc −28.8 kJ mol−1 — [43]

ΔSlc −53.9 J mol−1 K−1 — [43]

ks 1 × 106 L mol−1 h−1 — Assumed

kte0 6.86 × 105 L mol−1 h−1 9.78% Estimated

Ea,te 50.00 kJ mol−1 2.85% Estimated

kde0 2.73 × 107 h−1 18.19% Estimated

Ea,de 79.10 kJ mol−1 0.86% Estimated

FIGURE 3    |    Plots of monomer (ε-caprolactone) conversion temporal evolution at various reaction temperatures and monomer/initiator ratios, es-
timated experimentally (discrete points) and compared with macro-scale model predictions (curves).
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are defined as n = nresv, − np, where nresv is the length of the 
residual vector and np is the number of parameters. The confi-
dence interval at an α significance level is computed as

where t
(

n, �
2

)

 is the value of the t-distribution at α/2 percentile 

with n degrees of freedom.

3   |   Results and Discussion

3.1   |   Estimated Kinetic Parameters

The optimization of SSR was conducted as described in 
Section 2.3. As a result, we have obtained the searched values of 
parameters describing the kinetics of the studied ROP. Standard 
deviations of these values were estimated using the algorithm 
described in Section 2.4. Values of all parameters and their stan-
dard deviations are listed in Table 1.

The values of standard deviations were relatively low for most 
of the parameters. The highest values are observed for the pre-
exponential factors. This can be expected since it was difficult to 
find the order of magnitude, and optimization was divided into 
two steps, as described in Section 2.3.

3.2   |   Polymerization Kinetics

The results of the macro-scale model simulation with op-
timized parameters were compared with the experimental 
results. In Figure  3, experimental and simulated results of 
monomer conversion in time at different temperatures and 
with different ratios of monomer and initiator are compared. 
Let us note that the error bars (standard deviation) could not 
be estimated for the experimental data, because the poly-
mer synthesis runs have not been replicated. This was mainly 
due to their time-consuming nature (i.e., experiments lasting 
up to 100 h). Nevertheless, we find this approach to be quite 
typical for the polymerization modeling studies in general 
[34–36].

(22)�1−� = � ±
√

diag(COV(�)) ⋅ t
�

n,
�

2

�

,

FIGURE 4    |    Plots of number and weight-average polymer molecular weights Mn, Mw, temporal evolution during ε-caprolactone ROP evaluated 
experimentally (discrete points) and compared with macro-scale model predictions (curves) at various reaction temperatures and monomer/initiator 
ratios.
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As it is noticeable, the agreement between experimental and 
model results is exceptionally good. When compared with 
PLA production, for which analogous kinetic scheme has been 
experimentally validated [36], we observe significantly slower 
dynamics of polymerization here: at 80°C, propagation rate 
coefficient of PCL is kp,PCL = 5.99 L/mol/h, while for PLA it is 
kp,PLA = 320.7 L/mol/h. In Figure 4, the polymer average molar 
masses Mn and Mw predicted by the macro-scale model and es-
timated experimentally are compared. We can observe decent 
agreement between experimental and modeling results, but it 
is noticeable that at later stages of polymerization, after 30 h, 
when conversion of monomer reaches almost 100%, the devi-
ation between experimental and predicted values is slightly 
higher, especially in case of weight-average molecular weight 
Mw. The evolution of polymer molar mass, when almost  all 
monomer molecules have been depleted, is caused by chain 
“reshuffling” reactions, which are represented by intermolec-
ular transesterification in our assumed kinetic scheme.

Overall, we can conclude that the trends predicted by the 
macro-scale (population balance) model render well the ob-
served experimental data. Therefore, the kinetic scheme 
previously proposed for ring-opening polymerization of 
L,L-lactide, which includes reversible catalyst activation, 
reversible propagation, reversible chain transfer, reversible 

intermolecular transesterification, and nonradical chain scis-
sion, can be successfully applied in the context of PCL pro-
duction as well. Values of final properties (Mn and PDI) of the 
samples studied are listed together with the reaction condi-
tions in Table 2.

3.3   |   Micro-Scale (Monte Carlo) Model Validation

First, we have verified that the micro-scale model is predicting 
the same evolutions of the molecular weight distribution mo-
ments as the macro-scale model. For this purpose, it is necessary 
to calculate polymer molar weight averages MMC

n  and MMC
w  from 

the macromolecular microstructure predicted by the Monte 
Carlo algorithm.

(23)

MMC
n =MM

∑NR

i=1
RMC(i) +

∑ND

j=1
DMC(j) +

∑NG

k=1
GMC(k)

NR + ND + NG

,

(24)

MMC
w =MM

∑NR

i=1
RMC(i)

2 +
∑ND

j=1
DMC(j)

2 +
∑NG

k=1
GMC(k)

2

∑NR

i=1
RMC(i) +

∑ND

j=1
DMC(j) +

∑NG

k=1
GMC(k)

,

TABLE 2    |    Final properties of all samples listed together with reaction conditions.

Reaction temperature (°C) Monomer/initiator ratio (−) Mn (g mol−1) PDI (−)

Sample 1 70 100 7521.8 2.1

Sample 2 80 100 8457.8 2.5

Sample 3 90 100 8674.6 2.3

Sample 4 90 50 4702.6 1.8

Sample 5 90 200 13240.2 2.2

FIGURE 5    |    Comparison of Mn and Mw predicted by macro-scale and micro-scale models (on the left) and comparison of GPC curve measured 
after 72 h of polymerization and distribution of molecular weights predicted by the micro-scale model at the same reaction time. The polymerization 
was conducted for 96 h at 70°C, and the ratio of monomer and initiator concentrations was 100.
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where MM is the molecular weight of monomer, NR, ND, NG 
stand for the total number of active, dormant, and terminated 
chains, respectively, and RMC, DMC, GMC represent vectors of 
simulated active, dormant, and terminated chain lengths, 
respectively. The comparison of the results of these two sub-
models simulating ROP at 70°C with a monomer/initiator 
concentration ratio of 100 for 96 h is shown in Figure 5. The 
curves produced by these two models overlap for most of the 
period. In the times after 50 h, the oscillations of Mw evolution 
predicted by the micro-scale model are more pronounced.

The primary outcome of the micro-scale model is the complete 
distribution of chain lengths or molecular weights. These distri-
butions in chosen times were compared with experimentally mea-
sured gel permeation chromatography (GPC) data. One of these 
comparisons (taken specifically at 72 h of polymerization) is shown 
in Figure 5. Based on this comparison, we can notice that the hy-
brid Monte Carlo (micro-scale) model is able to quantitatively pre-
dict the shape of the GPC curve/molar weights distribution.

3.4   |   Rheological Characteristics of Produced PCL

The linear viscoelastic behavior of four synthesized PCL samples 
(in the state of melt) was experimentally characterized using small 
amplitude oscillatory shear (SAOS) measurements. Figure 6 pres-
ents the dependence of storage modulus (G′) and loss modulus (G″) 
on the frequency of oscillations (ω). The samples span number-
average molecular weights Mn between 4.7 and 13.2 kg/mol with 
polydispersities ranging from 1.9 to 2.5.

For all investigated samples, the loss modulus exceeds the 
storage modulus across the accessible frequency window 
(0.1–100 rad/s), and no G′–G″ crossover is observed. Moreover, 
storage modulus G′ does not display a well-developed ω2 ter-
minal scaling over an extended frequency decade. These 
features indicate that the materials reside in a weakly entan-
gled or transitional regime rather than in the fully developed 
reptation regime of long-chain polymer melts. For PCL, the 
critical molecular weight (Mc) is reported to be approximately 

FIGURE 6    |    Frequency sweep characteristics of the four synthesized PCL samples. Comparison of experimental (points) and predicted (curves) 
values of storage (G′) and loss (G″) moduli in dependence on the frequency of oscillations.
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6 kg/mol [46, 47]. The samples prepared in this work exhibit 
weight-average molecular weights Mw between 8.8 and 30 kg/
mol, corresponding to Mw/Mc ratios roughly between 1.5 and 
5, respectively. Consequently, the samples are characterized 
by rather low entanglement regime (Mw/Mc < 5) [46], in which 
the relaxation spectrum is governed by a crossover between 
Rouse-like segmental dynamics and emerging reptation con-
straints, and classical terminal behavior is not yet fully devel-
oped [48, 49].

The absence of a crossover point and the lack of a well-
developed rubbery plateau indicate that the samples do not 
reside in the fully entangled reptation regime. Classical tube-
based models, including architecture-resolved implementa-
tions such as the Branch-on-Branch (BoB) algorithm, which 
is part of our modeling framework, rely on the existence of a 
well-defined entanglement network characterized by a pla-
teau modulus and reptation-dominated terminal relaxation. 
In the present low molecular weight regime, such models are 
outside their formal range of validity [42]. Consequently, a dif-
ferent, simplified mathematical description based directly on 
the polymer molecular weight distribution was attempted to 
model the measured rheological response of the PCL samples.

The linear viscoelastic response was calculated based on mea-
sured polymer molecular weight distributions using Maxwell 
superposition [50, 51] over discretized molecular weight frac-
tions and is presented in Figure 6 as continuous curves. For each 
fraction of molecular weight M, the relaxation time τ(M) was 
assigned according to a crossover scaling:

with Me = Mc/2 = 3 kg/mol and continuity imposed at M = Me. 
This approach follows the classical framework of polymer dy-
namics [48, 49] and provides a physically meaningful bridge 
between unentangled and weakly entangled behavior. A sin-
gle input parameter τc (estimated to be on the order of 10−6 s) 
was used to position the relaxation spectrum at the measure-
ment temperature. No additional fitting parameters were 
introduced.

The reconstructed loss modulus spectra exhibit relatively good 
agreement with experimental G″ data across all four samples, 
particularly in the intermediate frequency range. The model 
correctly reproduces the systematic increase in dissipative re-
sponse with molecular weight, demonstrating that the predicted 
molecular weight distributions are consistent with the observed 
relaxation dynamics. In contrast, systematic deviations are ob-
served in the storage modulus at low frequencies, where the 
experimental G′ decreases more slowly than predicted by the 
homogeneous melt model. Such behavior is indicative of an 
additional slow elastic contribution not captured by the linear 
molecular-weight-based framework. In semicrystalline poly-
esters such as PCL, possible origins include weak microstruc-
tural heterogeneities or residual low-molecular-weight species. 
These effects can introduce a solid-like component that elevates 
G′ without significantly altering the mid-frequency dissipative 
response.

Overall, the modeling results confirm that the primary rheological 
trends are governed by molecular weight and distribution charac-
teristics predicted by the polymerization model, while secondary 
deviations can be attributed to physical phenomena beyond the 
scope of an ideal homogeneous melt description.

4   |   Conclusions and Future Work

In this paper, we have described a multi-scale model of 
PCL production via ring-opening polymerization (ROP) of 
ε-caprolactone. The model is based on the previously published 
multi-scale model of L,L-lactide ROP. We have built upon the 
analogy between these two processes and proposed a similar ki-
netic mechanism of polymerization.

Five batch polymerization experiments with varying tem-
perature and ratio of monomer and initiator were conducted, 
leading to the production of linear PCL samples of varying mo-
lecular weight distributions. During these experiments, evolu-
tions of monomer conversion were estimated using NMR, and 
molecular weight distribution moments were estimated using 
the combination of NMR and GPC. These data were used to 
estimate the complete set of necessary parameters describing 
the kinetics of ε-caprolactone ROP, including their standard 
deviations. Comparison of the model predictions with experi-
mental data reveals that although the polymerization dynam-
ics are significantly slower for ROP of ε-caprolactone than for 
L,L-lactide, the original kinetic scheme previously validated for 
PLA production can be successfully used to model the PCL pro-
duction process. Similarly to the PLA production, the intermo-
lecular transesterification, resulting in a random “reshuffling” 
of polymer chain segments, leads to the increase of product 
polydispersity at the advanced stages of polymerization. In con-
trast to the previous modeling studies [34, 35], our results indi-
cate that in caprolactone/Sn(Oct)2 ROP, random chain scission 
might play a role already at temperatures around 80°C.

Due to the relatively low molecular weight of the produced PCL 
samples, which results in a transitional, not fully entangled 
regime, the rheological prediction originally proposed in our 
modeling framework (tube theory-based software “BoB”) could 
not be used. The linear viscoelastic response could be partially 
reconstructed using Maxwell superposition based on the molec-
ular weight distribution of the samples.

The future work in this area will involve modeling of nonlinear 
ring-opening polymerization based on poly-functional alcohols, 
leading to polymer chain branching. With the whole multi-scale 
modeling framework going from reaction recipe to the product 
melt rheology developed and experimentally validated, the de-
sign of PCL-based biodegradable materials with tailored visco-
elastic properties can be accelerated.
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