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ABSTRACT 
Multiscale models provide a powerful framework to link bioprocess operation conditions with pol-
ymer microstructure, yet their predictive capability for polymer attributes such as chain length 
distributions (CLDs) remains limited. In this work, an advanced multiscale modeling framework for 
the microbial production of poly(3-hydroxybutyrate-co-3-hydroxyvalerate) (PHBV) in Cupriavidus 
necator is presented, targeting the quantitative prediction of polymer microstructure. The model 
consistently integrates a structured macroscopic kinetic description of substrate uptake, biomass 
growth, and copolymer accumulation with an explicitly formulated microscopic polymerization 
model resolving initiation, propagation, termination, and depolymerization reactions of living and 
dead chains. A central contribution of this study is the quantitative calibration of the polymerization 
kinetics based on experimental size-exclusion chromatography (SEC) data. Polymerization rate 
constants were identified by fitting simulated CLDs to measurements obtained at multiple diag-
nostic time points during fed-batch cultivations using fructose and propionic acid as carbon 
sources. Parameter estimation was performed using a hybrid multi-start optimization strategy 
combining simulated annealing with Gauss–Newton refinement. Compared to literature-based pa-
rameter sets, the optimized model accurately reproduces both the temporal evolution of the 
weight-average molecular weight and the full CLD shape, including the emergence of high-molec-
ular-weight tails. The results demonstrate that explicit polymerization modeling combined with 
parameter identification is essential for quantitatively linking process dynamics to PHBV micro-
structure. The proposed framework provides a sophisticated basis for model-based optimization 
of feed strategies and supports quality-by-design approaches for sustainable biopolymer produc-
tion. 
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INTRODUCTION 
Microbial polyhydroxyalkanoates (PHAs) are biode-

gradable and bio-based polymers that represent a sus-
tainable alternative to fossil-based plastics [1]. Among 
them, the copolymer poly(3-hydroxybutyrate-co-3-hy-
droxyvalerate) (PHBV) is of particular interest due to its 
enhanced flexibility, lower melting temperature, and re-
duced crystallinity compared to the homopolymer 
poly(3-hydroxybutyrate) (PHB) [2, 3]. These characteris-
tics improve processability and broaden the application 

range from packaging to agricultural and biomedical ma-
terials. However, despite these advantages, the microbial 
production of PHAs remains expensive compared to pe-
troleum-based polymers, with reported production costs 
for PHAs typically exceeding 2.0 US$/kg, compared to 
average market prices of approximately 1.5 US$/kg for 
conventional plastics such as polypropylene, creating a 
strong need for improved process design and optimiza-
tion strategies [4, 5]. 

Research on PHBV production should not only focus 
on maximizing polymer yield at the process level but also 

https://doi.org/10.69997/sct.199932
mailto:stefan.hempfling@h2.de


 

Hempfling et al. / LAPSE:2026.0334 Syst Control Trans 5:1043-1049 (2026) 1044  

on tailoring end-use properties, which are determined by 
polymer quality attributes such as the chain length distri-
bution (CLD), weight-average molecular weight (Mw), and 
polydispersity index (PDI). While molecular averages are 
commonly reported, they provide only limited insight into 
the underlying polymer microstructure. In contrast, the 
detailed information given in the full CLD strongly influ-
ences material properties such as mechanical strength 
and thermal stability. Accurate prediction of CLDs is 
therefore essential for enabling quality-by-design (QbD) 
approaches in biopolymer production [6]. Figure 1 pro-
vides an overview of the considered fed-batch process 
and the associated multiscale modeling framework, link-
ing macroscopic dynamics with intracellular polymeriza-
tion mechanisms. 

Previous kinetic models of PHBV production suc-
cessfully describe biomass growth, substrate consump-
tion, and overall polymer accumulation; however, the pol-
ymer is described only by its total concentration, which 
limits the prediction of polymer quality properties [7]. To 
overcome this limitation, multiscale modeling approaches 
have been proposed that couple macroscopic process ki-
netics with microscopic polymerization models. A first 
multiscale framework for PHB demonstrated that cultiva-
tion conditions can be systematically linked to evolving 
CLDs by integrating process kinetics with polymerization 
modeling [8]. 

In contrast to PHB, PHBV production involves copol-
ymerization of two monomer species, hydroxybutyrate 
(HB) and hydroxyvalerate (HV), whose relative 

incorporation depends on metabolic regulation and feed 
strategy. The use of propionic acid as a precursor for HV 
formation introduces additional complexity due to inhibi-
tory effects on biomass growth and altered monomer 
availability. As a result, PHBV production exhibits a strong 
coupling between macroscopic process conditions and 
polymer microstructure, which poses additional chal-
lenges for predictive modeling. 

The present work builds upon an existing multiscale 
PHBV modeling framework [9] and advances it towards 
quantitative prediction of polymer microstructure. The 
proposed approach provides an explicit formulation of 
the microscopic polymerization model, incorporating liv-
ing and dead chain dynamics, monomer pools, and mul-
tiscale coupling. It also integrates these elements con-
sistently with an updated macroscopic kinetic description 
within a single simulation environment. In this study, fruc-
tose and propionic acid are used as carbon sources, and 
the polymerization kinetics are quantitatively calibrated 
by identifying rate constants through fitting simulated 
chain length distributions to size-exclusion chromatog-
raphy (SEC) data. This combined model formulation and 
parameter identification enables improved prediction of 
molecular weight evolution and CLD shape and estab-
lishes a consistent link between process dynamics and 
polymer quality. 
  

 
Figure 1: Schematic illustration of the multiscale modeling framework for PHBV production in a bioreactor. The 
macroscopic model (red box) describes reactor-scale dynamics, including substrates (fructose, propionic acid, 
ammonium chloride), biomass growth and product formation. The microscopic model (blue box) represents 
intracellular polymerization processes, where monomers are converted into PHBV by polymerases and stored 
within granules. Coupling both scales enables a consistent description of process dynamics and polymer structure 
evolution. Adapted from [11]. 
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MODEL FRAMEWORK 
The multiscale modeling framework combines a 

macroscopic description of reactor-scale process dy-
namics with a microscopic representation of intracellular 
polymerization mechanisms. An overview of the consid-
ered process and the interaction between both modeling 
levels is shown in Figure 1. 

The macroscopic kinetics of substrate uptake, bio-
mass growth, and PHBV accumulation are based on the 
updated structured kinetic model proposed by Kok et al. 
[10], which refines the original formulation introduced by 
Duvigneau et al. [7]. The model describes the temporal 
evolution of key process variables, including fructose, 
propionic acid, ammonium chloride, biomass, and poly-
mer concentrations. It explicitly accounts for CO₂-de-
pendent metabolic activity, inhibitory effects of propionic 
acid on biomass growth, and steric limitations arising 
from intracellular polymer accumulation in granulas. 
These mechanisms allow the model to capture charac-
teristic features of fed-batch PHBV production under 
varying substrate availability. For clarity, the macro-
scopic balance equations are not explicitly repeated and 
are adopted from the validated formulations reported in 
Kok et al. [10] and Duvigneau et al. [7]. 

The microscopic model resolves the intracellular 
polymerization of hydroxybutyrate (HB) and hy-
droxyvalerate (HV) monomers into PHBV chains. The 
polymerization kinetics and the associated multiscale 
coupling are implemented using the commercial software 
package Predici [12], which provides a mechanistic de-
scription of initiation, propagation, termination, and de-
polymerization reactions. The model explicitly tracks liv-
ing and dead polymer chains as a function of their chain 
length, thereby enabling the direct simulation of chain 
length distributions. 

Microscopic polymerization model 
Living polymer chains terminated with either HB or 

HV are denoted as 𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵� and 𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉�, respectively, where 
i represents the chain length and the last capital letter (B 
or V) corresponds to the terminal monomer (HB or HV) in 
the chain. Their temporal evolution is governed by initia-
tion, propagation via monomer addition, and chain termi-
nation. The corresponding population balance equations 
read 

�[�����]
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= 𝛿𝛿{�,1}𝑘𝑘����𝐻𝐻𝐵𝐵���� + 𝑘𝑘�2�𝐻𝐻𝐵𝐵�����([𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵�−1] +
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𝑘𝑘�[𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵�]     (1) 
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[𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉�−1])− 𝑘𝑘�2��𝐻𝐻𝐵𝐵����� + �𝐻𝐻𝑉𝑉������[𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉�] −
𝑘𝑘�[𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉�]     (2) 

Here, δi, 1 denotes the Kronecker delta accounting for 

chain initiation at i=1. Living chains grow by monomer ad-
dition with rate km2 and are shifted from active to dead 
(inactive) population with rate kc. Dead polymer chains, 
denoted as 𝐷𝐷𝐷𝐷𝐷𝐷𝐵𝐵� and 𝐷𝐷𝐷𝐷𝐷𝐷𝑉𝑉�, are formed via change of 
living chains and subsequently shortened by depolymer-
ization with rate kdep. Their dynamics are described by  

�[�����]
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= 𝑘𝑘�[𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵�] − 𝑘𝑘���[𝐷𝐷𝐷𝐷𝐷𝐷𝐵𝐵�] +

𝑘𝑘���𝑓𝑓��([𝐷𝐷𝐷𝐷𝐷𝐷𝐵𝐵�+1] + [𝐷𝐷𝐷𝐷𝐷𝐷𝑉𝑉�+1])  (3) 
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��
= 𝑘𝑘�[𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉�] − 𝑘𝑘���[𝐷𝐷𝐷𝐷𝐷𝐷𝑉𝑉�] +

𝑘𝑘���𝑓𝑓�� ([𝐷𝐷𝐷𝐷𝐷𝐷𝐵𝐵�+1] + [𝐷𝐷𝐷𝐷𝐷𝐷𝑉𝑉�+1])  (4) 

Since the microscopic model tracks only the termi-
nal monomer unit of each chain, the identity of the newly 
exposed terminal unit after a depolymerization step is in-
ferred statistically. The relative fractions of HB and HV as 
penultimate monomers are assumed to be proportional to 
the HB/HV composition predicted by the macroscopic 
model,  

𝑓𝑓�� = ���
���+���

    (5) 

𝑓𝑓�� = ���
���+���

    (6) 

This approximation allows HB-HB, HB-HV, HV-HB 
and HV-HV terminal combinations to occur during depol-
ymerization without explicit sequence tracking.  

The intracellular pools of polymer-forming mono-
mers 𝐻𝐻𝐵𝐵���� and 𝐻𝐻𝑉𝑉���� are consumed during initiation 
and propagation and replenished by the macroscopic 
monomer formation rates 𝑀𝑀��

+  and 𝑀𝑀��
+ , yielding 
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The monomer formation rates are defined in [8] and 
are adapted for both monomers in the present article. 
The monomer-synthase complexes are formed reversibly 
prior to chain initiation and are governed by 

��������

��
= 𝑘𝑘�1�𝐻𝐻𝐵𝐵����� − 𝑘𝑘����𝐻𝐻𝐵𝐵����  (9) 
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= 𝑘𝑘�1�𝐻𝐻𝑉𝑉����� − 𝑘𝑘����𝐻𝐻𝑉𝑉����  (10) 

Multiscale coupling 
To ensure consistency between the macroscopic 

and microscopic descriptions, both model layers are cou-
pled via a mass-conservation constraint on the total HB 
and HV monomer mass [8]. At each time point, the pol-
ymerized monomer mass in the microscopic model is re-
quired to match the monomer mass predicted by the 
macroscopic kinetics. Instead of solving the resulting dif-
ferential–algebraic system explicitly, a coupling strategy 
is employed. Here, the monomer formation rates 𝑀𝑀��

+  and 
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𝑀𝑀��
+  supplied to the polymerization module are dynami-

cally adjusted such that the microscopic polymer mass 
follows the macroscopic target. 

A key advance of the present work is the consistent 
implementation of the entire multiscale workflow within a 
single simulation environment. Both the macroscopic 
process model, the polymerization kinetics, and the cou-
pling strategy are implemented directly in Predici, ena-
bling numerically robust dynamic simulations and provid-
ing a unified basis for subsequent parameter estimation 
and model validation. 

PARAMETER ESTIMATION AND 
VALIDATION 

A central novelty of this work is the explicit param-
eter identification for the polymerization kinetics. Litera-
ture-based rate constants adopted from PHB studies 
proved insufficient to reproduce experimentally ob-
served PHBV chain length distributions (CLDs) [9]. 
Therefore, rate constants for initiation, propagation, ter-
mination, and degradation were identified directly from 
experimental size-exclusion chromatography (SEC) data 
measured at multiple sampling times during the fed-
batch process.  

The parameter estimation problem was formulated 
as a minimization of the deviation between simulated and 
experimental CLDs. Prior to error evaluation, both exper-
imental and simulated CLDs were normalized to their re-
spective maxima, and the simulated distributions were 
interpolated onto the experimental molar-mass grid. At 
each sampling time 𝑡𝑡�, the discrepancy was quantified 
using the root mean square error (RMSE),  

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡�) =

�
1

�
∑ �𝑤𝑤�����𝑀𝑀�

���, 𝑡𝑡�� − 𝑤𝑤�����𝑀𝑀�
���, 𝑡𝑡���

2
�
�=1 ,   (11) 

where 𝑤𝑤���� and 𝑤𝑤���� denote the normalized weight-based 
CLDs of simulation and experiment, respectively, evalu-
ated at the experimental molar-mass points 𝑀𝑀�

���.  
To obtain a single scalar performance measure over 

the entire process, the RMSE was averaged over time,  

〈𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅〉 = 1

��−�0
∫ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡)𝑑𝑑𝑑𝑑��
�0

,   (12) 

and evaluated numerically using the available sampling 
times.  

A hybrid multi-start optimization strategy combining 
simulated annealing with local Gauss-Newton refinement 
was employed to ensure robust convergence and avoid 
trapping in local minima. Model performance was as-
sessed by comparing simulated and experimental CLDs 
as well as derived quantities such as the weight-average 
molecular weight and the polydispersity index. The re-
sulting parameter set reproduces both the detailed CLD 

shapes and the average CLD-derived values, considering 
experimental uncertainty caused by sample preparation, 
storage time, and possible impurities. 

RESULTS 
Figure 2 compares experimental and simulated 

chain length distributions (CLDs) at 18 h and 36 h of the 
fed-batch cultivation. Using literature-based polymeriza-
tion parameters, the model underestimates both, the 
shift of the distribution towards higher molecular weights 
and the overall distribution width. In particular, the high-
molecular-weight region is insufficiently captured, indi-
cating an imbalance between propagation, termination, 
and degradation kinetics. By contrast, the optimized pa-
rameter set reproduces the experimentally observed CLD 
shapes with good agreement at both sampling times. 
This includes not only the position of the main peak but 
also the emergence of a pronounced high-molecular-
weight tail at 36 h, demonstrating that the temporal evo-
lution of polymerization dynamics is captured more accu-
rately. 

The improved agreement highlights the sensitivity 
of CLDs to polymerization rate constants and underlines 
that parameter values derived from PHB systems cannot 
be transferred directly to PHBV without adjustment. The 
copolymerization of hydroxybutyrate (HB) and hy-
droxyvalerate (HV), combined with the influence of pro-
pionic acid on monomer availability, leads to altered 
growth and termination behavior that must be reflected 
at the polymerization level. 

Figure 3 shows the corresponding time courses of 
the weight-average molecular weight (Mw)  and the poly-
dispersity index (PDI). The optimized parameter set re-
produces both the magnitude and temporal evolution of 
Mw significantly better than the literature-based parame-
ters. In particular, the increase in Mw during the later 
stages of cultivation is captured consistently, reflecting 
the accumulation of longer polymer chains observed ex-
perimentally. Experimental PDI values exhibit compara-
tively large scatter, which can be attributed to uncertain-
ties associated with SEC measurements, sample prepa-
ration, storage effects, and potential impurities. Never-
theless, the simulated PDI remains within a physically 
plausible range and follows the experimentally observed 
trend. 

To quantitatively assess the improvement achieved 
by parameter optimization, the deviation between simu-
lated and experimental CLDs was evaluated using the 
root mean square error (RMSE). Figure 4 compares the 
time-resolved RMSE for the literature-based (BASIC) and 
optimized (OPT) parameter sets. While both simulations 
capture the overall temporal trend, the optimized param-
eter set consistently exhibits lower RMSE values over the 
course of the cultivation. The time-averaged RMSE is 
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reduced from 0.088 for the BASIC parameter set to 0.058 
for the optimized case, corresponding to a relative error 
reduction of approximately 34%. This quantitative im-
provement confirms that the enhanced agreement ob-
served in the CLD comparisons is not only visual but per-
sists over the entire process duration. 

Table 1: Comparison between the original and updated 
parameter set 

Parame-
ter Unit Original 

value Updated value 

kini [h-]  x   x  

km [h-]  x -  x - 

km 
[L h- 
mol-]  x   x  

kc [h-]   
kdeg [h-]   x  

 
The identified polymerization parameters are sum-

marized in Table 1, comparing literature-based values 

[13] with the optimized parameter set. The changes in in-
itiation, propagation, termination, and degradation rate 
constants reflect the altered kinetics required to repro-
duce PHBV copolymerization under propionic-acid-
based feeding conditions. 

 
Figure 4: Time-resolved RMSE between simulated and 
experimental chain length distributions for the 
polymerization parameter sets. The legend indicates the 
time-averaged RMSE. 

 
Figure 2: Comparison of experimental and simulated chain length distributions at 18 h and 36 h. Experiment: black, 
dashed with markers; basic model: red; optimized model: dark green. 

 
Figure 3: Time courses of MW (left) and PDI (right). Experiment: black, dashed with markers; basic model: red; 
optimized model: dark green.  
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Overall, these results demonstrate that explicit pa-
rameter optimization at the polymerization level is essen-
tial for achieving quantitative agreement between simu-
lated and experimental polymer microstructure. While 
macroscopic kinetics determine the overall monomer 
supply, the polymerization parameters govern how this 
supply is translated into chain length distributions and 
molecular averages. By reproducing both CLD shapes 
and derived quantities such as Mw, PDI, and RMSE, the 
proposed multiscale framework establishes a consistent 
and quantitative link between process conditions and 
polymer quality. 

CONCLUSION AND OUTLOOK 
This study builds upon a previously published mul-

tiscale PHBV modeling framework [9] and extends it to-
wards quantitative prediction of both process dynamics 
and polymer microstructure by explicitly formulating the 
intracellular polymerization model and calibrating its ki-
netics. The proposed framework provides a mechanistic 
description of living and dead chain dynamics, monomer 
pools, and depolymerization. It also refines the polymer-
ization rate constants by directly fitting simulated chain 
length distributions to experimental data. As a result, the 
predictive accuracy for the weight-average molecular 
weight and the overall CLD shape is substantially im-
proved. 

The established framework enables in-silico explo-
ration of feeding strategies for tailoring PHBV quality and 
provides a consistent basis for investigating continuous 
and semi-continuous process scenarios. Such capabili-
ties are particularly relevant for scale-up, where feed 
composition and timing can be systematically adjusted to 
steer polymer composition and molecular properties. 
Moreover, the modeling approach is not restricted to 
PHBV and can be extended to other copolymers as well 
as mixed-substrate fermentations, thereby broadening 
its applicability in industrial biotechnology. 

Overall, this work advances the integration of bio-
process modeling and polymer science and supports 
quality-by-design approaches for sustainable biopoly-
mer production. Future research should focus on open-
loop model validation and the development of advanced 
control strategies for polymer quality. In this context, sur-
rogate modeling approaches provide a promising path-
way to reduce model complexity while preserving essen-
tial process dynamics, thereby enabling efficient model-
based optimization and control [11]. These steps would 
further enhance the industrial relevance of the proposed 
framework and contribute to establishing biopolymers as 
competitive alternatives to conventional plastics. 
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