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Predicting Polymer Properties via a Coupled Kinetic,
Stochastic and Rheological Modeling Approach from
Reaction Conditions

Kristina M. Zentel* and Markus Busch*

A three-step multiscale modeling approach to predict and thus control
polymer properties, such as flow behavior and linear as well as non-linear
rheology, based on polymerization conditions, is developed and applied for
long-chain branched low-density polyethylene (LDPE). The approach consists
of i) a deterministic kinetic model for the description of conversion and
average polymer characteristics, ii) a hybrid stochastic Monte Carlo model for
the description of the polymeric microstructure, and iii) a rheology model for
the evaluation of polymer melt flow properties. The modeling approach is
validated via high-pressure miniplant LDPE samples with a special focus on
long-chain branching. In the next step, the modeling approach can be
successfully transferred to a tubular reactor of industrial scale. Due to its
universality the approach opens up possible applications for other polymer
and also copolymer systems.

1. Introduction

One main aim of today’s polymer chemistry is to control poly-
meric microstructure in order to achieve relevant and desired
polymer properties. Polymeric microstructure is directly deter-
mined during polymerization. Consequently, one has to find
the correct polymerization procedure for producing a specific
microstructure. On the one hand this can be done chemi-
cally by choosing controlled polymerization mechanisms, such
as anionic polymerization, nitroxide-mediated polymerization,
atom transfer radical polymerization, or reversible addition-
fragmentation chain-transfer polymerization for example[1] and
building well-defined and complex polymer structures, for ex-
ample, precision polymers, (multi-) block-copolymers, stars, or
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networks.[2] On the other hand microstruc-
ture can to a certain extent also be directly
controlled by means of adjusted reaction
conditions if the reaction mechanism is
known.

An outstanding example for this is the
polymerization of ethene, which yields
high-density polyethylene (HDPE), low-
density polyethylene (LDPE) or linear low-
density polyethylene (LLDPE). It is of spe-
cial interest because they are produced in
well-established, technically highly relevant
processes. In 2014, more than 90 million
tons of polyethylene have been produced
worldwide and the trend is increasing.[3]

For such products the application of math-
ematical models to predict polymer proper-
ties is extremely beneficial.

Catalytically produced PEs are made in
gas phase or slurry processes and exhibit

either no branching (HPDE) or only short-chain branching
(LLDPE). Mathematical models have been developed to describe
these systems and connect process conditions with polymer
properties such as molecular weight and dispersity.[4] However,
when evaluating a polymeric material, bulk and especially flow
behavior gets essential, as it is the basis for any (mechanical)
processing. For linear or short-chain branched polymer, the flow
behavior depends on molecular properties, mainly molecular
weight and dispersity. Thus, recently it has been made possi-
ble to directly calculate rheological properties from molecular
weight distributions of such systems.[5,6] LDPE is especially com-
plex due to its special rheological properties, which stem from
long-chain branching. Those branches result from side reac-
tions during the radical polymerization mechanism and are af-
fecting polymer flow behavior significantly.[7] The radical poly-
merization of ethene is mechanistically well studied, for exam-
ple, with respect to kinetic network, kinetic coefficients, and
thermodynamics.[8–13]

The LDPE synthesis is a free radical polymerization process
and due to a complex kinetic network including transfer and scis-
sion reactions, LDPE exhibits a special microstructure.[14a,b,15]

An overview of the reaction scheme for LDPE is given in
Figure 1. Due to backbiting reactions it shows so-called short-
chain branches (SCBs), side arms of typical lengths of two to
six carbon atoms, which mainly influence the crystallinity of
the polymer. Moreover, the radical functionality of a growing
polymer chain can be transferred to a dead polymer chain.
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Figure 1. Reaction scheme for the branching in free radical polymerization of ethene. Beside the steps for ideal free radical polymerization, which include
initiation, propagation, and termination via recombination and disproportionation various transfer reactions are observed. Transfer to monomer and
chain transfer agents terminate growing chains and start new radicals with chain length 1. Intramolecular transfer to polymer via a six-membered ring
leads to mid-chain radicals, which can form short-chain branches after subsequent monomer addition. Intermolecular transfer to polymer results in
mid-chain radicals, which can either fragment in a 𝛽-scission reaction or form a long-chain branch if propagation is performed.

Consecutive addition of monomer yields randomly distributed
long-chain branches (LCBs), which influence processability dras-
tically. The LCBs are central for the mechanical properties of
LDPE[16] and are the reason for the lasting success of LDPE, even
after Ziegler-Natta and metallocene catalysts were introduced al-
lowing it to produce HDPE and LLDPE at much more moderate
process conditions.

LCBs are generated randomly during the polymerization pro-
cess and their individual positions and lengths depend on
reaction conditions and chance. While deterministic kinetic
models are capable of simulating molecular weight distributions
even for complex systems at low computational times, they do not
give individual chain microstructure including exact long-chain
branching length and position. Thus, a stochastic approach—
namely a Monte Carlo approach—is needed to describe the com-
plete LCB distribution. The first application of Monte Carlo sim-
ulations in the field of long-chain branched polymers was given
by Tobita[17,18] and since then several developments were made
to improve the models.[17,19a–e,20–22] However, long-chain branch-
ing distributions cannot simply be measured and so comparing
simulations results with data is challenging and validation with
experimental results is rare.

By applying a well-defined external (shear or elongational)
force and observing the material response, various conclusions
can be drawn with respect to both the underlying polymeric mi-
crostructure and macroscopic product properties. In this context,
flow behavior can serve as a sensor for long-chain branching, but
only if a suitable model is available to map the effect of branches
on rheology. Recently, it was demonstrated that the branch-on-
branch (short: BoB) algorithm is able to describe both the linear

as well as the non-linear flow behavior of long-chain branched
polymers.[23–25] The BoB algorithm depends on the correct input
of polymer topologies. If they are available, it gets possible to pre-
dict the rheology of branched polyethylene.

An approach to predict the linear rheology of LDPE behav-
ior based on Monte Carlo results and the BoB model was made
for one industrial LDPE sample and the agreement of modeled
and measured rheology was found to be good.[21] However, the
sample was not characterized with respect to branching, no non-
linear flows were investigated, and transferability to other reac-
tion conditions/grades was not investigated. Read et al. were able
to calculate linear as well as non-linear rheology of a set of indus-
trial LDPE samples and the agreement between measured and
modeled rheology results was encouraging.[23] However, they did
not have or use the reaction conditions applied to produce the in-
vestigated samples as input. Instead they assumed batch reactors
in order to match the experimentally observed molecular weight
distribution and branching ratios to generate the necessary topol-
ogy files. It is encouraging that the fits are that good under those
conditions, but effects of reaction conditions such as tempera-
ture, pressure, and residence time are thus not connected to the
rheology results and a direct prediction of flow properties from
reaction conditions is thus not possible.

In order to get a deeper insight into process–structure–
property relationships, i) the polymerization kinetics were cou-
pled to the polymerization process, and then ii) used to model
individual polymeric architectures and finally iii) evaluate their
impact on linear as well as non-linear rheology.[6] This task is
archived by combining three different modeling levels: a kinetic
model is coupled with a hybrid Monte Carlo approach and finally
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Figure 2. Schematic depiction of the introduced three-step multiscale modeling strategy. In the first step, the differential equations of the kinetic model
are solved numerically. Reaction frequencies can be exported and used as input for the hybrid stochastic Monte Carlo modeling of individual polymer
topologies. Those serve as basis for modeling the rheological flow behavior via the branch-on-branch algorithm.[26]

a (non) linear rheology model for branched molecules to a three-
step multiscale modeling strategy. This modeling strategy is then
applied to an ethene polymerization in a high-pressure miniplant
reactor operated under controlled and well-known steady state
reaction conditions close to industrial relevance. Simulated re-
sults are compared on every level with the analytical characteri-
zation of the respective LDPE samples in order to check the va-
lidity of the complex three-step modeling approach. In the next
step, the model is transferred from the continuously stirred tank
reactor in miniplant scale to the industrially relevant tubular re-
actor. The reactor with four initiator injections is investigated in a
sensitivity study, which shows the effect of varying process condi-
tions on the polymeric microstructure as well as the polymer flow
properties.

2. Modeling and Experimental Section

2.1. Modeling Strategy

The aim of this work is to set-up and validate a three-step mod-
eling strategy, to model the way from process conditions and ki-
netics, to the resulting polymeric microstructure and finally to
product properties. A schematic depiction of this modeling strat-
egy is given in Figure 2.

2.1.1. Kinetic Model

The deterministic modeling of the high-pressure ethene poly-
merization is performed with the software Predici.[27] Under
high-pressure conditions ethene polymerizes to LDPE in a free-
radical process, containing initiation, propagation, termination
as well as various transfer reactions. Those include transfer to the
monomer and chain transfer agents (CTAs) (in our case propi-
onic aldehyde [PA]) but also transfer to polymer. Via a backbiting
reaction the radical functionality can be transferred intramolecu-
larly, giving a mid-chain radical. This mid-chain radical can either
propagate by monomer addition and thus give a SCB or undergo
a 𝛽-scission. In the applied model, the intermediately formed

mid-chain radicals are neglected. ß-scission of those radicals is
neglected and the reaction to SCB is treated unimolecularly as in
the major part of modeling studies.[8] For typical chain lengths
of LDPEs, the effect of a ß-scission after backbiting cannot be
explicitly separated by analytical means. If chain structures are
investigated by NMR, the resulting short chains appear very sim-
ilar to the structures produced by transfer to monomer. There-
fore, they are inherently incorporated in the transfer to monomer
step when determining the rate coefficients. In principle, this can
be unrevealed mechanistically, when both reactions are moni-
tored under a strongly varying monomer concentration. While
a ß-scission after backbiting is a reaction of sequence paths with
no reactions involving monomer, transfer to monomer is a bi-
molecular reaction dependent on monomer concentration. An
alternative way would be measuring chain transfer to monomer
at low temperatures where ß-scission is not in action, as the acti-
vation energy is high. An example were this effect was unrevealed
for high temperature solution acrylate polymerization is given
by M. Müller, where a combined data interpretation with experi-
ments over a wide temperature range was made.[28] Intermolecu-
lar transfer to another polymer chain is possible as well, resulting
in a mid-chain radical.[8] Moreover, Neuhaus[29] introduced the
propagation of terminal double bonds (tDB), also yielding mid-
chain radicals. Mid-chain radicals can either undergo a scission
reaction or form a LCB by addition of further monomers (see Fig-
ure 1). As indicated, the LCBs are fundamental microstructural
characteristics of LDPE and the correct description of their for-
mation is thus of great importance.[22,30a,b,31]

An overview of the kinetic network of the LDPE polymeriza-
tion as used in this work is depicted in Table 1, however other ap-
proaches can also be found in literature.[8–12] The rate coefficients
for propagation and termination were taken from Schweer[32]

and the ratio for radical combination and disproportionation was
taken from Lee and Merano.[33] Chain transfer to monomer was
taken from Buback[34,35] and backbiting, transfer to polymer and
𝛽-scission were used as determined by Busch.[31] One important
change is the consideration of the conversion dependence of the
transfer to polymer reaction as introduced by T. Herrmann.[36]

Additionally, the propagation of tDBs is incorporated using the
kinetic coefficients introduced by Neuhaus,[29] dividing the tDBs
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Table 1. Overview of reactions and corresponding reaction frequencies R used for modeling of LDPE microstructure. Rs is a radical of chain length s,
Ps a polymer of chain length s, E represents the monomer ethene, CTA the chain transfer agent, and the reaction coefficients are denoted as kreaction.
Mass-less counting species Hreaction are introduced to monitor the creating of SCB, LCB, and tDB during the polymerization. The reaction frequencies
are defined as reaction rates divided by the amount of respective reacting macromolecules present, which are synonymous to its moments, 𝜇. This leads
to the necessity of two reaction frequencies for describing reactions between two macromolecules—one for each type of macromolecule. For the dead
polymer, the reaction frequencies have to be multiplied by the number of available reaction centers, for example, PN (number of monomer units) in the
case of transfer to polymer of tBD in the case of terminal double bond propagation.

Reaction Chemical equation Origin of macromolecule Reaction frequency [s−1]

Propagation Rs ⋅ +E
kp
→ Rs+1⋅ Primary radical Rp,I = kp · c(ethylene)

Transfer to monomer Rs ⋅ +E
ktrM
→ Ps + R1⋅ Primary radical RtrM = ktrM · c(ethylene)

Transfer to CTA Rs ⋅ +CTA
ktrCTA
→ Ps + R1⋅ Primary radical RtrCTA = ktrCTA · c(CTA)

Transfer to Polymer Rs ⋅ +Pr

ktrPM ⋅r
→ Rr,MCR ⋅ +Ps Primary radical RtrPM,I = ktrPM · 𝜇1(polymer)

Dead polymer RtrPM,II = ktrPM · 𝜇0(radical) · PN

𝛽-scission Rs,MCR ⋅
k𝛽 ⋅f (s,r)
→ Rs−r ⋅ +Pr Mid-chain radical R𝛽 = k𝛽

Formation of LCB Rs,MCR ⋅ +E
kp
→ Rs+1 ⋅ +HLCB Mid-chain radical Rp,II = Rp,I

Backbiting Rs ⋅
kbb
→ Rs ⋅ +HSCB Primary radical Rbb = kbb

Disproportionation Rs ⋅ +Rr ⋅
kt,disp
→ Ps + Pr Primary radical Rdisp = kdisp · 𝜇0(radical)

Recombination Rs ⋅ +Rr ⋅
kt,comb
→ Ps+r Primary radical Rcomb = kcomb · 𝜇0(radical)

Propagation of tDB Rs ⋅ +Pr

ktDB ⋅f (r)
→ Rs+r,MCR ⋅ +HtDB Primary radical RtDB,I = ktBD · ∑HtDB

Dead polymer RtDB,II = ktDB · 𝜇0(radical) · tDB

into a chain length independent and a chain length dependent
part following the argumentation of Eckes.[37] As both these re-
actions have an impact on polymeric microstructure, they are of
special importance when investigating structure–property rela-
tionships. Arrhenius coefficients for initiation with tert-butyl per-
oxyacetate were taken from Buback et al.[38] and the transfer to
monomer was also taken from Buback et al.[34]

2.1.2. Hybrid Monte Carlo Model

While deterministic models are only able to calculate average
microstructural properties, Monte Carlo algorithms yield de-
tailed information on the polymeric microstructure of individual
molecules. Those are of interest if chain length dependent struc-
tural information is required or if rheological models, such as the
BoB algorithm,[39] are used. In this context, hybrid Monte Carlo
approaches are especially beneficial due to their comparably short
simulation times and low computational demands.

Neuhaus et al. developed a hybrid Monte Carlo model,[20]

which is a single molecule approach and determines all event
frequencies (including reaction rate coefficients, concentrations,
and moments) for all elemental reactions within a deterministic
part (Predici). In the next step, the results are used as input for
the stochastic algorithm, where a particular number of molecules
is modeled with respect to their individual microstructure one af-
ter the other. Eckes et al. expanded the algorithm with respect to
the propagation of tDBs.[40]

The hybrid Monte Carlo algorithm is able to describe both
tubular and autoclave reactors, which were described in a previ-
ous publication.[20] In the first step, the starting point of a macro-
molecule has to be defined, which is a specific location xstart along
the tubular reactor or the individual residence time 𝜏 individual for

the autoclave. The first part of this contribution focuses on mod-
eling an ideally back-mixed one-zone autoclave reactor at steady
state conditions. This was—amongst other things—done to allow
a direct comparison to real PE samples prepared in a miniplant.
In order to account for the reaction time of a macromolecule, in-
dividual residence times 𝜏 individual are calculated from the cumula-
tive residence time distribution F(t/𝜏) by drawing a random num-
ber rand from the uniform distribution between 0 and 1. Here,
𝜏 is the hydrodynamic residence time given by reactor volume
Vautoclave and flow rate, V̇ .

𝜏 =
Vautoclave

V̇
(1)

𝜏individual = −𝜏 ⋅ ln
(

1 − F
( 𝜏individual

𝜏

))
= −𝜏 ⋅ ln (1 − rand) (2)

The time steps of the molecule Δt are then calculated based
on the reaction frequencies according to the algorithm of
Gillespie.[41]

Δt = −
ln (rand)∑

i Ri

(3)

Individual molecules are traced during their individual resi-
dence times and the resulting topological changes to the macro-
molecule are observed by taking into account the reaction fre-
quencies. The reaction frequency of a certain reaction i is its rate
divided by the considered moment of the respective polymeric
species (see Table 1). These frequencies are then used to calcu-
late probabilities, Pi, for all possible reaction paths. By drawing
random numbers and comparing them to the probabilities, re-
action step after reaction step is chosen for the evolving macro-
molecules. A schematic presentation of the Monte Carlo algo-
rithm is shown in Figure 3.
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Figure 3. Schematic depiction of the procedure of the Monte Carlo algorithm. Inputs as well as outputs are given in parallelograms.

As soon as the sum of time steps for one molecule exceeds
its individual residence time, the macromolecule leaves the re-
actor and its simulation ends. The topological information of it
is saved in a topology array, which serves as the basis for further
evaluation, and the next molecule is started.

In the second part, a tubular reactor is modeled, so that reac-
tor position becomes the relevant variable. From the determin-
istic model, a position-dependent rate of rH1,V(x) chain starts for
radicals with chain length s = 1 can be calculated according to
Equation (4).

rH1,V (x) =
(
ktr,E ⋅ cE ⋅ 𝜇0,R + ktr,CTA ⋅ cE ⋅ 𝜇0,R

+ 2 fIni ⋅ kd,Ini ⋅ cIni

)
⋅ V (4)

Here, kreaction corresponds to the rate coefficient of transfer to
ethene, transfer to the CTA, and the initiator decomposition, c
corresponds to the concentration of ethene and the initiator, 𝜇0,R
is 0. Moment of radicals, fIni, is the initiator efficiency and V the
volume. The probability to start a chain, pH1(x), at a certain po-
sition can be calculated with Equation (5) and is especially high
after each of the initiating zones. xmax corresponds to the total
reactor length.

pH1 (x) =
∫

x
x=0 rH1,V (x) dx

∫
xmax
x=0 rH1,V (x) dx

(5)

A random number rand is drawn and assigned to the probabil-
ity distribution in Equation (5) to find the starting position of the

growing radical. After each reaction step, a position step is calcu-
lated for the growing radical following Equation (6) via the flow
velocity w and the sum of reaction frequencies. As soon as the ac-
cumulated distance exceeds the reactor length, xmax, the macro-
molecule is saved and a new radical is started.

Δx =
ln (rand)∑

i Ri

⋅ w, xmax ≤
∑

i

Δxi (6)

A more detailed description of the algorithm can be found in
literature.[20] Depending on ensemble size, typical simulation
times are several hours on a standard desktop PC.

A 3D “Random Walker” generates random conformations of
the macromolecules assuming ideal-chain behavior. Following
Equation (7) this allows the calculation of the respective radius of
gyration. For an ideal linear chain behavior the radius of gyration
is determined via Equation (8). By dividing Equation (7) by the
radius of gyration of a linear macromolecule of the same chain
length the contraction factor or branching ratio, g, is obtained via
Equation (9).

R2
g =

1
s2

s∑
i=1

s∑
j=1

(
⃖⃖⃖⃗Ri − ⃖⃖⃗Rj

)2
(7)

⟨R2
g⟩s,linear =

1
6

b2s (8)

g =
R2

g,s,branched

⟨R2
g⟩s,linear

(9)
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2.1.3. Rheology Model

While the hybrid Monte Carlo simulation requires an ensemble
of several million macromolecules for reliable and representa-
tive simulations, the BoB algorithm of Das et al.[24,26] requires
less than 100 000 representative molecules for rheology predic-
tions. This can be attributed to the fact that rheology is impacted
most by molecules with a high molecular weight and the Bob al-
gorithm does not need a large ensemble of interacting molecules,
while the majority of molecules produced during free radical
polymerization have low molecular weights. Thus, the molecu-
lar topologies generated in the hybrid Monte Carlo model are re-
duced in number and converted (from the hybrid Monte Carlo
format) to the BoB format first. To perform this task the Sample-
BoB algorithm is introduced, which ensures consistent and rep-
resentative sampling of the Monte Carlo topologies, especially re-
garding the high-molecular weight high-branched area. Sample-
BoB changes the topology array structure for the macromolecules
from the Monte Carlo version[20] to the BoB array structure.[26] It
deletes information not necessary for rheology calculation such
as radical functionality. Additionally, SampleBoB transfers the
unit of segment chain length from number of monomer repeat
units (Monte Carlo) to molecular weight in units of the entangle-
ment molecular weight Me (BoB). In the next step, the molecules
are sorted into bins according to their molecular weight and a set
of molecules is drawn from each bin based on random numbers
to reduce total ensemble size. Then, the BoB algorithm is used
to predict both linear and non-linear rheology of the branched
polymers.

The dynamics of entangled polymers can be described by the
tube model developed by Doi, Edwards, and de Gennes.[42] In this
model, polymer chains move by simple curvilinear diffusion—
called reptation—along the tube contour. A re-equilibration of
the orientational configuration is possible by reptation once the
polymer left the original tube and is confined by a new one. This
process is dominated by a single reptation time.

Once branched polymers are considered, reptation is highly
suppressed by the branches and new configurations are only ac-
cessible by exponentially slower processes. Those include side-
arm retraction,[43] which contributes to constraint release: the dy-
namic dilution hypothesis suggests that relaxation is sped up as
more and more material is relaxed and thus fewer constraints ex-
ist. Once a side-arm is relaxed, the respective branch-point can
move and thus relax by branch-point-hopping. As soon as only a
linear section is left, it can relax via reptation. This corresponds to
the idea that branched polymers relax from the outside inwards,
that means hierarchically.

For a quantitative prediction of the relaxation process of
branched polymers two parameters are necessary: the plateau
modulus G0, which corresponds to the level of elastic stress sup-
ported by the polymer melt and depends on the tube diameter,
and the entanglement time 𝜏e, which sets a time scale for the
fastest entangled viscoelastic mode.[39]

For some polymer architectures the observation of non-linear
flows are of special interest.[44] LDPE for example shows a re-
markable strain-hardening effect in extensional flow, which is
essential during polymer processing via film blowing.[45] If the
polymer melt is stretched at high flow rates, a drastic increase
of the transient viscosity is observed, which can be attributed

Table 2. Summarized reaction conditions of samples PA-01 and PA-02,
which are used for model validation. The samples differ predominantly
with respect to molecular weight, as they were produced under different
CTA feed streams.

Sample PA-01 PA-02

Temperature [°C] 256 250

Pressure [bar] 2000 2000

Conversion [%] 11.4 12.3

Residence time [s] 90 90

Mass flow ethene [g s−1] 0.556 0.556

Mass flow CTA [g s−1] 5.18 × 10−4 8.70 × 10−4

Mass flow TBPA [g s−1] 2.86 × 10−6 2.45 × 10−6

to the presence of LCBs.[46] Thus, modeling non-linear flows is
also of high interest. In non-linear flow of highly branched poly-
mers, “buried” segments can be stretched similarly to elastic net-
works. Stretch is controlled by the segments “priority,” which is
the smallest number of free ends connected to this segment in
one direction. The stretch relaxation time defines the time scale
necessary for a polymer segment to return from its stretched
state to the original tube length. Predictions become possible by
applying the “pom-pom-model”, which was derived by McLeish
and Larson and describes tube physics for an entangled polymer
strand trapped between two branch points.[47] In this model, two
pairs of priority qi and relaxation times 𝜏 s,i are mapped onto a
pom-pom mode for each strand i—one representing stress relax-
ation via arm retraction and one via constraint release.

The BoB-algorithm applied here is able to monitor both linear
and non-linear polymer relaxation as a function of logarithmic
time. It performs a time-integration along the chain-contour and
keeps track of the relaxing processes by arm retraction and rep-
tation.

3. Experimental Details

3.1. Materials

Test assessment of the introduced modeling strategy is demon-
strated using two LDPE samples, which were produced in a differ-
ent context. They are used for validation to show that the model-
ing approach is even capable of working on samples, which were
not tailored for validation. These were produced (under well-
defined conditions) in a miniplant scaled 100 mL autoclave reac-
tor operated continuously at 2000 bar and 250 °C at steady state
conditions (as a continuously stirred tank reactor). They mainly
vary with respect to their molecular weight due to different CTA
(PA) concentrations. The detailed experimental conditions can be
found in Table 2. The samples were characterized with respect to
their molecular weight distributions, long-chain branching, and
rheological properties.

3.2. Size Exclusion Chromatography–Multi-Angle Laser Light
Scattering

The measurement of the molecular weight distributions was
carried out by high temperature size exclusion chromatography
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(SEC) in 1,2,4-trichlorobenzene at 150 °C. The PolymerChar GPC
system is equipped with four columns (3x Shodex UT 806M, 1x
Shodex UT807) and three detectors. Those are an IR5 infrared
detector for concentration measurement, a H 502 visco detector,
and a Wyatt Dawn Heleos II multi-angle laser light scattering de-
tector (MALLS) with 16 angles. This allows the determination
of the molecular weight distribution via the conventional (cali-
brated), the universal and the absolute method. 10–15 mg of the
polymer sample is weighted into 10 mL vials. The GPC is also
equipped with an Agilent 1200 auto sampler, which doses 8 mL
of the solvent to the samples and dissolves them for 60 min at
160 °C. Afterward, 200 𝜇L of the solution are injected. A flow rate
of 1.0 mL min−1 is applied for the measurements. The evaluation
of concentration detector is performed via the calibration curve
of narrowly distributed PE standards with molecular weights be-
tween 3.4 × 102 and 1.1 × 106 g mol−1. The visco detector allows
the calculation of the molecular weight via universal calibration
and the MALLS detector yields molecular weight from the inter-
cept of the Zimm plot. Moreover, the slope of the Zimm-plot gives
the radius of gyration, which is used to calculate experimentally
determined contraction factors.

3.3. Rheological Characterization

Special care was taken to avoid changes in microstructure of the
samples during measurements. Similar to literature,[48] the sam-
ples were stabilized with 500 ppm Irganox 1010 and 1000 ppm
Irgafos 168, which are both radical scavengers, prior to the rheo-
logical characterization and hot pressed at 200 °C and 200 bar into
discs or strips of 1 mm thickness. Additionally, all experiments
were performed under nitrogen atmosphere and reproducibility
is tested by repetitive experiments.

The rheological response was measured on Physica MCR 300
Anton Paar rheometers at 150 °C. Dynamic-mechanical measure-
ments were performed using a 25-mm parallel plate geometry
with a sample thickness of 1 mm in the linear range of deforma-
tion (5%). The frequency range was 0.02–628.3 s−1.

Elongational rheology was measured using the optional
stretching device SER. The sample strips were camped onto
the counter-rotating cylinders and tempered prior to the testing.
Hencky strain rates, �̇�, from 0.05 to 10 s−1 were applied.

4. Results and Discussion

As explained in Section 2.1. a three-step multiscale modeling
strategy was developed. This strategy focuses on describing the
effect of process conditions on the polymeric microstructure of
LDPE—especially long-chain branching—and finally the impact
on polymer flow behavior in linear and non-linear flow. First, an
overview of the modeling procedure and modeling results will be
shown. In the next step, these results will be used as a basis to
check the complex model regarding plausibility as well as accu-
racy regarding the predicted results with actual LDPE samples
from a miniplant scale autoclave. Then, the validated model is
used to predict the polymeric microstructure and flow behavior
of a hypothetical industry scale tubular reactor with a length of
1600 m and four reaction zones.

Table 3. Average molecular parameters of samples PA-1 and PA-2 as mod-
eled by deterministic kinetic modeling as well as stochastic Monte Carlo
modeling. The parameters show good agreement within stochastic scat-
tering proving successful Monte Carlo modeling.

Sample PA-01 PA-02

Kinetics Monte Carlo Kinetics Monte Carlo

Mn [g mol−1] 26 900 26 600 24 500 24 200

Mw [g mol−1] 355 000 439 000 291 000 322 000

SCB/1000C 16.8 16.8 16.3 16.3

LCB/1000C 0.79 0.79 0.75 0.75

4.1. Model Set-Up

In the first step, the kinetic model was applied to give average
product properties, such as number and weight average molec-
ular weight as well as long- and short-chain branching densities
in SCB/1000C and LCB/1000C, respectively. Additionally, the ki-
netic model gives the reaction frequencies, Ri, for the individual
reaction steps as introduced in Section 2.1. (see also Table 1). The
kinetic model requires only the input of reactor characteristics
and reaction conditions, which is reactor volume, flow velocity or
reaction time (depending on continuous or batch mode), temper-
ature, pressure, and reagent concentrations. Two sets of input pa-
rameters were chosen for performing simulations. They are close
to industrially relevant conditions and match to the polymeriza-
tion conditions of actual LDPE samples, which will be used for
model validation in the next step. They were produced in a con-
tinuously operated high-pressure autoclave miniplant reactor at
steady state at the Technical University of Darmstadt. Reaction
conditions were monitored carefully during the experiments. The
samples were originally not produced to serve as model validation
material. However, they are ideally suited as they are in the com-
mercially relevant area of process conditions and product prop-
erties. Two representative samples, PA-1 and PA-2, will be pre-
sented in the following, where PA stands for the applied CTA
PA. The respective reaction conditions correspond to the values
listed in Table 2. The two sets of parameters differ with respect to
CTA feed, which is typically the first parameter adjusted system-
atically in order to vary polymer properties, in this case, molecular
weight. Respective reaction conditions can be found in Table 2.
The initiator efficiencies were adjusted to fit the experimentally
observed conversion, so that f(PA-01) = 0.39 and f(PA-02) = 0.55.
The initiator efficiencies attribute to any non-idealities in radical
generation during initiation, primary radical termination, or tDB
activation. The values reported here are in a plausible range: on
the one hand the initiator decomposition is connected to a decar-
boxylation process and in cage recombined radicals are no longer
available for the initiation process, and on the other hand, the
peroxide is operated in the non-optimal temperature range. The
deterministic kinetic model gives resulting polymer properties,
namely number- and weight-average molecular weight, disper-
sity as well as short- and long-chain branching densities, which
are given in Table 3 labeled “kinetics.” They lie within the ex-
pected order of magnitude for typical LDPE products.

In the second step, the reaction frequencies from the kinetic
model were used in order to produce an ensemble of five mil-
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Table 4. Summarized input parameters for rheology modeling via BoB as
applied within this work.

Monomer molar mass [g mol−1] 28

Density [g cm−3] 0.93

Entanglement time 𝜏e [s] 5.8 × 10−8

Monomers per entanglement Ne 57

lion individual polymeric microstructures via the hybrid Monte
Carlo model. The comparison of deterministically obtained aver-
age molecular parameters, such as the number-average molecu-
lar weight, Mn, and the LCB and SCB frequencies, with stochas-
tically determined ones, serves as indicator for the correct op-
eration of the Monte Carlo model. Monte Carlo results are also
provided in Table 3 labeled “Monte Carlo.” Agreement between
number-average molecular weight, SCB and LCB frequencies for
the deterministic and stochastic modeling is excellent. The dis-
crepancy observed with respect to the weight-average molecular
weight can be attributed to the stochastic nature of the algorithm:
the amount of molecules simulated by Monte Carlo decreases
with increasing chain length. Additionally, the fragment proba-
bility for macromolecules undergoing a 𝛽-scission reaction does
depend on branching structure, which is known as topological
scission. When long-chain branched macromolecules are frag-
mented by a scission reaction, the probability of creating one
small and one big molecule is significantly higher than the cre-
ation of fragments with similar molecular weight.[8] This fact af-
fects the dispersity of the MWD and is only incorporated correctly
in the stochastic Monte Carlo approach.

The third and last step of the introduced three-step model-
ing strategy is modeling the flow and processing behavior of
branched LDPE by means of the BoB rheology algorithm. First,
the individual topologies produced by the hybrid Monte Carlo al-
gorithm are converted via SampleBoB as described in the mod-
eling part. The main aims are to convert the topology files into
a BoB-readable format and to reduce the ensemble size from
five million molecules to about 50.000 molecules, while still give
representative branching structures. This is crucial in the high
molecular weight area, where branching is most pronounced and
diverse and the impact of molecules on rheological properties is
the highest.

In addition to the macromolecular topologies, BoB requires pa-
rameters that describe the chemical nature of the polymer under
investigation, in this case LDPE. They are given in Table 4. Re-
spective physical parameters are monomer molecular weight and
density. Rheologically relevant parameters to describe the system
are entanglement time, 𝜏e, and number of monomers per entan-
glement, Ne. Those parameters are dependent on the chemical
nature of the polymer and are directly taken from a publication
by Read et al.,[23] where they could apply this parameter set to
describe the rheology of a series of LDPE samples produced in
industrial tubular reactors. For LDPE a dependency on SCB and
possibly LCB density/topology might be assumed. However, no
studies have been published regarding this matter and it is com-
mon practice to apply literature values[21,23] whenever possible to
avoid parameter fitting and ensure model predictivity.

Based on these inputs, the BoB model is then capable to pre-
dict the flow properties of the polymer melt in the linear as well
as the non-linear viscoelastic regime. Storage and loss moduli as
a function of frequency are widely used in the first step to charac-
terize a polymer rheologically. A detailed interpretation of those
results is given when comparing the model results with experi-
mental results in the next step. However, it has to be highlighted
that especially for branched polymers, the investigation of non-
linear flow is especially beneficial. After successful performance
of a rheology simulation in the linear regime, the BoB model
can also predict polymer flow behavior in the non-linear regime,
for example, transient viscosity as a function of time for various
strain rates. In this way, extension hardening can be investigated
for defined strain rates.

4.2. Model Validation with a Miniplant Autoclave Reactor

If a complex and multistep modeling approach is set up, it is
crucial to check the model carefully against reliable and repro-
ducible analytical data. Various analytical methods are available
to characterize LDPE and its microstructure. For model valida-
tion, the most important analytical methods are determination
of the MWD via SEC, measurement of the branching ratio, g, via
MALLS as well as the rheological investigation in linear shear
and non-linear extension. These measurements were success-
fully tested with respect to reproducibility and apparatus inde-
pendency. The results are given in the Supporting Information.

The experimental as well as modeled molecular weight dis-
tributions of sample PA-1 and PA-2 can be found in Figure 4
and are used to check the kinetic model. The SEC of the poly-
mer samples was performed with IR, light scattering (LS), and
visco detector and they coincide nicely according to expectations.
While the visco detector gives reliable results over the whole
molecular weight area, the concentration sensitive IR detector
shows good agreement in the low-molecular weight and thus
high-concentration area. The LS detector on the other hand gives
reliable results in the high-molecular weight region, where the
polymer coils are big enough to scatter light with well-detectable
intensities.

The kinetic modeling results are also included in Figure 4
and are in good agreement with the experimental SEC results.
The MWD shown in Figure 4a was calculated assuming star-like
branching structure and corresponding 𝛽-scission according to
Busch,[8] while for the calculation of Figure 4b chain length in-
dependent scission was assumed. It is clear, that the assumption
of topological scission of star-like LDPE matches the experimen-
tal results (as well as the Monte Carlo results) better. Topological
scission is taking place and the assumption that the applied auto-
clave reactor gives star-like molecules seems valid. However, in-
corporating topological scission in Predici significantly enhances
computational complexity and simulation time. Summarizing,
the kinetic network and the respective rate coefficients as imple-
mented in the kinetic model are able to describe the investigated
high-pressure ethene polymerization sufficiently precise. Thus,
the kinetic validation can be regarded as successful.

In the next step, the Monte Carlo model has to be validated.
Average properties from the deterministic and stochastic model
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Figure 4. Molecular weight distributions of polymer samples a) PA-1 and b) PA-2. Experimental results as determined by SEC-IR, -LS and, -visco are
compared to the modeling results of the kinetic as well as Monte Carlo simulations.

Figure 5. Branching ratios, g, as a function of molecular weight for polymer samples a) PA-1 and b) PA-2. Experimental light scattering results are
compared to the respective Monte Carlo simulations. Both the raw data as well as the smoothed result is shown.

were already compared in Table 3. The MWDs obtained by Monte
Carlo are shown in Figure 4 as dots. The agreement of exper-
imentally measured and modeled MWD is excellent over the
whole molecular weight region. This can be seen as an addi-
tional model check: especially the reactions leading to complex
structural changes, which are typically accompanied by changes
in molecular weight, such as scission, formation of LCBs, and
growth of tDBs, are obviously represented nicely by the combina-
tion of the first two modeling steps. Especially the chain length
dependent (topological) 𝛽-scission is automatically captured cor-
rectly by the Monte Carlo algorithm, because the exact branching
structures of the macromolecules is stored and used when a scis-
sion reaction takes place. Thus, there is no necessity of assum-
ing a certain branching structure (e.g., star-like) in advance. Con-
sequently, all following calculations were performed with non-
topological scission in Predici.

Additionally, the good agreement of kinetic and Monte Carlo
modeling as well as experimental results show that the ensemble
of five million molecules chosen for the hybrid stochastic model-
ing of the miniplant autoclave reactor is representative and gives
satisfactory results within a reasonable simulation time of some
hours on one core of a standard desktop PC.

Besides the MWD, the Monte Carlo simulations give individ-
ual branching structures of all modeled macromolecules. With
the application of the Random Walk as introduced in the Sec-
tion 2.1., the branching ratios, g, can be calculated. Branching
ratios as determined by LS as well as raw and smoothed Monte
Carlo/Random Walk data are shown for samples PA-1 and PA-2
in Figure 5. The individual dots of the raw data resemble branch-
ing ratios of individual macromolecules and indicate impres-
sively that macromolecules with strongly varying microstructure
and thus radii of gyration possess the same molecular weight.
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As the SEC separates according to hydrodynamic volume, this is
expected to lead to an error which should be considered when
interpreting smoothed branching ratio results.

With increasing molecular weight, the branching ratio de-
creases. A decreasing branching ratio corresponds to higher lev-
els of branching (compare Equation (9)). At higher chain lengths,
the probability of hydrogen abstraction by a transfer to polymer
step is increased due to the higher amount of CH2-units available.
Consequently, macromolecules with higher molecular weights
exhibit stronger branching, which is clearly found in the exper-
imental as well as modeled results. But while the experimental
and simulated results show good agreement in the intermediate
molecular weight region, discrepancies are observed for both the
low and the high molar mass area.

On the one hand, experimental limitations contribute to the
observed discrepancies: in the low MM region deviations may
be attributed to the MALLS detector insensitivity for small
molecules. Moreover, when evaluating LS data via the Zimm plot,
the assumption of monodisperse samples is made, which is not
necessarily correct due to diffusional broadening.[49] If the vol-
ume fraction investigated is composed of a mixture of bigger and
smaller molecules, the bigger ones will affect the results more
drastically and falsify them.

On the other hand, assumptions were made in order to per-
form the modeling. An ideal random walk model was applied to
produce the 3D structure of the branched polymers, which are the
basis for the calculation of the radius of gyration and finally the
branching ratio. However, this ideal model is not self-avoiding
nor does it take into account actual bonding angles, dihedral an-
gles, long-range interactions, or excluded volume effects, which
are relevant parameters to describe real polymer solution behav-
ior. These simplifications can partly be compensated from the
modeling point of view by comparing the branching ratio, g, of
experimental and modeled results instead of the radius of gyra-
tion. As given in Equation (9), the branching ratio, g, is the ratio
of radius of gyration of a branched molecule compared to a lin-
ear molecule with the same molecular weight. By comparing the
radius of gyration of a branched molecule modeled with the as-
sumptions of an ideal random walk with the radius of gyration of
a linear molecule calculated using the same assumptions, the in-
accuracies produced by model assumptions are mostly cancelled
out.[20,37] But in order to understand the complex connection of
branch lengths and branching structure and their dependence
on molecular weight, the development of a self-avoiding ran-
dom walk, which considers free-volume effects correctly, might
be beneficial in the future. This would also allow the mathemati-
cal determination of the branch-length, which effectively leads to
coil contraction. This is of high interest in the context of analyti-
cal determination of LCBs via different methods, such as NMR,
IR, LS, or viscosity measurements.

Moreover, the branching ratios calculated from the Monte
Carlo ensemble are plotted in Figure 5 according to the molec-
ular weight they possess. The branching ratios as determined by
experimental LS data are also depicted in dependence on molec-
ular weight. While the molecular weight axis of the modeled data
is precisely the molecular weight of the respective (branched)
polymers, the molecular weight axis of the experimental data
is affected by diffusional effects on SEC as well as the fact that
SEC separates macromolecules according to hydrodynamic vol-

ume. However, the hydrodynamic volume of polymers is not di-
rectly proportional to molecular weight in the case of randomly
branched polymers, which introduces an additional uncertainty
to the data. (An improvement of this could be achieved by separat-
ing the individual macromolecules produced by the Monte Carlo
simulation via a virtual SEC,[36] which calculates radii of gyration
of the branched molecules first and then separates them accord-
ing to size taking into account diffusional effects as well.)

Taking into account all assumptions and approximations made
during the stochastic validation, the agreement between experi-
mental and modeled data is encouraging. It was shown success-
fully that the introduced Monte Carlo approach is capable of de-
scribing the chain length dependent microstructure of randomly
branched LDPE for a high-pressure miniplant reactor. The fact
that also validation with experimental LS data is possible, demon-
strates the strong universality of the algorithm and approach.

Flow behavior in terms of linear viscoelastic rheology quan-
tified by storage and loss moduli are shown in Figure 6. Lines
give the modeled data, while dots represent experimental results,
which were determined by plate–plate rheometry. Storage and
loss moduli of sample PA-2 are shown in Figure 6 (left). It can
be easily seen, that the experimentally (by plate–plate rheome-
ter) accessible frequency range covers roughly only five orders
of magnitude, while modeling opens up the whole area. Agree-
ment between modeled and measured data is very good, particu-
larly when taking into account that literature constants were used
without further adjustment. Also the cross over point, the fre-
quency at which storage and loss modulus intersect and where
the behavior of the polymer changes from a viscous liquid-like to
an elastic solid-like behavior, is calculated by the model correctly.
In Figure 6 (right), experimental and modeled results for sample
PA-1 are added (grey). The experimental trend found between
PA-1 and PA-2 is correctly represented by the modeling results.
This is satisfying taking into account that a set of rheology param-
eters was applied, which was initially used for industrial tubular
reactors. However, overall agreement for PA-1 is not as excellent
as for PA-2. By changing entanglement length slightly from 57 to
47 for PA-1, the model fits the experimental data. This approach
can be justified by the fact that entanglement lengths of LDPE
are reported between 30 and 93 in literature.[16] But in favor of
working with a consistent, predictive, and universal model, en-
tanglement length should be kept constant for different samples.
The observation that the agreement of experiments and model-
ing results is satisfying although deviations were observed for the
branching ratios, indicates that flow behavior might be a the bet-
ter and possibly more robust sensor for evaluating and compar-
ing long-chain branching as compared to LS (both from an ex-
perimental as well as modeling point of view).

Following linear shear rheology, non-linear rheology in exten-
sion is compared for the modeling and experimental side. In Fig-
ure 7, transient viscosities in extension versus time are depicted
for several strain rates. Modeled data (lines) are compared to mea-
sured results (dots) for samples PA-1 and PA-2. For both samples
and all strain rates, pronounced strain hardening is observed ex-
perimentally and by modeling. If linear rheology is modeled cor-
rectly by the BoB algorithm, the pom-pom model is capable of
predicting non-linear rheology and strain hardening effects. For
sample PA-1 the pom-pom model predicts level of transient vis-
cosity, onset of strain hardening as well as maximum achievable
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Figure 6. a) Experimentally determined (by plate–plate rheometry) linear viscoelasticity (dots) compared to modeled storage and loss modulus (lines)
of polymer sample PA-2. b) Experimental and simulated storage and loss moduli for samples PA-1 and PA-2 shown within the experimentally accessible
frequency range.

Figure 7. Transient viscosities as a function of time for polymers a) PA-1 and b) PA-2. Experimental results as determined by extensional rheology (dots)
are compared to BoB simulations (lines).

extensional viscosities satisfyingly. While levels of transient vis-
cosity and the onset of strain hardening are also predicted nicely
for sample PA-2, the model underestimates absolute levels of
strain hardening especially for low strain rates. The observation
that the model underestimates strain hardening, indicates that
branching density and/or branch lengths might be higher in the
sample compared to the prediction by kinetic and Monte Carlo
simulation.

Nonetheless, overall agreement between theory and experi-
ments is very good and also in accordance with observations
made by Read et al.[23] Moreover, it has to be taken into account
that only few publications are dealing with a systematic investi-
gation of LDPE process conditions on bulk polymer properties
such as rheology.[6,21,23] Detailed characterization of LDPE with
respect to its microstructure and especially branching is known
to be challenging due to the poor solubility of the samples as well
as their high heterogeneity. Nonetheless, by combining various

methods including, thermal analysis and multiple (preparative)
fractionations, valuable insights could be gained recently.[15,50a–c]

But while they set a focus on solution as well as crystallization
behavior, they do not investigate their samples rheologically or
correlate their findings to flow behavior.

4.3. Predicting Microstructure and Rheology for a Tubular Reactor

Up to this point it could be shown from the kinetic point of view
that one set of parameters can be used to model high pressure
ethene polymerizations in autoclave and tubular reactors of var-
ious scales. Additionally, from the rheological point of view, the
set of parameters introduced by Read et al. for describing the rhe-
ology of tubular products could be successfully transferred to an
autoclave reactor within this work. This is the basis to perform
theoretical product design for various reactor types and different
scales.
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Table 5. Reactor configuration of the modeled tubular reactor.

Length [m] 1600

Initiator injections at reactor position [m] 0/400/800/1200

Tfeed [°C] 180

Pressure [bar] 2500

Ethene mass flow [g s−1] 21 413

Inner tube diameter [m] 0.065

Tcool, in [°C] 128.5

Table 6. Summarized model conditions and average molecular parameters
of simulations as modeled by deterministic kinetic modeling.

Model CTA1 CTA2 CTA3 18% 22% 27%

Mass flow CTA
[102 mol L−1]

1.056 1.419 2.106 2.106 2.106 2.106

Conversion [%] 27 27 27 18 22 27

Mn [g mol−1] 22 700 20 700 17 700 17 400 17 400 17 700

Mw [g mol−1] 271 000 199 000 131 000 99 300 116 000 131 000

SCB/1000C 16.1 16.2 16.2 15.8 16.1 16.2

LCB/1000C 1.31 1.31 1.32 1.05 1.20 1.32

Therefore, the validated model was applied to a hypothetical
tubular reactor of industrial scale. It has a length of 1600 m, four
reaction zones, and a counter-current cooling in the annular gap.
The reactor parameters are given in Table 5 and model conditions
and average molecular parameters for the performed simulations
are given in Table 6. From the processing point of view, molec-
ular weight and LCB density are important parameters. Thus,
in one set of models the CTA feed into the reactor was varied
from 1.056 × 102 to 2.106 × 102 mol L−1, which enhances radi-
cal transfer and thus reduces molecular weight. The temperature
profiles of the corresponding models are shown in Figure 8a and
are nearly congruent.

In another set of models, different LCB densities should be
produced. LCBs are formed during transfer to polymer reactions

and are proportional to the rate coefficient, the ethene and the
polymer concentration, as well as polymer chain length. Ethene
serves as solvent as well as monomer during the high-pressure
process, so that its concentration is always similar. The rate coef-
ficient is dependent on temperature and pressure, but changing
one of those parameters would significantly affect all other reac-
tions as well. Thus, different LCB densities can be obtained by
varying polymer concentration, which is synonymous with con-
version for the investigated bulk polymerization. Different con-
versions can be obtained by reducing the initiator amount. How-
ever, this would also lead to a drastic decrease of temperature,
which would again affect all reaction rates. To compensate for
the reduced heat of polymerization and reach comparable tem-
perature maxima, both the cooling water temperature in the an-
nular gap as well as the fouling layer thickness on the inner reac-
tor wall were adjusted. This is crucial, as the main conversion is
achieved within the first few meters of each reaction zone and the
microstructure is mainly shaped by the peak temperature. The
success of this approach is shown in Figure 8b, where compara-
ble temperature maxima are reached for simulations with 18%,
22%, and 26% of conversion.

In Figure 9, the molecular weight distributions and branching
ratios of the simulations are shown. In Figure 9a,c, the molecu-
lar weight distributions for varying CTA feeds and varying con-
version are shown. While the lines are the simulation results
of the kinetic model, the dots represent the Monte Carlo result.
Agreement between the two models is excellent. The MWDs
of simulations with varying CTA feed are given and show a
decreasing molecular weight with increasing CTA as expected.
When comparing the branching ratios for these simulations
in Figure 9b, no significant difference is observed. This sup-
ports the idea that CTA only enhances transfer to CTA reactions,
which reduce molecular weight, but that this has no effect on
the microstructure in the sense of long-chain branching den-
sity and type, which define chain contraction as measured by
the branching ratio. The MWDs of the simulations with vary-
ing conversions (Figure 9c) exhibit similar peak maxima, but
show a significant broadening with increasing conversion. This
can be explained by an increased rate of transfer-to-polymer re-

Figure 8. Temperature profiles along the reactor axis for a peroxide-initiated polymerization with four initiator injections: a) variation of CTA feed and b)
variation of conversion by adjusting initiator feed, cooling water temperature, and fouling layer thickness.
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Figure 9. Modeled MWDs and branching ratios for a variation of a,b) CTA and c,d) conversion. For the MWDs, lines represent results from the kinetic
model, while dots represent Monte Carlo results.

actions, which give more high-molecular weight material. At the
same time, the branching ratio decreases with increasing conver-
sion, due to an increased LCB frequency and thus enhances coil
contraction.

In the final step, linear rheology in shear and non-linear rhe-
ology in extension were modeled for the introduced simulations
and are given in Figure 10. As expected, an increase in molec-
ular weight results in an increase in storage and loss modulus
(Figure 10a), which is synonymous with an increased viscosity.
Higher molecular weights also result in a significant increase
of strain hardening behavior (Figure 10b). The impact of con-
version on the rheology is shown in Figure 10c,d. The storage
and loss moduli are unaffected by the conversion reached during
polymerization. The simulations performed for increasing con-
versions result in increased LCB densities This can be explained
by the fact that linear rheology is hardly affected by LCBs, in-
creasing conversions result in different LCB densities (compare
Table 6) due to higher polymer concentration and subsequently
enhanced chain transfer to polymer. These subtle differences in

LCB are sufficient to significantly alter flow properties in non-
linear extensional flow (Figure 10d). With increasing conversion
and thus increasing LCB density, the polymer chains show more
pronounced strain hardening behavior. Thus, a higher strain
hardening behavior can be obtained while maintaining linear vis-
coelastic properties. This demonstrates clearly the necessity to in-
vestigate linear as well as non-linear flow behavior for branched
polymer in order to understand the full impact on flow and fi-
nally processing. Additionally, it could be demonstrated that op-
erating conditions can affect properties significantly and thus
can be used together with this modeling approach to tailor the
product.

5. Conclusions

The present work demonstrates that polymeric microstructure
cannot only be synthesized by refined synthetic methods to meet
the desired bulk product properties. It is also possible to mod-
ify the process, in which they are obtained, whereby a suitable
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Figure 10. a) Linear shear rheology and b) extensional rheology for models with varying CTA feed as well as c) linear shear rheology and d) extensional
rheology for models with different conversions.

simulation model allows it to follow, explain, and even pre-
dict polymeric microstructure and resulting macroscopic product
properties.

For this purpose a three-step multiscale modeling strategy was
applied, which directly connects reaction conditions, such as tem-
perature, pressure, concentrations, and reagents, with the re-
sulting polymeric microstructure and finally polymer processing
properties, such as rheological properties in linear and non-linear
flow. The modeling approach consists of a kinetic model, a hybrid
stochastic approach, and subsequent rheology modeling. While
the kinetic model involves solving a system of differential equa-
tions for the given kinetic network, reactor type, and recipe, the
Monte Carlo approach calculates individual topologies of macro-
molecules and thus gives the microstructure of a stochastically
produced polymer ensemble, which corresponds directly to the
reaction conditions chosen for kinetic modeling. Finally, these
topologies are used to predict the (flow) properties of the bulk
material via the BoB algorithm.

Thus, the direct prediction of non-linear flow properties, such
as strain hardening behavior, from reaction conditions is possi-

ble. The BoB algorithm allows changing the observed scale from
single chains to the bulk sample and rheology parameters remain
in full force and effect, when the modeled reactor type is changed
from tube to autoclave. Moreover, the good agreement of mod-
eled and measured rheology indicates that the kinetic model and
the hybrid Monte Carlo approach provide the physically plausible
basis.

A desired polymer flow behavior can now be tailored by choos-
ing the appropriate reaction conditions, which can be identified
by the introduced three-step modeling approach. Thereby a tool
for the direct connection of polymerization properties with ma-
terial properties is established, which can be used for both well-
aimed simulation-aided material design and systematic process
optimization for an industrially relevant polymer.

This could be demonstrated by transferring the modeling
approach to a tubular reactor of industrial scale. Polymer mi-
crostructure and product properties could be predicted for vary-
ing reaction conditions. Especially, it could be shown that simu-
lations with different conversions resulted in the same flow prop-
erties in the linear viscoelastic regime, but higher levels of strain
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hardening were observed in non-linear extension for higher con-
versions.

From an analytical point of view, reliability and reproducibil-
ity of the characterization techniques was ensured by lab-
independent measurements. The agreement between modeled
and experimental data is very satisfactory for a set of LDPE mini-
plant samples, thus giving successful validation of the modeling
strategy applied for the free radical polymerization of ethene. The
presented modeling approach can be used to improve the under-
standing of the complex connection between branching struc-
tures and flow properties. Finally, the universality of the approach
allows it to expand the approach to copolymers as well as other
polymer systems, which would enable a much faster, cheaper,
and environmentally friendlier development of polymeric
materials.
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