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 A B S T R A C T

Human stem cells hold great potential for creating curative therapies for various different diseases. Producing 
clinically relevant number of stem cells requires controllable and scalable systems such as stirred-tank 
bioreactors. Fortunately, recent advances in 3D cultivation protocols, such as the use of microcarriers, have 
enabled the expansion and differentiation of stem cells as suspension cultures. To make a stem cell bioreactor 
process scalable, it is critical to understand how the operating conditions influence bioreactor scale-up 
parameters, microcarrier suspension, and hydrodynamic stresses experienced by the stem cells. We present a 
comprehensive computational fluid dynamics and discrete element method (CFD–DEM) model of microcarrier 
cultures in a 250 mL stirred-tank bioreactor. We validated our model using literature and experimental data and 
showed that our model predicted important engineering parameters, like power input, mixing time, free surface 
𝑘𝐿𝑎, and microcarrier just-suspension stirring speed, within 20% accuracy over a wide range of operating 
conditions. Based on the experimental and numerical data, the results indicated that down-pumping at 90 rpm 
was the preferred operational mode to reach sufficient microcarrier suspension while minimizing hydrodynamic 
stress from a microcarrier lifeline perspective. This validated CFD–DEM modeling approach provides a basis for 
identifying suitable operating conditions across stirred-tank bioreactor scales, thereby supporting the process 
development and rational scale-up of stem cell-based therapies.

1. Introduction

Human stem cells have emerged as a promising platform for re-
generative medicine, enabling applications such as cell therapy, tissue 
engineering, and creation of bioartificial organs [1]. For example, 
mesenchymal stem cells (MSCs) are classified as multipotent and can 
differentiate into osteoblasts, adipocytes, and chondrocytes [2]. MSCs 
therefore have great therapeutic potential to treat various neurodegen-
erative diseases, as well as other inflammatory diseases [2,3]. More 
recently, the use of human inducible pluripotent stem cells (hiPSCs) 
gained popularity due to their pluripotency and self-renewal capacity, 
giving hiPSCs therapeutic potential to tackle various illnesses such as 
Parkinson’s disease, cancer, and sickle cell disease [4,5].

To produce clinically relevant numbers of stem cells, expansion 
and differentiation protocols are needed in controllable and scalable 
systems [6]. Typically, to cultivate stem cells in suspension, microcar-
riers are used to provide the necessary surface on which the stem cells 
can grow [3,7]. This enabled cultivation in stirred-tank bioreactors, 
which are known for their scalability and ability to tightly control 
critical process variables such as pH, temperature and dissolved oxygen 
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concentration [6,8]. MSCs have already been successfully cultivated 
in stirred-tank bioreactors using microcarriers [7,9]. Similarly, Teale 
et al. [10] demonstrated successful hiPSCs expansions on microcarriers 
in lab-scale stirred tank bioreactors. Moreover, EBs have recently been 
combined with microcarriers in a new approach to support formation of 
hematopoietic organoids in suspension, where the addition of microcar-
riers to which EBs attach was found critical to increase the production 
of red blood cells directly from hiPSCs [11,12].

These developments in 3D stem cell cultivation protocols — whether 
through self-organizing aggregates, adherent growth on microcarriers, 
or a combination thereof — enabled growth as suspension cultures in 
(stirred-tank) bioreactor systems. However, in a stirred-tank bioreactor 
a balance must be found between agitation-induced hydrodynamic 
stress and suspension of microcarriers or stem cell aggregates, while 
maintaining sufficient oxygen transfer and nutrient mixing. Properly 
understanding and tuning the local hydrodynamic conditions inside the 
bioreactor is critical to maintain cell viability [13,14], prevent necrotic 
core formation inside aggregates [15,16], and ensure full microcarrier 
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and aggregate suspension while minimizing hydrodynamic stress [9,
10].

Computational fluid dynamics (CFD) has become an important tool 
in bioprocess engineering to characterize bioreactors in terms of the 
impeller power number, mixing efficiency, and interfacial mass transfer 
[17–19]. More specifically in the context of shear-sensitive cells, single-
phase CFD has been used to quantify hydrodynamic stresses inside 
culture vessels [20–23]. Multiphase CFD studies on microcarrier-laden 
flows in bioreactors have also been performed using Eulerian–Eulerian 
(E-E) approaches, which enables investigation of microcarrier suspen-
sion and dispersion behavior [24–26]. However, a limitation of both 
single-phase and E-E CFD approaches is that microcarriers are not 
tracked individually, even though the importance of accounting for the 
hydrodynamic stress exposure from the perspective of the microcarrier 
(lifelines [27]) has been acknowledged [28,29].

Furthermore, many stem cell cultivations in agitated bioreactors 
rely dissolved oxygen (DO) control via only headspace aeration [9,10,
30], to avoid hydrodynamic stress through bubble bursting [31–33]. 
However, bioreactor batch sizes for allogeneic cell therapies have been 
projected to reach between 200 and 2000 L to accommodate the 
required number of cells per product per year [34,35], and controlling 
the DO only via headspace aeration might not be feasible. Quantifying 
the headspace free-surface volumetric oxygen mass transfer coefficient 
(𝑘𝐿𝑎), alongside other scale-up parameters such as impeller power 
number (𝑃𝑜), volumetric power input (𝑃∕𝑉 ), and mixing time (𝑡95), is 
critical for understanding oxygen transfer limitations at larger scales 
and for the rational design and scale-up of stirred-tank bioreactor 
protocols for shear-sensitive stem cell cultures [36]

In this work, we present a comprehensive Euler–Lagrangian (E-L) 
CFD–DEM model to quantify bioreactor scale-up parameters, microcar-
rier suspension and hydrodynamic stresses in one combined model of 
a 250 mL bioreactor. Microcarriers are modeled as individual particles 
using an unresolved discrete element method (DEM) approach, which 
enables tracking of microcarrier suspension and hydrodynamic stresses 
on a per-particle basis. We validate this model against a range of exper-
imental data, both from literature and our own experiments, including 
mixing time, free surface 𝑘𝐿𝑎, and particle suspension measurements. 
Once validated, we investigate how bioreactor operating parameters 
— including stirring speed, impeller pumping mode, impeller height, 
and filling volume — influence the bioreactor performance. Bioreactor 
performance is determined by quantifying important scale-up param-
eters such as 𝑃

𝑉 , 𝑡95, and free surface 𝑘𝐿𝑎. Furthermore, microcarrier 
suspension, dispersion, and hydrodynamic stresses experienced by the 
microcarriers are quantified directly from the microcarrier lifelines. 
Although this work is centered around microcarriers, we believe our 
model can be translated relatively easily to systems with stem cell 
aggregates, like EBs, upon determination of their size and density. To 
conclude, we discuss how to improve the model’s accuracy and the 
implications of using detailed CFD–DEM models to support process 
scale-up of shear-sensitive stem cell microcarrier cultures.

2. Material and methods

2.1. Bioreactor configuration

The Applikon MiniBio 250 mL (Getinge, Delft, The Netherlands) 
was used in a typical mammalian cell culture configuration (Fig.  1). 
This includes one or two elephant ear impellers with a blade angle 
of 45◦. The vessel was equipped with a temperature sensor, dissolved 
oxygen sensor, pH sensor, open-hole sparger, and two sampling tubes. 
The bioreactor dimensions are listed in Table  1.

Table 1
Dimensions and geometric ratio’s of Applikon MiniBio 250 mL.
 Parameter Symbol Value Unit 
 Tank diameter 𝑇 0.06 m  
 Impeller diameter 𝐷 0.028 m  
 Tank height 𝐻 0.115 m  
 Off-bottom clearance 𝐶 0.016–0.026 m  
 Inter-impeller distance 𝑆 0.028–0.042 m  
 (–) 𝐷∕𝑇 0.467 –  
 (–) 𝐻∕𝑇 1.91 –  
 (–) 𝐶∕𝐷 1.08–1.75 –  
 (–) 𝑆∕𝐷 1–1.5 –  

2.2. Numerical simulations

2.2.1. Fluid flow
M-Star CFD software v3.13.124 was used to simulate the two-phase 

fluid flow, which uses the Lattice-Boltzmann (LB) method to solve the 
incompressible Navier–Stokes equations: 
∇ ⋅ 𝑢 = 0, (1)

𝜕𝑢
𝜕𝑡

+ (𝑢 ⋅ ∇)𝑢 = −
∇𝑝
𝜌𝑓

+ 𝜈∇2𝑢 + 𝑔 + 1
𝜌𝑓

𝑓𝑠 +
1
𝜌𝑓

𝑓𝑒𝑥𝑡. (2)

Here, the local fluid velocity at time 𝑡 is described by 𝑢, the grav-
itational acceleration by 𝑔, the pressure by 𝑝, the fluid density by 𝜌𝑓 , 
the fluid kinematic viscosity by 𝜈, the surface tension force density by 
𝑓𝑠, and any external forces acting on the fluid by 𝑓𝑒𝑥𝑡. The software 
numerically solves the lattice Boltzmann equation: 
𝑓𝑖(𝑥 + 𝑐𝑖𝛥𝑡, 𝑡 + 𝛥𝑡) = 𝑓𝑖(𝑥, 𝑡) +𝛺𝑖(𝑥, 𝑡). (3)

Eq. (3) represents the fluid by a set of discrete velocity distribu-
tion functions 𝑓𝑖(𝑥, 𝑡), which move with velocity 𝑐𝑖 to a neighboring 
lattice point 𝑥 + 𝑐𝑖𝛥𝑡 at the next time step 𝑡 + 𝛥𝑡, which is called the 
streaming step. At the same time, particles are redistributed among the 
populations 𝑓𝑖 during the collision step via the simplified Bhatnagar–
Gross–Krook (BGK) collision operator 𝛺𝑖(𝑥, 𝑡) [37].

To model the free surface dynamics, M-Star uses a conservative 
phase-field lattice Boltzmann method based on the Allen–Cahn equa-
tion [38,39]. The density of the system is described by 
𝜌 = 𝜌𝑓 ⋅ 𝜙, (4)

where 𝜌𝑓  is the density of the fluid and 𝜙 is an order parameter that 
defines the volume fraction of the fluid. The gas–liquid interface is 
described by the spatio-temporal evolution of 𝜙 using 

𝜕𝜙
𝜕𝑡

+ ∇ ⋅ 𝜙𝑢 = ∇ ⋅
⎡

⎢

⎢

⎣

𝑀
⎛

⎜

⎜

⎝

∇𝜙 −
1 − 4(𝜙 − 1

2 )
2

𝑊

⎞

⎟

⎟

⎠

𝑛
⎤

⎥

⎥

⎦

, (5)

where 𝑀 is the mobility parameter, 𝑊  the interface width and 𝑛 the 
normal vector. In typical bioreactor processes the density of the liquid 
is order-of-magnitudes larger than the density of the gas occupying the 
headspace (𝜌𝑙∕𝜌𝑔 ≈ 1000). The gas dynamics can therefore be simplified 
and modeled implicitly by assuming a constant pressure (1 atm) along 
the gas–liquid interface [36].

We used large-eddy simulation (LES) with the Smagorinsky–Lilly 
closure model [40]. This model defines the local turbulent viscosity 𝜈𝑡
by 
𝜈𝑡 = (𝐶𝑠𝛥𝑥)2‖𝑆‖, (6)

where 𝛥𝑥 is the lattice spacing, ‖𝑆‖ the norm of the resolved strain 
rate tensor and 𝐶𝑠 the Smagorinsky coefficient. We set 𝐶𝑠 to 0.1 
based on prior direct numerical simulations and other validated LB-LES 
bioreactor simulations [27,40,41]. The energy dissipation rate 𝜀 was 
calculated by 
𝜀 = 2(𝜈 + 𝜈𝑡)‖𝑆‖2. (7)
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Fig. 1. Applikon MiniBio 250 mL reactor geometry.

The immersed boundary method was used to model the impeller–
fluid interactions [42]. The impeller power input 𝑃  was calculated by 
integrating the impeller torque 𝜏 over the entire surface area of the 
impeller and shaft assembly [43]. The impeller Power Number 𝑃𝑜 was 
then determined by 
𝑃𝑜 = 𝜏𝜔

𝜌𝑓𝑁3𝐷5
, (8)

where 𝜔 is the angular velocity, 𝑁 the impeller speed, and 𝐷 the 
impeller diameter.

The power number was evaluated with respect to the impeller 
Reynolds number 𝑅𝑒𝑖𝑚𝑝, which is defined as 

𝑅𝑒𝑖𝑚𝑝 =
𝑁𝐷2

𝜈
. (9)

2.2.2. Scalar transport mixing time
Numerical mixing studies were conducted using the scalar transport 

model which describes the passive transport of a scalar through the 
fluid via the advection–diffusion equation: 
𝜕𝑐
𝜕𝑡

= ∇(𝐷𝑚 ⋅ ∇𝑐) − ∇(𝑢 ⋅ 𝑐). (10)

Here, 𝐷𝑚 is the molecular diffusion coefficient and 𝑐 the scalar 
concentration field. To maintain consistency with the experimental pH 
tracer method (Section 2.6.1), the concentration of a fictive tracer was 
monitored during a simulation in a cuboid of 5 × 10 × 5 lattice points 
(x, y, z respectively) below the pH probe (Fig.  1).

The tracer was pulse injected below the liquid surface once the 
mean fluid kinetic energy reached a pseudo-steady state, ensuring a 
fully developed flow field. In total, six fictive tracers were injected 
consecutively with a 2 s interval to quantify the uncertainty in the 
mixing time during the large eddy simulations [44]. The fictive tracer 
was assumed to have a diffusion coefficient of 9.3 ⋅10−9 m2/s similar to 
H+ in water [45].

2.2.3. Free surface volumetric oxygen mass transfer coefficient (𝑘𝐿𝑎) model
The free surface 𝑘𝐿𝑎 was obtained from the computed free surface 

interfacial area 𝐴 and the free surface velocity 𝑉𝑓 . The free surface 
velocity is related to the liquid-side mass transfer coefficient 𝑘𝐿 through 
the following non-dimensional groupings [36]: 

(
𝑘𝐿𝐿
𝐷𝑚

) = 𝐶(
𝑉𝑓𝐿
𝜈

)𝑎( 𝜈
𝐷𝑚

)𝑏, (11)

where 𝐷𝑚 is the oxygen diffusion coefficient and 𝐿 the characteristic 
length scale which was set to the diameter of the bioreactor. The values 
for 𝑎, 𝑏 and 𝐶 were set to 4∕5, 1∕3 and 0.21 respectively based on prior 
literature [36,46]. The oxygen diffusion coefficient in water at 37 ◦C 
was assumed to be 2.56 ⋅ 10−9 m2/s [47].

2.3. Particle model

Particles were modeled in tandem to the fluid using the discrete 
element method (DEM). The particle trajectories are described via 
Newton’s second law 
𝑚𝑖

𝑣𝑖
𝑑𝑡

= 𝐹 𝑔
𝑖 + 𝐹 𝑓→𝑝

𝑖 + 𝐹 𝑝→𝑝
𝑖 , (12)

where 𝑚𝑖 is the particle mass, 𝑣𝑖 the particle velocity, 𝐹 𝑔
𝑖  is the gravity 

force, 𝐹 𝑓→𝑝
𝑖  the fluid forces acting on the particle, and 𝐹 𝑝→𝑝

𝑖  particle–
particle interaction forces. The fluid–particle force 𝐹 𝑓→𝑝

𝑖  was defined 
as 
𝐹 𝑓→𝑝
𝑖 = 𝐹 𝑏

𝑖 + 𝐹 𝑑
𝑖 + 𝐹 𝑣𝑚

𝑖 , (13)

where 𝐹 𝑏
𝑖  is the buoyancy force, 𝐹 𝑑

𝑖  the drag force and 𝐹 𝑣𝑚
𝑖  the virtual 

mass force. For the drag coefficient 𝐶𝐷 the analytical representation 
from Brown and Lawler [48] was used: 
𝐶𝐷 = 24

𝑅𝑒𝑝
(1 + 0.15𝑅𝑒0.681𝑝 ) + 0.407

1 + 8710
𝑅𝑒𝑝

. (14)

This drag coefficient equation is valid up until 𝑅𝑒𝑝 < 105. The 
particle Reynolds number 𝑅𝑒𝑝 is defined by 

𝑅𝑒𝑝 =
𝜌𝑓𝑑𝑝‖𝑢 − 𝑣‖2

𝜇
, (15)

where ‖𝑢 − 𝑣‖2 is the Euclidean norm of the particle slip velocity.
We recognize that the general equation of particle motion (Eqs. (12), 

(13)) might include additional forces such as lift forces, the pres-
sure gradient force, the Basset history force and lubrication forces 
[49]. Lacking any quantitative particle trajectory validation data, and 
to maintain computational efficiency, we only included the gravity-
buoyancy, drag and virtual mass forces as done previously [43,50].

A soft-sphere contact model was used to model the particle–particle 
contact force (𝐟𝑖𝑗) using a standard Hertzian model for the normal 
force and a Mindlin model for the tangential force [51]. These models 
were combined to link the stiffnesses and the damping coefficients 
to the physical properties of the particles described by the Young’s 
modulus (𝑌 ), the Poisson ratio (𝜈𝑝), and the coefficient of restitution 
(𝑒𝑟) (Supplementary data Table S1).

The effect of the particle motion on a fluid voxel (2-way coupling) 
was modeled with a simplified density approach, which only considered 
the net effect of the gravity and buoyancy forces: 
𝐹 𝑝→𝑓 = 𝐹 𝑔 + 𝐹 𝑏 = 𝑁𝑝𝑉𝑝(𝜌𝑝 − 𝜌𝑓 ). (16)

Here, 𝑁𝑝 is the number of particles in a fluid voxel and 𝑉𝑝 the 
volume of the particle. Likely, the above coupling formulation under-
estimates the particle–fluid force as drag and virtual mass forces are 
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Fig. 2. Fluid-based vs particle-based perspectives on hydrodynamic stress. Energy dissipation rate (𝜀) distribution obtained from the Eulerian fluid (A) and from 
the Lagrangian microcarrier perspective (B). The 𝜀-distribution derived from particle lifelines inherently accounts for the particle residence time distribution 
inside the bioreactor, resulting in significantly different 𝜀-distribution when obtained from the fluid directly. Time-integration of 𝜀 lifelines yields a metric that 
represents the amount of Accumulated Hydrodynamic Damage.

non-negligible. However, we found that the two-way coupling through 
Newton’s third law resulted in numerically unstable simulations. Based 
on our particle suspension experiments (Section 3.1.3), including the 
density-based two-coupling improved the predicted size of the set-
tled particle bed on the bioreactor bottom, compared to completely 
neglecting 𝐹 𝑝→𝑓  (1-way coupling) (Supplementary data Figure S1).

2.4. Lagrangian metrics for bioreactor performance

2.4.1. Lagrangian-based hydrodynamic stress
We exploit the Lagrangian nature of our CFD–DEM model to ob-

tain energy dissipation rate (𝜀) distributions directly from microcarrier 
lifelines (Fig.  2). We use 𝜀 as a proxy for hydrodynamic stress, as this 
accounts inherently for both the resolved and unresolved scales during 
the simulations [52]. The Kolmogorov length scale 𝜆𝑘 is then computed 
from 𝜀, which is defined as: 

𝜆𝑘 = ( 𝜈
3

𝜀
)1∕4, (17)

where 𝜈 is the fluid kinematic viscosity. The 𝜆𝑘 distribution was con-
structed from 60 s of Lagrangian particle data, after the flow had 
reached pseudo-steady state (𝑡 > 𝑡𝑚𝑖𝑥).

The Lagrangian microcarrier lifelines also contain a transient com-
ponent, where the 𝜀 observed by the microcarrier (𝜀𝑝) can be tracked 
through time. The 𝜀𝑝 lifelines where then integrated using 

𝐴𝐻𝐷𝑝 = ∫

𝑡2

𝑡1
𝜀𝑝(𝑡)𝑑𝑡. (18)

This provides an alternative perspective on how much hydrody-
namic stress a microcarrier accumulates over time, which we have 
named Accumulated Hydrodynamic Stress (𝐴𝐷𝐻𝑝) similar to the work 
of Anand et al. [53]. The microcarrier lifelines were sampled every 0.1 s 
and the 𝜀𝑝(𝑡) were integrated using a composite trapezoidal rule.

2.4.2. Lagrangian-based suspension and homogenization criteria
We propose a method for tracking the suspension on a per-particle 

basis, similar to how Zwietering [54] defined 𝑁𝑗𝑠. We define a particle 
𝑝𝑖 to be on the reactor bottom if

1. 𝑝𝑖,𝑦 < 6.2 mm, meaning that the particle height is below the 
impeller shaft and thus inside the dish reactor bottom

2. and either

(a) 𝑝𝑖 is inside the fluid voxel closest to the vessel wall (wall 
distance <= 𝛥𝑥)

(b) 𝑝𝑖 overlaps with another particle 𝑝𝑗 that is itself on the 
reactor bottom

Particles are considered overlapping when 
‖𝑝𝑖 − 𝑝𝑗‖ <= 𝑟𝑖 + 𝑟𝑗 , (19)

where ‖𝑝𝑖 − 𝑝𝑗‖ is the distance between the particle center points and 
𝑟𝑖 and 𝑟𝑗 the particle radii. This definition allows particles stacked 
on top of vessel-adjacent particles to be classified as on the reactor 
bottom (Supplementary data Figure S7). A particle 𝑝𝑖 is then con-
sidered suspended if 𝑝𝑖 spends less than 2 s on the reactor bottom, 
analog to the Zwietering [54] definition. Although this Lagrangian 
suspension definition still requires arbitrary thresholds (e.g., bottom 
distance and maximum residence time), it quantifies the suspended 
particle fraction, allowing a sufficient suspension speed (𝑁𝑠𝑠) to be 
defined. Unlike 𝑁𝑗𝑠, it recognizes that a small fraction of unsuspended 
particles (e.g., 2%) may be acceptable [55]. Rather than replacing 𝑁𝑗𝑠, 
it provides a complementary measure of the actual fraction of particles 
in suspension.

The degree of microcarrier dispersion is evaluated using the mean 
nearest neighbor separation distance 𝑟𝑛𝑛: 

𝑟𝑛𝑛 =
1
𝑁𝑝

∑

𝑛
𝑟𝑛𝑛, (20)

where 𝑟𝑛𝑛 is the distance of a particle to its nearest neighbor and 𝑁𝑝
is the total number of particles. 𝑟𝑛𝑛 will increase if the particles are 
dispersed more homogeneously, and can therefore be used to compare 
different bioreactor operational conditions, as long as the concentration 
of particles remains constant (Supplementary data Figure S8).

2.5. Physical and numerical parameters

The physical and numerical parameters used for the CFD–DEM 
simulations are listed in Table  2. All boundaries were set to interpolated 
half-way bounce-back boundaries. No-slip boundary conditions were 
used for fluid-vessel and fluid-probe interactions. Only for the liquid 
free surface a free-slip boundary condition was used. We found that 
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Table 2
Physical and numerical parameters used during the CFD–DEM simulations.
 Parameter Symbol Value Unit  
 Fluid density 𝜌𝑓 993 kg/m3 
 Fluid kinematic viscosity 𝜈𝑓 6.96 ⋅ 10−7 m2/s  
 Surface tension 𝜎 0.07025 N/m  
 CFD lattice size Δ𝑥 224 μm  
 Number of Cospheric particles 𝑁𝑝, 𝐶𝑜𝑠𝑝ℎ𝑒𝑟𝑖𝑐 33000 –  
 Cospheric particles density 𝜌𝑝, 𝐶𝑜𝑠𝑝ℎ𝑒𝑟𝑖𝑐 1030 kg/m3 
 Cospheric particles size 𝑑𝑝, 𝐶𝑜𝑠𝑝ℎ𝑒𝑟𝑖𝑐 180–212

(Uniform distributed)
μm  

 Number of Cytodex-1
microcarriers (0.5 g/L)

𝑁𝑝, 𝐶𝑦𝑡𝑜𝑑𝑒𝑥−1 400, 000 − 600, 000 –  

 Cytodex-1 particle density 𝜌𝑝, 𝐶𝑦𝑡𝑜𝑑𝑒𝑥−1 1030 kg/m3 
 Cytodex-1 particle size 𝑑𝑝, 𝐶𝑦𝑡𝑜𝑑𝑒𝑥−1 150–180

(Uniform distributed)
μm  

 Young’s modulus 𝑌 1 MPa  
 Poisson’s ratio 𝜈𝑝 0.3 –  
 Restitution coeff. 𝑒𝑝 0.1 –  
 Sliding friction coeff. 𝜇𝑝 0.5 –  
 gravitational constant 𝑔 9.81 m/s2  

250 lattice points across the bioreactor diameter (≈ 113 lattice points 
across impeller diameter) with a Courant number of 0.05 was optimal 
in terms of simulation accuracy and grid convergence (Supplementary 
data Figure S2). The grid dependence study was only conducted with 
respect to global quantities (i.e., 𝑃𝑜 and 𝑡𝑚𝑖𝑥), and not regarding the 
Lagrangian metrics. Refining the grid beyond 250 lattice points (𝛥𝑥 ≈
224 μm) would result in 𝑑𝑝 > 𝛥𝑥, which would violate the assumptions 
of unresolved DEM particles and introduce numerical ambiguity on 
how to treat particles larger than the fluid cells. Although various 
numerical approaches exist to deal with 𝑑𝑝 ⪆ 𝑥 (e.g., Pirker et al. 
[56]), such methods are not supported in M-Star CFD 3.13.124. Con-
sequently, the grid dependency of the Lagrangian metrics could not be 
fully assessed. We acknowledge this limitation, and future work should 
evaluate the sensitivity of these Lagrangian metrics using methods 
that permit further grid refinement while maintaining a consistent 
fluid–particle coupling.

Lacking any quantitative information on the DEM parameters for 
suspended microcarriers, we chose initial DEM parameters based on the 
work of Nijssen et al. [49] on fluidized beds with relative comparable 
fluid and particle properties. We then adjusted the DEM parameters 
based on our particle suspension experiments and based on computa-
tional efficiency, resulting in the parameters listed in Table  2. The DEM 
time step size was set using Eq. S3 (Supplementary data), resulting in 
approximately 20 DEM sub-cycles per fluid timestep. A standard D3Q19 
velocity discretization was used and simulations were performed on a 
standard desktop containing an NVIDIA RTX3090 24 GB GPU. Further 
numerical details are described in the Supplementary data Section S1.1.

2.6. Experiments

2.6.1. Mixing time determination
The bioreactor mixing time was determined using the pH tracer 

method where the H+ concentration is monitored using a pH probe 
until it reached within ±5% of its final stable concentration (𝑡95). 
Mixing times were measured in triplicate using an AppliSens pH probe 
(Getinge, Delft, The Netherlands). The response time of our pH probe 
(𝑡𝑝𝑟𝑜𝑏𝑒,90) was measured to be 55.0 ± 20.4 𝑠 (Supplementary data Figure 
S3). This is in the same order of magnitude as the measured bioreactor 
mixing time of 10 − 20 s and can therefore not be neglected. The pH 
probe lag correction method proposed by Zhang et al. [57] was used 
to deconvolute our measured pH signal and determine the true mixing 
times. We refer to Supplementary data Section S5 for the details on the 
mixing time experiments and signal deconvolution procedure. Further-
more, mixing time results were compared to the empirical correlation 
of van ’t Riet and van der Lans [58] (Supplementary data Equation S1).

Fig. 3. Example of image analysis workflow to determine the relative size of 
the settled particle beds during experiments (A) and simulations (B).

2.6.2. Free surface 𝑘𝐿𝑎 determination
The headspace aerated free surface 𝑘𝐿𝑎 was measured using the 

gassing out method [59], as further explained in Supplementary data 
Section S6. The 𝑘𝐿𝑎 coefficients were measured in triplicate at 37 ◦C 
using regular tap water was as medium and the impeller in down-
pumping mode. The DO concentration was measured with a LumiSens 
Optical dO2 Sensor (Getinge Applikon, Delft, The Netherlands) and the 
measurements were automated using Lucullus (Securecell AG, Urdorf, 
Switzerland).

2.6.3. Particle suspension experiments
Polyethylene particles with a density of 1030 kg/m3 and diameter 

between 180 and 212 μm (Cospheric, Somis, United States) were used 
for the particle suspension experiments, as model particles for the 
commonly used microcarrier Cytodex-1 [12]. In total, approximately 
33000 particles were added (0.17 g) to the bioreactor filled with 
160 mL demineralized water, in the presence of 20 μL of Tween20 
(Merck KGaA, Darmstadt, Germany), and operated with a single im-
peller. Images of the bioreactor bottom were taken to capture the size 
and shape of the settled particle bed. For each condition, 3 images 
were taken with a 5 s interval after the particle suspension reached 
a quasi-steady state, which were subsequently analyzed using image 
segmentation (Fig.  3). Nearly identical reactor bottom images were 
generated for the simulations where the size of the settled particle bed 
was quantified using the number of pixels confining the area identified 
as the settled particle bed, according to the image processing workflow 
described in Supplementary data Section S8. The particle bed size 
was normalized by the number of pixels confining the area of the 
bioreactor bottom. The obtained 𝑁𝑗𝑠 values from the experiments were 
compared to predictions of the empirical correlation of Loubière et al. 
[26] (Supplementary data Equation S2).

3. Results and discussion

3.1. Model validation

3.1.1. Hydrodynamic validation
The predicted power number of the CFD–DEM simulations were 

compared to the experimental results of Zhu et al. [60] and Delbridge 
et al. [18], who both used elephant ear impellers with similar 𝐷𝑇  and 
𝐶
𝑇  ratios. The predicted power numbers closely follow the reference 
power numbers across the investigated impeller Reynolds numbers 
(Fig.  4B). This includes the expected increase of the power number 
in the transitional flow regime for Newtonian fluids [61]. At the fully 
turbulent regime (𝑅𝑒𝑖𝑚𝑝 > 2 ⋅104 [61]) the simulated power number 𝑃𝑜
converges to 1.90 ± 0.01, which is in alignment with the power number 
data of Zhu et al. [60] at 2.12 ± 0.26 and data of Delbridge et al. [18] 
at 2.13 ± 0.01. Small deviations in the power number were expected 
between our system, and the systems of Zhu et al. [60] and Delbridge 
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Fig. 4. Validation of CFD–DEM model the Applikon MiniBio 250 mL for shear-sensitive microcarrier cultures. (A) Schematic overview of parameters which were extracted from CFD–DEM 
model and compared to experimental data, including power number 𝑃𝑜, mixing time 𝑡95, free surface 𝑘𝐿𝑎, and image based particle suspension experiment. (B) Comparison of simulated 
power number with data from Zhu et al. [60] and Delbridge et al. [18] for a single down-pumping elephant ear impeller. (C) Comparison of simulated and experimental mixing times 𝑡95
using the pH tracer method, with additional comparison to the empirical mixing time correlation of van ’t Riet and van der Lans [58]. (D) Comparison of simulated free surface 𝑘𝐿𝑎 at 
𝑉𝐿 = 80 mL and (E) 𝑉𝐿 = 140 mL with experimentally measured 𝑘𝐿𝑎 using the gassing out method. (F) Visual comparison of simulated and experimental settled particle bed sizes on the 
bioreactor bottom. Images of the reactor bottom (both simulated and experimental) were subjected to image segmentation to quantify the size of the settled particle bed on the reactor 
bottom based on the number of pixels inside the identified segmented settled particle bed. (G) simulated and experimental settled particle bed sizes were quantitatively compared for both 
down-pumping (left) and up-pumping (right). (H) Relative number of particles on bioreactor bottom during simulations as function of stirrer speed.

et al. [18], as the power number is also dependent on the geometry of 
the vessel and bioreactor internals.

Mixing time experiments were conducted with the pH tracer method 
and probe lag correction method proposed by Zhang et al. [57]. The 
simulated mixing times closely follow the measured mixing times across 
the measured range of stirring speeds, with a mean absolute error of 
1.4 s (16.3% relative error) (Fig.  4C). This error is within the average 

experimental standard deviation of 2.1 s (relative standard deviation 
of 21.6%). At 200 rpm the limit of the probe lag correction method 
is reached, as the mixing time (≈ 5𝑠) becomes an order of magnitude 
smaller than the measured 𝑡𝑝𝑟𝑜𝑏𝑒,90 of 55 ± 20.4 s. Furthermore, we 
note that our pH probe lag correction might have overcorrected the 
measured mixing times, as the probe response time measurements were 
performed under static fluid conditions whereas the mixing times were 
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measured under dynamic fluid conditions. Although still a good agree-
ment between experimental and simulated mixing times was obtained, 
for future work we recommend using a different type of probe with 
a lower response time, such as a conductivity probe [57], to avoid 
introducing additional inaccuracies via lag time correction methods.

We compared the mixing times to a generic mixing time correlation 
from van ’t Riet and van der Lans [58] (Fig.  4C). This correlation cap-
tures the dependency of the mixing time on the stirrer speed correctly, 
but overestimates the experimental mixing times with a mean absolute 
error of 3.4 s (39% relative error). This revalidates the usefulness of this 
correlation to obtain an order-of-magnitude estimation of the mixing 
times, especially when considering that this correlation was designed 
for Rusthon impellers and much larger volumes (> 100𝐿). However, 
the accuracy of the CFD model is appealing when the process requires 
careful design of the operating conditions.

3.1.2. Free surface k𝐿a validation
The free surface 𝑘𝐿𝑎 in agitated systems is the product of the specific 

free surface area 𝑎 = 𝐴
𝑉𝐿

 and the liquid-side oxygen mass transfer coeffi-
cient 𝑘𝐿. During the simulations, the dynamic free surface 𝐴 is directly 
obtained from the used phase-field method, whereas the 𝑘𝐿 is obtained 
from the mean free surface velocity. The simulations closely match 
the measured free surface 𝑘𝐿𝑎 values over a wide range of operating 
conditions (Fig.  4D and E). Only at a stirrer speed of 540 rpm and 
80 mL liquid volume, the simulations significantly underestimated the 
measured 𝑘𝐿𝑎 (Fig.  4D). This was expected as this operating condition 
resulted in bubble entrainment due to vortex formation resulting in 
a sudden increase of the 𝑘𝐿𝑎. Excluding this outlier, the free surface 
𝑘𝐿𝑎 was predicted with a mean absolute error of 0.18 ℎ−1 (relative 
error of 13.1%). This revalidates the approach from Thomas et al. [36] 
for predicting the free surface 𝑘𝐿𝑎. The increase of the free surface 
𝑘𝐿𝑎 with an increasing stirring speed can primarily be attributed to an 
increase in 𝑘𝐿, as the free surface remains mostly flat at lower stirring 
speeds (Supplementary data Figure S6).

3.1.3. Validation of particle suspension
We performed suspension experiments by imaging the bottom of the 

bioreactor filled with microcarrier-like particles and used the resulting 
size of the settled particle bed as validation data to assess our model’s 
ability to predict particle suspension. The shapes and positions of the 
settled particle beds are qualitatively comparable between experiments 
and simulations (Fig.  4F).

In down-pumping mode, the simulations closely follow the experi-
mental sizes of the settled particle bed for all investigated stirrer speeds 
(Fig.  4G left). However, for up-pumping stirrer speeds below 60 rpm, 
the predicted settled particle beds by the simulations are significantly 
smaller than observed experimentally (Fig.  4G right). Experimentally, 
the particles seemed to accumulate more easily into a single cluster 
resulting in a static settled particle bed, while during the simulations 
the particles moved more freely on the reactor’s bottom. This difference 
can also be seen by the larger standard deviation of the settled particle 
bed size of the simulations compared to the experiments for both 
pumping modes (Fig.  4G). This could be a result of missing physical 
forces during the simulations. The used polyethylene particles are 
generally hydrophobic, and although a surfactant was used to suspend 
the particles in water, it might be that at very low liquid velocities 
these particle–particle hydrophobic interactions become significant. We 
note however that common microcarriers, like Cytodex-1, are generally 
hydrophilic and thus hydrophobic particle–particle forces would not be 
relevant. Furthermore, at higher particle packing fractions, lubrication 
forces become significant, the form of the drag coefficient changes, 
and accurate fluid–particle momentum coupling becomes more critical 
[62]. Given the generally lower liquid velocity near the bioreactor 
bottom in up-pumping mode, the aforementioned missing physical 
forces might explain the discrepancy between the experiments and our 
simulations.

Consequently, based on the settled particle bed size, the simulations 
would suggest up-pumping to result in better suspension than actually 
observed experimentally. However, when quantifying the number of 
particles on the reactor bottom, the simulations predict a better sus-
pension for down-pumping compared to up-pumping (Fig.  4H). The 
observed model discrepancy in up-pumping mode might partially be 
caused the inability of the simulations to capture the cluster formation 
under these flow conditions, whereas the prediction of the number of 
unsuspended particles might be more reasonable.

We visually determined the 𝑁𝑗𝑠 to be approximately 110 rpm 
for both up-pumping and down-pumping based on the 2 s criterion 
proposed by Zwietering [54]. This is roughly in agreement with the 
determined settled particle bed sizes using our image segmentation 
workflow, which approaches 0% at those stirring speeds (Fig.  4G). Note 
that the objective of quantifying the settled particle bed size through 
image segmentation served the purpose of validating the particle sus-
pension behavior of our CFD–DEM simulations, not as an accurate 
method for determining the 𝑁𝑗𝑠.

The positioning of the sparger close to the reactor bottom resulted 
in a small fluid stagnation zone which kept a small number of particles 
on the reactor bottom for longer than 2 s at 𝑁 < 110 rpm. However, at 
𝑁 = 90 rpm the number of particles on the reactor bottom was com-
paratively small. Moreover, the settled particle bed was not completely 
motionless and still resulted in a relatively frequent exchange (≈ 10 s) 
of particles between suspended and settled states. We therefore argue 
that a 𝑁𝑗𝑠 of 90 rpm might be more appropriate to reduce the overall 
power input, although it relaxes the 2 s criterion from Zwietering [54]. 
Although visually up-pumping and down-pumping mode resulted in 
an equal 𝑁𝑗𝑠, at 𝑁 < 𝑁𝑗𝑠 up-pumping resulted in a much larger 
settled particle bed (Fig.  4G), making down-pumping still the preferred 
operating mode as it generally achieves a better suspension at lower 𝑁 .

Collignon et al. [28] made a similar observation where down-
pumping resulted in a lower 𝑁𝑗𝑠 than up-pumping, but with a much 
larger difference of 75 and 130 rpm, respectively. In contrast, Delbridge 
et al. [18] found a lower 𝑁𝑗𝑠 for up-pumping than for down-pumping. 
Furthermore, we compared our 𝑁𝑗𝑠 results with the empirical 𝑁𝑗𝑠 cor-
relation specifically for microcarriers from Loubière et al. [26] (Eq. S3), 
which predicted a 𝑁𝑗𝑠 of 83 rpm for up-pumping and a 𝑁𝑗𝑠 of 88 rpm 
for down-pumping. This deviates from our determined 𝑁𝑗𝑠 of 110 rpm 
for both-pumping modes based on the strict 2 s criterion of Zwietering 
[54]. Overall, this highlights the sensitivity of the 𝑁𝑗𝑠 to the reactor 
geometry (i.e., positioning of reactor internals and shape of reactor 
bottom), which is generally not included in such empirical correlations 
for 𝑁𝑗𝑠 [26,54].

3.2. Case studies

Having thoroughly validated our model, and explored the impact 
of stirring speed on particle suspension, we now apply our model to 
characterize the 250 mL bioreactor under shear-sensitive stem cell 
microcarrier cultivation conditions. This means stirring at relatively 
low power input ( 𝑃𝑉 < 5 W/m3), aeration only through the biore-
actor headspace, and the presence of the commonly used Cytodex-1 
microcarrier [12]. For each set of operating conditions, our model 
determined relevant scale-up parameters, including 𝑃𝑜, 𝑃∕𝑉 , 𝑡95, and 
the free surface 𝑘𝐿𝑎. Simultaneously, microcarrier lifelines are used to 
assess the hydrodynamic stresses microcarriers are subject to during 
cultivations, as well as quantify the fraction of suspended microcarriers 
and assess microcarrier dispersion through the mean nearest neighbor 
distance 𝑟𝑛𝑛.

3.2.1. Effect of stirrer speed and pumping-mode
Up-pumping results in a higher predicted mean power number of 

2.7 compared to down-pumping with a mean power number of 2.0 
(Fig.  5B). This is likely caused by the orientation of the bioreactor 
internals and the dish-shaped reactor bottom (Fig.  1). In down-pumping 
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Fig. 5. Influence of stirrer speed for both up-pumping (▴) and down-pumping mode (▾) on Applikon MiniBio 250 mL hydrodynamics. (A) Volumetric power 
input 𝑃∕𝑉  in W/m3, (B) Impeller power number 𝑃𝑜, (C) probe-based mixing time 𝑡95 in s, (D) free surface volumetric mass transfer coefficient 𝑘𝐿𝑎 in h−1, (E) 
percentage of suspended microcarriers according to the Lagrangian Zwietering [54] criterion, and (F) mean nearest neighbor particle distance 𝑟𝑛𝑛 in μm. These 
simulations were performed with a filling volume of 140 mL, stirrer height 𝐶∕𝐻 = 0.14, and microcarrier concentration of 0.5 g/L.

mode, the impeller produces a mixed axial–radial flow which is then 
distributed via the dish bottom to the reactor walls resulting in lower 
resistance. In up-pumping mode, the fluid has to be pulled from the re-
actor bottom which is met with higher resistance due to the positioning 
of the bioreactor internals. This difference in pumping-mode is heavily 
geometry dependent as, for example, Delbridge et al. [18] found almost 
no difference in power number between up- and down-pumping mode 
in their system, whereas Zhu et al. [60] found a higher power number 
for down-pumping compared to up-pumping (2.2 and 1.8 respectively). 
The volumetric power input 𝑃∕𝑉  was therefore higher for up-pumping 
than for down-pumping at the same stirrer speed.

This increase in power transfer in up-pumping mode also resulted 
in mixing times between 1.5 and 3 times lower than in down-pumping 
mode over the investigated stirring speeds (Fig.  5C), mainly due to 
better mixing near the reactor free surface. Similarly, the free surface 
𝑘𝐿𝑎 also increases up to 1.5 times when operating in up-pumping mode 
(Fig.  5D).

Conversely, the percentage of microcarriers in suspension is higher 
for down-pumping than for up-pumping, despite the fact that the 
volumetric power input is 35% higher for up-pumping (Fig.  5A and E). 
This is in agreement with our experimental observations that indicated 
a worse suspension when operating in up-pumping mode (Fig.  4). 
At 90 rpm specifically, which we consider a sufficiently suspended 
stirring speed 𝑁𝑠𝑠, the percentage of microcarriers in suspension is 5 
percentage points (%pt) higher for down-pumping than up-pumping. 
Yet, 90 rpm up-pumping resulted in a higher mean nearest neighbor 
particle distance 𝑟𝑛𝑛, which is a result of better particle dispersion in 
the top of the bioreactor, despite having a lower fraction of suspended 
microcarriers compared to down-pumping.

A typical rule-of-thumb for animal cell culture to determine whether 
turbulent eddies are damaging originates from Croughan et al. [63], 

who found a significant decrease in cell viability when the mean 
Kolmogorov length scale 𝜆𝑘 fell below two-thirds of the microcarrier 
size. Fig.  6A shows that at 90 rpm the 𝜆𝑘 for both pumping modes 
stay above two-thirds of the median microcarrier size (170 μm), in-
dicating that these hydrodynamic conditions are generally favorable. 
Furthermore, the 𝜆𝑘 distribution shows that for down-pumping 20.4% 
of hydrodynamic conditions encountered by the microcarriers contain 
eddies smaller than two-thirds the median microcarrier size, while for 
up-pumping this becomes 26.5%. The observations based on 𝜆𝑘 are 
in agreement with the Accumulated Hydrodynamic Damage metric, 
which shows a steeper increase over time for up-pumping compared 
to down-pumping (Fig.  6B).

This demonstrates that at 90 rpm down-pumping results in less 
overall hydrodynamic damage than up-pumping, while simultaneously 
a higher percentage of suspended microcarriers is achieved. Although 
similar small-scale bioreactors exist (e.g., Ambr®250 from Sartorius, 
DASbox® Mini Bioreactor from Eppendorf), the effect of the pumping 
mode cannot necessarily be transferred between different systems due 
to geometrical differences. Therefore, deciding on the optimal pumping 
mode requires system specific studies, as well as determining which 
bioreactor performance metrics are most critical. In the case of minimal 
hydrodynamic stress to achieve microcarrier suspension, we consider 
down-pumping the preferred pumping mode in the Applikon MiniBio 
250 mL.

3.2.2. Effect of impeller height
Increasing the impeller height from 𝐶

𝐻 = 0.14 to 𝐶
𝐻 = 0.22 reduces 

the number of microcarriers in suspension by 5%pts, while the free 
surface 𝑘𝐿𝑎 increases from 0.45 ℎ−1 to 0.51 ℎ−1 (Fig.  7). The mixing 
time 𝑡95 dramatically decreases from 44.6 to 21.1 s, but this difference 
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Fig. 6. Influence of pumping mode on hydrodynamic stresses at sufficient-suspension stirrer speed of 90 rpm. (A) Kolmogorov length scale (𝜆𝑘) distributions 
for up-pumping (dash-dot line) and down-pumping (dotted line) mode. The mean Kolmogorov length scale (𝜆𝑘) is included in the legend. Vertical dashed line 
represents two-thirds of the median Cytodex-1 microcarrier size, a typically used rule-of-thumb from Croughan et al. [63] to define whether turbulent eddies 
are potentially damaging to cells on microcarriers. (B) Accumulated Hydrodynamic Damage (ADH) of microcarrier lifelines for up-pumping (dash-dot line) and 
down-pumping (dotted line) mode. The lines represent the mean ADH and the shaded area the 95% percentile interval. Both the 𝜆𝑘-distribution and ADH plot 
are constructed directly from the microcarrier lifelines.

Fig. 7. Influence of stirrer height on bioreactor performance parameters at 𝐶∕𝐻 = 0.14 (A), 𝐶∕𝐻 = 0.18 (B) and 𝐶∕𝐻 = 0.22 (C). Instantaneous snapshots of 
microcarrier (orange particles) suspension are shown. Horizontal bar plots represent mean values of bioreactor performance parameters including volumetric 
power input 𝑃∕𝑉 , impeller power number 𝑃𝑜, probe-based mixing time 𝑡95, percentage of suspended microcarriers, and mean nearest neighbor distance 𝑟𝑛𝑛. The 
error bars originate from the inherent transient nature of the LB-LES method and represent the ±1𝑆𝐷 confidence interval over the recorded flow time, with 
the exception for 𝑡95 which represents the ±1𝑆𝐷 of six distinct numerical tracers with varying injection times. These simulations were performed with a filling 
volume of 160 mL, 90 rpm down-pumping impeller, and microcarrier concentration of 0.5 g/L.

is just an indicator of poor mixing near the reactor free surface, which 
worsens when lowering the impeller height. Nonetheless, these mixing 
times are still order of magnitude smaller than 1

𝑘𝐿𝑎
 and human (stem) 

cell oxygen uptake kinetics [6], and the bioreactor can therefore still 
be considered ideally mixed. The power number also increases from 
1.96 to 2.27, likely due to less efficient fluid dispersion via the reactor 
bottom and more flow resistance from the bioreactor internals.

In terms of hydrodynamic stress, the effect of the impeller height is 
not strong since roughly the same 𝑃∕𝑉  and microcarrier circulation 
patterns are maintained (Fig.  8). The 𝜆𝑘 decreases from 244 μm to 

211 μm when increasing the impeller height, caused by the slight 
increase in 𝑃∕𝑉 . Yet, the minimum Kolmogorov length scale 𝜆𝑘,𝑚𝑖𝑛 (cor-
responding to highest local energy dissipation rate) remains relatively 
constant with 25.5 μm at 𝐶𝐻 = 0.14, to 26.5 μm at 𝐶𝐻 = 0.18, and to 25.3 
μm at 𝐶

𝐻 = 0.22. In contrast, the hydrodynamic conditions where the 
turbulent eddies are smaller than two-thirds of the median microcarrier 
size increases from 16.1% at 𝐶𝐻 = 0.22, to 18.0% at 𝐶𝐻 = 0.18, to 19.4% 
at 𝐶

𝐻 = 0.14, indicating that microcarriers experience more damaging 
eddies at lower impeller height (Fig.  8A). This is in agreement with 
the observed increase in Accumulated Hydrodynamic Damage, where 
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Fig. 8. Influence of stirrer height on hydrodynamic stress at 𝐶∕𝐻 = 0.14 (solid line), 𝐶∕𝐻 = 0.18 (dashed line) and 𝐶∕𝐻 = 0.22 (dotted line). (A) Kolmogorov 
length scale (𝜆𝑘) distributions for up-pumping (dash-dot line) and down-pumping (dotted line) mode. The mean Kolmogorov length scale (𝜆𝑘) is included in the 
legend. Vertical dashed line represents two-thirds of the median Cytodex-1 microcarrier size, a typically used rule-of-thumb from Croughan et al. [63] to define 
whether turbulent eddies are potentially damaging to cells on microcarriers. (B) Accumulated Hydrodynamic Damage (ADH) of microcarrier lifelines. The lines 
represent the mean ADH and the shaded area the 95% percentile interval. Both the 𝜆𝑘-distribution and ADH plot are constructed directly from the microcarrier 
lifelines.

a lower impeller height results to a slight increase in hydrodynamic 
stress (Fig.  8B). This apparent increase in hydrodynamic stress when 
lowering the impeller height is simply because more microcarriers are 
in suspension.

3.2.3. Effect of liquid filling volume
The bioreactor filling volume is another operating parameter which, 

in lab-scale, is usually dictated by the cellular nutrient requirements 
(in batch-mode) or required oxygen transfer rate. Increasing the filling 
volume results in more nutrient availability but generally reduces the 
𝑘𝐿𝑎. In addition, microcarrier suspension and dispersion through the 
entire vessel might be harder to achieve at higher filling volumes.

Fig.  9 shows that at 𝑉𝐿 = 200 mL the 𝑡95 was still not reached after 
240 s of flow time, clearly demonstrating poor mixing behavior in the 
top of the reactor compared to a 𝑡95 of 36 s at 𝑉𝐿 = 140 mL, and a 
𝑡95 of 8 s at 𝑉𝐿 = 80 mL. This is also reflected in the microcarrier 
dispersion, where at 𝑉𝐿 = 200 mL the microcarriers fail to reach the 
top part of the reactor, which is also reflected in a lower 𝑟𝑛𝑛 of 369 μm. 
At 𝑉𝐿 = 140 mL, a decent dispersion of microcarries in the full working 
volume is achieved with a 𝑟𝑛𝑛 of 405 μm, but is slightly sub-optimal 
when compared to 𝑉𝐿 = 80 mL where 𝑟𝑛𝑛 is 412 μm.

As a consequence of poor mixing in the top of the reactor, our 
simulations predict a low free surface 𝑘𝐿𝑎 of 0.34 ℎ−1 at 𝑉𝐿 = 200
mL, compared to 0.55 ℎ−1 at 𝑉𝐿 = 140 mL, and 1.40 ℎ−1 at 𝑉𝐿 = 80
mL. Compared to 𝑉𝐿 = 80 mL, increasing the working volume to 200 
mL results in a decrease of the oxygen transfer rate (OTR) by a factor 
1.40
0.34 ≈ 4.1. This is significantly more than the expected decrease of 
a factor 200

80 = 2.5 of the specific interfacial area, highlighting the 
dependence of 𝑘𝐿 on the distance of the free surface to the impeller. 
Whether a sufficiently high OTR can be achieved through the free 
surface entirely depends on the cell specific oxygen consumption rate 
and the desired cell density. Nevertheless, with our model predictions 
we improve the understanding of the hydrodynamic culture conditions 
and support scale-up of such stem cell microcarrier processes to larger 
scale.

In terms of hydrodynamic stress, lowering the liquid volume results 
in a higher Accumulated Hydrodynamic Damage as the circulation 
time around the impeller becomes shorter (Fig.  10B). Furthermore, due 
to better microcarrier dispersion at 𝑉𝐿 = 80 mL the 𝜆𝑘-distribution 
becomes more homogeneous (Fig.  10A) and the bimodal nature of the 
distribution disappears. At 𝑉𝐿 = 140 and 𝑉𝐿 = 200, this bimodal 𝜆𝑘
distribution shape is likely a consequence of a slower circulation loop 
in the top of the reactor. A more uniform 𝜆𝑘-distribution at 𝑉𝐿 = 80 mL 
might be advantageous when the objective is to create homogeneous 
cell aggregates. Increasing the filling volume from 𝑉𝐿 = 140 mL to 
𝑉𝐿 = 200 mL does not change the hydrodynamic stress significantly 

because the microcarriers are not getting dispersed into the additional 
added fluid.

This highlights the advantage of using the microcarrier perspective 
to quantify the hydrodynamic stresses, as taking the 𝜆𝑘 distribution 
from the fluid directly would have resulted in a significant increase 
in 𝜆𝑘 when increasing 𝑉𝐿. Furthermore, scaling up using a constant 
𝑃∕𝑉  could become misleading as this usually assumes a constant 
mean energy dissipation rate 𝜀 experienced by the cells, which is not 
necessarily true when the microcarriers are not fully dispersed.

Overall, our results suggest that with a single down-pumping ele-
phant ear impeller at 𝐶𝐻 = 0.14 and at 90 rpm, the maximum operable 
working volume is around 140 mL. Increasing 𝑉𝐿 further results in poor 
mixing, poor microcarrier dispersion, and a low free surface 𝑘𝐿𝑎. If 
operation at higher working volumes is desired, we recommend a dual 
impeller configuration, as described in Supplementary data Section 
S11. The investigation of the dual impeller configuration showed that 
the inter-impeller ( 𝑆𝐷 ) distance has a great effect on the power transfer, 
and thus also on the hydrodynamic stress. In this setup at 𝑉𝐿 = 200
mL, a 𝑆𝐷 = 1.5 resulted in two hydrodynamically independent operating 
impellers, yielding the best bioreactor performance in terms of mixing 
time, free surface 𝑘𝐿𝑎 and microcarrier dispersion, while maintaining 
similar levels of hydrodynamic stress as a single impeller configuration 
at 𝑉𝐿 = 80 mL (Fig.  10A and B).

4. Concluding remarks

In this work, we developed a CFD–DEM model of the fluid flow 
and microcarriers inside a 250 mL stirred-tank bioreactor, which (i) 
accurately determined common scale-up parameters such as volumetric 
power input (𝑃∕𝑉 ), mixing time (𝑡95), and free surface volumetric 
oxygen mass transfer coefficient (𝑘𝐿𝑎); and (ii) modeled microcarriers 
as Lagrangian particles which enabled quantification of suspension 
and hydrodynamic stresses directly from microcarrier lifelines. We 
emphasized the importance of using the Lagrangian lifeline perspective 
as microcarriers might not be fully suspended and dispersed under 
typical stem cell operating conditions (𝑃∕𝑉 ≈ 1 W/m3) and therefore 
do not experience the fluid hydrodynamics equally throughout the 
bioreactor. The physical validity of our CFD–DEM model was evaluated 
through various experiments, which demonstrated that the model could 
quantify the 𝑃∕𝑉 , 𝑡95, and 𝑘𝐿𝑎 within 20% of the experimental values.

Although generally good agreement was found between the particle 
suspension experiments and our model’s predictions, the physical ac-
curacy of our model could be improved. For one, simplifications were 
made in the included fluid–particle forces to keep computational times 
tractable, by neglecting for example lift forces and the Basset History 
force as done previously [43,51], even though these forces might not 
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Fig. 9. Influence of filling volume on bioreactor performance parameters at 𝑉𝐿 = 80 (A), 𝑉𝐿 = 140 (B) and 𝑉𝐿 = 200 (C). Instantaneous snapshots of microcarrier 
(orange particles) suspension are shown with 𝐻𝐿 representing the liquid height of bioreactor. Horizontal bar plots represent mean values of bioreactor performance 
parameters including volumetric power input 𝑃∕𝑉 , impeller power number 𝑃𝑜, probe-based mixing time 𝑡95, percentage of suspended microcarriers, and mean 
nearest neighbor distance 𝑟𝑛𝑛. The error bars originate from the inherent transient nature of the LB-LES method and represent the ±1𝑆𝐷 confidence interval over 
the recorded flow time, with the exception for 𝑡95 which represents the ±1𝑆𝐷 of six distinct numerical tracers with varying injection times. These simulations 
were performed at 90 rpm with a down-pumping impeller at 𝐶∕𝐻 = 0.14, and microcarrier concentration of 0.5 g/L.

Fig. 10. Influence of filling volume on hydrodynamic stress at 𝑉𝐿 = 80 mL (solid line), 𝑉𝐿 = 140 mL (dashed line) and 𝑉𝐿 = 200 mL (dotted line). (A) Kolmogorov 
length scale (𝜆𝑘) distributions for up-pumping (dash-dot line) and down-pumping (dotted line) mode. The mean Kolmogorov length scale (𝜆𝑘) is included in the 
legend. Vertical dashed line represents two-thirds of the median Cytodex-1 microcarrier size, a typically used rule-of-thumb from Croughan et al. [63] to define 
whether turbulent eddies are potentially damaging to cells on microcarriers. (B) Accumulated Hydrodynamic Damage (ADH) of microcarrier lifelines. The lines 
represent the mean ADH and the shaded area the 95% percentile interval. Both the 𝜆𝑘-distribution and ADH plot are constructed directly from the microcarrier 
lifelines.

be negligible [62]. Furthermore, a simplified particle–fluid coupling 
based only on the gravity-buoyancy force was used, since the more 
physically accurate third-law coupling resulted in numerically unstable 
simulations. This is a common problem in numerical particle–fluid 
coupling due to emerging discontinuities for which various smoothing 
routines of the momentum exchange field have been suggested [51,
56]. Experimental techniques such as 4D particle tracking velocimetry 
would be suitable to collect quantitative validation data on particle 

velocities and accelerations to further understand how the aforemen-
tioned simplifications affect the simulated particle trajectories [64]. In 
addition, Hertzian soft-sphere contact model parameters were chosen 
semi-empirically based on images from the suspension experiments. 
Although this approach of using experimental data to calibrate the DEM 
parameters is common practice [65,66], more advanced parameter 
fitting routines based on multi objective optimization could be used on 
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our suspension image dataset to obtain more accurate DEM parameters 
[67].

The simulations showed that a down-pumping elephant ear impeller 
resulted in a better suspension at a lower 𝑃∕𝑉  than when operating in 
up-pumping mode. For shear-sensitive stem cell microcarrier cultures, 
we found a generally good suspension when operated with a volumetric 
power input in the range of 0.5−3 W/m3. This resulted in mixing times 
in the order of 10 − 50 seconds and free surface 𝑘𝐿𝑎 in the order of 
0.5 − 2 h−1. Typically for stem cell cultures, the oxygen transfer rate is 
not limiting at these lab-scales. However, when scaling up the process 
to larger bioreactors (i.e., 200–2000 L) the 𝑘𝐿𝑎 likely becomes limiting, 
which is why we argue for quantifying the 𝑘𝐿𝑎 early-on during process 
development. When combined with measurements of stem cell specific 
oxygen uptake rates, projections can be made at which scale free 
surface 𝑘𝐿𝑎 becomes limiting and appropriate scale-down experiments 
can be designed to study, for example, the impact of gas sparging on 
cell viability and differentiation potential.

We used the microcarrier lifelines to study hydrodynamic stress 
via the Kolmogorov length scale distribution, and through the Accu-
mulated Hydrodynamic Damage by integrating energy dissipation rate 
time series. In future work, this lifeline analysis can be extended to 
quantify the frequency and time exposure of cells or microcarriers to 
certain 𝜀 thresholds. It has namely be suggested that hydrodynamic 
damage results from a combination of stress magnitude and exposure 
duration [68,69], which can naturally be quantified via the micro-
carrier lifelines. This becomes especially meaningful when combined 
with experimental stem cell bioreactor results, such as cell viability or 
differentiation potential, as this would allow for correlating specific 𝜀
thresholds to cellular responses. Furthermore, particle residence time 
distributions on the reactor bottom and particle–particle collision fre-
quencies can be quantified with DEM, from which mechanistic insights 
can be obtained on other relevant processes, such as cell-microcarrier 
attachment or stem cell aggregation.

To conclude, we encourage the use of our detailed Applikon MiniBio 
250 mL characterization results in combination with experimental stem 
cell cultivation work, to better understand the link between hydro-
dynamic conditions and the performance of the stem cell bioreactor 
cultivation. Although throughout this work we primarily focused on 
suspension and hydrodynamic stress of microcarriers, we believe that 
our results and modeling approach can be translated relatively easily 
to the cultivation of stem cell aggregates such as EBs upon determi-
nation of their size and density. Moreover, we expect our model to 
be scale-independent as our approach is grounded in first-principles 
physics, enabling application to larger bioreactors or even different 
cultivation systems. Applying such detailed CFD–DEM models to both 
lab-scale and industrial-scale bioreactors will decrease scale-up risk due 
to hydrodynamic changes and reduce experimental efforts to identify 
optimal operating conditions, which will ultimately accelerate scale-up 
of shear-sensitive stem cell microcarrier culture production processes.

Nomenclature

Abbreviations

CFD Computational Fluid Dynamics
DEM Discrete Element Method
DO Relative dissolved oxygen concentration
E-E Eulerian–Eulerian
E-L Eulerian–Lagrangian
EB Embryoid Body
hiPSC Human Inducible Pluripotent Stem Cell
LB Lattice Boltzmann
LES Large Eddy Simulation
MC Microcarrier
MSC Mesenchymcal Stem Cell
SD Standard Deviation

Greek

𝛼𝑠 Particle volume fraction (–)
𝛥𝑡𝐷𝐸𝑀 DEM timestep (s)
𝛥𝑡𝑓 Fluid timestep (s)
𝛥𝑥 Grid spacing (m)
𝛿𝑛,𝑖𝑗 Normal particle overlap (m)
𝛿𝑡,𝑖𝑗 Tangential particle overlap (m)
𝛿̇𝑛,𝑖𝑗 Time derivative of normal particle overlap (m s−1)
𝛿̇𝑡,𝑖𝑗 Time derivative of tangential particle overlap (m s−1)
𝜖 Energy dissipation rate (W kg−1)
𝜖𝑝 Restitution coefficient (–)
𝛾𝑛,𝑖𝑗 Normal damping coefficient (N s m−1)
𝛾𝑡,𝑖𝑗 Tangential damping coefficient (N s m−1)
𝜆𝑘 Kolmogorov length scale (m)
𝜇 Fluid dynamic viscosity (Pa s−1)
𝜇𝑝 Sliding friction coefficient (–)
𝜈 Fluid kinematic viscosity (m2 s−1 )
𝜈𝑝 Poisson’s ratio (–)
𝜈𝑡 Turbulent viscosity (m2 s−1 )
𝜔 Angular velocity (rad s−1)
𝛺𝑖 Collision operator (kg m−3)
𝜙 Phase-field order parameter (–)
𝜌𝑓 Fluid density (kg m−3)
𝜌𝑔 Gas density (kg m−3)
𝜌𝑝 Particle density (kg m−3)
𝜎 Surface tension (N m−1)
𝜏 Torque (N m)
𝜏𝑥𝑦 Fluid shear stress (Pa)

Latin

𝐟𝑖𝑗 Particle–particle contact force (N)
𝐟𝑛,𝑖𝑗 Normal particle–particle contact force (N)
𝐟𝑡,𝑖𝑗 Tangential particle–particle contact force (N)
𝐴 Area (m2)

𝑎 Specific interfacial area (m−1)
𝐶 Off-bottom clearance (m)
𝑐 Scalar concentration (–)
𝑐∗𝑂2 ,𝐿

Oxygen saturation concentration (mol L−1)
𝐶𝐷 Drag coefficient (–)
𝑐𝑖 Discrete lattice velocity (m s−1)
𝐶𝑠 Smagorinsky coefficient (–)
𝑐𝑂2 ,𝐿 Dissolved oxygen concentration (mol L−1)
𝐷 Impeller diameter (m)
𝐷𝑚 Molecular diffusion coefficient (m2 s−1 )
𝑑𝑝 Particle diameter (m)
𝐹 𝑏
𝑖 Buoyancy force on particle 𝑖 (N)

𝐹 𝑑
𝑖 Drag force on particle 𝑖 (N)

𝐹 𝑔
𝑖 Gravity force acting on particle 𝑖 (N)

𝐹 𝑓→𝑝
𝑖 Fluid forces acting on particle 𝑖 (N)

𝐹 𝑝→𝑓 Particle forces acting on fluid (N)
𝐹 𝑝→𝑝
𝑖 Particle–particle interaction forces on particle 𝑖 (N)

𝐹 𝑣𝑚
𝑖 Virtual mass force on particle 𝑖 (N)

𝑓𝑖 Discrete-velocity distribution function (kg m−3)
𝑓𝑠 Surface tension force density (N m−3)
𝑓𝑒𝑥𝑡 External force densities (N m−3)
𝑔 Gravitational constant (m s−2)
𝐺∗
𝑖𝑗 Equivalent shear modulus (Pa)

𝐻 Tank height (m)

Biochemical Engineering Journal 236 (2026) 110365 

12 



R.D. van Valderen et al.

𝐻𝐿 Liquid height (m)
𝑘𝐿𝑎 Volumetric mass transfer coefficient (s−1)
𝑘𝐿 Liquid-side mass transfer coefficient (m s−1)
𝑘𝑛,𝑖𝑗 Normal stiffness coefficient (N m−1)
𝑘𝑡,𝑖𝑗 Tangential stiffness coefficient (N m−1)
𝑀 Mobility parameter (m2 s−1 )
𝑚∗
𝑖𝑗 Equivalent mass (kg)

𝑚𝑖 Particle mass (kg)
𝑁 Impeller rotational speed (s−1)
𝑛 Interface normal vector (–)
𝑁𝑝 Number of particles (–)
𝑁𝑗𝑠 Just-suspension stirring speed (s−1)
𝑁𝑠𝑠 Sufficient-suspension stirring speed (s−1)
𝑃 Impeller power input (W)
𝑝 Fluid pressure (Pa)
𝑃𝑜 Impeller power number (–)
𝑅∗
𝑖𝑗 Equivalent radius (m)

𝑟𝑛𝑛 Particle nearest neighbor distance (m)
𝑅𝑒𝑖𝑚𝑝 Impeller Reynolds number (–)
𝑅𝑒𝑝 Particle Reynolds number (–)
𝑆 Inter-impeller distance (m)
𝑇 Tank diameter (m)
𝑡95 Mixing time (s)
𝑡𝑝𝑟𝑜𝑏𝑒,90 Probe response time (s)
𝑢 Fluid velocity (m s−1)
𝑉𝑓 Free surface velocity (m s−1)
𝑣𝑖 Particle velocity (m s−1)
𝑉𝐿 Filling volume (m−3)
𝑉𝑝 Particle volume (m3)
𝑊 Interface width (m)
𝑌 Young’s modulus (Pa)
𝑌 ∗
𝑖𝑗 Equivalent Young’s modulus (Pa)
AHD Accumulated Hydrodynamic Damage (J kg−1)
‖𝑆‖ Norm of the resolved strain rate tensor (s−1)
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