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ABSTRACT
Recent advances in medical research and bio-engineering have led
to the development of devices capable of handling fluids and biolog-
ical matter at the microscale. The operating conditions of medical
devices are constrained to ensure that characteristic properties of
blood flow, such as mechanical properties and local hemodynamics,
are not altered during operation. These properties are a conse-
quence of the red blood cell (RBC) microstructure, which changes
dynamically according to the device geometry. The understanding
of the mechanics and dynamics that govern the interactions be-
tween the RBCs is crucial for the quantitative characterization of
blood flow, a stepping stone towards the design of medical devices
specialized to the patient, in the context of personalized medicine.
This can be achieved by analyzing the microstructural characteris-
tics of the RBCs and study their dynamics. In this work we focus on
the quantification of the microstructure of high and low hematocrit
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blood flows, in wall bounded geometries. We present distributions
of the RBCs according to selected deformation criteria and dynamic
characteristics, and elaborate on mechanisms that control their
collective behavior, focusing on the interplay between cells and
shear induced effects.
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1 INTRODUCTION
Blood transport is a central process of the human body functionality
and has been the point of interest of numerous clinically relevant
studies. It is now well-established that the transport properties and
rheology of blood are mainly governed by the mechanical inter-
actions between red blood cells (RBCs), as well as hydrodynamic
interactions with the surrounding plasma [14].
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The morphology, deformability and mechanics of erythrocytes
have a fundamental role in the development of certain hereditary
diseases. For example, the severity of hereditary spherocytosis (HS)
and hereditary elliptocytosis (HE), increase with mutations of the
spectrin connectivity network that holds the skeleton together
[7, 17, 75]. This results in mechanical instability of the RBC mem-
brane, that leads to higher deformation, fragmentation and surface
and volume loss. Sickle cell disease (SCD) is another example of
a disease originating from a change in the RBC microstructure.
The erythrocytes exhibit stiffer membrane and higher intracellular
viscosity, which results into an impaired flow through microvessels
[34, 35]. Another example can be found in malaria, where RBCs
infected by P. falciparum parasite are again stiffer, lose their bicon-
cave shape, and acquire cytoadherence properties [30, 31, 55]. In all
these examples, the microstructural origin of the disease enables a
new concept of microrheology-based differentiation and diagnostic
tools.

Despite remarkable advances in the field of hemorheology, ex-
periments have limitations in the type and detail of information
they can provide regarding the microstructure. The acquisition of
information for blood microrheology, including complex phenom-
ena occurring at the microscale, such as cell merging, lysis [58] and
biochemical signaling [39, 40, 81], remains a compelling task [59].
Simulations capable of handling such complex dynamical systems
at the microscale, are becoming an invaluable tool in complement-
ing the experiments. The modeling and simulation of these systems
posses a formidable technological challenge, as they must correctly
capture the strong non-Newtonian flow properties, hydrodynamic
interactions between different cells, and possible variations in the
cell concentration throughout the domain.

In the field of hemorheology, the consideration of microrheologi-
cal properties has direct practical applications towards the establish-
ment of links with macroscopic quantities, allowing for predictions
of blood flow in the majority of vessels and medical devices. A
number of research groups [9, 14, 69] reported the first theories
regarding the correlation of the RBCmicrostructure and macroscop-
ically observed quantities, such as the viscosity. These studies were
strengthened by the invention of the GDM viscometer[29], that
enabled accurate computation of the blood viscosity, through shear
stress measurements at low shear rates (0.1 sec−1) [54]. Since then,
the rotational viscometer is one of the most widely used rheometers
for blood viscosity estimation.

The shear-thinning behavior of blood viscosity has been attrib-
uted to the rotation of the RBC membrane, accompanied by a cir-
culation of the enclosed hemoglobin, similarly to the established
theory for deformable drops in shear flow [69]. The rotation of
the inner fluid induces a transmission of shear stresses towards
the contents of the membrane, allowing them to participate in the
flow [77]. This effectively leads to the experimentally observed
decrease in viscosity with increasing shear rates [14]. However,
these theories were derived by connecting typical RBC behaviors in
different shear rates to the viscosity change. Through simulations
of individual RBCs, we can provide a detailed characterization of
the suspended blood cells and directly connect the viscosity to spe-
cific RBC motion and conformation. The rich dynamics of a single
RBC were exploited more during the last decades, leading to the

identification of three shear rate regimes, with distinct RBC behav-
iors: tumbling, swinging and tank-treading [1, 72]. However, it has
been recently shown that this behavior changes significantly when
higher RBC concentrations are considered [47]. In this case, the
RBCs can assume a variety of shapes and orientations, all of which
have an implication on the overall viscosity of the suspension.

Advancements in the field of computational science and engi-
neering have led to the development of software with the potential
to contribute to experimental findings. The effective integration of
mathematical models with data, under the uncertainty quantifica-
tion framework, has lead to reliable calibration of model parameters
[78]. The calibration of complex and computationally demanding
physical models is becoming possible, through software that are
able to exploit the capabilities of massively parallel and hybrid
(CPU/GPU) computer architectures [33]. Currently, the majority of
simulations used for microfluidic systems are based on continuum
models. Solvers of grid based and Boundary Integral methods have
exhibited excellent scalability [66], and are used for the solution
of the linear viscous Stokes equations, with the capability of han-
dling the complex geometries of microfluidic devices. However,
such solvers have limited capabilities in resolving essential sub-
micron flow biophysics [26] and the neglect of transport properties
at the microscale may lead to the overlooking of important effects
[56]. In addition, state-of-the-art boundary integral simulations of
RBCs, have only used a few hundred RBCs in two-dimensional ge-
ometries [26, 64] and lower resolution models are considered [42].
Mesoscale models, such as Lattice Boltzmann (LB) [13] use discrete
particles to represent flows in microfluidic channels. However, the
LB kernel is memory intensive and hardly achieves a significant
percentage of peak performance in modern computing architec-
tures [8, 68]. Additionally, as the Reynolds number approaches zero,
the accuracy of the method decreases and the computational cost
increases, thus limiting the applicability to microfluidics [26]. On
the other hand, the computational cost of employing Molecular
Dynamics (MD) simulations for high concentration blood flows in
microscopic scales is currently prohibitively high. MD simulations
were coupled to Dissipative Particle Dynamics (DPD) in a two-step
multiscale framework, to accurately capture the mechanical proper-
ties of RBCs [12], showing distinct membrane behaviors of healthy
and defective RBCs under stretching.

Our simulations are based on an extension of the Dissipative
Particle Dynamics (DPD) method, originally proposed by Hooger-
brugge and Koelman [38], a particle-based stochastic mesoscopic
method that bridges the gap between MD and the Navier-Stokes
equations [32]. DPD has been extensively used for the modeling of
complex systems [5, 51] and has become a key method for the study
of blood microrheology [48, 80] and blood microfluidics for cancer
therapy [45, 57]. State of the art DPD solvers are based on exten-
sions of software packages originally developed for MD simulations,
such as LAMMPS [63] and HOOMD-Blue [4], with the capability
of running on both CPU-only and GPU-accelerated supercomput-
ers. For our simulations, we use uDeviceX, a high-throughput open
source package with kernels thoroughly optimized for GPUs, for
microfluidic simulations using state-of-the-art DPD models [68].

In this paper, we simulate the flow of RBCs inside a two concen-
tric cylinders setup, with the aim to approach the behavior of blood
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in devices such as the GDM viscometer. We observe the microstruc-
tural characteristics of the RBCs by focusing on their shape and
deformation, with respect to their position inside the device. These
observations are based on distributions of bending energy, radius
of gyration, asphericity, acylindricity, relative shape anisotropy and
orientation. Our results are the outcome of collaborative and in-
terdisciplinary research, bridging scientific fields concerned about
complex fluid rheology, bioengineering and computational science.
To our knowledge, these are the first results that present informa-
tion related to the microstructure of RBCs in a viscometric device,
obtained from three dimensional simulations of individual RBCs.
Previous related works studied the effects of vesicle suspensions
on mixing [41, 42], in two dimensional Taylor-Couette flows in
the zero Reynolds number regime. In addition, [28] performed two
dimensional simulations of vesicles in Taylor-Couette flow, using
the boundary integral method, focusing on vesicle migration and
flow disturbance at the presence of a single and multiple vesicles.
We wish to contribute to the efforts towards the accurate model-
ing of blood microfluidics and provide insights to the dynamics of
the microstructural arrangement of the blood constituents, and its
implications to the observed micro- and macro-rheology.

This paper is structured as follows: Section 2 provides details
for the mathematical model and the boundary conditions between
the different combinations of particle interactions. In Section 3, we
present the software that is used in our simulations, along with
details on its performance. In Section 4, we specify the simulation
setup and perform the necessary validation tests by comparing the
output of our DPD simulations to results obtained from simulations
using the Boundary Element method. Section 5 presents the results
of high and low hematocrit simulations inside a Taylor-Couette
setup, focusing on macro- and micro-scopic flow properties and
characteristics. Our findings are summarized and further discussed
in Section 6. Additional information regarding the simulation setup
and parameters is included in the Appendix.

2 NUMERICAL METHODS
2.1 Dissipative particle dynamics
Following recent works [24, 36, 68], we model blood as a suspension
of RBCs using Dissipative Particle Dynamics. DPD is a mesoscopic
method which assumes a coarse grained representation of the sys-
tem: the number of degrees of freedom is reduced by representing
clusters of molecules with soft particles, to simulate fluids on a
mesoscopic scale [23]. Essentially it is an N-body algorithm where
discrete particles interact through pairwise forces. We denote by
ri j = ri − r j the vector between particle centers i and j, and by
vi j = vi − vj their relative velocity. The particle’s position and
velocity are updated through Newton’s second law:mi

dvi
dt = fi ,

where fi is the total force applied on particle i . It is computed as a
sum of three forces each of which is pairwise additive [32].

fi =
∑
i,j

(
FCi j + F

D
ij + F

R
i j

)
ˆri j

The conservative force, FCi j , is a soft repulsion between two parti-
cles. The dissipative force, FDij , represents the energy loss caused by

frictional effects. The random force, FRi j , represents the energy in-
crease by including the effect of the suppressed degrees of freedom
in the form of thermal fluctuations.

FCi j = awC (ri j )

FDij = −γw
D (ri j )

(
ˆri j ·vi j

)
FRi j = σwR

(
ri j
)
ζi j∆t

−1/2

wD ,wR , andwC are weight functions that are zero for r > rc = 1,
where rc is the cutoff radius, and ζi j is a Gaussian random variable
with zero mean and unit variance that is drawn independently for
each pair and timestep.

In this work we choose the following weight functions:

wC (ri j ) = 1 − ri j

wD (ri j ) = (wR (ri j ))
2 =
(
1 − ri j

)k
where k is an envelop parameter. The connection between random
and dissipative forces is set by the fluctuation-dissipation theorem
[18].

σ =
√
2γkBT

where kB is the Boltzmann constant and T is the temperature in
absolute units.

2.2 RBC model
The RBC membrane is represented by DPD particles composing
the vertices of a two-dimensional triangulated network forming
the RBC surface [23]. Incident mesh triangles have an associated
potential energy depending on the angle between them, and local
and global area constraints are enforced, along with a global volume
constraint.

The total potential energy of the system is [22]

U = Uin-plane +Ubending +Uarea +Uvolume

Uin-plane accounts for the energy of the elastic spectrin network
of the RBC membrane, including an attractive wormlike chain
potential and a repulsive potential such that a nonzero equilibrium
spring length can be obtained

Uin-plane =
∑

j ∈1...Ns



kBTlm
(
3x2j − 2x

3
j

)
4p (1 − x j )

+
kp

l0


where x j is the normalized spring length and Ns is the number of
springs.

The bending energy term, Ubending, models the bending resis-
tance of the lipid bilayer and is equal to

Ubending =
∑

j ∈1...Ns

kb
[
1 − cos(θ j − θ0)

]
(1)

where kb is a bending constant and θ j is the angle between two
adjacent mesh triangles.

Uarea andUvolume represent the area and volume conservation
constraints, which mimic the area-incompressibility of the lipid
bilayer and the incompressibility of the inner cytosol, respectively.

Uarea =
ka (A

tot −Atot
0 )2

2Atot
0

+
∑

j ∈1...Nt

kd (Aj −A0)2

2A0
,
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Uvolume =
kv (V −V

tot
0 )2

2V tot
0

, Atot =
∑

j ∈1...Nt

Aj

where Aj is the area of one triangle, V is the volume enclosed
by the membrane and Nt is the number of triangles used for the
discretization of the RBC membrane.

The mass of the membrane particles is adjusted through a sepa-
rate study of a single cell in a Taylor-Couette flow, by comparing
to results obtained with the Boundary Element Method. We find
that for the solvent viscosity and angular velocity used, the mass of
the RBC particles should be half the mass of the solvent particles,
mm = 0.5ms such that inertia effects are balanced by pressure.
For tumbling cells, no significant radial migration is observed, a
result confirmed by [28]. The values of the membrane model pa-
rameters are given in the Appendix. In this study we use the same
DPD parameter values that were used in [24], for solvent viscos-
ity of η0 = 26.3 (see Appendix, Table S2 in [24]), with rescaled
length-dependent parameters such that rc = 1 in DPD units.

In the RBC model, the values of ka ,kd ,kv are taken from [21].
We use the RBC mesh consisting of Nv = 498 vertices, based on the
coarse-graining convergence studies presented in [21] and [62]. The
membrane triangulation follows [21] and the number of triangles is
related to the number of vertices asNt = 2Nv−4. From the outcome
of ongoing uncertainty quantification studies for the current RBC
model conducted within our group, we choose the values ofAtot0 , l0
and p shown in Table 2. The procedure and values used to compute
the model kBT and θ0, are described in [21] and [24].

2.3 Wall-RBC and RBC-RBC interactions
Solid walls are modeled using “frozen” particles — particles which
have a prescribed wall velocity and are not subjected to position
update. Following the work and terminology of [25] we use the
EBC-0 boundary condition, which considers a pre-processing stage
with a DPD fluid at equilibrium and periodic boundary conditions,
and subsequent freezing of the positions of the DPD particles that
occupy the regions of solid walls after system equilibration. This
boundary condition and its performance in terms of no-slip en-
forcement and density oscillations is described in detail in [25].
Due to the soft DPD interactions, fluid particles are not fully pre-
vented from penetrating the wall. Therefore, we use a bounce-back
boundary condition for both the solvent and solute particles, which
re-inserts any crossing particles into the fluid domain, with opposite
velocity [67].

The interactions between different RBCs are modeled through a
short-ranged purely repulsive Lennard-Jones potential in addition
to the DPD force field, in order to ensure that there is no overlapping
between RBCs.

ULJ = 4ϵL J
[(σL J

r

)12
−

(σL J
r

)6]
The values of σL J and ϵL J are taken from [24]. ϵL J is rescaled as
described in the previous subsection.

The RBC-solvent interactions are modeled through the DPD
forces. The DPD parameter values used are chosen from Table S1
in [24], and correspond to solvent viscosity η = 26.3 in DPD units.

3 SOFTWARE
We use uDeviceX (ACM Gordon Bell Prize Finalist 2015), a high-
throughput open-source software (https://github.com/uDeviceX/
uDeviceX) with kernels thoroughly optimized for GPUs, aimed
at microrheology simulations using state-of-the-art DPD models.
uDeviceX has been shown to perform unprecedented simulations of
blood flow and circulating tumor cells with sub-micron resolution
in realistic microfluidic geometries [68].

uDeviceX is targeting GPU-enabled clusters, such as Titan at
Oak Ridge National Laboratory and Piz Daint at CSCS. The paral-
lelization approach of the code can be arranged in the cluster and
GPU levels. Cartesian domain decomposition is employed on the
cluster level, with asynchronous MPI communications overlapped
dominantly with the computational kernels. GPU level parallelism
is exposed through per-particle SIMT kernels, detailed description
of which is available in [68].

uDeviceX is reported to outperform LAMMPS [63] by a factor
of up to 45 times and HOOMD-Blue by a factor of 3 − 4 times.
Moreover, uDeviceX reaches up to 65.5% of the nominal aggregate
CPU+GPU peak performance in terms of executed Instructions Per
Cycle (IPC) for the most computationally-intensive kernel and 34%
overall. Finally, it achieves an excellent weak efficiency of more than
99% and strong efficiency of 94% on the Piz Daint supercomputer.
Representative performance results are depicted in Table 1. uDe-
viceX is capable of handling domains up to 35 mm3 at sub-micron
resolution, containing 385 million deforming RBCs on the Piz Daint
supercomputer.

4 SETUP AND PRELIMINARY RUNS
4.1 Simulation setup
We simulate blood flow between two concentric cylinders of radii
Rin and Rout (see Fig 1). The inner cylinder is fixed and the outer
cylinder rotates with angular velocity Ωout. The domain is Laxial =
32 DPD units in axial direction and 216 × 216 in the plane perpen-
dicular to the axis. Periodic boundary conditions are applied in the
axial direction. The hematocrit values chosen for the simulations,
correspond to the average hematocrit for whole blood (45%), and
the hematocrit observed in human microvessels (15%) which is
lower than the average, as a consequence of the Fahraeus-Lindqvist
effect as well as the irregular distribution of RBCs in vessel bifur-
cations [27, 53]. For this geometry, in the case of the high RBC
concentration, we use 104 RBCs, and 6.5 × 106 solvent particles
(corresponding to number density nd = 10). The simulations are
run in single precision on 96 nodes on the Piz Daint supercomputer
(Cray XC30, Swiss National Supercomputing Center). In order for
the system to reach a steady state, the simulation is run for 107 steps,
corresponding to t = 5 seconds, with a timestep of ∆t = 0.0005
DPD time units.

4.2 Verification and validation
The RBC and DPD models have been extensively validated in sev-
eral previous studies [3, 21, 24, 50]. In [50] the DPD model is val-
idated with respect to experimental data from [79], theoretical
studies by [10] and [16], analytical solutions [60, 73] and contin-
uum Navier-Stokes solvers from [44] and [2]. In [3] the DPD model

https://github.com/uDeviceX/uDeviceX
https://github.com/uDeviceX/uDeviceX
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Table 1: Measured strong scaling (left) and weak scaling efficiency (%) over 1 node (right) on Piz Daint.

Nodes Speedup Efficiency
625 - -
1250 1.98 98.9%
2500 3.82 95.4%
5000 7.50 93.8%

Nodes

Ranks / node 1 625 1250 2500 5000

1 - 98.3 98.2 98.2 97.7
2 - 99.7 99.4 99.1 98.6
4 - 99.6 99.7 99.7 99.7
8 - 99.9 99.9 99.9 99.9

Ωin=0

Ωout

Rin

Rout

Figure 1: Simulation setup: Taylor-Couette flow with sta-
tionary inner cylinder and rotating outer cylinder at con-
stant angular velocity Ωout.

is validated with respect to analytical solutions and experimental
data for flow past a cylinder. The RBC model is verified against
single-cell stretching experiments and single-cell flow in stenotic
channels in [21, 49, 65]. In [24] the derived blood viscosity from
multiscale simulations of interacting RBCs is verified with respect
to the experimental shear viscosity of well-prepared nonaggregat-
ing erythrocyte suspensions (ES) and to the shear viscosity of whole
blood.

4.2.1 Comparison to analytical solution. To draw conclusions
regarding the effect of the presence of the RBCs on the flow, we
first run a case where only solvent is considered (i.e. no RBCs are
present). We map the obtained particle data to continuum space
by dividing the simulation domain into bins and averaging over
each bin and over time. In Fig. 2, the velocity is compared with the
analytical solution of the Taylor-Couette flow [46]:

v (r ) =
ΩoutR2out
R2out − R

2
in

*
,

R2in
r
− r+

-
(2)

Note that the shear stress in this flow is proportional to 1/r2 and the
ratio between stresses on inner and outer cylinders is R2out/R

2
in ≈ 7.

The particle density distribution is shown in Fig. 2(A). The results
indicate that the flow and the boundary conditions at the wall do
not introduce further perturbations in the fluid density of the DPD
simulation. In addition, the velocity profile is found to be in good
agreement with the theoretical predictions (Fig. 2(B)). We note that
the data shown in Fig. 2(A,B) are cell-centered quantities along the
radial direction, where the first and last cells are adjacent to the
prescribed wall location.

4.2.2 Comparison to boundary element method. We use the
Boundary Element Method (BEM) with regularized kernels as de-
scribed in [15], to simulate the trajectory of a single solid RBC in a
Taylor-Couette flow, at the limit of zero Reynolds number (Stokes
flow). We compare the results of the BEM solution to the DPD
simulation of the flow of one RBC inside a Taylor-Couette flow.
The comparison is shown in Fig. 2(C,D). The position of the center
of mass of the RBC during an entire cycle of the RBC inside the
domain is plotted in Fig. 2(D). We observe that the DPD results
show an excellent agreement with the reference BEM results. Our
results are in agreement with [28] showing no migration in the case
of a tumbling cell. The orientation angle of the RBC at the plane
of shear with respect to the distance traveled by the RBC’s center
of mass (COM), is presented in Fig. 2(C). The DPD results comply
well with the BEM results. The light flickering in the DPD data is
caused by the random thermal fluctuations of the RBC membrane.

5 RESULTS
5.1 Macroscopic flow properties
To observe the effect that the RBCs have when immersed in a New-
tonian solution, we simulate RBCs flowing inside a Taylor-Couette
setup. We perform two simulations with different volume fraction
of RBCs (hematocrit):Ht = 15% andHt = 45%. While our approach
can be applied to much lower or higher hematocrit regimes, we
here show results from two values that represent the most clini-
cally relevant values of in vivo human systemic hematocrit (45%)
[19], and human microcapillary hematocrit (15%) [11]. Furthermore,
values of 15% hematocrit are often used in microfluidic devices [43].

Figs. 3(A,D) show the average particle density along the radial
direction. The total density of the system (black line) is uniform in
the interior of the domain and presents small oscillations on the
edges, as a result of the space confinement, due to the presence
of the cylindrical walls. The jump in the density profile near the
walls is expected, as the boundary conditions used for the wall
determine the presence of near-wall oscillations in density, and
several previous studies have addressed this issue [3, 25, 61, 74].
Details about the boundary conditions that we use can be found
in Section 2. By comparing the density profile for the DPD (blue
line) and the RBC (red line) particles, we observe an increase in
the solvent density and a decrease in the RBC density near the
wall. This demonstrates that the cells migrate away from the wall,
creating a “cell-free” layer (CellFL). The CellFL has been observed
in in-vitro experiments of blood flow through microvessels [23] and
is the origin of the Fahraeus-Lindqvist effect [20].

Figs. 3(B,E) depict the normalized momentum distributions in
the system. By focusing on the total momentum (black line), we
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DA B C

Figure 2: Comparison to Analytical and BEM solutions: Blue: DPD simulation results. Red: Analytical solution for Newtonian
fluid. Black: BEM simulation results. (A) DPD particle number density along radial direction. (B) Normalized momentum in
the azimuthal direction along the radial direction. (C) Orientation of the cell with respect to the distance covered by the center
of mass. (D) Single RBC simulation: Trajectory of the center of mass of the cell. Dotted lines represent the wall boundaries.

C

F

A B

D E

Ht=15%

Ht=45%

Figure 3: Blue: Solvent quantities.Red: RBC quantities. Black: mass weighted averaged solvent andRBCs quantities. (A,D)Mass
density along the radial direction. (B,E) Normalized azimuthal momentum. (C,F) Shear rate obtained by numerical differenti-
ation of the average particle velocity, converted to physical units (SI).

observe that the presence of the RBC particles lead to a significant
change in the qualitative behavior of the total momentum distribu-
tion, originating from deviations of the overall density with respect

to the only-solvent case (see Fig.4). Figs. 3(B,E) both have a peak for
momentum, a feature that is not present in the momentum profile
of the pure solvent 2(B). This reveals the highly non-Newtonian
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Figure 4: Comparison of density profiles between the results
of pure solvent and results where cells are present.

behavior of blood. We believe that this difference is a direct con-
sequence of the CellFL, which causes a redistribution of the RBCs
inside the domain, leading to regions with high viscosity contrasts.
The depletion of near wall regions from RBCs has been also ob-
served in recent Boundary Integral simulations of vesicles in a
Taylor-Couette flow [42] in 20% and 40% volume fractions.

In the region of the CellFL the total momentum has a higher but
finite slope. This leads to a locally higher shear rate near the inner
wall, where large velocity variations occur, due to the imposition
of zero wall velocity. In both simulations the shear rate is changing
up to 7 times along the radial direction, from one wall of the do-
main to the other. The physical range of shear rates covered in our
simulations is 3.5− 27 sec−1 (Fig. 3(C,F)). In this range the viscosity
of aggregating and non-aggregating blood is the same [14].

The viscosity of the blood is expected to decrease with increasing
shear rate. To interpret the simulated velocity profiles we consider
two models: constant viscosity (Newtonian fluid) and Power-law
fluid:

η = η0γ̇
n−1 (3)

The Power-law fluid reduces to the Newtonian fluid for n = 1. The
analytical solutions were fitted to the simulation data in the region
that is not affected by the CellFL. Both models give a good fit for the
data, with the Power-law model producing smaller and less regular
residuals, especially in the case of Ht = 45%. The parameters of
the fit n = 0.93 and n = 0.84, are recovered for Ht = 15% and
Ht = 45%. This is consistent with the fact that blood is a shear
thinning fluid, and non-Newtonian properties are more pronounced
for higher concentration of RBCs. The simulated and theoretical
velocity profiles are shown in Fig. 5. The difference between the
two models is better seen in transformed coordinates by taking the
logarithm of the ratio of velocity and distance to wall.

5.2 RBC microstructure characteristics
We now focus on the characterization of the RBCs configuration.
By examining visually the slices of the simulation domain in time
(see Fig. 6) the following qualitative observations can be made:

• We do not observe a large variety of cell shapes and ori-
entations, as reported recently [47], possibly due to the

relatively low shear rate used in our simulations. Devia-
tions from bi-concave shape are seen only for Ht = 15%
and close to the inner cylinder (the region of higher shear
rate).

• There are no clusters or layers of RBCs as postulated by
some authors [70, 71].

• Shear stress deforms and orients cells for both concentra-
tion, but very few tumbling and tank-treading events are
seen.

• Trajectories and conformations of the cells are not qualita-
tively different between the two concentrations.

• Trajectories and conformations of the cells are not qualita-
tively different in the bulk and the CellFL.

5.2.1 Microstructural statistics. We now proceed to a quantita-
tive analysis of the cell dynamics and configurations. The results
are summarized in Figs. 7 and 8. Fig. 7 presents distributions of six
metrics that characterize the configuration and state of the RBCs:
bending energy, radius of gyration, asphericity, acylindricity, rela-
tive shape anisotropy and orientation angle. This figure is created
by using data from the last 20% of the simulation snapshots. This
corresponds to approximately 500 data-files, out of which every
10th is used for the construction of the plots in Fig. 7. Themembrane
bending energy, is computed from Eq. 1. The radius of gyration, Rд
is computed as R2д = λx + λy + λz , where, λx ≤ λy ≤ λz are the
principal moments of the gyration tensor [52]. The asphericity is
computed asb = λz−0.5

(
λx + λy

)
and is always non-negative, and

has zero value for a spherical object ( λx = λy = λz ). We compute
the acylindricity as c = λy − λx . The relative shape anisotropy, κ2,
is computed through a combination of the asphericity and acylin-
dricity, κ2 =

(
b2 + (3/4)c2

)
/R4д , and obtains values between 0 and

1, corresponding to spherically symmetric shapes and points in a
line, respectively. Finally, the orientation angle is defined as the
angle of the cell’s principal axis in the azimuthal direction, with
respect to the plane of shear (θz-plane).

The bending energy of the RBC membrane is a metric of the
deformation that the membrane is subject to, compared to the equi-
librium state (see Eq. 1). Different bending regimes correspond
to different RBC shapes. Figures 7(A,G) show the distribution of
the cells’ bending energy along the radial direction. In the case of
Ht = 45%, it is observed that the bending energy has a wider distri-
bution near the inner cylindrical wall (Fig. 7(G)). The distribution
becomes narrower as the outer wall is approached. This suggests
that the RBCs are undergoing larger deformations in the proximity
of the inner wall. For the Ht = 15% (Fig. 7(A)), the bending energy
distribution does not have large variances along the radial direction,
suggesting that the RBCs are less deformed and retain their original
shape.

The radius of gyration, asphericity, acylindricity and relative
shape anisotropy, are all related to cell shape characteristics. The
radius of gyration relates to the size of the cells, while the rest
are scale invariant metrics that contain information related to the
configuration of the particles on the cell membrane. By observ-
ing the distribution plots of these four metrics, it is seen that the
acylindricity has the largest divergence from the mean line, espe-
cially for Ht = 45%. Moreover, by comparing the plots between
Ht = 15% andHt = 45% (Figs. 7(B,H,C,I,D,J,E,K)), it is observed that



PASC ’17, June 26-28, 2017, Lugano, Switzerland A. Economides et al.

A
Ht=15%

B
Ht=45%

Figure 5: Fit of the azimuthal angular velocity computed as loд(Vθ /r ) along the normalized radial direction. Circles: Simulation
results. Solid red line: Newtonian fit. Solid blue line: Power-law fit. Dashed red line: Residuals of Newtonian fit. Dashed blue
line: Residuals of Power-law fit.

Figure 6: Simulation snapshots in a slice of the domain. The colors on the cells denote the particle-id within the set of particles
that compose each cell. The initial configuration (initial particle position on the membrane and cell orientation) is the same
for all cells. (Left) Ht = 15%. (Right) Ht = 45%.

the discrepancies from the mean value in the Ht = 45% case are
remarkably larger. The highest divergence occurs in a region closer
to the inner wall. This leads to a decrease in the mean value of the
radius of gyration, acylindricity and relative shape anisotropy. A
closer examination in the relative shape anisotropy at the hemat-
ocrit of 45% (Fig. 7(K)), reveals that the cells closer to the inner wall
are likely to have a more spherical shape. This is justified by the
fact that the relative shape anisotropy is zero for spherically sym-
metric shapes and is equal to one for linear shapes. For relaxed and
isolated RBCs the relative shape anisotropy, κ2, has a value of 0.136.
At the proximity of the outer wall, the relative shape anisotropy
has a value of 0.134, which corresponds to a divergence of only
1.47% from the relaxed value. Closer to the inner wall, the shape
anisotropy spans a wide range of values, which suggests that the

cell shape is not uniform anymore but there exists a broader and
much more rich collection of cells in terms of shapes.

The eigenvalues of the gyration tensor of the set of DPD par-
ticles forming the membrane of the cell, are λ21 ≤ λ22 ≤ λ23. The
orientation of the cell is defined as the angle between the eigen-
vector corresponding to λ21 and the direction from the axis of the
cylinders to the cell. The average value of the cells’ orientation is
plotted with respect to the radial position of the cell’s center of
mass in Fig. 7(F,L). As shown in the figure, the orientation angle
of the cells spans the entire range between 0o and 180o degrees,
with average value 90o . It is observed that at the inner wall the
orientation angle is lower than the average value in the middle part
of the domain. In addition, the standard deviation of the orientation
angle along the radial direction is decreased at the points close
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Ht=15%

Ht=45%

A B C D E F

G H I J K L

Figure 7: Statistics of the cell’smicrostructural configuration: Distributions of averaged steady-state quantities along the radial
direction, forHt = 15% (upper row) andHt = 45% (bottom row): (A,G) Bending energy. (B,H) Radius of gyration. (C,I) Asphericity.
(D,J) Acylindricity. (E,K) Relative shape anisotropy. (F,L) Orientation angle in degrees. In all plots, the circles correspond to
data values, the black line corresponds to the mean value of the observed quantity and the edges of the light gray area, around
the mean value, represent the standard deviation.
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Figure 8: Correlations between the microstructure characterization quantities: Be: Bending energy, Rg: Radius of gyration,
b: Asphericity, c: Acylindricity, κ2: Relative shape anisotropy. Diagonal: marginal distribution of the quantities of interest,
estimated using kernel histograms accompanied by a Tukey boxplot. Above the diagonal: projection of the data values of all
pairs in 2D parameter space. Below the diagonal: projected densities in 2D parameter space. (Left) Ht = 15%. (Right) Ht = 45%.

to the inner and outer walls. This implies that the cells flowing
near the wall boundaries have fewer deviations in their orientation
angle and hence are more uniformly orientated. There is therefore
a consensus in the orientation angle of the RBCs that are near the
device’s walls. The result presented in this section are a first step

towards the construction of a model to predict the RBC shape and
deformation distributions, with respect to the hematocrit. However,
in order for such a model to be constructed, further studies for
additional hematocrit values must be performed.
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Figure 9: Categorization of cells with respect to their membrane bending energy and asphericity values. The red highlighted
cells belong to the first and fourth quantiles of the bending energy and asphericity distributions. (Left) Ht = 15%. (Right)
Ht = 45%. The percentages shown in each plot correspond to the fraction of the highlighted cells with respect to the total
number of cells.

5.2.2 Microstructural correlations. In order to quantitatively de-
scribe the status of the cells, we search for correlations between the
deformation of the cells (bending energy) and the cells’ shape (gy-
ration radius, asphericity, acylindricity, relative shape anisotropy).
Our findings are summarized in Fig. 8. The upper diagonal part
of the figures presents the distribution of each quantity, with re-
spect to all other quantities. We focus on the first line of the table,
where the bending energy is plotted against the shape character-
ization metrics. In both hematocrit cases, the bending energy is
correlated to the gyration radius, the acylindricity and the relative
shape anisotropy. The correlation is more pronounced in the case
of Ht = 15%. On the other hand the asphericity has a weaker corre-
lation to the bending energy. In the Ht = 45% case, a weak trend
is observed which relates increases to the asphericity to decreases
in the bending energy. However, for each bending energy, a cell
could acquire any value within a broad range of asphericity values.
Therefore, in order to gain more information regarding the state
of the cells we proceed to a classification according to the bending
energy and asphericity values.

In order to see how asphericity and bending energy affect the
cell shape we create a qualitative matrix plot with snapshots of
instantaneous RBC shapes and configurations (Fig. 9). Each quarter
of the plot highlights with red the cells that belong in the specified
asphericity-bending energy region. In the Ht = 15% case, there
are no large deviations of the cell shape from the unstrained one.
This observation is confirmed by Fig. 7(A) where it is clearly shown
that the deviations from the mean value of the bending energy are
negligible in comparison to the deviations in the case of highly
concentrated cells. In contrary, at Ht = 45% (Fig. 9, right plot),
one can clearly see that at high membrane bending energies, the
cell shape is considerably different from the original one. In this
regime, low asphericity cells seem to have a spherical-like shape,
which complies with low asphericity values. In the case of high
bending energy and high asphericity, the cells’ shape can no longer

be uniformly characterized, as the cells in this region are exposed
in high deformations, with twists and peaks in the membrane lead-
ing to highly irregular shapes. In the low bending energy regime,
we observe that in general the membrane retains its smoothness
without having any peaks. More specifically, at low bending energy
and low asphericity, the disk-like shape of the cells resemble the
original RBC biconcave shape closely. At low bending energy and
high asphericity values the cells are stretched, especially in the
region near the inner cylindrical wall. By connecting the results of
Fig. 3(F) to the results presented in Fig.9 for Ht = 45%, we conclude
that high shear rates result to cells with high bending energy. Fur-
thermore, in the cases considered, the shear rate does not influence
the asphericity.

6 CONCLUSIONS
In the past decades, several experimental studies have investigated
the importance of RBC shape changes on its biological functionality
[6, 37, 76] and their relationship to certain blood diseases. Our
work provides the computational approach to microrheology-based
diagnostic tools.

We perform simulations of the “virtual rheometer” for blood:
a Taylor-Couette flow with solid walls. The density, velocity and
shear rate profiles are reported separately for RBCs and for plasma.
By fitting the average velocity profile, we find that the Power-law
model offers a good fit for the velocity profile for low and high
concentration of RBCs. Regarding the dynamics of the RBCs, we
observe that the majority of the cells are not involved in tumbling
and tank-treadingmotion.Moreover, no high level structures (layers
or clusters) are found.

In addition, we provide insights into the microstructure by quan-
titatively describing the state of the cells using metrics that relate to
the deformation, the shape and the configuration inside the domain.
We present the dependence of these metrics to the radial position of
the cell as well as correlations between different metrics, and give
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comparisons between high and low hematocrit cases. We demon-
strate that cells with a given deformation can acquire different
shapes, depending on their position within the domain. Finally, we
emphasize the importance of the hematocrit in the studies of cell
suspensions, as an increase in the hematocrit causes major alter-
ations in the shape that the cells retain. Therefore, the hematocrit
should not be overlooked when designing or optimizing microflu-
idic devices, but taken into account for the development of highly
efficient multi-functional devices, targeted to a larger spectrum of
applications and patients.

Future directions of investigation should be focused on investi-
gating deviation of the erythrocyte microstructure from healthy
values, to represent changes seen in RBC-related diseases such as
HE, HS, SDC and malaria. These types of studies may lead to fun-
damental understanding of the underlying mechanisms and causes
of blood-related diseases and guide the development of diagnostic
and therapeutic devices.
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8 APPENDIX
The parameter values used in this work are given in Table 2.
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