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ABSTRACT
Blood is a complex suspension of deformable red blood cells (RBCs), and its rheology plays a central role in physiology and pathology.
While many computational studies have examined hemorheology under periodic or wall-confined flows, these approaches cannot capture
the exchange of mass, momentum, and energy with the surroundings, a feature essential for the realistic simulation of non-equilibrium pro-
cesses. Open-boundary methods provide this capability but remain largely underexplored. We present the first application of open-boundary
molecular dynamics (OBMD) to RBC suspensions, with explicit control of flux exchange across the open boundary. The framework combines
dissipative particle dynamics for the solvent and a coarse-grained RBC membrane model and introduces a novel, efficient membrane inser-
tion algorithm capable of handling high hematocrits. It reproduces experimental bulk hemorheological properties, including shear-thinning
and hematocrit-dependent viscosity. Our results validate OBMD for modeling blood rheology and establish a computational foundation
for future studies of ultrasound–blood interactions and other phenomena where periodic boundaries constrain natural dynamics, such as
pressure-driven flows, transient inflows, and cell-free layer formation.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0313643

I. INTRODUCTION

Blood is a complex suspension of cells. Its macroscopic flow
properties are governed primarily by red blood cells (RBCs),
accounting for more than 95% of the cellular content.1 The deforma-
bility of RBC membranes and hematocrit, which describes the vol-
ume percentage of RBCs in blood, strongly influence the apparent
viscosity of blood. Alterations in either of these properties are closely
linked to pathology. For example, malaria-infected RBCs stiffen and
increase their resistance to flow, while in sickle cell disease, cells
adopt an abnormal shape with decreased deformability. Hematocrit
can also vary widely, ranging from as low as 10% in severe anemia
to over 60% in polycythemia.1 Moreover, the viscosity of a single
blood sample is strongly shear-dependent, varying over orders of
magnitude across the shear rates encountered in the circulation. A
long history of experimental work has established the dependence of
blood viscosity on both shear rate and hematocrit.1–3

Capturing such behavior requires cell-resolved simulations
capable of reproducing both the nonlinear rheology of bulk
blood and the heterogeneous microstructures that arise in
flow. Among mesoscale methods, dissipative particle dynamics
(DPD),4–14 lattice Boltzmann methods,15–17 and smoothed particle
hydrodynamics12,18–20 have been applied to study RBC deformation,
aggregation, and suspension rheology. These methods have been
successful in reproducing many aspects of blood flow;4–23 however,
they rely on periodic boundary conditions (PBCs) to approximate
bulk behavior. PBCs are efficient, since simulating macroscopic sys-
tems is computationally prohibitive, but they are not suitable for
non-equilibrium conditions. They impose artificial synchronization
at the boundaries and require continuous external forcing, such as
moving walls or Lees–Edwards-type boundary conditions,24 to sus-
tain steady or oscillatory flows. In contrast, real flows are maintained
through ongoing mass and momentum exchange with the surround-
ings. The challenge of representing such an exchange has motivated
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the development of hybrid and open-boundary schemes that explic-
itly control fluxes across the simulation boundaries. Early work
by Flekkøy et al.25,26 introduced hybrid continuum–MD schemes
and established the formalism for flux exchange between particle
and continuum regions. Delgado-Buscalioni et al.27–29 implemented
these ideas, with overlapping buffer regions for transmitting contin-
uum boundary conditions to the particle domain, and extended the
approach to triple-scale simulations, imposing shear flow via exter-
nal walls and treating the MD region as an open system through flux
exchange and adaptive-resolution particle insertion. Further studies
by Fedosov and Karniadakis30 introduced the triple-decker frame-
work, coupling continuum, DPD, and MD domains to simulate
multiscale hydrodynamics. More recently, Lykov et al.31 developed
a particle-based method for non-periodic blood flow simulations,
in which RBC inflow is replicated from a PBC simulation and the
outflow is regulated by adaptive forces.32

The open-boundary molecular dynamics (OBMD) method,33

which is used to simulate the particle domain of the triple-scale
scheme mentioned above, has been applied to complex soft matter
systems such as sheared star-polymer melts34 and ultrasound propa-
gation in water35,36 and used to study the excitation of protein vibra-
tional modes.37 OBMD combines adaptive resolution (AdResS)28

with open MD,26,38 using external forces on the outer layers of the
system to control flux exchange while the bulk dynamics remain
fully governed by Newton’s equations of motion. While OBMD has
demonstrated success in simulating complex systems, it has not yet
been applied to densely packed cell suspensions.

In this work, we extend OBMD to heterogeneous RBC sus-
pensions and introduce a novel growing-size insertion algorithm
that enables simulations at high hematocrit. The simulation box is
divided into predefined regions, similar to AdResS,28 but instead of
interpolating resolutions as in AdResS or temporally scaling inter-
actions as in FADE,39 our method gradually increases the effective
packing density. RBC membranes are inserted at a reduced size and
smoothly grown to full dimensions as they traverse the boundary
region toward the bulk. This allows cells to deform and rearrange
while entering the dense suspension. Similar procedures, in which
the size grows with time, are commonly used to generate the initial
configuration for densely packed systems,15,40,41 but spatially grow-
ing sizes have, to the best of our knowledge, never before been used
to enable insertions of large objects into the system. We model the
solvent and cytosol as DPD fluids, and RBC membranes as trian-
gulated surfaces with node forces derived from continuum theory.
Our approach maintains uniform density in the region of interest
under equilibrium and reproduces experimental hemorheological
behavior. By validating this computational framework, we provide a
foundation for simulating RBC suspensions under acoustic forcing,
which requires physically consistent mass and momentum exchange
at domain boundaries.

II. MODELS AND METHODS
A. Dissipative particle dynamics

Dissipative particle dynamics (DPD)42 is a mesoscopic particle-
based method that is used widely in the soft matter community
to model complex systems such as blood,4–7 polymers,43 and col-
loids,44 and it has already been used together with OBMD.35–37 Each
DPD particle represents a group of molecules that interacts with

other particles within a cutoff range with three central pairwise
forces. Importantly, DPD conserves the overall linear momentum
and recovers the Navier–Stokes equations in the continuum limit.
The equations of motion for a DPD particle of mass mi are

mi
dvi

dt
=∑

j≠i
FC

ij + FR
ij + FD

ij ,
dri

dt
= vi, (1)

where

FC
ij = aw(rij)êij , (2)

FR
ij = σwR(rij)Θij êij , (3)

FD
ij = −γwD(rij)(vij ⋅ êij)êij (4)

are the conservative, random, and dissipative forces exerted by bead
j on bead i, respectively. Here, vij = vi − vj and rij = ri − rj are the
relative velocity and displacement of the particle pair, respectively,
êij = rij/rij , and rij = ∣rij∣. The stochastic contribution is introduced
with Θij, a Gaussian white noise variable that is symmetric in parti-
cle indices (Θij = Θji) with zero mean and unit variance. The force
contributions are modulated by the following three weight func-
tions: w(r) for the conservative force, wR(r) for the random one,
and wD(r) for the dissipative force. Their respective amplitudes are
controlled by parameters a, σ, and γ. The random and dissipative
forces together act as the thermostat, determining the temperature
of the system T through the dissipation–fluctuation theorem,

σ2 = 2γkBT, (5)

where kB is the Boltzmann constant. The weight functions satisfy

wD(r) = [wR(r)]2 = [w(r)]2s, (6)

where s controls the effective friction between the particles, here set
as s = 0.125. The weight function is defined as

w(r) =
⎧⎪⎪⎨⎪⎪⎩

1 − r/rc, r < rc,

0, r ≥ rc,
(7)

with a cutoff distance rc. The equation of state for a DPD fluid is

p = ρkBT + αr4
c aρ2, (8)

where ρ is the number density and α ≈ 0.101 is an empirical
parameter.42

B. Open-boundary molecular dynamics
To simulate an open system, we use OBMD,33 which com-

bines the principles of open MD,26,38 allowing momentum and
mass transfer across the system’s boundaries, and AdResS,28 which
can be used for the insertion of complex objects into the system.
Instead of AdResS, we use the growing-size insertion algorithm here
(see Sec. II B 2). While AdResS is effective for objects such as star
polymers,34 RBCs present additional challenges due to their closed
membrane structure and high packing densities. Even slight overlaps
can lead to “locked” configurations, but the growing-size approach
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FIG. 1. In OBMD, the simulation box is divided into two buffer regions of length LB and the central region of interest. The outer surface is open, and the particles are
free to diffuse out of the box. External forces are distributed only to the particles in the buffer according to the weighting functions g(x) and gs(x). In simulations with
high-hematocrit, the cells are inserted at a fraction of their size in equilibrium (here, ω0 = 0.8). Their size, controlled by the weighting function ω(x), grows smoothly in the
transition region. The striped regions denote the regions where the bounce-back reflection is disabled. In low-hematocrit simulations, where the cells are inserted at their
full size, no reduced-size and transition regions are needed.

allows cells to deform as they expand, which prevents overlaps and
enables high packing fractions.

In OBMD, the simulation box is split into three regions, as
shown in Fig. 1. The central region of interest (ROI) serves as the
primary simulation region, where particles move according to the
standard equations of motion, Eq. (1). The simulation box is open
in one spatial direction (usually along the x-axis) and periodic in the
orthogonal directions (y- and z-axes). The method can, in principle,
be generalized to different types of geometries and dimensions,45

for example, to configurations that are open in two or three spa-
tial directions, where flux exchange over a closed surface (cylindrical
or spherical, respectively) is considered.46,47 For most applications,
however, periodicity in the lateral directions provides an efficient
and practical compromise for approximating bulk behavior. At the
two open edges, we introduce buffer layers that serve both as particle
reservoirs and flux-exchanging regions. The number of particles in
each buffer is kept approximately constant with a simple feedback
algorithm ΔN = Δt/τB(N0 −N), where Δt is the time step, τB is the
buffer relaxation time usually set to τB ≈ 100 Δt, and N0 and N are
the desired and current number of particles in the buffer, respec-
tively. If ΔN > 0, new particles will be inserted into the buffer with
the USHER48 algorithm that performs energy minimization on the
potential energy surface. When a particle crosses the open boundary,
it is deleted from the simulation.

To impose boundary conditions, we apply external forces
f ext

i to particles in the buffers. They are designed so that the total
linear momentum across the whole particle system is conserved and
are determined by considering the momentum balance at the open
edge,

JA ⋅ n̂ =∑
i∈B

f ext
i +

1
Δt∑i′

Δ(mi′vi′), (9)

where J is the momentum flux tensor, A is the surface area of the
buffer-ROI interface, and n̂ is the inward unit normal to that inter-
face. The index i runs over all particles in the buffer, while i′ runs
over all the particles that were inserted or deleted in the previ-
ous time step. For an inserted particle, the momentum change is

Δ(mi′vi′) = mi′vi′ , and for a deleted particle it is Δ(mi′vi′) = −mi′vi′ .
The momentum flux across the boundary is controlled by

JA ⋅ n̂ = pxxAn̂ + pxyA t̂, (10)

where pxx and pxy are the normal and shear stress contributions,
respectively, and t̂ = ±êy. The external forces are distributed among
the buffer particles based on their mass and position,

f ext
i = G(xi)

⎡⎢⎢⎢⎢⎣
pxxAn̂ − 1

Δt∑i′
Δ(mi′vi′)

⎤⎥⎥⎥⎥⎦
+Gs(xi)pxyA t̂, (11)

where G(x) and Gs(x) are the general and shear stress distribution
functions defined as

G(xi) = g(xi)mi

∑j∈B g(xj)mj
, Gs(xi) = gs(xi)mi

∑j∈B gs(xj)mj
, (12)

with the weighting functions g(x) and gs(x),

g(x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1, x ≤ xFSL ,

cos(π
2

x − xFSL

xCL − xFSL

), xFSL < x < xCL ,

0, xCL ≤ x ≤ xCR ,

sin(π
2

x − xCR

xFSR − xCR

), xCR < x < xFSR ,

1, x ≥ xFSR ,

gs(x) =
⎧⎪⎪⎨⎪⎪⎩

1, xFSL ≤ x ≤ LB or Lx − LB ≤ x ≤ xFSR ,

0, otherwise,

(13)

where we set xCL = (LB + xFSL)/2 and xCR = (Lx − LB + xFSR)/2; see
Fig. 1. The function g(x) is smooth, whereas gs(x) is a step function.
This choice is motivated by the fact that g(x) acts in the direction of
density gradients. A smooth ramp in g(x) ensures gradual adapta-
tion to the low-density region. In contrast, gs(x) acts tangentially
along directions of nearly constant density, so a smoothing ramp is
not needed.
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1. Red blood cells in the open framework
Depending on the simulation setup, the RBC insertion algo-

rithm can be applied at different levels of complexity. Under equilib-
rium conditions, RBCs are not expected to leave the computational
domain. Their thermal diffusion coefficient can be estimated using
the Stokes–Einstein relation,

D = kBT
6πηsR

, (14)

which assumes an isolated spherical particle in a Newtonian fluid
but provides an upper bound for the actual diffusivity of a RBC.
For R = 3.9 μm, kBT ≈ 4.16 × 10−21 J, and ηs ≈ 1.2 mPa s, this yields
D ∼ 4.7 × 10−14 m2 s−1. The corresponding diffusion time over one
cell radius is t ∼ R2/6D ≈ 56 s, exceeding the simulation duration.
Their thermal diffusion is, therefore, negligible, and RBC motion
is mainly dominated by flow. No feedback or reinsertion is usu-
ally required under equilibrium or steady shear flow, where flow
is imposed perpendicular to the open boundaries. During the ini-
tial OBMD equilibration phase, however, transient oscillations in
density and momentum occur as the system relaxes toward steady
state. The initial imbalance between inflow and outflow generates a
pressure wave where particles first stream out of the domain and
are then reintroduced by the insertion mechanism. In this phase,
RBC membranes may need to be reinserted before the density profile
stabilizes.

Under non-equilibrium conditions, RBCs may advect out of
the domain. When their center-of-mass crosses the outer bound-
ary of the system, membranes are deleted from the simulation, and
their momentum is added to the lost momentum. The cytosol out-
side the boundary is also deleted from the system, while the cytosol
that remains in the domain is turned into solvent in the next iter-
ation of the checker algorithm, which determines whether a fluid
particle is located inside or outside of a cell. New cells are intro-
duced using a procedure analogous to that employed for solvent
insertion (see Sec. II B). Candidate membrane positions are tested
for overlaps with other membranes; if overlaps are detected, a new
position is sampled or the membrane is randomly rotated. We test
for overlaps using the potential described in Eq. (17) and apply the
standard USHER48 to the position of the center-of-mass. An alterna-
tive could be using the USHER algorithm for multi-site particles,49

but in that case, the torque on the membrane would need to be cal-
culated, which is computationally more expensive due to the large
number of interacting particles. Each inserted membrane encloses
solvent particles that are subsequently turned into cytosol in the next
iteration of the checker algorithm. To avoid numerical instabilities,
bounce-back reflections (see Sec. III) are disabled within the inser-
tion region. However, such insertions are possible only when the
buffer hematocrit is about 20% or lower. With random insertions,
rigid rotation and translation alone cannot achieve a higher hemat-
ocrit. Denser packing requires either artificial alignment of the RBCs
or deformation of their membranes.

2. Growing-size insertion algorithm
We introduce a new growing-size insertion procedure that

enables membrane insertions in high hematocrit simulations. The
cells are inserted into the outermost layer of the simulation box at a
fraction of their size, ω0 ≤ 1. The simulation cell is then wrapped in

additional transition regions, where the membranes grow smoothly,
reaching their full size in the inner layer of the buffer region. Their
size is controlled by ω(x),

ω(x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ω0, x < xTRL ,

ω0 + (1 − ω0) x − xTRL

xFSL − xTRL

, xTRL ≤ x < xFSL ,

1, xFSL ≤ x < xFSR ,

1 − (1 − ω0) x − xFSR

xTRR − xFSR

, xFSR ≤ x < xTRR ,

ω0, x ≥ xTRR ,

(15)

which grows linearly throughout the transition region, as shown in
Fig. 1. The growth is guided by rescaling the enforced area and vol-
ume as A0(x) = [ω(x)]2A0 and V0(x) = [ω(x)]3V0 [see Eqs. (23)
and (24)].

The length of the transition layer LTR needs to be high enough
to allow RBCs to grow and deform smoothly. It should satisfy
LTR ≈ max (uxτ, 2D0), where ux is a representative flow velocity
along the open direction and τ is a characteristic visco-elastic growth
timescale, which can be estimated by considering the velocity at
which the vertices of the membrane will be expanded radially when
the prescribed area and volume are increased. If their velocity is too
high, the drag force due to the membrane’s intrinsic viscosity ηm and
the solvent’s viscosity ηs will be larger than the membrane’s restor-
ing force, which is of the order of the shear modulus μ. The effective
viscosity of the suspension of red blood cells scales with hematocrit
ηeff = ηs(1 −Ht/Htmax)−α,50 where Htmax ≈ 0.75 is the maximum
packing fraction, and α ≈ 2.51,52 The estimate of the characteristic
timescale is then

τ ∼ [ηm + ηeffR
μ

](1 − ω0), (16)

where R is the radius of the RBC. In cases where the characteristic
timescale is small, the transition region is constrained to at least 2D0.
Conversely, the buffer should be kept as short as possible, since the
time delay in the transport of external conditions to the ROI is pro-
portional to its length,28 approximately τB ∼ L2

Bρm/ηs. The choice of
region sizes is, therefore, a compromise between these considera-
tions. For flows with a preferred direction, the outlet side can omit
insertion and transition layers entirely, as cells exit at full size, which
reduces the computational cost.

Membrane insertion is performed when the search algorithm
identifies a position where the interaction potential vanishes. It is
probed using a novel anisotropic potential inspired by DPD and the
Gay–Berne potential53 but significantly simplified. Similar potentials
were previously employed to approximate hemodynamics.54,55 The
potential defined here is purely repulsive and vanishes beyond a cut-
off that depends on the mutual orientation of the two membranes
α and β. It is defined as

Vαβ(rαβ) =
rc

αβ

2
[w̃(rαβ)]2, (17)

where

σαβ = 1 − 1
2
∣ôα ⋅ êαβ∣ − 1

2
∣ôβ ⋅ êαβ∣, (18)
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FIG. 2. Membranes α and β, their main axes, and the relative vector of their posi-
tions rαβ. The main axis of the RBCs is defined as the unit eigenvector of the
smallest eigenvalue of the gyration tensor and is perpendicular to the biconcave
surface of the RBC.

rc
αβ = r∥ + σαβ(r� − r∥), (19)

and the weight function w̃(r),

w̃(r) =
⎧⎪⎪⎨⎪⎪⎩

1 − r/rc
αβ, r < rc

αβ,

0, r ≥ rc
αβ.

(20)

Here, êαβ = rαβ/rαβ, and rαβ = rCOM
α − rCOM

β is the relative displace-
ment of the membrane’s centers-of-mass (COM), while r∥ and r�
are the cutoff lower and upper limits and should be slightly larger
than the cross section and diameter of the membrane, respectively.
If r∥ = r� is set, the potential in Eqs. (17)–(20) defines an isotropic
potential. The main axis ôα of membrane α is perpendicular to the
biconcave surface of the RBC (Fig. 2) and is determined as the nor-
malized eigenvector corresponding to the smallest eigenvalue of the
gyration tensor.

C. Red blood cell model
The RBC membrane is represented as a triangulated surface

whose evolution is governed by the bending resistance of the lipid
bilayer, the shear and dilation elasticity of the spectrin cytoskeleton,
and membrane viscosity. The membranes enclose the DPD cytosol.
The RBC model used here has been developed and extensively vali-
dated in previous studies.4–6 It captures single-cell dynamics such as
tank-treading and tumbling in shear flow and reproduces stretching
behavior observed in optical-tweezer experiments. Moreover, model
parameters were calibrated using hierarchical Bayesian inference
against stretching and shear-flow data.5,6

The energy of the membrane is split into two terms. The out-
of-plane bending energy56 depends on the local curvature of the
membrane in its current configuration,

EB = 2κb ∮ H2dA, (21)

where κb is the bending modulus, H is the local mean curvature, and
the integral is taken over the instantaneous, deformed membrane
surface. In contrast, the shear energy reflects the resistance of the
spectrin network to in-plane deformations and is defined relative to
a stress-free reference configuration,57

TABLE I. RBC membrane parameters used in this study.

Parameter Symbol Value

Stretch modulus Kα6 4.99 μN m−1

Shear modulus μ6 4.99 μN m−1

Bending modulus κb
6 2.1 × 10−19 J

Area modulus kA
57 0.5 J m−2

Osmotic modulus kV
57 7.23 × 105 J m−3

Diameter D0
61 7.82 μm

Area A0
61 135 μm

Volume V0
61 94 μm

Membrane viscosity ηm
7 12ηsRA

Reduced volume of SFS v6 0.95
Nonlinear coefficients a3

57 −2
a4

57 8
b1

57 0.7
b2

6 1.84

ES = Kα

2 ∮ (α
2 + a3α3 + a4α4)dASFS

+ μ∮ (β + b1αβ + b2β2)dASFS, (22)

where the integration is taken over the stress-free-shape (SFS) with
a certain reduced volume v;6 see Table I. Kα is the stretch modulus,
μ is the shear modulus, α and β are the local area and shear strain
invariants, respectively, and a3, a4, b1, b2 are the nonlinear elastic
coefficients.57 In addition, the area A and volume V of the red blood
cell are enforced with penalization terms,

EA = kA
(A − A0)2

2A0
, (23)

EV = kV
(V − V0)2

2V0
, (24)

where kA and kV are the area and osmotic modulus and A0 and V0
are the prescribed area and volume of the RBC. The biconcave mem-
brane is discretized into a triangulated mesh with Nv = 2562 vertices,
each with mass m and position ri (i = 1, . . . , Nv). The membrane
energies are evaluated in discretized form following the formula-
tions of Jülicher,56 Bian et al.,58 and Lim et al.,57 as implemented
in Mirheo.59 Forces on the vertices are obtained as the negative gra-
dients of the total energy with respect to their coordinates, and the
vertex positions are advanced according to Newton’s equations of
motion. The viscous dissipation in the membrane is modeled via
forces between nodes i and j that share an edge, given by

f visc
ij = −γm(vij ⋅ êij)êij , (25)

where γm is the membrane dissipation coefficient, related to the
membrane viscosity by ηm = γm

√
3/4.

III. COMPUTATIONAL DETAILS
All simulations are performed using Mirheo,59 an open-source

GPU-optimized molecular dynamics simulation package. Mirheo
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has already been extended for OBMD simulations of simple fluids.36

Dimensionless units are employed throughout, with the elemen-
tary units of length UL, mass UM , and time UT . The characteristic
length scale is defined by the RBC sphere-equivalent area radius,
R =
√

A0/4π = 6 UL. The time and mass scales are derived from the
solvent viscosity and thermal energy, such that the solvent viscosity
ηs = 26.3UM/ULUT = 1.2 mPa s and kBT = 0.1 UMU2

L/U2
T matches

the thermal energy at T = 37 ○C. The corresponding energy unit is
UE = UMU2

L/U2
T .

The simulation domain size is Lx × Ly × Lz = 240UL

× 50UL × 50UL, with number density ρs = ρc = 10 U−3
L , where

the indices s and c stand for solvent and cytosol, respectively. We set
m = 1UM for both fluid and membrane particles and rc = 1UL and
kBT = 0.1UE for all interactions. Equations of motion are integrated
using the velocity-Verlet algorithm.42,59 The time step is chosen
to resolve the fastest dynamical mode in the system. Because the
characteristic timescale of membrane motion is shorter than that
of the solvent, the membrane is updated more frequently, and the
interfacial forces are distributed over N substeps, N = Δts/Δtm,
where

Δts ≤ 1
8

h2

ν
(26)

is the global time step used to resolve the solvent, h = ρ−1/3 is the
interparticle distance, and ν = η/ρm is the kinematic viscosity.60

Similarly, for the membrane

Δtm ≤ min
⎛
⎝

1
8

h2
m

νm
,

1
4

√
hmm

fel

⎞
⎠, (27)

where νm = ηmA0/Nvm is the surface kinematic viscosity, fel = μh
+ κb/h + kAh + kV h2 is the characteristic elastic force magnitude,
and hm is the average distance between the nodes of the mem-
brane. In most cases, the limiting factor is the viscosity of the
membrane. Here, the time step is Δt = 0.005/λ UT with N = 135/λ
substeps, where λ = ηc/ηs is the viscosity ratio of the cytosol and the
solvent.

Bounce-back reflection59 is applied at the solvent–membrane
and cytosol–membrane interfaces to prevent particle penetration
across the membrane. The new velocity of the bounced particle is
drawn from the Maxwellian distribution for the temperature kBT,
and the momentum difference is distributed among the nodes of the
collided triangle, which guarantees linear but not angular momen-
tum conservation. Bounce-back reflections are activated in the inner
layer of the buffer region. Outside this layer, the membrane inter-
acts with the solvent only through the DPD thermostat. When using
the growing-size algorithm, cells are initially inserted at a reduced
scale; since there is no impenetrability constraint at this stage, fluid
particles can freely enter the membrane as it grows, ensuring the cor-
rect density inside. These particles are then converted into cytosol
in the next iteration of the checker algorithm. If λ = 1, the checker
is not needed, as the inner and outer fluids are effectively identical.
To ensure no-slip boundary conditions, the interaction between the
membrane and the fluid is tuned as8

γm,{s,c} =
2A0η{s,c}(2s + 1)(2s + 2)(2s + 3)(2s + 4)

3πρ{s,c}Nvr4
c

. (28)

The vertices of the membrane interact with the fluid only
through the bounce-back reflection and the DPD thermostat.
The fluid–membrane interaction is set as am,s = am,c = 0UE/UL,
γm,s = 3.8UM/UT , and γm,c = λγm,s. The DPD conservative forces
between the fluids are set with as,s = ac,s = ac,c = 10UE/UL, and the
thermostat with γs,s = 5.3UM/UT , γs,c = 0UM/UT , and γc,c = λγs,s.

External OBMD forces are applied to the solvent and cytosol,
and their effects are transmitted to the membranes via the DPD
thermostat. Interactions between nodes belonging to distinct mem-
branes are represented by a purely repulsive Lennard-Jones (LJ)
interaction to ensure separation between neighboring RBCs. The
LJ parameters are set to σLJ = 0.35UL and εLJ = 1.0UE, with the force
capped at 100UE/UL. The length of the LJ interaction is chosen to
correspond to the average distance between nodes on the membrane.
When the growing-size insertion scheme is used, the LJ parameters
become position-dependent, with σLJ scaled by ω(x) and εLJ by
ω(x)2, reflecting their scaling with length. The cutoff limits for the
insertion parameters are set to r∥ = 10.5ω0UL and r� = 14.5ω0UL.
All elastic moduli used to represent the membrane are summarized
in Table I. In the present study, we use the model yielding nonag-
gregating RBC suspensions. To model RBC aggregation, a Morse
potential could alternatively be applied between cell membranes,
following Fedosov et al.7

To generate the initial configuration, the cells are initially
placed in the periodic simulation box with ω0 = 0.5. The membrane
area, volume, thermal energy controlling membrane fluctuations,
and membrane viscosity are scaled according to their respective
units of length and are progressively increased, allowing the RBCs
to reach their full size slowly. High hematocrit can be achieved with
this approach, as the RBCs deform while growing. After the growth
phase, the solvent and cytosol are added into the open box along with
the full sized membranes and equilibrated with the external pressure
pxx determined from the DPD equation of state, Eq. (8), to estab-
lish a flat density profile (Fig. 4). Finally, shear flow is imposed by
applying equally opposing forces on each end of the buffers, Eq. (10).
After some time, a steady-state linear velocity profile vy(x) is estab-
lished along the x-axis. The shear rate is measured as the slope of

FIG. 3. Schematic of the orientation angles, where the RBC orientation is repre-
sented by ô, θ is the in-plane orientation, and ϕ measures the out-of-plane tilt.
Together, θ and ϕ define the full orientation of the cell in shear flow.
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the tangential velocity across the open direction γ̇ = dvy/dx. Ulti-
mately, the viscosity is determined as η = pxy/γ̇. The orientation of
the RBCs in shear flow is evaluated using two angles: the in-plane
inclination θ, defined in the xy-plane relative to the flow-gradient
direction (x-axis), and the out-of-plane inclination ϕ, defined as the
tilt relative to the xy-plane, as shown on Fig. 3. Due to the symme-
try of the RBC, ô = −ô, the in-plane inclination angle θ has a 180○

symmetry, meaning θ and θ ± 180○ correspond to the same physical
orientation.

IV. RESULTS
In OBMD, the density profile along the open direction depends

on the choice of the distribution function, Eq. (13).45 A key require-
ment in equilibrium is that the density profile remains flat across
the buffer-ROI boundary in order to avoid spurious currents at
the interface.29,45 For non-equilibrium conditions, such as time-
dependent pressure gradients, the main requirement is a smooth and
continuous density transition. In our simulations of equilibrium, the
density profile within the ROI is flat for both the solvent and the
cytosol, with no artificial accumulation at the ROI–buffer interface,
and it decreases smoothly toward the open boundary; see Fig. 4. The
cytosol number density ρc = 4.5 U−3

L corresponds to a hematocrit of
45%. Similar density profiles are obtained for all simulated hemat-
ocrits. They remain stable throughout our simulations, which were
run up to 2.8 s. By varying the external pressure pxx, the EOS is com-
puted; see Fig. 4. The steady-state densities obtained with OBMD
are in excellent agreement with the predicted EOS in Eq. (8), both
for the single-size (ω0 = 1) and the growing-size (ω0 = 0.8) setups,
demonstrating that the framework maintains equilibrium across a
range of densities. The match with the predicted EOS, which is
determined from the fluid’s ideal-gas and virial contributions to the
pressure, reflects the fact that the short-range membrane–membrane
interactions and the bounce reflections contribute negligibly to the
bulk pressure in the simulated range. At higher pressures, increased
membrane–membrane repulsions and stronger bounce-back reflec-
tions could become more significant and might lead to deviations
from the fluid EOS.

The efficiency of the membrane insertion algorithm deter-
mines how densely RBCs can be packed in the buffer regions and is
probed by placing the RBC membranes into a periodic box until no
additional insertion positions are available. First, insertions without
scaling the membranes (ω0 = 1) and with an isotropic potential set
by r∥ = r�, see Eqs. (17)–(20), are performed. The volumetric frac-
tion achieved is only about 15%, which is notably low. To improve
packing efficiency, we introduce an anisotropic potential by set-
ting r∥ < r�, therefore accounting for the relative orientations of the
RBCs. This modification increases the packing fraction to ∼22%. As
this is still relatively low, we further enhance the algorithm by insert-
ing membranes at a reduced size and then evaluating the hematocrit
corresponding to their fully grown state. The growing-size setup
does not aim to reproduce the properties of RBC suspensions in
the buffer but is used only as a practical method for inserting cells
into dense suspensions. As expected, the packing fraction increases
rapidly with decreasing initial scale, following a ∼1/ω3

0 dependence,
as shown in Fig. 5. This is a substantial improvement over the
straightforward random full-scale insertion. In this study, we use

FIG. 5. Volumetric concentration the insertion algorithm can achieve depend-
ing on the length fraction ω0 of the inserted membrane with an isotropic (green
squares) and anisotropic potential (blue circles); see Eq. (17). The dashed lines are
∼1/ω3

0 fits to the data. Because of the cubed dependence, even a small decrease
in ω0 can increase the packing fraction greatly.

FIG. 4. (a) Number density profile throughout the simulation box in the open direction for Ht = 45% and ω0 = 1. The density profile is flat in the region of interest for both
cytosol (red) and solvent (blue) and their sum (gray) and is decreasing from the buffer-ROI boundary outwards. The shaded regions show the standard deviations of the
results. (b) The equation of state computed with single-size OBMD ω0 = 1 (red circles) and growing-size ω0 = 0.8 (blue triangles) compared with the quadratic equation of
state for DPD (gray line). The standard deviations of the simulation results are smaller than the marker size.
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FIG. 6. Distribution of inclination angles (a) and deformation (b) in a red blood cell suspension with Ht = 45% for a few values of the applied shear stress pxy corresponding
to shear rates of γ̇ = 1 s−1 (blue), 8 s−1 (gray), and 119 s−1 (red) with ω0 = 1. The red blood cells align and deform in strong shear flow. The binned probabilities (colored
dashed lines) are overlaid with a Gaussian kernel density estimate (colored full lines). In panel (a), we compare our results to Ref. 15 (black) at Ht = 55%, with shear rates
of γ̇ = 1 s−1 (dashed), 12 s−1 (dotted), and 117 s−1 (solid). The distributions are normalized to the same peak for visual comparison.

ω0 = 0.8, which enables efficient packing at high hematocrits. Lower
values of ω0 can also be used if a higher hematocrit is required;
however, the transition region needs to be sufficiently large to allow
smooth membrane growth.

Turning now to bulk rheological properties, the shear response
of RBC suspensions under shear stress is examined. By compar-
ing the distributions of inclination angles and deformation indices
for three representative shear stresses, we find that the suspension
microstructure changes under different shear rates; see Fig. 6. The
inclination angle θ is defined as the angle between the main axis
ô of the RBC (computed as in Fig. 3) in the xy-plane and the
flow-gradient direction (x). The deformation of the cells is quanti-
fied using the Taylor deformation index, D = (â − b̂)/(â + b̂), where
â = a/a0 and b̂ = b/b0 are the major and minor semi-axes normal-
ized by the undeformed RBC dimensions.15,62,63 At low shear rates,
cells tumble and display a broad distribution of orientations. As the
shear rate increases, the cells rearrange themselves to reduce the
drag they are producing relative to the shear flow direction. The
distribution of θ then shifts toward alignment with the flow, exhibit-
ing collective orientational ordering. In addition, the shear stress is
competing with the elastic deformability of the cells: at low shear,

cells deform intermittently, whereas when the shear stress is high
enough, the cells deform significantly by elongating along the flow
direction. These observations are consistent with previous experi-
mental and computational studies.7,15,63 We compare our distribu-
tions of inclination angles to those reported in Ref. 15 and observe
a similar narrowing of the distribution at high shear, with cells
aligning to approximately the same angle relative to the flow. At
low shear, the distributions depend on the initial dispersion of
inclination angles in the suspension.

To quantify the narrowing of the orientation distribution, we
compute the nematic order parameter of the suspension, which
describes the orientational order of molecules in a suspension. The
order parameter S and the director, representing the mean orien-
tation, are defined as the largest eigenvalue of the nematic tensor
Qij = ⟨3oioj − δij⟩/2 and its eigenvector, respectively.64 Here, ô is the
RBC main axis (see Fig. 2), and the tensor is obtained as the average
over time and cells in the region of interest. The order parameter
can, in principle, range from −1/2 to 1, with S = 1 corresponding to
perfect alignment along the director, S = 0 to complete disorder, and
S = −1/2 to perfect alignment perpendicular to the director,
although this latter configuration is rare.65 The simulated

FIG. 7. (a) Nematic order parameter S as a function of shear stress pxy . The black arrows are the projections of the director on the xy plane at each shear stress. The
standard deviations of the data points are smaller than the symbol size. (b) The orientation of the director, where θ is the in-plane (blue circles) and ϕ is the out-of-plane (gray
squares) inclination angle. Error bars indicate the standard deviation of the director angles over time.
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shear-stress range spans a wide interval of orientational order,
as shown in Fig. 7. The degree of ordering depends strongly on
the imposed shear stress: S increases from a small, non-zero value
in the absence of shear, which reflects the alignment imposed by
the dense packing fraction, to nearly unity at high shear. At low
shear stresses, the RBCs tumble, lowering the orientational order
due to rotation of the main axes.63 This appears as the kink around
pxy = 0.05 UE/U3

L in Fig. 7 and arises from the tumbling motion of
RBCs, which manifests as an oscillating nematic order parameter
S(t). S shown here is averaged over the last 0.05 s of the simulation,
after the shear-rate has reached its steady state. At lower shear
rates, these oscillations are more pronounced, causing the observed
kink. As the shear rate increases, the oscillation frequency rises
while the amplitude decreases. The shear-induced flow alignment
of RBCs resembles the flow-alignment of elongated or disk-like
particles under shear.66 However, the oscillatory behavior of the
order parameter indicates a more complex dynamics, which is a
part of our future work.

At higher shear stresses, S rises steadily with increasing shear
as the RBCs settle into tank-treading with a stable orientation. A
plateau is reached at a very high orientational order around S = 0.93,
indicating strong alignment with the director. Perfect alignment is
not expected as the main axes of the RBCs wobble with fluctuating
stresses. The inclination of the director is described in terms of the
in-plane θ and out-of-plane ϕ inclination (see Fig. 3). At low val-
ues of the nematic order parameter S, the director is mathematically
well-defined but physically somewhat arbitrary because the orienta-
tional distribution is nearly isotropic. Therefore, θ and ϕ, as shown
in Fig. 7, should be interpreted together with the magnitude of S.
As the shear rate increases from the low to intermediate regime,
the in-plane director angle starts to settle into a preferred orienta-
tion. Interestingly, the small out-of-plane component present at zero
shear vanishes at very low shear, meaning that the RBCs rapidly align
with the flow plane. In steady shear, the orientation of the director
is stable, as indicated by the small standard deviations in the angle
measurements in Fig. 7.

The collective ordering of RBCs strongly influences macro-
scopic properties, as shown in the viscosity measurements summa-
rized in Fig. 8. These measurements align closely with experimental
data from Chien et al.2,3 for Ringer suspensions, where fibrinogen
is removed to prevent cell aggregation. The simulated shear rates
span 0.2–120 s−1, covering the main shear-thinning regime for RBC
suspensions. Simulations reproduce the expected behavior: at low

shear rates, the viscosity is high due to the random arrangement of
cells, while at high shear rates, the cells align, lowering flow resis-
tance. As expected, viscosity increases with hematocrit due to the
higher cell volume fraction, which raises the collective resistance to
flow. An important parameter in hemorheological studies is the vis-
cosity ratio of the cytosol and the solvent λ = ηc/ηs, which is often
reported as λ ≈ 5 under physiological conditions, but recent experi-
mental measurements indicate that it may be higher than previously
assumed, with mean values near λ ≈ 10.67 This parameter deter-
mines the dynamical modes and morphological transitions of RBCs
in shear flow.68–70 An advantage of the DPD method is that the
viscosities of the two fluids can be tuned independently. Since the
simulation time step is limited by the largest viscosity in the system
[Eq. (26)], it is most efficient to set λ = 1.7 This is because higher
viscosity ratios reduce the time step proportionally, increasing the
computational cost. Importantly, simulations with λ = 1 reproduce
experimental relative viscosities η/ηs very well (Fig. 8), while λ = 5
slightly overestimates the viscosity. Similar studies have reported
good agreement with experiments using λ = 17,15 and a somewhat
higher viscosity with λ = 5.68 However, high-hematocrit rheologi-
cal studies are rare, as DPD simulations employing λ > 1 are most
often restricted to single-cell dynamics.6 The discrepancy observed
for λ = 5 may reflect the fact that the model was primarily calibrated
against single-cell mechanical properties, rather than the viscosity
of dense suspensions at high hematocrit when enforcing a physi-
cal viscosity contrast. Nevertheless, the overall trend of viscosity vs

FIG. 9. Relative viscosity vs the ratio of inner and outer viscosity for ω0 = 1. Here,
the solvent viscosity is constant, and the cytosol viscosity is varied. The red data
point is the closest experimental value from Ref. 3.

FIG. 8. Shear-thinning and viscos-
ity increase with hematocrit—simulation
results compared with experiments from
Refs. 2 and 3. (a) Relative viscosity mea-
surements compared with experiments
over a wide range of shear rates. (b) Rel-
ative viscosity vs hematocrit for ∼50 s−1

with ω0 = 1.
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shear rate is captured, and the magnitude of the difference is small
relative to the broad physiological range. Overall, we conclude that
setting λ = 1 is optimal to capture the bulk rheological behavior for
studies where the precise ratio of viscosities is not critical. As the
shear stress is kept constant, the relative viscosity increases notice-
ably with λ, as illustrated in Fig. 9. The observed increase in viscosity
with λ is significant and reflects the greater dissipation in the more
viscous RBCs rather than the small differences in steady-state shear
rate.

V. CONCLUSIONS
We extended the OBMD applicability to RBC suspensions and

validated its ability to sustain equilibrium and reproduce known
hemorheological behavior. The simulations recover key bulk prop-
erties under equilibrium by maintaining uniform density in the
region of interest and matching the theoretical equation of state. The
framework captures the experimental rheological response, includ-
ing shear-thinning with apparent viscosities closely aligned with
experimental measurements across a wide range of shear stresses
and the expected rise in viscosity with hematocrit. A major novel
feature of the framework is the robust insertion of RBC membranes
at high hematocrits using an anisotropic potential combined with a
reduced size at insertion, allowing dense packing without disrupting
hemorheological properties in the bulk. This approach significantly
improves packing efficiency, increasing the volumetric fraction from
about 15% for the full-size insertion with an isotropic potential to
∼45% when the insertion scale is set to ω0 = 0.8. An even higher
hematocrit can be achieved by further decreasing the membrane’s
size at insertion. This is essential when studying blood rheology
in physiological and pathological conditions, such as in patients
with polycythemia, where elevated hematocrit strongly affects flow
properties.

This study is a first step toward exploring the behavior of ther-
apeutic agents in physiologically relevant suspensions, focusing in
particular on how RBC suspensions modify the acoustic field and
influence the acoustic response of agents such as microbubbles and
gas vesicles. Recent DPD models71 provide compatible representa-
tions of such agents and offer a natural extension to study their inter-
actions with blood. Beyond acoustically driven flows, the OBMD
framework is applicable to a wide range of non-equilibrium blood
flow problems where periodic boundaries are inadequate, including
pressure-driven flows, transient start-up and relaxation phenom-
ena, and systems with hematocrit gradients along the flow direction
or time-dependent inflow conditions.72,73 The method also enables
studies of flow-induced RBC deformation and the formation of cell-
free layers.74 More generally, the approach can be extended to other
dense suspensions of deformable objects, such as capsules, vesicles,
or soft colloids, where controlled exchange with the surroundings is
essential.
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