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Abstract To better understand the mechanisms leading
to the formation of thrombi of hazardous sizes in the
bulk of the blood, we have developed a kinetic model of
shear-induced platelet aggregation (SIPA). In our model,
shear rate regulates a mass-conservative population bal-
ance equation (PBE) which computes the aggregation and
disaggregation of platelets in a cluster mass distribution
(CMD). Aggregation is modeled by the Smoluchowski
coagulation equation, and disaggregation is incorporated
using the aggregate breakup model of Pandya and Spiel-
man. Previous experimental data for SIPA have been cor-
related with a special case of this model where only the
two-body collision of free platelets was considered. How-
ever, the two-body collision theory is oblivious to the
steady-state condition, and it required the use of a shear-
dependent aggregation efficiency parameter to fit it to
experimental data. Our method not only predicts steady
states but also correlates with literature data without em-
ploying a shear-dependent aggregation efficiency.

Keywords Biophysics · Blood Platelets · Kinetics ·
Mechanical ·Models · Platelet Aggregation

1 Introduction

In the study of thrombosis and the development of non-
thrombogenic biomedical devices, it is important to un-
derstand the physical roles played by fluid mechanics
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chanical and Biomedical Engineering
University Road, Galway, Ireland
Tel.: +353 91 492726
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in the initial stages of thrombosis. Among the numer-
ous publications on mathematical models of thrombosis,
there are only a few which address the dynamics of ag-
gregation and breakup of platelet aggregates. In this ar-
ticle, we propose a novel mathematical model for shear-
induced platelet aggregation (SIPA). The model is based
on population balance kinetics with hydrodynamic ef-
fects, an approach which is less reliant on empirical data
than past methods. This model represents just one stage
among many mechanisms involved in thrombosis. It has
an important advantage of being formulated as a set of or-
dinary differential equations (ODEs) which can be cou-
pled with models that are similarly formulated for other
processes, such as the coagulation and the complement
cascades, platelet activation, and platelet surface deposi-
tion [1,2,3,4]. The ultimate goal of SIPA model devel-
opment is to improve the prediction of blood-damaging
flow conditions so that the models could safely be applied
to minimize these conditions in medical devices.

SIPA occurs when activated platelets, being convected
in the bulk flow of blood, aggregate upon contact with
other activated platelets. The intensity of shear rate can
regulate both the capture of free platelets into aggregates
[5,6,7,8] and the size of those aggregates [9]. Observa-
tions have shown platelets aggregating to each other with
Von Willebrand factor (vWF) at low shear rate sites just
downstream from high shear rate sites [10,11]. The mul-
timers of vWF in plasma uncoil almost instantaneusly
under high shear stresses (τ & 3.5− 5.0 Pa), exposing
their binding sites to the platelet receptor GpIbα [12,13],
and stimulating platelet activation [14,11]. It seems that
aggregation does not occur so prominently at high shear
stress sites because hydrodynamic forces there tear pla-
telets away [10], yet it occurs downstream because plate-
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lets are still interacting with vWF when the shear drops.
Similarly, shear stress could also be the control mecha-
nism for the growth of aggregates forming by fibrinogen
bridging with GPIIb-IIIa receptors on activated platelets.

Platelet aggregation is governed by the kinetics of ag-
gregation and clustering of colloid particles. When two
colloid particles collide, there is a chance that they will
clump together to form a larger particle. Platelet aggrega-
tion can be simulated either by particle dynamics or by
statistical mechanics [15]. In particle dynamics, the ve-
locities and positions of a group of randomly distributed
platelets are integrated in a flow field; collisions occur
where positions occupied by two particles coincide. This
method yields more details of the microscopic level, but
it is computationally very expensive when too many par-
ticles have to be included in the simulation. In a statisti-
cal mechanics method, the particles are considered uni-
formly distributed inside a control volume. The many in-
dividual probabilities of collision and aggregation can be
averaged by the central limit theorem (CLT) of statistics.
The CLT states that for a sufficiently large number of it-
erations of independent random variables, the system is
approximated by a normal distribution, whose variance
decreases with the number of random variables. Hence,
for a large number of particles, the state of each individ-
ual particle can be averaged into a physical state of the
system as a whole, where state transitions are formulated
as rate equations [16].

In the statistical mechanics approach, the colloid par-
ticle population is distributed by mass (or size) in a clus-
ter mass distribution (CMD). The CMD evolves accord-
ing to a population balance equation (PBE) which sat-
isfies the principle of mass conservation. Smoluchowski
(1916, 1917) was the first to apply statistical mechan-
ics for aggregation of colloid particles [17,18]. However,
in processes where hydrodynamic forces are dominant,
fragmentation may occur. Simultaneous aggregation and
fragmentation by fluid shear is encountered in a number
of processes, such as polymerization, emulsification and
waste-water treatment [19]. Blatz and Tobolsky (1945)
were the first to solve a reversible PBE for a polymeriza-
tion process [20]. A breakup PBE for colloid aggregates
was formulated by Pandya and Spielman (1982, 1983)
[21,22] based on the experiments conducted by Kao and
Mason (1975) [23]. Aggregate breakup occurs by two
mechanisms: erosion and splitting. Erosion is the detach-
ment of small particles from an aggregates’s surface, and
splitting is the breakup in pieces of size comparable to
the parent aggregate’s. Both these mechanisms have been
observed in platelet aggregates [10].

To the best of our knowledge, Huang and Hellums
(1993) are the only researches to date to employ a PBE

including the effects of both aggregation and breakup
for platelets. In a series of three papers, they analysed
the PBE dynamics [24], obtained experimental parame-
ters [9], and tested the system reversibility under vary-
ing shear stresses [25]. The calculated aggregation effi-
ciency was so low that Huang and Hellums argued that
breakup need not be modeled [25]. However, the com-
plete PBE, with breakup as well as aggregation, is ex-
pected to be more realistic than the aggregation-only ver-
sion because it naturally predicts steady states, whereas
the aggregation-only PBE can only reach steady state
when all primary particles are contained in a single clus-
ter. Furthermore, the experimental CMDs obtained by
these authors were bimodal, contrary to what is mathe-
matically expected by either the aggregation-only or the
aggregation-breakup PBE at steady state. This may have
occurred because they classified the aggregates by size,
but assumed a fixed void fraction, within the porous ag-
gregates, independent of the aggregate size. Yet, when
measuring the aggregate size, Huang and Hellums used a
Coulter counter without correcting the void fraction. The
Coulter counter detects the volume of primary particles
in the aggregates, which is lower than the apparent vol-
ume of porous aggregates.

Other experimental studies on SIPA have applied two-
body collision theory to calculate the aggregation effi-
ciency of freshly activated platelets [5,6,7,8]. In this ap-
proach, experimental data is correlated with the theoret-
ical aggregation rate of free platelet to platelet, but it ig-
nores the aggregation of free platelets to aggregates and
of aggregates to aggregates. Another problem with the
two-body collision model is that its theoretical steady
state does not correspond with the experimental data. In
contrast, the aggregation-breakup PBE is more general
than the two-body collision model, and is theoretically
capable of representing the experimental steady-state con-
dition.

In the present work, we develop a PBE model for pla-
telet aggregation including breakup as well as aggrega-
tion terms. The parameters of the model are based on ex-
periments by Xia and Frojmovic [7]. Details of the the-
oretical framework and computational scheme are pre-
sented. We compare the previously developed two-body
collision model with our more general aggregation-breakup
PBE model. Theoretical aspects regarding the two mod-
els in the analysis of the experimental results are dis-
cussed.
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2 Methods

The PBE model is detailed in this section. The distribu-
tion of platelets in aggregates, and the average structure
of these aggregates, are essential to characterize this bio-
physical system. Finally, the two-body collision model is
presented for comparative purposes.

Cluster Mass Distribution

The CMD describes the state of a system of colloid clus-
ters homogeneously distributed in space. We consider a
discrete CMD in the form of a vector C = [C1,C2, ...,Cn],
i ∈ [1, ...,n], representing the concentration of different
classes of clusters, where n is the number of cluster size
classes discretized in the CMD. Ideally, the PBE should
compute simulations where the CMD is not significantly
populated at the last discretized class (i.e. Cn ≈ 0). Each
cluster in class i is composed of a number vi of platelets
(monomers), and it has as a radius of gyration Ri, which
respectively form two other vectors, v and R, of size n.
The radius of gyration is determined by the structural
organization of platelets inside the aggregate. To show
the relative distribution of platelets in the CMD a platelet
population distribution (PPD)

C̃i =
Ci vi

Cp
(1)

can be defined, where Cp is the absolute concentration of
platelets, regardless whether they are aggregated or not.

Fractal Structure of Aggregates

Colloid aggregates are ramified non-dense clusters with
self-similar characteristics typical of a fractal structure
[26]. The radius of gyration of a discrete aggregate clus-
ter formed by vi primary particles (e.g. platelets) of radius
Rp is calculated by

Ri = v1/DF
i Rp . (2)

In Eq. 2, DF is the fractal dimension of the structure,
which is lower than the Euclidian dimension DE = 3. In
a system where the motion of colloid particles is primar-
ily Brownian, the fractal dimension of the aggregates is
DF ≈ 1.8 if aggregation is limited by diffusion or DF ≈
2.1 if it is limited by chemical reaction [27]. The frac-
tal dimension DF = 2.2 was measured for platelet aggre-
gates forming under Brownian diffusion [28]. The frac-
tal dimension for SIPA could be higher because breakup
and restructuring may make the aggregate more compact

[29]. However, to the best of our knowledge, there is
no experimental data reporting the fractal dimension of
SIPA. Therefore, we use DF = 2.2 as a lower bound ref-
erence in this work.

We calculated the mean platelet radius Rp from both
the radius of the mean platelet volume (i.e. 〈R〉= 3

√
3/4π 〈V 〉)

[30], and the geometric mean of the mean discoid radii
of a platelet (i.e. 〈R〉 = 3

√
RminR2

max) [31]. Using either
of these methods we obtained Rp ≡ 〈R〉±σR = (1.16±
0.25) µm. Although the size distribution of a single pla-
telet is not normal, but log-normal, the size distribution
for aggregates converge to a normal distribution due to
the central limit theorem (CLT) of statistics. The CLT
also yields greater accuracy for the radius of gyration of
larger clusters because the variance of the platelet radius
s2

R is normalized by the number of platelets in the cluster
(s2

R→ σ2
R/vi).

Equation 2 takes the voids between the fractal branches
into account, so the radius of gyration of a fractal ball is
larger than the radius of a sphere of the same material
volume. The void fraction is

φi =
Ṽi−Vi

Ṽi
= 1− v1−3/DF

i = 1−
(

Ri

Rp

)DF−3

, (3)

where Ṽi =
4
3 πR3

i is the apparent volume, and Vi = vi
4
3 πR3

p
is the volume occupied by particles. The fractal structure
naturally produces a void fraction that grows alongside
with its size. This has been observed in platelet aggre-
gates, where the maximum void fraction ranged between
60 and 90% [32].

In the previous PBE model of Huang and Hellums, it
was assumed that platelets were coalescing instead of ag-
gregating [24]. Coalescence is the fusion of initially dis-
tinct particles, followed by changes of shape leading to a
reduction of the total surface area (e.g., fusion of liquid
drops). On the other hand, aggregation is the intercon-
nection of particles by chemical bonds [33]. Huang and
Hellums scaled the cluster sizes with the Euclidian di-
mension, which characterizes coalescence instead of ag-
gregation. Because the Euclidian dimension yields com-
pact structures, they had to correct the size of their aggre-
gates with a constant void fraction, which overestimates
and underestimates the void fraction of smaller and larger
aggregates, respectively. The aggregate size and void fac-
tion obtained by both the fractal theory and constant void
fraction are compared in Fig. 1.

Population Balance Equation

The aggregation-breakup PBE for cluster size class i is

∂Ci

∂ t
= Ai +Bi , (4)
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Fig. 1: Radius of gyration (solid lines) and void fraction
of aggregates (dashed lines). The thick lines refer to Rp =

1.16 µm and DF = 2.2 (aggregation). The thin lines to
Rp = 1.4 µm, DF ≡ DE = 3.0 (coalescence), and a fixed
void fraction of 60% for v≥ 2, as assumed by Huang and
Hellums [24,9].

where Ai =Ai(C,R) and Bi =Bi(C,R,v) are the aggre-
gation and breakup rates, respectively. The aggregation-
breakup PBE is reversible, which means that aggregates
can breakup and reaggregate. The PBE is also mass-con-
servative, which means that platelets are not destroyed
upon aggregate breakup. The steady state ( ∂Ci

∂ t = 0) is the
physical point where both the aggregation and breakup
rates are in equilibrium.

Aggregation Rate Function

The aggregation term of Eq. 4 is defined by the Smolu-
chowski coagulation equation [17,18] which computes
the average collision rates between clusters of any size,

Ai(C,R) = η

[
1
2

i−1

∑
j=1

kc(R(i− j),R j)C(i− j)C j

−
n

∑
j=1

kc(Ri,R j)CiC j

]
. (5)

In Eq. 5, η is the aggregation efficiency, and kc(Ri,R j) is
known as the particle collision kernel, which depends on
the colliding particles’ sizes. The first summation in Eq.
5 represents the formation of clusters of class i by the ag-
gregation of smaller particles, and the second summation
accounts for the consumption of particles of class i by

the aggregation to other particles. The aggregation effi-
ciency is the ratio of the aggregation and collision rates,
ranging from 0–100%, and is related to platelet activation
level. The aggregation efficiency results from the bal-
ance of forces acting in favor of and against aggregation.
Pro-aggregation forces are generated by chemical affinity
of cellular receptors and their ligands. Anti-aggregation
forces are generated by by elastic collision, electrostatic
barrier and osmotic pressure.

The collision kernel describes the physical interac-
tions that move clusters together. Spceifically, it results
from the integration of the flux of particles of radius Ri
and R j moving into a sphere of radius (Ri +R j) [17,34].
The gradient of velocity in a flowing media results in the
shear collision kernel

ks(Ri,R j) =
4
3

G(Ri +R j)
3 , (6)

where G=
√

2 tr(E2) is the absolute shear rate, and E is
the strain rate tensor. Although the factor 4

3 occurs only
in pure simple shear (Couette) flow, it is very close to the
factor 4

3
π

3 occurring in pure elongational flow. Therefore,
the local flow deformation is negligible considering all
the model unknowns [35], so we can apply the factor 4

3
indiscriminately.

The integration of Fick’s Law results in the diffusion
collision kernel

kd(Ri,R j) = 4π(Di +D j)(Ri +R j) , (7)

where Di is the diffusivity. In the absence of red blood
cells (RBCs), diffusion is purely Brownian, and is de-
scribed by the Einstein-Stokes equation

DB,i =
kB T

6π µ Ri
, (8)

where kB is the Boltzmann constant, T is the absolute
temperature, µ is the dynamic viscosity of plasma. How-
ever, it has been demonstrated that the diffusivity of cells,
such as platelets and white blood cells (WBCs), is aug-
mented by the motion of RBCs in whole blood [4,36,37].
From among the many available models of enhanced dif-
fusivity, we use the Sorensen’s version [4,37]

Di = (1+1.05G)DB,i = (1+1.05G)
kB T

6π µ Ri
(9)

due to its simplicity, and because we expect the diffusiv-
ity to become less significant for aggregates much larger
than RBCs. Although it is not entirely clear how the en-
hanced diffusivity depends on particle size, it has been
demonstrated that this phenomenon is still significant for
leukocytes whose mean radius (RWBC ∼ 6 µm) is about
twice that of RBCs (RRBC ∼ 3 µm) [38,39].
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Breakup Rate Function

The breakup term in Eq. 4 is defined by the colloid frag-
mentation equation of Pandya and Spielman [21,22] as

Bi(C,R,v) =−kb(Ri)Ci +
n

∑
j=i+1

g(vi,v j)kb(R j)C j ,

(10)

where the first term on the right hand side accounts for
the break-up rate of clusters of class i, and the second
accounts for the formation of clusters in this class by the
breaking up of larger aggregates. In Eq. 10, kb(Ri) is the
break-up kernel, and

g(vi,v j) = P(vi|v j)+P(v j− vi|v j) (11)

is the fragment mass distribution, where P(vi|v j) is the
conditional probability mass function (PMF) for a clus-
ter of vi platelets to be formed from the breakup of a
cluster of v j platelets. Whenever a break-up event oc-
curs, two clusters are formed with the same probability,
one with vi platelets and the other with (v j − vi) plate-
lets. Thus, the conditional PMF covers half the number
of platelets in the parent cluster, leading to conditions: (i)
P(vi|v j) ≥ 0 ⇔ v1 ≤ vi ≤ v j

2 ; and (ii) ∑n
i=1 P(vi|v j) =

1 , ∀ j ∈ [2, ...,n]. The sum of these two PMFs in Eq. 11
form a symmetric distribution for any class of cluster i,
which also guarantees the stoichiometry when v j = 2vi.
Therefore, Eq. 11 has the properties

n

∑
i=1

g(vi,v j) = 2 , ∀ j ∈ [2, ...,n] , (12)

and
n

∑
i=1

vi g(vi,v j) = v j , ∀ j ∈ [2, ...,n] , (13)

which respectively demonstrate that two particles are formed
each time a fragmentation event occurs, and that mass
conservation is being satisfied.

Breakup of colloid aggregates can happen as either
erosion or splitting. An erosive effect would be repre-
sented by a PMF yielding small aggregates, whereas a
splitting effect would be represented by a PMF yielding
aggregates of approximately half the size of the parent
aggregate. Although both erosion and splitting of aggre-
gates have been observed in vitro [10], the probability
mass distribution has not yet been quantified. Therefore,
for simplicity, in this article we present results using a
binary splitting PMF,

P(vi|v j) =

{
1 , if vi = f loor( v j

2 )

0 , otherwise
, (14)

where f loor(·) rounds down a real number to the largest
previous integer. The erosion and normal distributions
are presented in the supporting material. The dynamics
of the PBE is almost unaffected by the fragment mass
distribution if the aggregation is lower than the breakup
rate. However the dispersion of the steady-state CMD in-
creases with increasing dispersion of the PMF [40,41].

A power-law model was proposed by Pandya and Spiel-
man (1982, 1983) [21,22] for the break-up kernel:

kb(G,Ri) = aGb Rc
i , (15)

where G is the absolute shear rate, Ri is the aggregate
radius, and a, b and c are constitutive parameters. Be-
cause the physical dimension of parameter a depend on
the values of parameters b and c, which are empirically
determined, it is preferable to normalize Eq. 15 as

kb(G,Ri) = a′
(

G
G∗

)b ( Ri

Rp

)c

, (16)

where a′ = 1 s−1 is used to match the dimensions of both
sides of the equation, and G∗ is a characteristic shear rate
which has the advantage of having a fixed physical di-
mension (s−1) [42]. Notwithstanding this fact, the phys-
ical parameters can be easily converted from one to the
other, i.e a = a′

G∗b Rc
p
.

Integral Quantities of the CMD

Some of the more useful parameters which are used to
observe the kinetic behavior of Eqs. 4 are the distribution
moments, which are defined as

M j(t) =
∞

∑
i=1

Ci(t)v j
i , (17)

where the index j represents the order of the moment.
The zeroth moment M0 is the total number of particles
in the suspension. The first moment M1 represents the
number of primary particles in the suspension. The sec-
ond moment M2 is a measure of aggregation level. High
moments can be used to check whether the system is at
steady or transient state [41]. It follows that the mean
number of primary particles per cluster is

〈v〉(t) = M1(t)
M0(t)

. (18)

Some non-invasive experimental techniques, such as
light spectrometry, acquire population-averaged quanti-
ties of colloid mixtures which correlate with integral quan-
tities of the CMD [43,44]. In our case, an important quan-
tity is the root mean square (RMS) radius of gyration,
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whose analytical approximation is given by

〈R〉RMS =

√
∑n

i=1 v2
i R2

i Ci

M2
= Rp

√
M2−2/D f

M2
. (19)

Scaling Analysis

The PBE is be recast in terms of the following dimen-
sionless variables:

Ĉi :=
Ci

Cp
; t̂ :=

t
ta

. (20)

In Eq. 20, Cp is the absolute concentration of primary
particles, and ta is the aggregation characteristic time of
free platelets. The aggregation characteristic time is ob-
tained by scaling just the initial aggregation rate of free
platelets, i.e. Ri = R j = Rp at t = 0 in Eq. 5. Hence,

1
ta

= η [ks(Rp,Rp)+ kd(Rp,Rp)]Cp

= η
4
3

G(2Rp)
3Cp

(
1+

1
Pe

)
, (21)

where Pe is the Péclet number, determined by the advection-
diffusion ratio of platelet aggregation. Considering Brow-
nian diffusion only,

Pe :=
td
ts

=
4µ GR3

p

kB T
. (22)

For SIPA in platelet-rich plasma (kB = 1.38 ·10−23 J K−1,
T = 310 K, µ = 0.001 Pas, Rp = 1.16 µm), Brownian
diffusion is insignificant for G & 140 s−1 because Pe &
100. In contrast, for SIPA in whole blood, the enhanced
diffusivity effect considered by the Sorensen model (Eq.
9) would result in a constant Pe ≈ 1.40, independent of
shear rate, because both the shear and enhanced diffu-
sion collision rates are linearly proportional to shear rate.
Therefore, according to the Sorensen model, RBC-en-
hanced diffusion would increase the SIPA rate (Eq. 21)
by a constant factor of 72% compared to shear collision
alone.

The Pe in Eq. 22 compares the collision rates of ad-
vection and diffusion of free platelets. In order to inter-
pret how the collision rates vary with aggregate size, it is
useful to consider the scaled collision kernel

k̂c(vi,v j) := kc ts =(v1/DF
i + v1/DF

j )3

+
1
Pe

[
2+
(

vi

v j

)1/DF

+

(
v j

vi

)1/DF
]
.

(23)

In Eq. 23 one can see that even for small Pe, diffusion
is more significant for colliding clusters with a large dif-
ference in sizes. On the other hand, shear collision rate
is not sensitive to differences in cluster size, and yet it
grows at a power of 3 as clusters become larger. This
is an important remark because breakup is stronger for
larger clusters, see Eq. 16. Therefore, although diffusion
can contribute to aggregation rate, the shape of the CMD
at steady state is determined by the equilibrium of shear
and breakup rate [41] (as shown in the supporting mate-
rial).

Similar to Eq. 23, the break-up kernel function (the
version of either Eq. 15 or Eq. 16) is scaled as

k̂b(v j) := kb(v j) ta =
1

Kab
vc/DF

j , (24)

where

Kab :=
tb
ta

=
32
3

η Cp

(
1+

1
Pe

)
R(3−c)

p

aG(b−1)

=
32
3

η Cp

(
1+

1
Pe

)
R3

p G∗b

a′G(b−1) (25)

is the ratio of aggregation and breakup rates of free pla-
telets.

Steady State

The dynamic behavior of the aggregation-breakup PBE
(Eq. 4) was investigated both experimentally (for poly-
styrene particles) and numerically by Spicer, Pratsinis
et al. (1996) [40,45]. They showed that after a starting
transient, the CMD achieves a steady state which reflects
the equilibrium between aggregation and breakup. More-
over, the shape of the CMD is self-preserving at the steady
state for any Kab > 1 (i.e. the shape is preserved when
normalized by the average number of platelets per ag-
gregate 〈v〉, Eq. 18). Although higher shear rates shift
the curve to smaller sizes, any steady-state distribution
collapses to the same line when scaled at the mean ag-
gregate size. This distribution is universal if the shear
rate is low enough to keep less than 5% of primary par-
ticles unaggregated. This is accomplished when aggre-
gation rate is higher than breakup rates for small clus-
ter sizes, i.e. Kab > 1 (Eq. 25). Additionally, the tran-
sient time decreases exponentially with decreasing Kab
because breakup halts the development of the CMD at
smaller clusters [45].

A more rigorous mathematical analysis was performed
by Kostoglou and Karabelas (1999). They derived an ap-
proximate analytical solution for the CMD at steady state
assuming a log-normal distribution [46]. Their analysis
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shows that as the fractal dimension DF decreases, or breakup
exponent c (in Eq. 15) increases, the CMD becomes wider.
The same occurs if the dispersion of the fragment mass
distribution is increased, as Spicer and Prasinis had ob-
served numerically [40]. Kostoglou and Karabelas ob-
tained an analytical approximation for the steady-state
mean number of particles per cluster

〈v〉 ∝ K
DF

DF+c−3
ab (26)

along with the condition

DF + c−3 > 0 (27)

for the existence of a steady state. Otherwise, aggrega-
tion dominates for all shear rates. Later, Bäbler and Mor-
bidelli (2007) proved both numerically and experimen-
tally that the approximation of Kostoglou and Karabelas
is very good for many integral quantities of the CMD,
such as the RMS radius of gyration

〈R〉RMS ∝ K
1

DF+c−3
ab , (28)

if Kab > 1 [41], despite the steady-state CMD not re-
ally being log-normal. It is important to notice that at the
steady state, the mean number of platelets per cluster (Eq.
26) and the RMS radius of gyration (Eq. 28) rise expo-
nentially with decreasing ratio of breakup and aggrega-
tion rates. The exponential growth rate of these equations
is inversely dependent on the parameter c of the break-up
kernel (Eq. 15).

Numerical Integration

The fixed pivot method (FPM) of Kumar and Ramkrishna
was applied to solve the PBE numerically [47]. In this
method the CMD is represented by discrete pivot points
i, as described for Eq. 4. The FPM guarantees the conser-
vation of mass by interpolating aggregation and breakup
rates of particles at the pivot points. The CMD is dis-
cretized by a geometric series of pivot points

vi = 2i−1 , i ∈ [1, ...,n] . (29)

In comparison with an uniform discretization, such as

vi = i , i ∈ [1, ...,n] , (30)

Eq. 29 requires few discretization points, and thus facili-
tates a large choice for maximum cluster size, helping to
avoid errors due to an artificial upper bound.

These arrays are recursively called to calculate the
PBE at each discrete cluster size. The PBE yields an or-
dinary differential equations (ODE) for each cluster size,
which is solved numerically at each time step. We coded

Eq. 5

odeint

Eq. 16 Eq. 11

+ +

Eq. 7 Eq. 6

Eq. 2

Eq. 4

Eq. 10

C

A

kd ks

R

kc

B

Eq. 14

g

P

kb

C

Gkb,T, 

G*,b,c,Rp

vDF,Rp 

t

Fig. 2: Algorithm flowchart for building and integrating
the PBE over time.

our ODE system in Python using the scipy.odeint func-
tion [48], which runs the Adams method (predictor-cor-
rector) in the non-stiff case, and Backward Differentia-
tion Formula (BDF) methods (the Gear methods) in the
stiff case.

Algorithm Overview

The algorithm that computes the evolution of the CMD is
summarised in Fig. 2. The PBE (Eq. 4), which expresses
the development of the CMD as the sum of the aggre-
gation rate (Eq. 5) and the breakup rate (Eq. 10), yields
an ODE set that is numerically integrated by the odeint
algorithm. The time integration is an iterative operation
since the CMD vector C is updated at each time step. The
aggregation rate depends on the collision rate of platelets,
which can occur by diffusion or advection, and the colli-
sion efficiency parameter η which relates to the availabil-
ity of active binding receptors on the cellular wall. The
diffusion and flow shear effects are computed by the dif-
fusive (Eq. 7) and advective kernels (Eq. 6), respectively.
The importance of each of these effects on the collision
rate can be evaluated by the Péclet number (Eq. 22). The
breakup rate equation includes a breakup kernel (Eq. 16),
as well as a fragment mass distribution (Eq. 11). In this
article, we use the binary splitting PMF (Eq. 14) to com-
pose the fragment mass distribution. Both the advective
(Eq. 6) and the breakup (Eq. 16) kernels are regulated by
the shear rate G. Therefore, the steady state of the CMD
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depends on G, as stipulated by the aggregation-breakup
ratio (Eq. 25). All kernel functions (Eqs. 7, 6, and 16)
require the size of the aggregates given by the radius of
gyration (Eq. 2). The numerical system is discretized by
the clusters classified by platelet number in the vector v.

Two-Body Collision Model

The two-body collision model is a simplified version of
Eq. 5 in which only collisions between free platelets are
considered,

dCv=1

dt
=−η

32
3

GRp C2
v=1 . (31)

Collisions between clusters, and between free platelets
and clusters, are ignored in this approach. The level of
platelet aggregation is assessed by comparing the initial
(Cv=1(t = 0)≡Cp) and current concentration of free pla-
telets (Cv=1(t)). This model coincides with the present
aggregation-PBE model when the system is controlled
by the aggregation characteristic time ta (Eq. 21) alone,
and it is not very accurate when either shear rate is large
or a steady state is reached.

In previous works, discrepancies between the mea-
sured and expected depletion of free platelets were at-
tributed to a shear-dependent aggregation efficiency η =

η(G) [5,6,24,9,25,7,8]. Aggregation efficiency was be-
lieved to decrease with increasing shear rate because higher
shear rates would result in shorter platelet-platelet inter-
action times than required for connecting membrane re-
ceptors [8]. Using this assumption, Bell et al. reported
the aggregation efficiency dropping from η = 0.26 at
G = 41.9 s−1 to η = 0.17 at G = 335 s−1, and further to
negligible levels (η < 0.001) at G = 1,335 s−1 [6]. Xia
and Frojmovic confirmed a similar trend and postulated
an empirical relation for the shear-dependent aggregation
efficiency [7]

η(G) = 59G−1 . (32)

Xia and Frojmovic [7] studied SIPA of human acti-
vated platelets in a rheometer under Couette flow. They
presented their data in terms of the fraction of aggregated
platelets

PA(t) = 1− Cv=1(t)
Cp

. (33)

Because their results showed an inverse-exponential trend,
they assumed a first-order ODE approximation, and ap-
plied a curve fit to

PA(t)≈ PAmax(1− e−kt) . (34)

Finally, the experimental aggregation efficiency is ob-
tained by comparing the derivatives of Eqs. 33 and 34
at t = 0,

η ≈ PAmax k
32
3 GR3

p Cp
. (35)

In Eq. 35, Xia and Frojmovic obtained the rate param-
eter k and steady-state parameter PAmax of Eq. 34 from
a curve fit to the experimental data. Theoretically, PAmax
should be equal to 1, according to the two-body colli-
sion model (Eq. 31) in Eq. 33. Yet, the authors could not
force PAmax = 1 to the curve fitting because the data had
a steady-state PA in the range 0–1. This means that in
the formulation of Eq. 32 the shear rate G could be in-
fluencing PAmax more than k. Moreover, in a first order
ODE, like Eq. 34, parameter k is the inverse of the equa-
tion’s characteristic time (k = t−1

a ) presented in Eq. 21. If
the aggregation characteristic time is used in Eq. 34, the
only parameter to be fitted would be PAmax. Nevertheless,
a steady-state PA in the range 0–1 would be theoretically
correct if the aggregation-breakup PBE was considered.

3 Results

To determine the effectiveness of our aggregation-breakup
PBE model to correlate experimental data, we use the
data of Xia and Frojmovic [7], because of the nature of
the test flow and the clarity of the data presentation. Al-
though Xia and Frojmovic applied the two-body collision
model for the analysis of their experiments, their experi-
mental data are suitable for estimation of the parameters
of the new aggregation-breakup PBE model. Their exper-
iments were conducted in Couette flow, which guaran-
tees that all sampled platelets underwent the same shear
rate (and stress) history, whereas other experiments were
done in Poiseuille flow [6,8]. Although they have not
recorded the whole CMD, we show in the following that
the fraction of aggregated platelets PA has an unique as-
sociation with the state of the CMD. A sensitivity analy-
sis of the aggregation-breakup PBE model demonstrates
how the different parameters affect the initial aggrega-
tion rate or the steady state. We show that PAmax can
show an inverse relationship with shear rate G using the
aggregation-breakup PBE, as should have occurred for
the formulation of Eq. 32. Finally, we demonstrate that
the aggregation-breakup PBE model presents two dis-
tinct physical states: low aggregation and high aggrega-
tion. The characteristics of these two states are presented.

To show that SIPA correlates to the second order ki-
netics, as predicted by Eq. 5, Xia and Frojmovic ran tests
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at three distinct concentrations, as shown in Fig. 3. These
samples were diluted ten-fold to increase the aggregation
characteristic time, Eq. 21. The curve fitting obtained by
Eq. 33 resulted in the same aggregation efficiency η =

0.24± 0.07 (Eq. 35) for the three data sets. The curve-
fitting precision was obtained from the correlation matrix
of the weighted least-squares method. The error estima-
tion of about 30% occurred due to the limited number of
points as well as the significant experimental uncertainty.

The aggregation-breakup PBE was applied using ag-
gregation efficiency η = 0.3, which is technically the
same as the value obtained by the curve fitting, within
experimental uncertainty. The break-up kernel parame-
ters were adjusted so that the simulated curves would
approximate the data points. Parameter b, which scales
the power of shear to aggregate break-up in Eq. 16, was
fixed as b = 2 in order to impose Kab ∝ G−1 in Eq. 25.
This was done because the steady state parameter PAmax
in the curve-fitting equation (Eq. 34) was used by Xia and
Frojmovic to scale the aggregation efficiency (η ∝ PAmax
in Eq. 35), which was then used to formulate Eq. 32
(where η ∝ G−1). Although aggregation efficiency itself
is not necessarily related to shear rate, those empirical re-
lations indicate that PAmax ∝ G−1. Using the aggregation-
breakup PBE, the steady-state PA varies directly with
Kab. With b = 2, PA(t→∞) ∝ Kab ∝ G−1. We tested two
values for parameter c: c = 1 and c = 3. Because this
parameter regulates the intensity of breakup to the aggre-
gate size, the parameter G∗ that regulates the breakup of
the whole CMD to shear rate had to be adjusted to each
case of parameter c. Consequently, the curve fit of the
PBE was performed with the parameter pairs c = 1 and
G∗ = 928s−1, and c = 3 and G∗ = 1540 s−1. These two
pairs of arguments along with η = 3 and b = 2 are able
to fit the experimental data of the three concentrations of
activated platelets Cp in Fig. 3.

The simulations in Fig. 3 are compared with the fit-
ted inverse-exponential curves using Eq. 34. The initial
aggregation rate d

dt PA(t = 0) was the same in all cases
because they all used the same aggregation parameters.
However, the state at t = 60 s, which was not necessarily
steady in all cases, was sensitive to parameter c. The frac-
tion of aggregated platelets was more sensitive to varia-
tions of Cp for c = 1 than c = 3. This is expected, since
the parameter c regulates aggregate growth by being the
exponent of aggregate size in Eq. 16.

In order to investigate the sensitivity of the simulated
results to physical uncertainties, we varied the aggregation-
breakup ratio Kab (Eq. 25) and the aggregation character-
istic time ta (Eq. 21) by ±10 %. Figure 4a shows that the
steady-state fraction of aggregated platelets PA depends
on Kab, and Fig. 4b shows that the initial aggregation rate
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Fig. 3: Dependence of platelet concentration on the ag-
gregation rate at G = 250 s−1. Data from Xia and Froj-
movic (1994) [7] showing fraction of aggregated pla-
telets (PA). The solid lines represent the curve fitting
with Eq. 34 [7]. All simulations were run with param-
eters η = 0.3 and b = 2. The dash-dotted lines repre-
sent the present aggregation-breakup PBE with parame-
ters c = 1 and G∗ = 928 s−1. For this case, Kab was 0.10,
0.21 and 0.31, for platelet concentration (Cp) 20,000
/µm3, 40,000 /µm3 and 60,000 /µm3, respectively. The
dashed lines represent the present aggregation-breakup
PBE with parameters c = 3 and G∗ = 1540 s−1. For this
case, Kab was 0.28, 0.57 and 0.85, for platelet concen-
tration (Cp) 20,000 /µm, 40,000 /µm and 60,000 /µm,
respectively.

d
dt PA(t = 0) depends on ta. Figure 4b also shows that the
PBE steady state was not achieved for platelet concen-
trations 40,000 /µl and 60,000 /µl at 60 s. We analysed
the relation of Kab to PAmax, and we found the linear re-
lations PAmax = 2.50Kab and PAmax = 1.12Kab for c = 1
and c = 3, respectively. Thus, for an unknown value of
c ranging in 1–3, the sensitivity of PAmax to Kab vary by
maximally a factor of approximately 2. The linear rela-
tionship of PAmax to Cp, for Cp ranging from 20,000–
60,000 µl−1, was reported by Xia and Frojmovic [7]. The
same relationship occurs in our model, since Kab ∝ Cp.

Similarly to parameter c, the fractal dimension DF
regulates the aggregation and breakup ratios to the size
of the aggregates (see Eq. 23 and 23). Figures 5a and
5b present the sensitivity of PAmax to DF for c = 1 amd
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Fig. 4: Sensitivity of the aggregation-breakup PBE to Kab
and ta. The subscript i in Kab,i and ta,i denotes values
of Kab and ta corresponding to platelet concentrations
Cp,1 = 60,000 µl−1, Cp,2 = 40,000 µl−1 and Cp,3 =

20,000 µl−1, respectively. Solid lines show simulations
of the PBE model with the same Kab,i and ta,i depicted
in Fig. 3 for c = 1 and G∗ = 928 s−1. Dashed and dash-
dotted lines show variations of Kab and ta of±10% about
the reference conditions Kab,i and ta,i, respectively. The
steady state is controlled by Kab, and the initial transient
rate is controlled by ta.

c = 3, respectively. In these figures, the base value of DF
is DF = 2.2 for Brownian diffusion [28], DF = 2.4 is an
intermediate value, and DF = 3.0 is the value for coa-
lescence (compact aggregates). Interestingly, PAmax de-
creases as DF increases for c = 1. These trends are re-
lated to the the number by which the number of plate-
let in the clusters (vi) are powered in Eqs. 23 and 24.
They are powered by 3/DF and c/DF for aggregation
and breakup, respectively. Therefore, aggregation rate de-
creases more than breakup as DF increases, if c 6= 3.
However, for c = 3, aggregation and breakup rates are
equal in power, then aggregation rate increases slightly
more than breakup just because encloses a sum of two
numbers vi ≥ v j ≥ 1, instead of just one number v j ≥ 1
of the breakup kernel.

Figure 6 shows the dependence of the steady state of
the aggregation-breakup PBE on the aggregation-breakup
ratio Kab (Eq. 25). The sensitivity of PAmax to Kab is seen
as the slope of the continuous lines in Fig. 6, both for
c = 1 and c = 3. As the inset in Fig. 6 shows, the rela-
tion of PAmax and Kab is linear for Kab � 1, and it be-
comes asymptotic to 1 as Kab→ 1. The same behaviour
was reported by Xia and Frojmovic on the relation of η

and G−1 [7]. The fact that our PBE model obtains the
same behaviour as the experimental data, by following
the rule Kab ∝ G−1 with b = 2, it supports the hypoth-
esis that the aggregation efficiency η could be modeled
as a shear-independent constant when breakup is consid-
ered. A high count of free platelets in a shearing sample
could not necessarily mean that they were not aggregat-
ing. If our hypothesis is correct, then those free activated
platelets were aggregating for short intervals, but the ag-
gregates were being broken up by shear forces. The equi-
librium is the point where aggregation and breakup rates
have the same intensity, not where both ceased to exist.

The relation of PAmax and Kab breaks down for Kab &
1, and PAmax ≈ 100%. At this point, the mean number
of platelets per aggregate 〈v〉 becomes a better metric for
platelet aggregation, and the CMD becomes similar to a
log-normal distribution with self-similar shape regardless
of Kab, see Fig. 8. As expected by Eq. 26, for Kab & 1,
dlog〈v〉

dKab
is 11 and 1 for c = 1 and c = 3, respectively, as

depicted by the inset in Fig. 6.
The aggregation-breakup PBE model presents two stea-

dy-state physical phases, a low-aggregation phase when
Kab � 1, and a high-aggregation phase when Kab � 1.
Figure 6 shows a sharper phase transition occurring for
c = 1 around 0.3 . Kab . 0.5, and a smoother phase
transition for c = 3 around 1.0 . Kab . 4.0. When the
aggregation-breakup ratio is lower than the transition re-
gion, there is a very low number of aggregated platelets.
However, when the ratio is higher, there are very few free
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Fig. 5: Sensitivity of the aggregation-breakup PBE to
fractal dimension DF . Solid lines show the same re-
sults presented in Fig. 3 for platelet concentration
Cp,1 = 60,000 µl−1, Cp,2 = 40,000 µl−1 and Cp,3 =

20,000 µl−1.

platelets. There are no aggregates at Kab ≈ 0. Doublets
and a few triplets are formed as Kab increases towards
the transition region. The population distribution (Eq. 1)
of the unaggregated phase is seen in Fig. 7. It corresponds
to early microaggregation of activated platelets observed
experimentally [7]. The parameter c as well as the fractal
dimension DF have minimal influence on the CMD shape
in the unaggregated phase, since aggregates are small.

Larger aggregates are formed only in the high-aggregation
phase (Kab � 1). The population distribution in the ag-
gregated phase resembles the log-normal distribution, as
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Fig. 6: Dependence of the steady state on the
aggregation-breakup ratio Kab. Solid lines represent the
fraction of aggregated platelets PAmax, and dashed lines
represent the mean number of platelets per aggregate 〈v〉.
Dotted lines represent the approximation by Eq. 26. Thin
and thick lines represent parameter c = 1 and c = 3, re-
spectively. The inset shows the same data in log-scale.
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Fig. 7: Platelet population distribution at 30 % of fraction
of aggregated platelets (PA).

shown in Fig. 8. In Fig 8 the steady-state CMD is normal-
ized at the mean number of platelets per aggregate 〈v〉 to
highlight the self-similarity of the distribution at different
Kab� 1. For Kab . 1 the logarithm of the CMD does not
resemble the normal distribution. The mean number of
platelets per aggregate is proportional to the aggregation-
breakup ratio as demonstrated by Eq. 26. It is also pos-
sible to observe in Fig. 8 that most of platelets form ag-
gregates ranging 0.1〈v〉–10〈v〉, other aggregate sizes are
very rare. The mean cluster size is obtained by Eq. 28.
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Fig. 8: Steady-state CMD shown over normalized plate-
lets per aggregate. The markers represent the discretiza-
tion classes of the CMDs. The CMD is self-similar for
Kab� 1 when normalized by 〈v〉. In this case, 〈v〉 ∝ Kab
because c = 3 (see Eq. 26).

The steady-state CMD becomes narrower with increas-
ing DF or c [41], which is related to the decrease in power
of aggregation compared to breakup, as seen in Figs. 5a
and 5b.

4 Discussion

Previous authors [5,6,24,9,25,7,8] have considered hy-
drodynamic effects inhibiting platelet aggregation, and
incorporated this in models of aggregation efficiency. How-
ever, this approach only delays aggregation by prolong-
ing the transient phase, as indicated in Eq. 21. Any model
involving only the effect of aggregation would inevitably
yield to a steady state where all platelets are clumped to-
gether in a single aggregate. A realistic theoretical steady
state can only occur when two opposite rates come to
equilibrium. Our model, incorporating aggregation and
breakup processes, implies that aggregates are less no-
ticed at higher shear rates because they break apart very
quickly instead of building up at a slower pace. The scal-
ing analysis show that the equilibrium level of aggrega-
tion depends only on one dimensiless number, the aggre-
gation-breakup ratio Kab. The only phyisical quantities

not appearing in Kab are the fractal dimension DF and
the breakup parameter c, both of which control the power
of aggregation and breakup along the CMD. At Kab� 1,
PAmax is linearly dependent on Kab, with a low sensitiv-
ity to DF and c. At Kab� 1, PAmax = 1 and 〈v〉 becomes
a more suitable parameter of aggregation, following the
power-law relation in Eq. 26 which is much more sensi-
tive to DF and c.

The trend embodied in the empirical formula (Eq. 32)
of Xia and Frojmovic for shear-dependent aggregation
efficiency can be reproduced by our aggregation-breakup
model with shear-independent aggregation efficiency, as
seen in Fig. 6. In our simulations, we apply the fixed ag-
gregation efficiency η = 0.3 because it is approximetely
the highest value (η = 0.29±0.01) reported by Xia and
Frojmovic, for their lowest shear rate (G = 100 s−1) [7].
Although they presented a lower value for the data in Fig.
3 (η = 0.24± 0.07 at G = 250 s−1), our η = 0.3 is still
a good value as our simulations show. It is important to
stress that η affects primarily the steepness of the curves
in Fig. 3, but the steady state depends also on the balance
with the breakup parameters. This is illustrated in Figs.
4a and 4b, where parameters of aggregation and breakup
parameters were varied. Interestingly, Chang and Robert-
son reported η = 0.368± 0.175 and 0.301± 0.051 for
Brownian aggregation of rabbit platelets using two differ-
ent methods [5]. If aggregation efficiency is considered to
be independent of shear rate, it would be better to mea-
sure it in the absence of shear forces breaking aggregates
up. Thus, measuring aggregation efficiency from Brown-
ian aggregation should be more accurate than measuring
from SIPA. Moreover, the aggregation efficiency reflects
the ratio of the chemical rate for platelet-platelet bond
formation to the collision rate. Because both a platelet
collision and receptor chemical reaction must occur to
consummate an aggregation event, the slowest rate con-
trols the speed of this process. A low Brownian aggrega-
tion efficiency means that the chemical rate is slower than
Brownian collision rate. Another evidence showing that
platelet aggregation is controlled by the chemical rate is
the observed fractal dimension DF = 2.2 for aggregates
formed out in Brownian motion [28]. A DF ≈ 2.2 is typ-
ical of aggregation controlled by chemical reaction. Ag-
gregates controlled by the collision from Brownian mo-
tion are less compact, with DF ≈ 2.2, because generally
monomers aggregate to the first contact with the fractal
structure [27].

Xia and Frojmovic [7] conducted their experiments
at concentration of activated platelets Cp equivalent to
1/10 of physiological platelet concentration. There are at
least three reasons for this. First, it is very unlikely to
have all platelets activated in natural conditions. Second,
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aggregation characteristic time is inversely proportional
to the concentration of activated platelets (ta ∝ Cp, Eq.
21). Therefore, if Cp was equivalent to the physiological
concentration of platelets, steady state would be achieved
in less then 5 s at G = 250 s−1, which is less than the
10 s sampling period. Third, the aggregation-breakup ra-
tio would be ten times higher, because Kab ∝ Cp (Eq. 25),
which would result in a Kab > 1. We show that PAmax ∝

Kab only for Kab � 1, and 〈v〉 ∝ K
1

DF+c−3
ab for Kab � 1.

Thus, it is only possible to use PAmax to quantify platelet
aggregation if Kab � 1. Nonetheless, the experimental
data of Huang and Hellums [24,9,25] indicates a log-
normal CMD if the concentration of particles whose size
is similar to free platelets is disconsidered. It seems that
the samples of Huang and Hellums contained a mixture
of activated and unactivated platelets, whereas the exper-
iment of Xia and Frojmovic contained only activated pla-
telets. Despite the theoretical expectation that the present
PBE model is valid for Kab > 1 (i.e. high platelet con-
centration) there is not yet any conclusive experimental
evidence to confirm it.

It has been shown in a previous work that the con-
centration of ADP in platelet-rich plasma was linearly
proportional to aggregation rate, whereas the concentra-
tion of prostaglandin E1 (PGE1) was inversely propor-
tional [5]. Similarly, in a mixture of fully activated pla-
telets with resting platelets, the aggregation efficiency
was linearly related to the proportion of activated pla-
telets [7]. This linear relationship to the concentration
of activated platelets suggests that there are two distinct
states (resting or activated) instead of a continuous tran-
sition between both states. A platelet would exert its full
potential to aggregate if it is activated, but there would
not be any half-activated state where it would have half
the potential to aggregate. On the basis of this hypothe-
sis, different platelets could have different sensitivity to
activation stimuli. Once the pro-activation stimuli over-
comes the power of the anti-activation stimuli, resting
platelets would flip to the activated state. Hence, when
dealing with a mixture of activated and resting platelets
the two populations should be split into separate groups,
each with its own concentration. Stimuli of distinct inten-
sities would be able to transfer a certain portion of resting
platelets to the activated platelets group. This is the the
approach normally found in the literature to formulate
models of platelet activation, where a rate function trans-
forms resting platelets into a single class of activated pla-
telets proportionally to chemical and mechanical stimuli
present in the system [3,2,4]. Accordingly, as the con-
centration of activated platelets Cp increases, so does the
characteristic aggregation rate (1/ta) and aggregation-breakup

ratio Kab, as seen in Eqs. 21 and 25. A change in Kab
would immediately change the CMD’s steady state.

The PBE model presented in this work attempts to
rationalize the observations that the steady state of SIPA
is inversely proportional to shear rate. We note that SIPA
modeled as a one-way process is unable to explain the
steady states detected experimentally. We apply this PBE
model because it succeeds in describing shear-induced
aggregation of non-biological colloids. This model is also
capable of separating the shear rate from other physic-
ochemical aspects of SIPA, such as platelet activation
and platelet to platelet chemical bonding. This is impor-
tant for better interpreting SIPA experiments in complex
flows, such as in platelet aggregometry (in a stirred cu-
vette) or in biomedical devices. Nevertheless, this is not
a conclusive model for SIPA, mainly because the bind-
ing mechanism between platelets was not elucidated. The
presence of a linking protein, such as fibrinogen or vWF,
is required in platelet aggregation. Therefore, the concen-
tration of such molecules in the plasma is an important
factor in SIPA, which was not addressed in this paper.
Either the lack or the excess of such molecule in plasma
can decrease aggregation efficiency η , because the lack
of these molecules reduces the chance of bond forma-
tions and the excess results in the saturation of membrane
receptors [7,49]. Another important aspect is to model
how these molecules interact with enzymes when they
are connected to membrane receptors. Furthermore, if the
aggregate bonds are stronger than the platelet membrane
a breakup would possibly damage platelets, rendering
breakup irreversible. These types of interactions could
also have important roles in the steady state of SIPA. Fi-
nally, the maturation of the aggregates into stable thrombi
reinforced by a fibrin mesh was not considered. Possibly,
after a time span, platelet aggregates loose their ability to
aggregate and breakup. Thus, stable thrombi would not
breakup at the high shear stresses present in microves-
sels.

5 Supporting Material

For the sake of reproducibility, the source code is avail-
able in [include url].
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