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Abstract

The ankle-brachial index (ABI), a ratio of arterial blood pressure in the ankles

and upper arms, is used to diagnose peripheral arterial disease. Computational

simulations of ABI can potentially determine the parameters that produce an

ABI indicative of ischemia or other abnormalities in blood flow. However, exist-

ing zero- and one-dimensional computational methods are limited in describing

a three-dimensional system, and they cannot incorporate patient-derived imag-

ing data. Thus, we present a massively parallel computational framework for

three-dimensional simulation of blood flow in the full arterial system. Using

the lattice Boltzmann method to solve the Navier-Stokes equations, we intro-

duce highly parallelized and scalable methods for generating the simulation

domain and efficiently distributing the computational load among processors.

We demonstrate excellent scaling on over 1.5 million compute cores and conduct

simulations of flow in a full arterial system and, for the first time, compute an
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ABI with three-dimensional computational fluid dynamics. 3D computational

fluid is used twice close together in the abstract. By a grid refinement study,

we demonstrate that this ABI value is effectively independent of the simulation

resolution. We study the dependence of ABI on the presence of stenoses, or

narrowed regions of the arteries, by directly modifying the arterial geometry.

As a result, our framework makes it possible to compute a hemodynamic factor

characterizing flow at the scale of the full arterial system, in a manner that

is extensible to patient-specific imaging data and holds potential for treatment

planning.

Keywords: ankle-brachial index, computational fluid dynamics, parallel

computing

2010 MSC: 68, 76, 92

1. Introduction

Hemodynamics in the human vascular system contributes significantly to the

development and progression of arterial disease. Understanding the behavior of

blood flow can address the long-standing challenges of preventing major cardio-

vascular and cerebrovascular events, such as myocardial infarction and stroke,5

and identifying individuals most at risk. Medical imaging can be used to design

computational simulations incorporating the specific geometry and dynamics of

a patient’s circulatory system. Over the last several decades, researchers have

validated these image-based hemodynamic simulations as a means to gain in-

sight into the localization and progression of vascular disease We should add10

some citations. However, the computational demands of these simulations have

historically restricted their size and scope. Such simulations require an unprece-

dented memory footprint, encounter I/O bandwidth limitations and scalability

challenges, and pose a complex load balance problem. To overcome all of the

above limitations using on computational tools, we have developed a new frame-15

work to perform large-scale hemodynamic simulations.

Systemic arterial flow simulations could greatly improve the ability of clin-
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icians to both identify and treat at-risk patients. One important instance in

which simulation models would be valuable is the early identification of patients

with peripheral artery disease (PAD). PAD, which affects over 200 million in-20

dividuals worldwide, results from systemic atherosclerosis in which narrowed

arteries reduce blood flow from the heart to the extremities. The ankle-brachial

index (ABI) is a standard non-invasive test that screens for PAD by calculating

the ratio of the blood pressure in the ankles to the blood pressure in the arms

of a supine individual. The ABI has also proven valuable in the identification25

of coarctation of the aorta and, with the addition of segmental blood pressures

in the lower extremities, the ABI can help localize PAD diagnoses in these re-

gions [1, 2, 3]. Although the ABI has good sensitivity for the detection of PAD,

it evinces a lower specificity than sensitivity and has significant limitations in

the detection of less severe PAD [4, 5]. Computational simulations are well30

positioned to improve the utility of ABI by investigating the effects on ABI

from changes in flow under a variety of physiological conditions that cannot be

replicated easily in vivo.

Computing the ABI with a simulation is challenging because it requires mod-

eling blood flow in the full arterial system. Existing computational methods for35

computing ABI are limited to reduced-order zero- and one-dimensional models

[6, 7, 8, 9]. The arterial system is divided into a series of segments, through

which the flow is modeled with ordinary differential equations [10]. The bound-

ary conditions at the end of the resulting one-dimensional arterial network are

governed by physiologically-tuned lumped parameter models. However, a one-40

dimensional model is limited in describing three-dimensional phenomena. For

instance, the influence of a stenosis - a narrowed region of the artery - on blood

pressure in a single vessel must be assumed from a model, rather than derived

from the simulation itself. Further, it is now feasible to create complex three-

dimensional vascular geometries from a patient’s medical imaging data, which45

cannot be exploited by reduced-order models.

Incorporating imaging data opens the possibility of improving model fidelity

by using three-dimensional computational fluid dynamics (CFD) simulations
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to compute ABI, but the sheer scale of CFD simulations in the full arterial

system presents a significant challenge. However, computational frameworks to50

perform very large scale blood flow simulations at massively parallel scales have

recently been developed. For instance, a series of increasingly high resolution

simulations of flow in the coronary arteries have been conducted [11, 12, 13].

Further, blood flow has been simulated in large sections of the vascular system,

such as the cerebral arteries [14], the aorta-femoral artery [15], and a model of55

all large arteries [16]. With few exceptions (e.g., [16]), these simulations have

focused more on developing massively parallel simulations for blood flow and

focused less on applying a simulation at this scale to address a particular clinical

question.

In a previous companion paper, a scalable computational methodology, HAR-60

VEY, performed blood flow simulations in the full arterial system at 9µm reso-

lution [17]. In this work, we extend this methodology to compute the ABI with

three-dimensional CFD, demonstrating for the first time that massively paral-

lel simulations can calculate an index describing blood flow in the full arterial

system. Highly parallel algorithms in HARVEY are introduced to generate the65

three-dimensional simulation domain and to perform load-balancing by a recur-

sive bisection process. These methods have been applied to a complex, realistic

arterial system geometry at high resolution, and on one of the world’s largest su-

percomputers. We demonstrate the independence of the ABI computation from

simulation resolution, along with the validation of the computational model70

with in vitro flow measurements in a vascular geometry.

A major advantage of performing CFD simulations to compute ABI is that

vascular geometries may be directly and precisely altered to represent different

physiological conditions, such as stenoses of different degrees in various loca-

tions. We apply this functionality to study the influence of stenoses and other75

changes in the vascular geometry on ABI. The efficacy of our approach opens

the door to patient-specific treatment planning for PAD using simulations of

ABI. Findings from this study will also motivate future computational studies

of ABI to address existing clinical limitations of the index.
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This paper is organized as follows: The CFD methods, parallelization, and80

validation of HARVEY are discussed in sections 2.1, 2.2, and 2.3, respectively.

Sections 3.1 and 3.2 detail the vascular geometry and the computation of ABI,

respectively. Section 3.3 describes the influence of grid resolution of the com-

puted ABI, while section 3.4 explores the influence of stenoses on ABI. Finally,

the outlook for future computation of ABI is discussed in section 3.5.85

2. HARVEY software

2.1. Lattice Boltzmann method

HARVEY is a massively parallel hemodynamics application which imple-

ments the lattice Boltzmann method [18]. Based on the Boltzmann equation of

kinetic theory, lattice Boltzmann represents the flow as a probability distribu-

tion function f of particles moving about a fixed Cartesian lattice at discrete

velocities [19, 20]. For the D3Q19 discretization of three-dimensional velocity

space used in HARVEY, the distribution f has 19 components fi, with the ve-

locity ci at each lattice point x. The time evolution of f is governed by the

lattice Boltzmann equation,

fi(x + ciδt, t+ δt) = fi(x, t)− Ω
(
fi(x, t)− feqi (x, t)

)
+ δtFi, (1)

for time step δt, collision kernel Ω, and Maxwell-Boltzmann equilibrium distri-

bution feqi , and external force distribution F . The influence of the gravitational

force G on flow is incorporated into equation 1 by the methods of Buick [21] and

Guo et al. [22]. First, fluid density ρ and velocity u are computed as moments

of f with the equations:

ρ =
∑
i

fi ρu =
∑
i

cifi +
δt

2
G (2)

Second, the gravitational force G is converted into external force distribution

F by the relation

Fi =
(

1− 1

2τ

)
ωi

[ci − u

c2s
+

ci · u
c4s

ci

]
·G (3)
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Finally, the Maxwell-Boltzmann equilibrium distribution is defined as

feqi (x, t) = ωiρ
(

1 +
ci · u
c2s

+
uu : (cici − c2sI

2c4s

)
(4)

for weights ωi. HARVEY uses the single relaxation time Bhatnagar-Gross-

Krook (BGK) collision kernel Ω = 1
τ . The non-dimensional relaxation time

τ is based on kinematic fluid viscosity ν, by the equation ν = c2s(τ − 1
2 )δt,90

and the lattice speed of sound cs = 1/
√

3. In this implementation, the discrete

space interval δx and discrete time interval δt are identically set to unity and

the standard conversion of physical parameters to lattice Boltzmann space is

employed [23].

Two types of boundary conditions are employed in the model. First, the95

artery walls are assumed to be rigid and governed by a no-slip boundary con-

dition. This condition is imposed in HARVEY by the halfway bounce-back

method [24]. Second, the open boundary conditions at the inlets and outlets

of the blood vessels are implemented with a finite-difference velocity gradient

method [25]. Using regularization to maintain stability, this approach has su-100

perior performance at high Reynolds numbers, which balances the increased

computational expense and non-locality of this method.

In the arterial system geometry, a single inlet is located at the entrance

of the aorta, while outlets are located at the ends of arteries throughout the

body. A fixed flow volume is imposed at the inlet, and all outlets are governed105

by a uniform pressure boundary condition, which does not reflect each outlet’s

individual resistance. Although this outlet condition is a significant physiologi-

cal simplification [26], resistance is not included due to the difficulty of finding

sufficient data to set individual conditions at each outlet. In the absence of

tuned resistance values, the flow distribution in the arterial system model may110

overstate the influence of vessel geometry.

2.2. Parallel implementation

In HARVEY, the lattice Boltzmann algorithm is implemented in C and C++

and is fully parallelized with MPI and OpenMP [18]. A 1-lattice point-wide halo
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surrounds the bounding box of lattice points belonging to each task. During115

preprocessing, communication tables are computed between neighboring tasks

with overlapping halos and data within these halo regions are exchanged at each

iteration using non-blocking MPI calls. No global communication between tasks

is required. On the IBM Blue Gene/Q system, HARVEY scales efficiently up

to 1.6 million cores [15, 17]. The size and scale of simulating the full arterial120

system present challenges related to data structure, lattice generation, and load

balance.

2.2.1. Data structure

For the full arterial system, the simulation domain accounts for approxi-

mately 0.16% of the bounding box around the geometry. To limit the required125

memory capacity, lattice points are addressed with an indirect scheme [27]. With

indirect addressing, only the lattice points corresponding to the fluid domain

and inner vessel wall are stored. Although indirect addressing dramatically

reduces the number of lattice points stored in memory, it complicates the lat-

tice Boltzmann algorithm because the locations of neighboring lattice points130

in memory are not known implicitly. To mitigate this effect, we exploit the

stencil organization to create and store a table containing the required informa-

tion about neighboring lattice points for the lattice Boltzmann algorithm during

preprocessing.

2.2.2. Lattice generation135

The full arterial system geometry is stored as a triangulated surface mesh

in stereolithography (STL) format. At runtime, HARVEY generates a regular

Cartesian lattice of the desired resolution by determining the grid points that

lie within the interior of the surface mesh. There are numerous algorithms for

computing the points inside a closed surface, such as the use of angle-weighted140

pseudonormals [28] to compute the shell of grid points just inside the surface

mesh. These shell points can then be connected along lattice axes to form the

complete interior volume grid. However, while a parallel implementation of this
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approach has been used successfully by HARVEY on large arterial systems [15],

it was fundamentally memory-constrained, as the construction of the interior145

volume grid from shell points requires a task to temporarily own all grid points

spanning one or more box dimensions. This memory constraint is further ex-

acerbated by the challenge of choosing an initial domain decomposition that is

not severely load imbalanced. To enable the large, high-resolution simulations

of the full arterial network needed to compute ABI, it was necessary to develop150

a new highly-distributed parallel algorithm to compute the volume grid from a

surface mesh without ever collecting global information.

Figure 1: The XOR grid set up algorithm. Starting from the STL file (top left), the red cells

(top right) indicate flip points at which the ray passes through the surface. With a simple

three-dimensional domain decomposition, the bottom left figure shows the local calculation

of sidedness from the flip points. The bottom right figure shows the resulting calculation

of insideness once an exclusive-or operation is applied from left to right. Black lines denote

process boundaries and are included to guide the eye.

The first step is to distribute the surface mesh triangles equally across all

tasks. For each triangle, we need to compute the intersection points along a

chosen Cartesian axis (in this case, the x-axis) of any rays along that axis that155
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lie on grid points. This computation is most simply done by computing the

two-dimensional bounding box of the triangle in the yz-plane in grid coordinates

and using integer operations to find all possible grid points whose rays could

potentially intersect. The Möller-Trumbore intersection algorithm [29] is then

used on each ray to determine whether it intersects with a triangle. If so, the160

intersection coordinate is computed and stored. The set of these coordinates, the

‘flip points’, defines every point at which a ray sweeping from one side of the box

to the other will move from outside-to-inside the surface mesh or the converse. A

simple three-dimensional domain decomposition is then computed using planar

bounding boxes to determine the maximum possible enclosed volume of each165

yz-plane and assigning roughly equal volume to each task. Flip points are then

redistributed so that each task owns all points within its bounding box.

Within each task’s domain, the ‘insideness’ is temporarily stored as a single

bit and initially set to false. For each local flip point, the insideness of all

grid points to the right of the flip point in the x-direction is toggled. This is170

illustrated in the center panel of Fig 1. At this point, tasks whose bounding

box lie entirely inside the surface mesh are indistinguishable from tasks that

lie entirely outside, as neither task owns any flip points, thus, their insideness

array is entirely false. The final step is to carry out an exclusive-or (XOR)

at the boundaries, moving from left to right, as shown in the bottom right175

panel of Fig 1. This step propagates the boundary information across the entire

box while requiring only nearest-neighbor communication of a single scalar per

boundary point. Now each task can compute all interior and boundary points

within its bounding box and supply this information to the load balancer.

2.2.3. Load balance180

Effective load balance is a critical component of efficient parallel computa-

tion of large arterial systems. As with the lattice generation, however, it can be

challenging to load balance these systems effectively without exceeding the local

memory. To avoid exceeding the local memory, we use an efficient recursive bi-

section algorithm designed to distribute the work into increasingly smaller pieces185
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using a weighted cost function. At each level of bisection, the longest dimension

of the subdomain is binned and a histogram of the cost function is computed

by summing the contributions in each bin. A cut point is chosen that divides

the work as evenly as possible, and halves the subdomain’s tasks assigned to

each side. The load is redistributed using efficient point-to-point communica-190

tion routines and the process is repeated until each subdomain consists of only

one task. Each level of recursion requires only the tasks in the subdomain and

can thus be performed simultaneously.

This approach is both fast and lightweight, making it possible to dynami-

cally recompute load balance as needed throughout a simulation. The primary195

challenge is defining a cost function that accurately captures the real work load

of interacting domains, as only the cost of fluid and boundary nodes owned by a

given task is reflected in the function. As the number of parallel tasks increases,

the ratio of owned nodes to ghost nodes decreases and this cost function becomes

less accurate. We are exploring modifications to the algorithm that can compen-200

sate for such surface effects by adding additional weight to the costs of particles

on bisection boundaries throughout the recursion. It is also necessary to include

a small volume term to the cost function to prevent the algorithm from creating

tasks with large bounding boxes that span multiple arterial branches, as this

creates inefficiencies in both memory usage and communication.205

2.3. Validation with in vitro experiment

For the purpose of validating the computational algorithm for flow in larger

arteries, we performed a direct comparison of HARVEY with an in vitro flow

measured experimentally with particle image velocimetry (PIV). A patient-

specific aortal geometry that included a significant coarctation of the aorta was210

obtained from the Open Source Medical Software Corporation repository [30].

An optically clear aorta model was constructed from this geometry using a lost-

core manufacturing technique [31]. Experiments were conducted in a flow loop

consisting of (1) a custom piston pump, (2) the optically clear urethane model

(PolyOptic 1411 ES7, Polytek, Easton, PA) of the aorta, and (3) a reservoir filled215
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with blood analog solution [32, 33]. The aorta model was connected to the flow

loop with felxible Tygon tubing (R-3603, Ryan Herco Flow Solutions, Burbank,

CA), and placed on a custom stage to allow a laser light sheet to pass vertically

through the center-plane of the model for optical imaging. Sodium iodide-based

solution was used as the blood analog, with refractive index matching the ure-220

thane block (n=1.49), to render the urethane wall invisible and eliminate optical

distortion during particle image velocimetry (PIV) experimentation.

Velocity fields on a plane passing through the coarctation in the aorta model

were measured using PIV. A LaVision 3D Flowmaster PIV system was used

(LaVision, Ypsilanti, MI, USA) and consisted of two 1,476 × 1,040 pixel Im-225

ager Intense PIV CCD cameras with 6.45µm square pixels. The cameras were

fitted with AF Micro-Nikkor 60mm lenses (Nikon, Tokyo, Japan) with lens

f numbers of 8 and were placed in a stereoscopic configuration centered ap-

proximately 55D downstream of the inlet. A 532nm Gemini PIV dual cavity

double-pulsed Nd:Yag laser (New Wave Research, Fremont, CA, USA) and var-230

ious optics formed a 0.5mm thick, double pulsed, vertical light sheet focused at

the centerline of the coarctation in the aorta model. In the laser sheet, light

was scattered by silver coated hollow glass spheres (TSI Incorporated, Shore-

view, MN, USA) having a mean diameter between 8-12µm and a density listed

at 1.65 g/mL. The system operated in two frame cross-correlation mode, and235

standard stereo PIV procedures were followed to obtain low-noise measurements

of particle displacement and velocity with a high percentage (> 95%) of valid

vectors [34]. Acquisition for steady flow comprised of a minimum of three trials

resulting in a minimum of 200 image pairs.

Equivalent fluid, inflow, and outflow parameters were used for the in vitro240

experiment and HARVEY simulation: kinematic fluid viscosity ν = 2.05m2/s,

fluid density ρ = 1750kg/m
3
, and a volumetric flow rate at the inlet equivalent

to a Poiseuille flow profile with a maximum velocity of 0.4m/s. A free surface

condition governed the outlets in the experiment, comparable to the pressure

boundary condition used at the outlets in the simulation. HARVEY simulations245

were conducted at 100µm resolution, whereas PIV data are shown at 200µm
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resolution.

Figure 2: Flow comparison between experiment (upper left) and computation (upper right)

in a coarctation of the aorta for the magnitude of velocity v. Below, comparison of velocity

at the aorta centerline.

A direct comparison between experiment and simulation is conducted for

flow velocity through a lengthwise slice of the coarctation. Fig 2 shows re-

sults of only a small portion of the larger simulation and experiment. In these250

images, fluid flows down through a coarctation in the descending aorta from

top left to bottom right. Despite unavoidable minor differences in the geome-

tries, the qualitative aspects of the flow profile through the coarctation clearly

match. Compared with the experimental results, the computational simulations

do show somewhat more recirculation and transverse flow above the coarcta-255

tion. Nonetheless, for the velocity at the vessel centerline, we observe consistent

agreement between the HARVEY simulation and experiment over the entire re-

gion of the geometry considered. In concert with previous HARVEY validation

[35], this comparison demonstrates the validity of the numerical methodology
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in HARVEY for simulating flow in large vascular geometries.260

3. Results

3.1. Configuring a full body arterial system geometry

Figure 3: Image of arterial system geometry, with an inset of the arteries around the aortic

arch and colored by simulation results for density ρ.

The computation of ABI requires simulating blood flow in the full body,

including all large arteries. The full arterial system used in this study was based

on data from the Visible Human Project [36], which include CT and MR images265

at resolutions as high as 0.33mm pixel width and 1mm slice thickness [37].
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From these data, Segars et al. developed a 4D extended cardiac-torso XCAT

phantom, adjusted the phantom to match 50th percentile body measurements,

and created a series of 58 anatomically variable phantoms [38, 39]. Of this

series, we selected the arterial system from a single phantom for our study as270

depicted in Fig 3. Because the arterial system is, therefore, not patient-specific,

in vivo ABI measurements are unavailable and, accordingly, we make no a priori

conjecture about the health or presence of PAD in this arterial geometry.

The arterial geometry includes all arteries with maximum diameters greater

than 1mm, although these vessels may be as narrow as 300µm across at their275

minima. To prepare the geometry for HARVEY, it has been modified by ‘blunt-

ing’ the inlet at the base of the aorta and the 211 outlets throughout the body,

which flattens the inlets and outlets. Subsequently, each blunted region is ex-

truded outward by 2mm, which creates a cylindrical channel that facilitates

numerical stability around each inlet or outlet area.280

This particular geometry has asymmetries well suited for the computation of

ABI on the left and right sides of the body, due to the wide left subclavian artery

and a stenosis in the brachiocephalic artery. The ratio of the diameter of the left

subclavian to the brachiocephalic diameter in this geometry is approximately

1.62; this ratio is generally less than 1 [40]. Additionally, the geometry naturally285

has a 30% stenosis near the base of the brachiocephalic artery. For this and

subsequent stenoses, a stenosis of a given percentage is defined as a reduction

of the cross-sectional area of the artery by the given percentage in the stenoses

region.

The blood flow is initialized in a quiescent state and is driven by the inflow290

imposed at the base of the aorta. Simulations of pulsatile flow in vascular ge-

ometries can take at least 4−6 periods to produce periodic flow results, even in

simulations restricted to the aorta [41]. Because ABI is a ratio of systolic blood

pressures, the variation in pressure over a single period was not considered cru-

cial to this calculation. Further, in our model, the arterial response to pulsatile295

flow is limited by the rigidity of the vessel walls. In contrast, a steady inflow

converges to a steady-state more quickly and enables a simpler assessment of
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the numerical convergence of ABI, which is the primary goal of this study. Ac-

cordingly, a steady parabolic flow profile with a maximum velocity of 0.4m/s

is imposed at the entrance of the aorta, consistent with the average volumetric300

flow rate during the systolic phase. To approximate whole blood, the dynamic

viscosity of the fluid is 3.8cP and the fluid density is 1060kg/m3. As this study

focuses on larger arteries, blood is modeled as a Newtonian fluid subject to the

incompressible Navier-Stokes equations [42].

3.2. Computing ABI from computational fluid dynamics simulations305

Clinical protocols for ABI involve measuring systolic blood pressure in as

many as three locations on the left and right sides of the body - the brachial,

dorsalis pedis, and posterial tibial arteries. The locations of these three arteries

are indicated by the numbers 1−3, respectively, in Fig 3. In clinical practice, the

highest brachial pressure is combined with a single measurement from each ankle310

to compute two ABI values. However, in research protocols, values from all six

arteries are recorded to provide a more comprehensive result [43]. To control

for the influence of gravity on blood pressure, blood pressure is measured while

the patient is supine. As a ratio of two blood pressures, ABI is a dimensionless

metric.315

In HARVEY, pressure is measured in the left and right brachial (PB), dor-

salis pedis (PDP ), and posterial tibial (PPT ) arteries. Pressure in each artery is

computed by taking a cross-sectional slice of the vessel and averaging pressure

over the slice. Consistent with our research focus, we use measurements from

all three arteries on each side of the body to compute two ABI values for each

side. The four total ABI values are defined by the equations,

ABIL1 =
PDP
L

PB
L

ABIL2 =
PPT
L

PB
L

(5)

ABIR1 =
PDP
R

PB
R

ABIR2 =
PPT
R

PB
R

(6)

in which the (L,R) subscript indicates the side of the body and the (1,2) sub-

script denotes the ankle artery used. To match clinical practice, a gravitational
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force corresponding to a supine posture is applied over the full simulation do-

main. All ABI values are computed dynamically, with the ankle and brachial

pressures being taken at the same time t in the simulation.320

3.3. Influence of grid resolution on ABI

It is difficult to define a standard for numerical convergence of a simulation on

the scale of a full arterial system. Theoretically, the simulation domain should

not change meaningfully when resolution is increased. However, particularly

near the outlets, some arteries in the geometry are as narrow as 300µm and325

locally significant changes in the simulation domain can occur in these regions as

the resolution is increased. Consequently, beyond simply improving simulation

accuracy, we expect grid refinement may slightly alter flow patterns. Therefore,

our goal is not to demonstrate theoretical numerical convergence, but instead

to demonstrate that the computed ABI becomes effectively independent of grid330

resolution.

Res. (µm) MPI Tasks ABIL1 ABIL2 Rel. Err. ABIL1 Rel. Err. ABIL3

200 512 0.652 0.656 0.249 0.226

150 2048 0.598 0.604 0.146 0.129

125 32768 0.578 0.587 0.107 0.097

100 32768 0.538 0.548 0.031 0.024

76 131072 0.535 0.542 0.025 0.013

60 262144 0.533 0.539 0.021 0.008

50 393216 0.522 0.535 — —

Table 1: Simulation results for computed left ABIs, ABIL1 and ABIL2. Relative error is the

relative difference from ABI computed at 50µm resolution.

To assess the influence of grid resolution, simulations with steady flow are

conducted at a range of resolutions from 50 to 200µm and are run until the

ABI measurements reach steady-state values. Due to their scale and length,

simulations were conducted on Vulcan, an IBM Blue Gene/Q supercomputer335
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with 393216 cores at Lawrence Livermore National Laboratory. Simulations at

50µm resolution were run on the entire Vulcan system, whereas lower resolution

simulations were performed on fewer cores, as documented in table 1.

The influence of grid resolution is evaluated by considering the computed

left ABIs. We observe that ABI measurements using either left ankle artery340

agree well over the range of resolutions considered, deviating by 0.013 or less.

Perhaps due to the influence of gravity, ABIL2 is slightly but consistently larger

than ABIL1. Because an in vivo value is not available, relative error at each

grid resolution is computed with respect to the ABI measurement at 50µm.

This relative error decreases monotonically with increased grid resolution. As345

anticipated, we did not observe theoretical numerical convergence within the

range of resolutions considered. Nonetheless, as ABI measurements become

increasing consistent by 50µm, we did not consider higher resolutions for this

study.

Somewhat surprisingly, the ABI measurements become reasonably consis-350

tent at 100µm, varying by 3% or less from the value at 50µm. This consistency

contrasts sharply with results at 125µm, at which relative error was still ap-

proximately 10%. Apparently, for the minimum arterial diameter included in

this arterial system geometry, a threshold near 100µm resolution exists for reli-

able ABI computation. By comparison, different severities of PAD involve ABI355

classification regions of 0.2 or more, corresponding to roughly 20% of a healthy

ABI ≈ 1. In this context, the 3% error observed at 100µm does not seem un-

acceptable. Although still large, the simulation scale for a 100µm resolution

is remarkably tractable when compared with cellular-level resolutions used in

previous simulations of the full arterial system [17]. This tractability facilitates360

further study of how the degree and location of stenoses influence ABI, as begun

with reduced-order models [6, 7, 44].

3.4. Influence of vessel diameter and stenoses on ABI

Computational simulations of ABI have the potential to improve our under-

standing of the sensitivity and specificity of ABI as a diagnostic indicator. As a365
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composite metric, ABI identifies inadequate blood flow to the extremities, but

ABI does not indicate the location or severity of stenosis. We perform CFD

simulations to better understand how stenoses and other geometric changes in-

fluence the ABI of the current arterial system. We focused on two settings, the

brachiocephalic artery and the descending aorta, that address the left/right and370

ankle/brachial aspects of ABI, respectively. We conducted simulations at 100µm

resolution in each arterial system, with the same flow conditions discussed in

the previous section.

A stenosis in the arteries supplying blood to a single side of the body has

the potential to cause significantly different left and right ABI values. In the375

arterial system discussed above, we observe a low ABI (≈ 0.55) on the left, but

a more normal right ABI (≈ 0.96). We hypothesize that the primary cause of

this difference is the narrowness of the brachiocephalic artery relative to the left

subclavian artery. Like a right subclavian stenosis, this narrowness may lead

to a lower left than right ABI [45, 43]. This effect may be exacerbated by the380

outflow conditions in the simulation, which do not take into account different

downstream resistances at each outlet; thus, the conditions may overemphasize

the influence of the vascular geometry on the flow distribution.
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Figure 4: In top left, original arterial system (red) versus arterial system with enlarged bra-

chiocephalic artery (gray). In remaining images, original arterial system (gray) compared

with arterial systems with a 60% aortal stenosis (blue, top right), 80% aortal stenosis (teal,

bottom left), and two 60% aortal stenoses in series (gold, bottom right). To emphasize the

regions where the arterial geometry was modified, not all vessels are shown in these images.

This hypothesis is assessed by using mesh editing software to enlarge the
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brachiocephalic artery so that the diameter is approximately equal to the left385

subclavian, as illustrated in the top left of Fig 4. Results for both left and

right ABIs with the widened brachiocephalic are shown in Fig 5, compared

with the unmodified original geometry. As hypothesized, simulations show an

increased volumetric blood flow rate to the right arm and produce similar left

(0.53 − 0.54) and right (0.57 − 0.58) ABI values. This result indicates the390

potential for investigating the influence of a given stenosis or other geometric

feature by modifying it with mesh generation software and observing the change

in ABI due to the modification.

Figure 5: Left and right ABI for arterial systems with, from left to right, an enlarged brachio-

cephalic artery (gray), the original arterial system (red), a single 60% aortic stenosis (blue),

two 60% aortic stenoses in series (gold), and a single 80% aortic stenosis (teal).

Conversely, a stenosis in the descending aorta is expected to symmetrically

decrease left and right ABIs [3]. Three possible settings are considered: a395

single 60% aortic stenosis, a single 80% aortic stenosis, and two 60% aortic

stenoses in series. We used mesh editing software to create arterial systems with

these stenoses, as illustrated in Fig 4, and we conducted simulations with the

same parameter used above. Results shown in Fig 5 indicate that these arterial
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systems produced a symmetric decrease in left and right ABIs: a 16 − 20%400

decrease for the 60% stenosis, 33− 35% for the two 60% stenoses in series, and

54− 61% for the 80% stenosis.

Previous computational studies do not make clear the ability of ABI to reflect

the contributions of multiple stenoses. Clinical tests typically focus on ABI for

a single stenosis, but additional stenoses elsewhere may obscure the relative role405

of the single stenosis in determining ABI [46]. In our simulations, the decrease

in ABI for two 60% stenoses in the descending aorta is approximately twice the

decrease for a single 60% stenosis, leading to the intuitive conclusion that the

influence of multiple stenoses on ABI within a single blood vessel is cumulative.

Further, analysis of in vivo ABI data has indicated that ABI has a higher410

sensitivity for severe stenoses [47]. The model of Li et al. showed similar results

for stenoses in several leg and arm arteries [7]. Our simulations are consistent

with this trend, as the 80% stenosis causes a much larger decrease than even

two 60% stenoses.

3.5. Outlook415

We have developed a scalable computational framework for simulating blood

flow in vascular geometries. Because the algorithms used for generation of the

three-dimensional simulation domain, for balancing the computational load,

and for performing the flow simulation are highly parallelized and scalable,

simulations with this framework may be conducted on very large supercom-420

puters. This computational performance allows for hemodynamic simulations

to be conducted on large portions of the vasculature and at high resolutions.

This capability enables computation of a clinical diagnostic indicator, ABI, that

characterizes the flow of blood in the full arterial system.

Although previous studies have computed ABI with reduced-order models,425

three-dimensional CFD simulations like those conducted here are a significant

improvement by enabling the use of vascular geometries derived from imaging

data. Imaging data allow the model to incorporate factors like vessel shape that

cannot be easily incorporated in reduced-order models. The influence of vessel
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geometry on blood pressure has been clearly shown, for instance, on patients430

with a surgically repaired coarctation of the aorta [48, 49]. Further, lumped-

parameter models may be integrated into the CFD simulation to define unique

outflow conditions for each outlet. By using imaging data and coupling with

reduced-order models, model fidelity for computing ABI can be significantly

improved with three-dimensional CFD.435

Further, large scale CFD simulations of ABI have the potential to improve

clinical care of patients with PAD. Individual arteries or the entire arterial

system from patient-specific imaging data may be used to compute a patient-

specific ABI. The usage of imaging data from a specific patient opens the pos-

sibility of using three-dimensional CFD to assist clinicians in identifying the440

artery or arteries that require treatment for PAD. Computing a patient-specific

ABI would also enable validation of the computational framework with patient-

specific in vivo ABI measurements, a topic we will address in future work. Once

validated, we will attempt to quantify the influence on different physiological

conditions on ABI and investigate the association of ABI with other risk factors445

such as endothelial shear stress and local pressure gradients. Our long-term goal

is to develop a robust, patient-specific tool that can be used for both diagnostic

tests and personalized treatment planning.
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