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PURPOSE. This study explored the relationship among microvascular parameters as
delineated by optical coherence tomography angiography (OCTA) and retinal perfusion.
Here, we introduce a versatile framework to examine the interplay between the retinal
vascular structure and function by generating virtual vasculatures from central retinal
vessels to macular capillaries. Also, we have developed a hemodynamics model that
evaluates the associations between vascular morphology and retinal perfusion.

METHODS. The generation of the vasculature is based on the distribution of four clinical
parameters pertaining to the dimension and blood pressure of the central retinal vessels,
constructive constrained optimization, and Voronoi diagrams. Arterial and venous trees
are generated in the temporal retina and connected through three layers of capillaries
at different depths in the macula. The correlations between total retinal blood flow and
macular flow fraction and vascular morphology are derived as Spearman rank coeffi-
cients, and uncertainty from input parameters is quantified.

RESULTS. A virtual cohort of 200 healthy vasculatures was generated. Means and standard
deviations for retinal blood flow and macular flow fraction were 20.80 ± 7.86 μL/min
and 15.04% ± 5.42%, respectively. Retinal blood flow was correlated with vessel area
density, vessel diameter index, fractal dimension, and vessel caliber index. The macular
flow fraction was not correlated with any morphological metrics.

CONCLUSIONS. The proposed framework is able to reproduce vascular networks in
the macula that are morphologically and functionally similar to real vasculature. The
framework provides quantitative insights into how macular perfusion can be affected by
changes in vascular morphology delineated on OCTA.

Keywords: macula, computational model, sensitivity analysis, hemodynamics, digital
twins, in silico model

The retina is a highly oxygen-dependent, complex band
of tissue at the back of the eye that plays a key

role in visual function. It requires close interplay among
many different cell types and supporting structures, includ-
ing a complex vascular system.1 As a result, the retina
is sensitive to small changes that may lead to loss of
visual functions. In silico modeling has the potential to
offer insight into the complex interactions between the
retinal environment and the underlying causes of retinal
diseases. In particular, virtual populations and in silico clin-
ical trials are a promising way to enhance basic research
and clinical trials.1 Optical coherence tomography angiog-
raphy (OCTA) is a non-invasive imaging modality that
offers three-dimensional, high-resolution angiograms of the
macula, which is the central-most area of the retina. Several
microvascular metrics, such as vessel density and fractal
dimension, have been suggested to quantify the quality

of the microvasculature on OCTAs.2 Using those metrics,
several microvascular changes have been linked not only
with aging and diseased retinae3–7 but also with cere-
brovascular changes and cardiovascular diseases.8–10 For
the brain and heart vasculatures, virtual populations have
been developed, but similar work is yet to be done for
the retinal vasculature or for the linked cerebral–retinal
vasculature.1

Alterations to the retinal and choroidal vasculature are
expected to negatively affect the perfusion of the retina.
Ischemia and hypoxia are likely involved in the pathogen-
esis of several retinal diseases, particularly in neovascular
diseases such as neovascular age-related macular degen-
eration, proliferative diabetic retinopathy, or retinal vein
occlusion, which are characterized by pathological growth
of blood vessels through angiogenesis.11 Although angio-
genesis and vascular endothelial growth factor (VEGF)
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are essential to the development of the vascular and in
maintaining physiological conditions, the upregulation of
VEGF is involved with the development of pathological
neovasculature.12,13 Hypoxia is a known upregulating factor
of VEGF, and targeting ischemia-induced angiogenic path-
ways might improve treatment outcomes.14

Retinal oximeters provide a way to analyze oxygen satu-
ration in some of the larger blood vessels of the superficial
retina. However, experimental measurements in the tissue
and in the capillaries of the retina remain difficult or inva-
sive, so there is still uncertainty regarding the role of hypoxia
in the pathogenesis of neovascular diseases. Furthermore, it
also remains unclear how changes in microvascular metrics
computed on OCTAs relate to the quality of blood perfu-
sion. Computational models of the retina and its vasculature,
combined with mathematical models of hemodynamics and
oxygen transport, can help to link vascular structure and
function.

Retinal hemodynamics and oxygenation have received
considerable attention from the modeling community in
recent years.1,15–24 Compartmental models15,18,21 and/or
symmetrical branching networks18,22,23 are used in many
of these models. These approaches are favored for their
simplicity and adaptability to systems with limited infor-
mation; however, they fail to reproduce the complexity
and heterogeneity of the retinal vasculature.24 In contrast,
models based on vascular networks reconstructed from
imaging data16,20 are more faithful to the morphology of
the retina, but the reconstruction of the network is arduous;
therefore, only a limited number of eyes can be modeled.
Space-filling algorithms offer a way to circumvent these
problems by generating heterogeneous networks with char-
acteristics similar to those of real vasculature.17,25,26 For
example, Causin et al.17 used diffusion-limited aggregation
because it creates structures with a fractal dimension simi-
lar to that of retinal vasculature. The class of space-filling
algorithms referred to as constrained constructive optimiza-
tion (CCO) algorithms is another approach that includes
rules and constraints meant to reproduce the angiogenesis
process.25,26 It has been applied to the retinal vasculature27,28

but only to create synthetic data for deep-learning applica-
tions.

Vascular morphology has been established as a
biomarker for the development, progression, and prognosis
of several retinal diseases,29,30 including diabetic retinopa-
thy31,32 and age-related macular degeneration.6,33 Changes
in these metrics may indicate impairment to retinal or macu-
lar blood flow, which could contribute to development of the
disease. However, quantifying these impairments in a suffi-
ciently large population is challenging with conventional
experimental techniques.

The modeling framework presented here can quantify
these impairments in large virtual populations. The model
captures the complexity of the macular vasculature and is
able to link imaging biomarkers with physiological param-
eters. Our study sought to (1) develop a method for gener-
ating coherent vascular networks in the retina and macula,
adaptable to virtual population generation; (2) propose a
mathematical model of blood flow in the virtual vascula-
tures; and (3) quantify associations between macular vascu-
lar morphology and hemodynamics parameters in a healthy
retinal population. All three capillary layers were modeled
in the macula. We then compared the microvascular struc-
ture of the model with OCTA measurements and validated
the blood flow model against two independent experimen-

tal studies. A global sensitivity analysis of the hyperparam-
eters of the method is detailed, laying the foundation for
generating tailored retinal populations based on the distri-
bution of morphological metrics. The uncertainty quantifi-
cation results then presented show the robustness of the
predictions of our model.We also provide a discussion of the
results and summarize the conclusions and future perspec-
tives.

METHODS

In this section, we describe the proposed models, the model
that generates the retinal vasculature from the macro- to
microscale, and the proposed hemodynamic model.

Structural Model

The structural model generates retinal vasculature from the
macroscale (arteries, arterioles, veins, and venules) to the
microscale (capillaries). Macroscale vasculature is generated
on the temporal retina, starting from the central retinal artery
(CRA) and ending in the central retinal vein (CRV). First, a
statistical shape model36 of the major temporal arcades was
developed using a fundus photographs dataset. The remain-
ing superficial temporal vasculature was partially generated
with a CCO algorithm.26

Microvasculature is generated in the macula area
(see Fig. 1) across three vascular layers—namely, the super-
ficial vascular plexus (SVP), intermediate capillary plexus
(ICP), and deep capillary plexus (DCP), arranged as parallel,
planar layers at fixed depths z. In contrast, the macrovascu-

FIGURE 1. Architecture of the retina. (A) Landmarks of the retina
on a 45° field-of-view colour fundus photograph from the DRIVE
dataset.34 (B) Histology imaging of the three capillary layers of
the macula. White arrows show connecting vessels between plexi.
Image was adapted from the work of An et al.35 and is available
under a CC BY-NC-ND license.
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TABLE 1. List of Model Parameters and Their Ranges

Population Parameters Description Value (Mean ± SD)

rCRA Radius of the central retinal artery (μm) 81 ± 849

vCRA Blood velocity in the central retinal artery (cm/s) 6.3 ± 1.249

MAP Mean arterial pressure (mmHg) 84 ± 649

IOP Intraocular pressure (mmHg) 11.1 ± 2.150

Macrovasculature Parameters Description Value (Stages 1, 2, 3)

Nterms Number of terminal vessels, n 200, 150, 75
ppre-capillary Target pressure at terminal vessels (mmHg) 30, 23, 23
rretina Radius of the modelled region, centered around the fovea (mm) 15
rperifovea Radius of the perifoveal (or macular region) (mm) 3
rparafovea Radius of the parafoveal region (mm) 1.5
(σ , μ, r0) Parameters of the log-normal distribution giving the distance of

new terminal vessels from the center of the fovea as
r = r0 + eμ+σ Z, with Z ∼ N(0,1)

4, –0.5, 0.02 for all stages

δ Minimal radius symmetry ratio at bifurcations in Equation 1 0.8, 0, 0
θmin Minimum bifurcation angle in Equation 1 (deg) 60, 60, 60
γ Murray’s law coefficient in Equation 1 3, 2.85, 2.8522,41

η Starting point of the fixed-point iterations for the effective
viscosity model used by the CCO algorithm26 (cP)

0.3622

lfr lmin correction step factor (Equation 2) 0.8, 0.5, 0.5
v Perfusion area factor of the CCO algorithm (Equation 2) 1, 1, 1
fn Neighborhood factor for finding candidate bifurcation points 1, 1, 1

Microvasculature Hyperparameters Description Value (SVP, ICP, DCP)

Nseeds Number of seeds used to generate a capillary bed, n 5500, 16,000, 10,500
rcapillary Radius of capillaries (μm) 2.5, 2.5, 2.5
rFAZ Radius of the foveal avascular zone (mm) 0.25, 0.25, 0.2551

z Plexus depth (μm) 0, 135, 18051

lature is only generated in the SVP. This is because the ICP
and DCP are composed of capillaries in the perifovea and
merge with the SVP outside the macula.37

Macrovasculature.
Statistical Shape Model. Major temporal arcade vessels

were manually segmented from the DRIVE dataset.34 The
major temporal arcade vessels correspond to the four vessels
(two veins, two arteries) that branch directly from the CRA
and CRV and extend toward the superotemporal and infer-
otemporal quadrants of the retina, as shown in Figure 1A.
Vessel centerline segmentations, from their branching at
the level of the optic disc to the boundary of the fundus
photograph (Fig. 1A, orange area), were extracted from
eight color fundus photographs of eyes without retinopa-
thy and centered at the fovea. Segmentation was performed
using the Freehand Line tool in ImageJ 1.48 (National Insti-
tutes of Health, Bethesda, MD, USA).38 The pixel coordi-
nates for each curve were extracted and translated so that
the fovea was at the origin. This ensures that the model
learns the distance between the optic disc and the fovea
and between the arcades and the fovea, which may have
importance in disease.39 For images of right eyes, curves
are reflected across the y-axis so that all shapes correspond
to left eyes (i.e., the optic disc will be on the left-hand
side of the image). A simple principal component analysis–
based statistical shape model learns the shape of all four
temporal arcade vessels based on the location of inflexion
points along the vessels (see Supplementary Material S1).
The generated shapes are converted to length units using the
rule of thumb for fundus photographs: 10° ≈ 5 mm, where
the angle describes the field of view of the fundus camera.
The generated vessels are linked to the CRV or CRA accord-
ingly and assume initially the same radius as the central reti-
nal vessels. The radius of the CRA is given in Table 1, and
the radius of the CRV is larger by a factor of 1.1.1.40 The radii

of vessels other than the CRA and CRV are updated during
the generative process, as described below.

Arterial/Venous Branching Trees. The statistical shape
model produces pairs of temporal arcades: one arterial
linked to the CRA, one venous linked to the CRV. This section
describes how an arterial and a venous tree is generated
for each arcade. At this stage, trees are structured branch-
ing trees using a space-filling algorithm. The algorithm is
a modification of the CCO algorithm.26 With the CCO, trees
are grown to minimize the total volume of the tree while, for
each addition of vessel segments, keeping a constant pres-
sure drop from inlet to outlet and satisfying several geomet-
rical constraints. The hemodynamic model used by the CCO
algorithm is similar to Equations 5 to 7 but with a different
viscosity model.26 Viscosity is computed with a fixed-point
scheme with starting point η. The geometrical constraints
affect the radius of branches,41 the symmetry of branches,
and the branching angle and aspect ratio of new segments.26

Specifically, when rp, r1, and r2 represent the radius of the
parent vessel and the two daughter branches, respectively,
and θ is the angle between the two branches, the following
constraints apply:

rγ
p = rγ

1 + rγ
2 ,

min (r1, r2)
max (r1, r2)

> δ and θ > θmin. (1)

Further constraints ensure that the generated tree
provides a relatively homogeneous coverage of the domain.
Namely, for a tree grown in a domain � ⊂ R

2 with N termi-
nal vessels, the location for a new terminal vessel is rejected
if it is less than

lmin =
(

ν

π (N + 1)
∫� dA

)1/2

. (2)
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If 20 consecutive points fail to satisfy Equation 2, lmin is
reduced by a factor lfr.

In addition to the original CCO algorithm constraints, tree
growth is geometrically constrained to prevent vessels from
crossing the line that passes through the optic disc center
and the center of the fovea, which separates the superior and
inferior halves of the retina. Additionally, we used a custom
log-normal probability distribution (see Table 1) to select
the location of new vessel segments to mimic an angiogenic
process biased toward the fovea while keeping the foveal
avascular zone (FAZ) free of vessels. Indeed, the fovea has a
higher concentration of cells and therefore greater metabolic
needs compared to the rest of the retina.42 For a candidate
terminal vessel located at xnew, the CCO algorithm finds the
most suitable vessel within a radius fn × (∫� dA)

1/2 of xnew
that satisfies the above geometrical constraints.

The CCO algorithm is applied in three stages, within three
circular regions: in a disk of radius rretina (i.e., the entire
computational domain), in an annulus with radii rparafovea
and rperifovea, and finally in a disk of radius rparafovea (Fig. 1).

To simulate growth biased toward the fovea while keep-
ing the FAZ free of vessels, the coordinates of a segment
endpoint are given by x = (rcosθ , rsinθ), where θ is the
opening angle and follows a uniform distribution over the
interval [0, 2π ] and r is the distance to the center of the
macula, as shown in Figure 1A, and follows a log-normal
distribution (see Table 1). Arteriovenous networks of the
superficial vascular plexus are generated in three steps: (1)
the CCO algorithm is applied to create a backbone of larger
arterioles and venules from the arterial and venous arcades.
The arterial and venous backbones are grown separately in
the first step. For each tree, the CCO algorithm requires volu-
metric blood flow at the root (CRA or CRV) and a pres-
sure drop across the vasculature. Blood flow in the CRA
is computed from its radius and blood flow velocity. From
conservation of mass, blood flow is the same in the CRV.
Ocular perfusion pressure (OPP) refers to the pressure drop
between the CRA and CRV, namely:

OPP = pCRA − pCRV . (3)

Pressure in the CRV is assumed equal to intraocular pres-
sure (IOP).21,43,44 Pressure in the CRA is estimated from the
mean arterial pressure (MAP)21,43,44:

pCRA = 2

3
MAP. (4)

The pressure drops across the vascular trees are set to
ppre-capillary – pCRV for the venous tree and pCRA – ppre-capillary
for the arterial trees. The value of ppre-capillary is taken from
pressure in pre- and postcapillary vessels in the theoretical
model by Takahashi et al.22

Microvasculature. At the macroscale, arterioles and
venules generally follow a bifurcating structure, with parent
vessels giving rise to two daughter branches. The CCO
algorithm follows this logic to create vascular trees. At the
microscale, however, capillaries tend to form complex nets,
forming loops and anastomoses35 that are incompatible with
the logic of the CCO algorithm. Therefore, we adopted the
method proposed by Linninger et al.25 to generate capillary
beds connecting the arterial and venous trees. In short, a
disk of the size of the macula (see Table 1) is meshed with
a Delaunay triangulation generated from Nseeds randomly
sampled points within the disk. The centroids of the trian-

gles are used to generate a Voronoi diagram. In brief, a
Voronoi diagram partitions the plane into polygonal regions
centered around input points. The edges of the polygons
form the capillary bed. In the SVP, capillaries coexist with
arterioles and venules but should not intersect them; there-
fore, capillaries intersecting with arterioles or venules are
removed from the capillary bed. This also creates a capillary-
free region that is found surrounding arterioles in the SVP.35

In the SVP, a proportion α of arterioles and venules and all
terminal vessels within the macula are connected to the near-
est capillary. Because of the lack of specific data, α was arbi-
trarily set to 40% in all simulations unless specified other-
wise.

Interplexi connections are subject to debate.18,35,45

Because the ICP and DCP are modeled in the macula only,
interplexi connections are based on the findings by An et
al.35 in the parafovea. Specifically, arterioles and venules
within the macular area of the SVP bifurcate to the ICP,
and those branches immediately bifurcate to the DCP. This
corresponds to the most prevalent patterns in the histology
study.35 From the SVP, 30% of the arterioles and venules were
selected for bifurcation to the ICP, and the bifurcation points
were added in the middle of the selected vessels.

All capillary segments are initially given the same radius
(rcapillary) unless they are connected to an arteriole or venule,
in which case their initial radius is twice that of other capil-
laries. Diameter transitions at bifurcations are smoothed
using the method proposed by Linninger et al.25 In short,
the diameter of a segment becomes the average of the diam-
eters of itself and of the parent and daughter branches.

When all vascular segments have been assigned a radius,
the last necessary step for hemodynamics simulation is to
find the flow direction in the capillary network created
by the Voronoi diagram. This can be achieved by using
the diffusion equation. Representing the vasculature as a
graph, values are assigned to nodes: 1 for arterial nodes, 0
for venous nodes, and 0.5 for capillary nodes. The graph
Laplacian of the vasculature is used to update the nodal
values, creating gradients along edges (vessel segments).
These gradients provide an ordering of the capillaries, from
high to low value, which ensures that the graph stays acyclic,
which is a necessary condition for hemodynamics simula-
tions.

Hemodynamics Model

Blood is modeled as an incompressible, Newtonian fluid
flowing in a network of connected tubes by the Hagen–
Poiseuille equation. This modeling framework considers the
vasculature as an arrangement of connected, straight tubes
(see the example shown in Fig. 2A), across which pressure
drop �p, vascular resistance R, and volumetric blood flow
Q are related by

Q = �p

R
. (5)

Vascular resistance is a function of tube radius r, length
l, and blood viscosity μ, as follows:

R = 8μl

πr4
. (6)

Blood is a non-Newtonian fluid and is subject to the
Fåhræus–Lindqvist effect46 in the microcirculation. Non-
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FIGURE 2. (A) A visualization of one generated vasculature. The hemodynamics simulations use blood pressure at the CRA and CRV as
inputs. Outside the macula, terminal arteries are linked to a compartment through an artificial resistance R which redistributes the flow to
terminal veins through connections with the same resistance R.. In the macula, capillaries connect arteries to veins across three vascular
plexi. (B) Zoomed-in view of the dense macular region from A. (C) En face view of the generated SVP in the temporal region and the macula
(zoomed-in inset).

Newtonian effects are accounted for by a diameter- and
hematocrit-dependent, empirical, effective viscosity law47:

μ(D) =
[
1 + (μ0.45 − 1)

(1 −HD )C − 1

(1 − 0.45)C − 1

(
D

D − 1.1

)2
] (

D

D − 1.1

)2

, (7)

where D is the vessel diameter in microns and HD is the
discharge hematocrit:

μ0.45 = 6e−0.085D + 3.2 − 2.44e−0.06D0.645
, (8)

and

C = (
0.8 + e−0.075D

) (
−1 + (

1 + 10−11D12
)−1

)
+ (

1 + 10−11D12
)−1

, (9)

the discharge hematocrit is kept constant at 45% in this
work. Considering the relatively small caliber of retinal
vessels, Equations 5 to 9 apply to the entire vasculature.47

In the macular area, the vasculature is fully connected,
with arterioles connecting to venules through capillaries;
therefore, no boundary conditions are needed. Outside
the macula, however, the first stage of the CCO algo-
rithm detailed earlier leaves terminal vessels with no further
branches on the arterial and venous sides. This happens
as a result of not generating the full extent of the periph-
eral vasculature. To close the vascular network, these termi-
nal vessels must somehow be linked to the CRA/CRV, or

hemodynamics in those vessels need to be explicitly given
as boundary conditions of the model. In the absence of
adequate data on hemodynamics for those vessels, we chose
to instead link the terminal vessels through a compartment,
as shown in Figure 2A. This avoids the need for boundary
conditions. All terminal arteries outflow into the compart-
ment through artificial vessels with a resistance R. All termi-
nal veins drain the vascular compartment through artificial
vessels with the same resistance. For baseline simulations,
R = 1 × 106 mmHg s/mL was selected such that the hemo-
dynamic parameters’ distribution across the vasculature is
similar to experimental data.19,48

Validation Metrics

Six morphological metrics were used for comparison with
OCTA:

• Four of the indices proposed by Chu et al.2: vessel area
density (VAD), vessel skeleton density (VSD), vessel
diameter index (VDI), and vessel complexity index
(VCI), computed according to Equation 10

• Fractal dimension (FD), computed with a box-counting
method4

• Intervessel distance (IVD), computed with Euclidean
distance transform.52

Only VAD and FD were used in the ICP and DCP.
For each plexus, VAD was used in the model develop-

ment stage to determine appropriate values for two of the
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hyperparameters: Nterms and Nseeds (see Table 1). Both IVD
and FD require skeletonized, pixelized images of the vascu-
lature to be computed. To create those, generated macular
vessels are mapped to a white canvas, then saved as binary
images.

The Euclidean distance transform was used to compute
IVD, and a box counting method was used to estimate FD.
The remaining metrics were computed from the cumulated
length (L = ∑

i∈V li) and cross-section area of vessels (A =∑
i∈V 2rili) within a given plexus and inside a field of view

of area X as follows:

VAD = A
X , V SD = L

X , VDI = A
L , VCI = (2L)2

4πA . (10)

These metrics have been proposed as proxies for the average
caliber, length, and overall complexity and quality of the
vasculature on an OCTA.2

Vessels are assigned a stream order, or Horton–Strahler
order. In brief, capillaries are assigned an order of 0, and
then, moving upstream for arteries or downstream for veins,
the orders are assigned as follows35:

• If the vessel has one branch of order i and all other
branches are of order less than i, then the order of the
vessel is i

• If the vessel has two or more branches of order i and i
is the largest order among the branches, then the order
of the vessel is i + 1.

From the hemodynamics simulations, two variables were
extracted to quantify macular perfusion: retinal blood flow,
defined as the volumetric flow rate of blood entering the
retina, and themacular flow fraction, defined as the percent-
age of retinal blood flow entering the macula. Spearman
correlation coefficients were calculated for both hemody-
namics variables and against each morphological metric. We
derived 95% confidence intervals (CIs) using bootstrapping
(N = 1000).

Sensitivity Analysis

The method presented in this work relies on several hyper-
parameters. Those parameters are described below and
in Table 1 and in more detail in Talou et al.26 for CCO
algorithm–specific parameters. The values for these parame-
ters either are unknown (e.g., Nterms) or are subject to uncer-
tainty in their measurement (e.g., δ, γ ). We performed a
variance-based sensitivity analysis to decompose the vari-
ance in the output of the model (Var[Y]). Sobol indices
summarize the importance of sets of inputs Xi with indices
between 0 and 1.53 In this work, we report first (Si) and total
(STi) order indices, which are often enough to understand
parameter importance.53 In short, Si quantifies the contribu-
tion of Xi alone, and the STi quantify its total contribution—
namely, its first-order contribution plus all the higher order
contributions.53 Further details can be found in the Supple-
mentary Material.

Uncertainty Quantification

Uncertainty quantification aims at assessing the credibility of
the prediction of a model.54,55 For the hemodynamics model,
uncertainty stems from two parameters: OPP (Equation 3)
and R. To quantify the uncertainty brought on by the corre-

lation coefficients, the same experiment was reproduced for
45 different scenarios where

• The resistance parameter R was set to 5 × 105 mmHg
s/mL, 1 × 106 mmHg s/mL, and 5 × 106 mmHg s/mL.

• OPP was set to 80%, 100%, and 120% of its baseline
value

• The fraction α was varied between 0.2 and 0.6 by incre-
ments of 0.1.

RESULTS

A virtual population of 200 healthy vasculatures was gener-
ated. The population parameters were sampled from normal
distributions as specified in the “Population Parameters”
section of Table 1. All other parameters were kept at their
baseline values, given in Table 1. Hemodynamics simula-
tions were performed for each virtual vasculature using the
virtual individual’s OPP. The mean ± SD for OPP was 45.2
± 4.2 mmHg (range, 32.83–56.0). The parameter vCRA was
not used in the hemodynamics simulations.

Validation of the Network Structure and
Hemodynamics

The morphology of the macula, within a disk of diame-
ter 3 mm centered at the fovea, is compared to literature
values of the same parameters computed on OCTAs2,4,52 in
Figure 3.

Figure 4 shows vessel diameters for each stream order in
the macula. The distribution is similar to histological data.35

Mean diameters were smaller in the model but lay within the
reported ranges for each order. The ratio of average arteriole
diameter to average venule diameter increased from 0.92 ±
0.09 in order 5 vessels to 0.95 ± 0.05 in order 1 vessels. For
all orders combined, the ratio was 0.937 ± 0.031, which is
consistent with experimental measurements of 0.9 ± 0.1.40

From the hemodynamics simulations, the means ± SD
for retinal blood flow, blood velocity in the CRA, and macu-
lar flow fraction were 20.80 ± 7.86 μL/min (range, 5.01–
60.45), 1.62 ± 0.30 cm/s (range, 0.87–2.6), and 15.04%
± 5.42% (range, 4.92–32.74). On average, retinal blood
flow in the model was lower compared to experimental
studies that have reported means of 30 to 40 μL/min.19,48

Blood velocity in the CRA was also lower in the model
compared to the average of 6.3 cm/s reported by exper-
imental work.49 Figure 5A compares blood velocity along
the vasculature with experimental studies.19,48 Addition-
ally, these studies reported volumetric blood flow rates
against diameter. These distributions are compared with
those of the model in Figure 5B. In the venous circula-
tion, model predictions of flow and velocity were consis-
tent with experimental data. On the arterial side, both veloc-
ity and flow were visually lower compared to the same
studies.

Four Structural Variables Are Strongly Linked to
Retinal Function

We next look to understand how the morphology of the
macular vasculature affects the hemodynamics of the retina
and of the macula using our model. Figure 6 shows the
Spearman correlation coefficients for each variable. Verti-
cal lines show the threshold typically used for a correla-
tion to be considered moderate (dotted lines) and strong
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FIGURE 3. Comparison of the morphology of virtual vasculatures in the macula against OCTA measurements. Dots show the mean value
reported by independent studies (VAD56, VSD56, VDI57, IVD52, FD458 in the SVP; VAD59, FD458 for the ICP and DCP) for healthy eyes. Model
values are shown as box and whisker plots. Whiskers extend to the minimum and maximum within 1.5 times the interquartile range. Unless
otherwise specified, the metrics relate to the SVP.

FIGURE 4. Box-and-whisker plot of the diameter of virtual vessels in the macula for each Horton–Strahler order. On average, close to 5000
vessel segments were analyzed for each vasculature. Whiskers extend to the minimum and maximum within 1.5 times the interquartile
range. For comparison, lines show the mean (solid line) and quartiles (dashed lines) from experimental data.35

(dashed lines). For the healthy virtual cohort, the model
found only VAD, VDI, VCI, and FD of the SVP to be predic-
tors of retinal blood flow. The correlations with the macu-
lar flow fraction were all below 0.25, showing weak or no
correlations.

Sensitivity Analysis and Uncertainty
Quantification

Minimum Branching Angle Dominates Struc-
tural Variability. Figure 7A shows the Sobol indices
for 10 hyperparameters computed with the Python library
SALib60,61 using around 11,000 simulations. The parame-
ters were sampled uniformly within the ranges presented
in Table 2 using the algorithm developed by Saltelli.62

For most metrics, all parameters share a similar total
order and small first order. Notably, θmin stands out as the
most influential overall, explaining around 50% of the vari-
ance in FD and most of the variance in VSD (Si = STi
≈ 1) by itself. Other parameters of interest include Nseeds

for the SVP, Nterms or the second stage of the CCO algo-
rithm, and, to a lesser extent, lfr. These results indicate
that those four parameters are enough to produce a virtual
population with interpopulation variability, at least in the
SVP.

Macular Flow Fraction Is Independent of OPP.
The results presented earlier rely on several hypotheses and
parameters that introduce a degree of uncertainty. Across all
scenarios, the mean total retinal blood flow varied between
–30.0% and 38.3% of baseline values, and the macular flow
fraction varied between –47.1% and 12.9%. The results for
the nine scenarios where α was kept at its baseline value
are shown in Supplementary Table S1. Variation in OPP had
almost no effects on macular flow fraction (Pearson’s r2 <

10–3 for all values of R) but was linearly correlated with total
retinal blood flow (r2 > 0.89 for all values of R). The coeffi-
cients are given for those nine scenarios in Supplementary
Table S2. Parameter α was not correlated with either of the
hemodynamic variables (r2 < 10–2 for all variations of OPP
and R).
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FIGURE 5. Blood velocity (A) and volumetric blood flow rate (B) distributions against vessel diameter in the virtual vasculatures compared
with two independent experimental studies.19,48 Blood vessels from the simulations are binned into hexagons. Color maps show the prob-
ability density across the 200 virtual individuals.

FIGURE 6. Spearman correlation coefficients testing for monotonous correlations between morphology and hemodynamics of the macular
vessels. Values closer to 1 or –1 indicate stronger correlations. The 95% CIs were estimated using bootstrapping.

DISCUSSION

A virtual cohort of 200 healthy patients was generated and
analyzed. The generated vasculature showed good agree-

ment, structurally, with experimental and clinical measure-
ments. The hemodynamics model showed good qualitative
and quantitative agreement with two independent exper-
imental studies. The model predicted strong associations
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FIGURE 7. Results of the global sensitivity analysis. (A) The bars show the first-order (Si) and total-order (STi) Sobol indices for each
hyperparameter of the method with respect to each morphological metric of the superficial vascular plexus. The error bars show the 95%
CIs for the indices. (B) Convergence of the indices was checked by plotting the values of the indices with an increasing number of simulations
used for their computation.

TABLE 2. Ranges for the Hyperparameters for the Computation of Sobol Indices

Nterms Stage 2 Nterms Stage 3 lfr δ η γ v θmin fn Nseeds SVP

[300, 500] [200, 400] [0.1, 0.9] [0.1, 0.9] [0.2, 0.5] [0.2, 0.5] [2, 3] [0, 72] [0, 5] [300, 700]

between several microvascular parameters and total retinal
blood flow.

Validation

We validated the models against experimental data. The
morphology of the SVP was within the ranges of values
found in the literature for healthy retinas, as quantified by
OCTA.2,4,52,56,58 In the ICP and DCP, VAD was very close to
values reported in a histology study,59 but IVD was larger
in both plexuses compared to OCTA data.52 This was more
marked in the ICP compared to the DCP. The morphol-
ogy of the microcirculation delineated on OCTA is sensi-

tive to several factors, including scan postprocessing56,57 and
segmentation of the different plexuses, which makes direct
comparison complicated.

The morphology of the ICP and DCP vasculature was very
homogeneous across the generated cohort, as indicated by
the small standard deviations in Figure 3. As demonstrated
in the SVC by the sensitivity analysis, this may be resolved
by varying Nseeds, although reasonable bounds need to be
defined.

Figure 4 shows that the distribution by the model of diam-
eters across Horton–Strahler order was similar to a histolog-
ical study.35 However, capillaries were smaller in our model
compared to the data. In the study by An et al.,35 capillar-
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ies were any vessel with diameter smaller than 8 μm. In our
model, capillaries were assigned a diameter of 5 μm or 10
μm if they were directly connected to an arteriole or venule.
This strategy may be too simplistic to represent the spread of
diameters in the vascular bed. Others have suggested updat-
ing the diameter of vessels based on blood pressure from
a first hemodynamics simulation.25 More in-depth analysis
of the capillary beds is necessary in order to develop an
appropriate strategy. In the meantime, sensitivity analysis
and uncertainty quantification can help improve the relia-
bility of the model.

Figure 5 shows that the predictions by the model of blood
velocity and flow across the vasculature were consistent with
experimental data. However, for the arterial circulation, both
flow and velocity were slightly lower in the model.19,48 Simi-
larly, blood flow and velocity in the CRA were both lower in
the model compared to experimental data.19,48,49,63 As seen
in Equations 5 and 6, blood flow and velocity are respec-
tively proportional to the fourth and second power of vessel
radius. Therefore, an increase in radius by a factor of

√
2

≈ 1.4 for velocity and 4
√
2 ≈ 1.18 for flow would be suffi-

cient to double the predictions of the model. It is unclear
whether vessel diameter measurement in experimental stud-
ies19,48 has included the vessel wall in the measurement.
We assumed that the diameters were those of vessel lumen,
which could lead to an overestimate of lumen radii between
20% and 35% for larger temporal arteries.64–66 In experimen-
tal studies, the same relation between flow and radius is
assumed, and blood flow is estimated from velocity v and
diameter D measurements as Q = vπD2/4. Therefore, even a
small measurement error in vessel diameter combined with
error in measurement in velocity still results in large devia-
tions from the true blood flow. Both measurements are chal-
lenging and prone to errors.67 To test this hypothesis, we
reduced by 20% the lumen diameter of arteries larger than
100 μm in diameter and ran the hemodynamics simulations
for the entire population. The velocity and flow distributions
for this experiment are provided in Supplementary Figure S1
and show improved agreement with the experimental data.
In addition, all parameters in our virtual populations were
sampled from independent normal distributions, which is
likely an incorrect assumption as, for example, vessel diam-
eter is likely to be correlated with arterial pressure and
IOP.68 As discussed by Doblhoff-Dier et al.,19 studies have
reported average total retinal blood flow ranging from 30 to
80 μL/min.19,48,63 Despite the uncertainty in measurements,
most studies seem to agree on values in healthy eyes of
around 30 to 40 μL/min.19,48 Despite the difference in hemo-
dynamics in the CRA, Figure 5 shows that the discrepancy
with experimental data is reduced as the vessels branch out.
Similar to the study by Doblhoff-Dier et al.,19 blood veloc-
ity seems to scale linearly with diameter for larger vessels,
but this trend is lost in smaller vessels. The overall lower
blood velocity can be attributed, as discussed above, to the
discrepancy in velocity in the CRA.

The simulations found that macular flow fraction was
between 2.51% and 11.54%; however, to best of our knowl-
edge, there are no data to validate these values. The macula
has twice the density of cells compared to the rest of the
retina.42 Assuming that regions of higher cell density require
similarly higher blood flow, it can be estimated that the
macula requires 15% to 30% of the total retinal blood flow,
although these are rough estimates.

We quantified the effects of the two parameters of the
hemodynamics model on total retinal blood flow and macu-

lar flow fraction. Increasing R is similar to gradually closing
the connections to/from the vascular compartment; there-
fore, flow is shunted toward the macula, and macular flow
fraction increases. Decreasing R has an opposite effect.
However, the macular flow fraction will eventually reach
a plateau when the CRA reaches its maximum capacity in
terms of blood flow: Regardless of the resistance of paths
outside the macula, blood will flow through the macula, and
total retinal blood flow is bounded by physical constraints.
Indeed, in our model, for a given OPP, flow in the CRA
is theoretically bounded by the radius and length of the
CRA according to Equation 5. The same effect explains the
non-symmetrical changes in total retinal blood flow as R is
decreased (see Supplementary Fig. S2).

Associations Between Vascular Structure and
Function

Analysis of the 200 virtual vasculatures revealed associa-
tions between several of the morphological metrics and total
retinal blood flow. Larger VAD, VDI, and FD in the SVP
were strongly associated with larger retinal blood flow. In
contrast, larger VCI in the SVP was strongly correlated with
smaller retinal blood flow. Interestingly, VAD in the ICP
showed a moderate positive correlation with retinal blood
flow. However, VAD in the DCP and in the combined ICP–
DCP complex, as well as FD in the ICP–DCP complex, did
not show any significant correlations. None of the tested
metrics was significantly associated with the fraction of flow
transiting through the macula. Uncertainty quantification
showed that those results were independent of the parame-
ters of the hemodynamics model. As shown in Supplemen-
tary Figures S3 and S4, varying OPP, R, and α does not have
any effect on the Spearman correlation coefficients.

The correlation coefficients between morphological
metrics and hemodynamics were obtained from one-to-one
comparisons and therefore do not capture possible inter-
play between morphological metrics. Additional analysis is
required to better understand which metrics or combination
of metrics are strong predictors of blood flow.

Developing VPs With a Smaller Parameter Space

We have presented the results of a global sensitivity analysis
of the hyperparameters of our method on the morphology
of the vasculature in the SVP. The results are presented as
first-order and total-order Sobol indices for 10 inputs and six
outputs in Figure 7A. These indices were extracted from a
large number of simulations in order to ensure convergence,
which was reached with around 8000 simulations, as seen
in Figure 7B.

The total-order indices were globally similar for all
parameters and added little explanation to the importance of
parameters. Computing second-order indices may be neces-
sary to reduce the number of parameters before attempt-
ing to generate a different population or to pursue uncer-
tainty quantification. However, second-order indices require
a larger number of simulations to achieve convergence
with Monte Carlo methods and are therefore expensive to
compute.53 In this case, developing a surrogate model (e.g.,
polynomial chaos expansion) might be required.53 Nonethe-
less, the first-order and total-order indices suggest that the
parameter space can be reduced to as little as four param-
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eters, depending on which morphological metric is deemed
more important.

Interestingly, θmin appeared to be the most influential
parameter. In particular, it was the sole parameter influenc-
ing VSD. This result supports the hypothesis by Xao et al.30

that branch geometry is correlated with the vessel perimeter
index, which would be twice VSD when computed on artifi-
cial vessels. The associations between vascular structure and
hemodynamics should be investigated further, perhaps with
spatial metrics that can be compared with OCTA measure-
ments.30

Limitations

Our method has several limitations that should be acknowl-
edged. We did not model the peripapillary capillary plexus,
ignored the curvature of the retina, and assumed a unique
interplexus connection pattern. We also assumed that each
plexus lay in a two-dimensional plane. Additionally, direct
connections between arterioles/venules and capillaries in
the SVP were added with a likelihood α, which ignores phys-
iological behaviors. Similarly, the likelihood of an arteriole
or venule of bifurcating to the deeper layers was also arbi-
trarily set to 30%. The validity of these two assumptions has
yet to be evaluated.

The effects of uncertainty in measurements (i.e., MAP,
IOP, rCRA, and vCRA) on the generated vasculature remain to
be quantified. The number of hyperparameters is large, and
global sensitivity analysis has shown that their effects on
vascular metrics are non-local. Therefore, directly adapting
the method to generate different virtual populations may
prove challenging. Indeed, as stated by Allen et al.,69 effi-
cient generation of virtual populations requires knowledge
of plausible ranges for the model parameters and optimizing
over the set of model parameters. Reducing the number of
parameters to the most influential ones appears necessary,
and the sensitivity analysis presented in this study is a first
step toward this goal.

At this stage, we have not considered the joint distribu-
tion of the population parameters rCRA, MAP, IOP, and vCRA.
These are likely to be strongly related, and ignoring these
associations may create discrepancies in the output of our
model when compared to experimental data. However, these
joint distributions are not readily available, to the best of our
knowledge, but might be inferred from different studies in
the future.

The hemodynamics model proposed in this study makes
several simplifying assumptions. In particular, plasma skim-
ming effects, which lead to non-constant hematocrit, and
non-Newtonian effects, are important aspects of the hemo-
dynamics in the microcirculation but were not incorporated
in this model.46,47 Additionally, we assumed that there were
no lateral connections between the ICP and DCP and the
circulation outside the macula. This is similar to assuming
that both plexi are connected in series with the SVP, which is
now known to be only partially correct.35 Finally, the param-
eter R introduced in this model remains unknown, and its
value was based on simple computation of the estimated
macular blood flow. Also, uncertainty quantification showed
that this parameter had a strong effect on the fraction of flow
going to the macula. However, it had limited effect on the
total retinal blood flow (at most 30% of variation compared
to baseline for R varying over an order of magnitude). In
future work, its influence on other hemodynamics measure-
ments should be thoroughly evaluated.

Applications

In future work, the validated virtual populations presented
here will be used to model intra- and extravascular oxygen
transport. Disease populations such as diabetic retinopathy
or age-related macular degeneration, where OCTA indices
have been reported to be affected by the disease, can also be
generated by using population-specific distributions for the
population parameters listed in Table 1 and/or by varying
hyperparameters, such as θmin, which, according to the sensi-
tivity analysis results presented earlier, can affect microvas-
cular morphology. Additional mechanisms that may have
importance in disease, such as autoregulation21,43 or plasma
skimming,70 can easily be added to the current model.
For example, autoregulation may be negatively affected
by diabetes,71 while simultaneously asymmetric branching
causes heterogeneous distribution of oxygen due to plasma
skimming. This way, our model can be used to understand
the relationship between microvasculature and pathologi-
cal angiogenesis, a symptom of several blinding diseases,11

and provides a framework to build upon to achieve patient-
specific treatment simulations.

CONCLUSIONS

Although macular microvascular parameters serve as potent
disease biomarkers, their relationship with retinal perfu-
sion remains ambiguous. Our method establishes a versa-
tile framework for exploring the interplay between retinal
vascular structure and function. Designed to generate virtual
populations from just four parameters and various quantita-
tive OCTA-based measurements, the method can be adapted
to different populations.

In our study, the model generated a population of
healthy eyes, revealing robust connections between macu-
lar morphology and total retinal blood flow, independent of
model parameters. The initially large hyperparameter space
is effectively reduced to four hyperparameters for precise
population generation.

In future work, diverse virtual populations will be created
to assess model predictions in diseased maculas. This
approach, complemented with hemodynamics and oxygen
modeling, takes an essential step toward understanding the
significance of vascular imaging biomarkers and their rela-
tion to retinal diseases.

Acknowledgments

Disclosure: R.J. Hernandez, None; S. Madhusudhan, None;
Y. Zheng, None; W.K. El-Bouri, None

References

1. Hernandez RJ, Roberts PA, El-Bouri WK. Advancing treat-
ment of retinal disease through in silico trials. Prog Biomed
Eng. 2023;5(2):22002.

2. Chu Z, Jason L, Chen G, et al. Quantitative assessment of the
retinal microvasculature using optical coherence tomogra-
phy angiography. J Biomed Opt. 2016;21(6):66008.

3. El-Bouri WK, MacGowan A, Józsa TI, Gounis MJ, Payne
SJ. Modelling the impact of clot fragmentation on the
microcirculation after thrombectomy. PLoS Comput Biol.
2021;17(3):e1008515.

4. Ma Y, Hao H, Xie J, et al. ROSE: a retinal OCT-angiography
vessel segmentation dataset and new model. IEEE Trans
Med Imaging. 2021;40(3):928–939.

Downloaded from abstracts.iovs.org on 05/02/2024



Linking Retinal Vascular Structure and Function IOVS | April 2024 | Vol. 65 | No. 4 | Article 40 | 12

5. Trinh M, Kalloniatis M, Nivison-Smith L. Vascular changes
in intermediate age-related macular degeneration quantified
using optical coherence tomography angiography. Transl
Vis Sci Technol. 2019;8(4):20.

6. Told R, Reumueller A, Schranz M, et al. OCTA biomarker
search in patients with nAMD: influence of retinal fluid
on time-dependent biomarker response. Curr Eye Res.
2023;48(6):600–604.

7. Xue Y, El-Bouri WK, Józsa TI, Payne SJ. Modelling the effects
of cerebral microthrombi on tissue oxygenation and cell
death. J Biomech. 2021;127:110705.

8. Pleouras D, Sakellarios A, Rigas G, et al. A novel approach
to generate a virtual population of human coronary arteries
for in silico clinical trials of stent design. IEEE Open J Eng
Med Biol. 2021;2:201–209.

9. Graff BJ, Payne SJ, El-Bouri WK. The ageing brain: inves-
tigating the role of age in changes to the human cere-
bral microvasculature with an in silico model. Front Aging
Neurosci. 2021;13:632521.

10. López-Cuenca I, Salobrar-García E, Sánchez-Puebla L, et al.
Retinal vascular study using OCTA in subjects at high
genetic risk of developing Alzheimer’s disease and cardio-
vascular risk factors. J Clin Med. 2022;11(11):3248.

11. Medina CA, Townsend JH, Singh AD, eds.Manual of Retinal
Diseases. Berlin: Springer International; 2016.

12. Fruttiger M. Development of the retinal vasculature. Angio-
genesis. 2007;10(2):77–88.

13. Nishinaka A, Inoue Y, Fuma S, et al. Pathophysiological role
of VEGF on retinal edema and nonperfused areas in mouse
eyes with retinal vein occlusion. Invest Ophthalmol Vis Sci.
2018;59(11):4701–4713.

14. Usui-Ouchi A, Aguilar E, Murinello S, et al. An allosteric
peptide inhibitor of HIF-1α regulates hypoxia-induced
retinal neovascularization. Proc Natl Acad Sci USA.
2020;117(45):28297–28306.

15. Arciero JC, Carlson BE, Secomb TW. Theoretical model of
metabolic blood flow regulation: roles of ATP release by red
blood cells and conducted responses. Am J Physiol Heart
Circ Physiol. 2008;295(4):H1562–H1571.

16. Bernabeu MO, Jones ML, Nielsen JH, et al. Computer simu-
lations reveal complex distribution of haemodynamic forces
in a mouse retina model of angiogenesis. J R Soc Interface.
2014;11(99):20140543.

17. Causin P, Guidoboni G, Malgaroli F, Sacco R, Harris A.
Blood flow mechanics and oxygen transport and delivery in
the retinal microcirculation: multiscale mathematical model-
ing and numerical simulation. Biomech Model Mechanobiol.
2016;15(3):525–542.

18. Chiaravalli G, Guidoboni G, Sacco R, Radell J, Harris A.
A multi-scale/multi-physics model for the theoretical study
of the vascular configuration of retinal capillary plexuses
based on OCTA data. Math Med Biol. 2022;39(1):77–104.

19. Doblhoff-Dier V, Schmetterer L, Vilser W, et al. Measure-
ment of the total retinal blood flow using dual beam
Fourier-domain Doppler optical coherence tomography
with orthogonal detection planes. Biomed Opt Express.
2014;5(2):630–642.

20. Fry BC, Harris A, Siesky B, Arciero J. Blood flow regula-
tion and oxygen transport in a heterogeneous model of the
mouse retina. Math Biosci. 2020;329:108476.

21. Guidoboni G, Harris A, Cassani S, et al. Intraocular pres-
sure, blood pressure, and retinal blood flow autoregulation:
a mathematical model to clarify their relationship and clin-
ical relevance. Invest Ophthalmol Vis Sci. 2014;55(7):4105–
4118.

22. Takahashi T, Nagaoka T, Yanagida H, et al. A mathemat-
ical model for the distribution of hemodynamic parame-
ters in the human retinal microvascular network. J Biorheol.
2009;23(2):77–86.

23. Zhu Z, He C, Zhang Y, Yue X, Ba D. Mathematical method
for analysis of the asymmetric retinal vascular networks. Eur
J Ophthalmol. 2019;29(5):538–546.

24. Yu D-Y, Cringle SJ, Yu PK, et al. Retinal capillary perfu-
sion: spatial and temporal heterogeneity. Prog Retin Eye Res.
2019;70:23–54.

25. Linninger AA, Gould IG, Marinnan T, Hsu C-Y, Chojecki
M, Alaraj A. Cerebral microcirculation and oxygen tension
in the human secondary cortex. Ann Biomed Eng.
2013;41(11):2264–2284.

26. Talou GDM, Safaei S, Hunter PJ, Blanco PJ. Adaptive
constrained constructive optimisation for complex vascular-
isation processes. Sci Rep. 2021;11(1):6180.

27. Brown E, Guy A, Holroyd N, et al. Physics-informed deep
generative learning for quantitative assessment of the retina.
BioRxiv. 2023, https://doi.org/10.1101/2023.07.10.548427.

28. Lo Castro D, Tegolo D, Valenti C. A visual framework to
create photorealistic retinal vessels for diagnosis purposes.
J Biomed Inform. 2020;108:103490.

29. Balaratnasingam C, An D, Hein M, Yu P, Yu D-Y. Studies
of the retinal microcirculation using human donor eyes and
high-resolution clinical imaging: insights gained to guide
future research in diabetic retinopathy. Prog Retin Eye Res.
2023;94:101134.

30. Yao X, Alam MN, Le D, Toslak D. Quantitative optical coher-
ence tomography angiography: a review. Exp Biol Med.
2020;245(4):301–312.

31. Garg I, Uwakwe C, Le R, et al. Nonperfusion area and other
vascular metrics by wider field swept source OCT angiogra-
phy as biomarkers of diabetic retinopathy severity.Ophthal-
mol Sci. 2022;2(2):100144.

32. Hein M, Vukmirovic A, Constable IJ, et al. Angiographic
biomarkers are significant predictors of treatment response
to intravitreal aflibercept in diabetic macular edema. Sci Rep.
2023;13(1):8128.

33. Narnaware SH, Bansal A, Bawankule PK, Raje D,
Chakraborty M. Vessel density changes in choroid, chorio-
capillaries, deep and superficial retinal plexuses on OCTA
in normal ageing and various stages of age-related
macular degeneration. Int Ophthalmol. 2023;43(10):3523–
3532.

34. Staal J, Abramoff M, Niemeijer M, Viergever M, van
Ginneken B. Ridge-based vessel segmentation in
color images of the retina. IEEE Trans Med Imaging.
2004;23(4):501–509.

35. An D, Yu P, Freund KB, Yu D-Y, Balaratnasingam C.
Three-dimensional characterization of the normal human
parafoveal microvasculature using structural criteria and
high-resolution confocal microscopy. Invest Ophthalmol Vis
Sci. 2020;61(10):3.

36. Davies R, Twining C, Taylor C. Statistical Models of Shape
Optimisation and Evaluation. London: Springer; 2008.

37. An D, Pulford R, Morgan WH, Yu D-Y, Balaratnasingam C.
Associations between capillary diameter, capillary density,
and microaneurysms in diabetic retinopathy: a high-
resolution confocal microscopy study. Transl Vis Sci Tech-
nol. 2021;10(2):6.

38. Schneider CA, Rasband WS, Eliceiri KW. NIH Image
to ImageJ: 25 years of image analysis. Nat Methods.
2012;9(7):671–675.

39. Arslan GD, Guven D, Demir M, Alkan AA, Ozcan D.
Microvascular and functional changes according to the
fundus location of the affected arteriovenous crossing
in patients with branch retinal vein occlusion. Indian J
Ophthalmol. 2021;69(5):1189–1196.

40. Goldenberg D, Shahar J, Loewenstein A, Goldstein M.
Diameters of retinal blood vessels in a healthy cohort as
measured by spectral domain optical coherence tomogra-
phy. Retina. 2013;33(9):1888.

Downloaded from abstracts.iovs.org on 05/02/2024

http://doi.org/https://doi.org/10.1101/2023.07.10.548427


Linking Retinal Vascular Structure and Function IOVS | April 2024 | Vol. 65 | No. 4 | Article 40 | 13

41. Murray CD. The physiological principle of minimum work:
I. The vascular system and the cost of blood volume. Proc
Natl Acad Sci USA. 1926;12(3):207–214.

42. Zouache MA. Variability in retinal neuron populations and
associated variations in mass transport systems of the retina
in health and aging. Front Aging Neurosci. 2022;14:778404.

43. Arciero J, Harris A, Siesky B, et al. Theoretical analysis
of vascular regulatory mechanisms contributing to reti-
nal blood flow autoregulation. Invest Ophthalmol Vis Sci.
2013;54(8):5584.

44. Zheng Y, Wong TY, Mitchell P, Friedman DS, He M, Aung T.
Distribution of ocular perfusion pressure and its relation-
ship with open-angle glaucoma: the Singapore Malay Eye
Study. Invest Ophthalmol Vis Sci. 2010;51(7):3399–3404.

45. Campbell JP, Zhang M, Hwang TS, et al. Detailed
vascular anatomy of the human retina by projection
resolved optical coherence tomography angiography. Sci
Rep. 2017;7(1):42201.

46. Fåhræus R, Lindqvist T. The viscosity of the blood in narrow
capillary tubes. Am J Physiol. 1931;96(3):562–568.

47. Secomb TW, Pries AR. Blood viscosity in microvessels:
experiment and theory. Cr Phys. 2013;14(6):470–478.

48. Riva CE, Grunwald JE, Sinclair SH, Petrig BL. Blood velocity
and volumetric flow rate in human retinal vessels. Invest
Ophthalmol Vis Sci. 1985;26(8):1124–1132.

49. Dorner GT, Polska E, Garhöfer G, Zawinka C, Frank B,
Schmetterer L. Calculation of the diameter of the central
retinal artery from non-invasive measurements in humans.
Curr Eye Res. 2009;25(6):341–345.

50. Samsudin A, Isaacs N, Tai M-LS, Ramli N, Mimiwati Z, Choo
MM. Ocular perfusion pressure and ophthalmic artery flow
in patients with normal tension glaucoma.BMCOphthalmol.
2016;16(1):39.

51. Verticchio Vercellin AC, Harris A, Chiaravalli G, et al.
Physics-based modeling of age-related macular
degeneration—a theoretical approach to quantify reti-
nal and choroidal contributions to macular oxygenation.
Math Biosci. 2021;339:108650.

52. Liu K, Guo Y, You Q, Hormel T, Hwang TS, Jia Y. Norma-
tive intercapillary distance and vessel density data in the
temporal retina assessed by wide-field spectral domain
optical coherence tomography angiography. Exp Biol Med.
2021;246(20):2230–2237.

53. Saltelli A, Ratto M, Andres T, eds. Global Sensitivity Analy-
sis: The Primer. Chichester: Wiley-Interscience; 2008.

54. ASME. Assessing Credibility of Computational Models
Through Verification and Validation: Application to Medi-
cal Devices. New York: American Society of Mechanical
Engineers; 2018.

55. Viceconti M, Pappalardo F, Rodriguez B, Horner M, Bischoff
J, Musuamba Tshinanu F. In silico trials: verification, vali-
dation and uncertainty quantification of predictive models
used in the regulatory evaluation of biomedical products.
Methods. 2021;185:120–127.

56. Mehta N, Liu K, Alibhai AY, et al. Impact of binarization
thresholding and brightness/contrast adjustment methodol-

ogy on optical coherence tomography angiography image
quantification. Am J Ophthalmol. 2019;205:54–65.

57. Mehta N, Braun PX, Gendelman I, et al. Repeatability of
binarization thresholding methods for optical coherence
tomography angiography image quantification. Sci Rep.
2020;10(1):15368.

58. Agarwal A, Aggarwal K, Akella M, et al. Fractal dimension
and optical coherence tomography angiography features of
the central macula after repair of rhegmatogenous retinal
detachments. Retina. 2019;39(11):2167–2177.

59. Chan G, Balaratnasingam C, Yu PK, et al. Quantita-
tive morphometry of perifoveal capillary networks in the
human retina. Invest Ophthalmol Vis Sci. 2012;53(9):5502–
5514.

60. Iwanaga T, Usher W, Herman J. Toward SALib 2.0: advanc-
ing the accessibility and interpretability of global sensitivity
analyses. Socio-Environ Syst Model. 2022;4:18155.

61. Herman J, Usher W. SALib: an open-source python library
for sensitivity analysis. J Open Source Softw. 2017;2(9):97.

62. Saltelli A. Making best use of model evaluations to compute
sensitivity indices. Comput Phys Commun. 2002;145(2):280–
297.

63. Feke GT, Tagawa H,Deupree DM,Goger DG, Sebag J,Weiter
JJ. Blood flow in the normal human retina. Invest Ophthal-
mol Vis Sci. 1989;30(1):58–65.

64. Arichika S, Uji A, Murakami T, Suzuma K, Gotoh N,
Yoshimura N. Correlation of retinal arterial wall thickness
with artherosclerosis predictors in type 2 diabetes with-
out clinical retinopathy. Br J Ophthalmol. 2016;101(1):69–
74.
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