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ABSTRACT

The main objectives of this work are to validate a 1D-0D unsteady solver with a distributed stenosis model for the patient-specific
estimation of resting haemodynamic indices and to assess the sensitivity of instantaneous wave-free ratio (iFR) predictions to
uncertainties in input parameters. We considered 52 patients with stable coronary artery disease, for which 81 invasive iFR
measurements were available. We validated the performance of our solver compared to 3D steady-state and transient results and
invasive measurements. Next, we used a polynomial chaos approach to characterise the uncertainty in iFR predictions based on
the inputs associated with boundary conditions (coronary flow, compliance and aortic/left ventricular pressures) and vascular
geometry (radius). Agreement between iFR and the ratio between cardiac cycle averaged distal and aortic pressure waveforms
(resting P, / P,) obtained through 1D-0D and 3D models was satisfactory, with a bias of 0.0-0.005 (+0.016-0.026). The sensitivity
analysis showed that iFR estimation is mostly affected by uncertainties in vascular geometry and coronary flow (steady-state
parameters). In particular, our 1D-0D method overestimates invasive iFR measurements, with a bias of —0.036 (£0.101), indicat-
ing that better flow estimates could significantly improve our modelling pipeline. Conversely, we showed that standard pressure
waveforms could be used for simulations, since the impact of uncertainties related to inlet-pressure waveforms on iFR prediction
is negligible. Furthermore, while compliance is the most relevant transient parameter, its effect on iFR estimates is negligible
compared to that of vascular geometry and flow. Finally, we observed a strong correlation between iFR and resting P, / P,, sug-
gesting that steady-state simulations could replace unsteady simulations for iFR prediction.

1 | Introduction can result in several clinical presentations. In this study, we con-

sider patients with suspected chronic coronary syndromes (CCS):
Obstructive coronary artery disease (CAD) is the most common Coronary computed tomography angiography (CCTA) is the rec-
manifestation of cardiovascular disease and one of the main mor- ommended test in symptomatic patients with low/intermediate
tality causes worldwide [1, 2]. It is characterised by the presence of ~ likelihood of CAD, and several studies showed that it significantly
atherosclerotic plaques in the epicardial coronary arteries [3] and reduces the number of patients referred to invasive procedures,

Abbreviations: CAD, coronary artery disease; CCTA, coronary computed tomography angiography; FFR, fractional flow reserve; iFR, instantaneous wave-free ratio; resting P,/P , resting
distal to aortic pressure ratio; UQ&SA, uncertainty quantification and sensitivity analysis.
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with no increase in long term events [4-7]. Nonetheless, if inter-
mediate grade stenoses are detected via CCTA scans, patients
are commonly referred to a functional evaluation of lesions via
haemodynamic indices such as fractional flow reserve (FFR)
[8-10] and instantaneous wave-free ratio (iFR) [11-13], or directly
to revascularisation procedures [14, 15]. Moreover, while FFR
is currently regarded as the golden standard for the functional
assessment of stenosis severity, iFR has been shown to be non-
inferior in guiding revascularisation in two large clinical trials
(DEFINE-FLAIR [16] and iFR-SWEDEHEART [17]), while being
less costly and risky, as well as more versatile [18, 19]. These con-
siderations motivate why clinicians are increasingly interested
in the development of non-invasive methods that can provide an
accurate assessment of the functional significance of stenoses by
combining the geometrical information provided by CCTA scans
with either machine learning or computational fluid dynamics
and mathematical models. In this context, CCTA-derived FFR
(FFR_) [20] has emerged as a tool to refer patients to invasive pro-
cedures [21-31], and the software by HeartFlow Inc. (Redwood
City, California, United States of America) has been demonstrated
as superior to measures of stenosis severity obtained through
CCTA scans for determining lesion-specific ischemia [32]. These
methods are based on some common general steps [33]: (i) defini-
tion of the computational domain; (ii) definition of an appropriate
mathematical model to solve fluid mechanics in the computa-
tional domain; (iii) definition of boundary conditions; (iv) numer-
ical solution of model equations and (v) computation of the index
of interest. In this article, we follow this general pipeline to define
a method for computational iFR estimation, since only few works
are currently available to this end in the literature [34-39].

Liu et al. [34] proposed a closed-loop model for iFR estimation
that couples a CCTA-derived 3D model of coronary arteries to
0D models of the heart, pulmonary and systemic circulations.
Validation was performed with respect to 62 invasive FFR mea-
surements, 9 of which with FFR below the critical threshold
of 0.8 for revascularisation. The analysis reported in Ma et al.
[36] was performed on a population of 33 patients (47 lesions, 17
with FFR<0.8) and proved a strong correlation between com-
putational iFR estimates obtained through 3D computational
fluid dynamics (CFD) models and invasive FFR measurements.
Finally, the analysis performed by Zhang et al. [35] on a popula-
tion of 36 patients (36 vessels, 14 lesions with iFR below the crit-
ical threshold of 0.89 [40]) showed that iFR estimates obtained
through deep learning and CFD-based models provided diag-
nostic indices comparable with those obtained with 3D models,
using both invasively measured FFR and iFR values as reference.

The major downside of using 3D models for clinical purposes is
their high computational cost, while the training of neural net-
works requires a sufficiently large pool of data. Consequently, in
this work, we adopted a 1D-0D approach that couples a transient
1D description of blood flow within the main epicardial coro-
nary arteries to 0D models of the coronary microcirculation.
This choice allowed us to perform uncertainty quantification
and sensitivity analysis (UQ&SA), which provided a crucial un-
derstanding of model errors and uncertainties in the modelling
pipeline. A stenosis detection algorithm [33, 41] was used to
separate healthy segments from stenotic segments. Blood flow
description within healthy segments is similar to those pro-
posed in Carson et al. [39] and Ge et al. [38, 42], differing from

them mainly in the chosen boundary conditions and tube law.
Pressure losses across stenoses were described, instead, through
a novel 1D distributed stenosis model. The choice of using a
transient model, which is computationally more expensive than
steady-state ones, stems from the fact that iFR prediction re-
quires an accurate characterisation of diastolic pressure decay,
which cannot be obtained through steady-state simulations.

We performed a threefold validation of the proposed 1D-0D
model. First, we considered 679 lesions identified by the stenosis
detection algorithm, and we compared the estimates of the ratio
between cardiac cycle averaged distal and aortic pressure wave-
forms (resting P, / P,) obtained through a 3D steady-state Navier
Stokes solver and our unsteady 1D-0D model. Additionally, we
compared iFR predictions obtained with an unsteady 3D Navier
Stokes solver with 1D-0D iFR predictions obtained considering
identical boundary conditions (prescribed inlet pressure wave-
form and 0D Mantero-Windkessel models at outlets). Finally, we
compared 1D-0D iFR and resting P, / P, estimates to a set of 81
invasive measurements of the two indices. Several works have
investigated the sensitivity of computational FFR predictions
to parameter variations and modelling simplifying assump-
tions [41,43-45], but, as far as we know, no analogous analysis has
been performed for iFR yet. Motivated by this fact, we conducted
a sensitivity analysis to assess the impact of uncertainties in six
parameters related to the geometry of the computational domain
and the prescribed boundary conditions on iFR predictions.

The rest of this paper is structured as follows. In Section 2, we
describe the acquisition of patient-specific data (Section 2.1), a
1D-0D model for iFR prediction (Sections 2.2 and 2.3), the nu-
merical methods employed to solve model equations (Section 2.4)
and, finally, the methodology we employed to conduct uncer-
tainty quantification and sensitivity analysis (Section 2.5). In
Section 3, we present results for the validation of the 1D-0D model
(Sections 3.1 and 3.2) and for the UQ&SA analysis performed on
iFR predictions (Section 3.3). Finally, Section 4 includes a detailed
discussion of our findings and in Section 5 we report future steps
to be taken in order to reduce uncertainty in iFR predictions.

2 | Methods
2.1 | Patients and Data Acquisition

We consider a population of 52 patients, recruited as a part of an
ongoing clinical trial at St. Olavs hospital, Trondheim, Norway
[46]. The included patients had undergone invasive angiogra-
phy and FFR/iFR measurement after clinical examinations and
CCTA scans indicated stable CAD. For these patients, a total of
81 iFR measurements were collected, with mean 0.9 and stan-
dard deviation of 0.15. Positive iFR prevalence was 24.69% for
a cutoff value of iFR<0.89 [47]. Exclusion criteria included
unstable CAD, nondiagnostic quality of the CCTA, previous
revascularisation procedures, contraindications to adenosine,
age (75years or older) and obesity. See Table 1 for a summary of
population characteristics.

Medical data was acquired as explained in [33, 41]. In particu-
lar, CCTA was performed using two CT scanners with 2x128
detector rows (Siemens dual source Definition Flash) and 256
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TABLE 1 | Study population characteristics. Results are reported as
“mean (standard deviation)” unless otherwise specified.

Characteristics Units Datum
Generic data
No. of patients — 52
No. of male Datum (percentage) 32 (61.53)
patients
Age y 59.13(7.81)
Height cm 174.09 (9.60)
Weight kg 86.26 (13.41)
Body mass index kg/cm? 28.4 (3.49)
Invasive MAP mmHg 99.73 (13.45)
Cardiac output L/min 5.08 (0.89)
(ultrasound)
Cardiac output L/min 6.00 (1.15)
(Equation (24))
Left ventricular g 154.17 (32.02)
mass

Invasive iFR measurements

iFR — 0.9 (0.15)

iFR prevalence Datum (percentage) 20/81 (24.69)

Measurement location
LCA Datum (percentage) 59/81 (72.84)
RCA Datum (percentage) 22/81(27.16)

Abbreviations: CAD, coronary artery disease; iFR, instantaneous wave-free
ratio; LCA, left coronary artery (including its branches); RCA, right coronary
artery.

detector row CT scanners (Revolution CT, GE Healthcare,
Waukesha, Wisconsin, US) with a standardised protocol [48].
A commercial software (Syngo.via, Siemens, Germany) was
used to quantify left ventricle mass (LVM) from CCTA scans.
Echocardiographic imaging was performed using a GE Vivid
E95 scanner (GE Vingmed Ultrasound, Horten, Norway).
Cardiac output (CO) was computed based on the cross-sectional
area of the left ventricle outflow tract (measured immediately
proximal to the points of insertion of the aortic leaflets) and on
the velocity time integral derived from PW Doppler. iFR was
measured using Verrata Plus (Philips Volcano, San Diego, USA)
pressure wires according to standard practice. Intra-coronary
nitroglycerin (0.2mg) was given to all patients before advanc-
ing the pressure wire into the coronary arteries. After measure-
ment, the pressure wire was removed back to the equalisation
point at the tip of the guiding catheter to ensure that there was
no drift. Invasive pressure tracings were recorded during inva-
sive coronary angiography and made available for further pro-
cessing, while standard non-invasive diastolic/systolic pressure
measurements were performed on both arms using an auto-
matic, digital blood pressure device, Welch Allyn ProBP 3400.

Segmentation of coronary vessels was performed semi-
automatically using the commercial software Mimics

(Materialise's Interactive Medical Image Control System;
Materialise, Leuven, Belgium). Surface mesh processing, addi-
tion of flow extensions and meshing were performed through
the open-source library Vascular Modeling ToolKit (VMTK)
[49]. To obtain the 1D domains used for the 1D-0D model sim-
ulations, centrelines were extracted from 3D domains through
an algorithm available in VMTK, the portions of centrelines
which correspond to arterial junctions were masked to exclude
them from the 1D domain definition, and stenotic regions were
identified. A detailed description of these steps is included in the
works by Fossan et al. [41] and Miiller et al. [33].

2.2 | 1D-0D Model

In this section, we present a transient 1D-0D model for iFR pre-
diction that incorporates clinical imaging and patient-specific
characteristics.

2.2.1 | Mathematical Model

Blood flow equations can be derived from the Navier-Stokes
equations [50-52] and read as follows:

0,A+0,(Au)=0 mass conservation,

momentum balance

@®
where A(x, t), u(x,t)and p(x, t) are the unknowns of the system
(respectively the vessel cross-sectional area at position x and
time t, the averaged velocity of blood at a cross section and the
pressure), p = 1.050 g/cm? is the density of blood and R, is the vis-
cous resistance of the flow per unit length of the tube. In healthy
segments, we assume that R, = 128214 155 41], with u =0.035
dyne/cm?, while its expression in stenotic tracts will be derived
in Section 2.2.2. The system is closed with a tube law of the form

0,(Au)+09, (Au®) +éaxp= —R,u
p

P=p,+y(A;4,.K), )

where p, =90 mmHg is a constant reference pressure [50, 53,
54], and y (A; Ay, K) is defined as

. | Axn\"?
w(A:A)K) = K[( A0 > - 1] . 3

Here A, is the vessel cross-sectional area at equilibrium, which
takes values derived from the segmentation of medical images,
and the stiffness coefficient K is defined as

K =2pc;. @

C, is the reference wave-speed for a vessel [55], which in turn is
considered to be a function of the average A, along the consid-
ered vessel.

Developing the partial derivative of pressure, system (1) reads

0,A+0,(Au)=0,

AP _AoP

0,(Au) + 0, (Au )+paAaxA U oA

Ay
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Following the procedure outlined in [53-57], A, can be incor-
porated within the model as a state variable, thus obtaining a
non-conservative system which can be written in quasilinear
form as

9,Q + A(Q)9,Q =5(Q), 6)
where
A(x, ) 0 1 0 0
Q=|auxn| AQ=|C-w 2u %;Ti , S@ =| -Rul
Ay 0 0 0 0
2
andc = %ﬁ.

The eigenstructure of system (6) is that of its homogenised
version and is given by the eigenvalues and associated eigen-
vectors of the coefficient matrix A(Q): 4, =u—c, 1, =0, and
A3 =u+ c. A possible choice of right eigenvectorsR;,,i=1 ... 3,
of A(Q) corresponding to the eigenvalues 4;, 4,, and A, is the
following [53]:

. A 0P/0A, .
p uz—c2
Rl =|lu—c ,Rz = 0 ,R3 =lu+c|. (7)
0 1 0

The definition of y(A; Ay, K) we adopted for the tube law, re-
ported in Equation (3), implies that the system (6) is strictly
hyperbolic for A € R,,, u € R as long as|u |is different from
c. We will operate under the assumption of subcritical flow
(u| <c), so that this hypothesis will be satisfied. Moreover,
it can be easily shown that the 4, and A;-characteristic fields
are genuinely non-linear and, consequently, associated to
shocks and rarefactions, while the A,-characteristic field
is linearly degenerate and associated with a stationary con-
tact discontinuity. Furthermore, genuine non-linearity
allows the definition of the generalised Riemann invari-
ants associated to the system [53]. In particular, the gen-
eralised Riemann invariants for the 4, and A, characteristic
field are, respectively, A, = const, I %dA + u = const and
A, = const, f %dA —u=const, while the generalised
Riemann invariants for the A,-characteristic field are

Au = const, % pu® + P = const. ®)

Equation (8) implies that both flow and total pressure are pre-
served across the stationary contact discontinuity determined
by the discontinuity in reference cross-sectional area A,,.

Regions masked as bifurcations are not modelled through a con-
tinuous model. Instead, centreline nodes belonging to junctions
are collapsed into a single point, where we enforce mass conser-
vation (9a) and continuity of total pressure (9b):

N
24=0, (9a)

P P :
P1+5uf=Pi+5ui2, i=2,...,N. (9b)

where N is the number of vessels sharing a vertex with the bifur-
cation and q = Au is the flow rate within a vessel.

2.2.2 | Distributed Stenosis Model

1D blood flow equations are not able to correctly describe the
pressure drop across a stenosis since the assumptions under
which they were derived do not hold in regions of flow sepa-
ration such as downstream a stenosis [41]. To account for both
viscous losses and terms related to flow separation, various ap-
proaches have been proposed.

Here, we chose to adapt the 1D stenosis models proposed by
Steele et al. [58] and Jin et al. [59], which are derived under the
assumption of constant flow rate and constant stenotic area,
to the description of real stenoses with highly variable cross-
sectional areas. Consider the experimentally derived stenosis
model presented in Young et al. [60] and reformulated equiva-
lently in Liang et al. [61]:

K,u K,p<Ad )2
AP= g+ (=%-1 , 10
a0, 2\ 4, qlql (10)

where A; and A, refer to cross-sectional areas of healthy and
stenotic segments and D, is the healthy vessel diameter. The
healthy radius was computed as ry = 0.5(r, + r,), where r, and
r, are the radii immediately upstream and downstream the ste-
nosis, while the stenotic radius was assumed to be the minimum
radius along the stenosis [41]. K, and K, are empirically deter-
mined coefficients and g = Au is the volumetric flow rate across
the stenosis. The coefficient K, = 1.52 is independent of the ste-
nosis geometry and represents losses caused by the formation of
vortices due to the sudden expansion of the stenosis. K, describes
viscous losses that dominate at low Reynolds numbers. It was
shown experimentally [62] that this coefficient depends on the
length of the stenosis L, and on the diameters of the healthy and
stenotic segments D, and D, and can be computed as

2
K, =32(0.83L; +1.64D )ﬁL 11
v = 308 LD B Dy an

It is worth noting that the original AP reported in Young et al.
[60] depends also on the time derivative of the flow rate. The au-
thors solve the resulting ODE for the flow rate at each time step
under the assumption that the pressure drop at the previous time
step is available, obtaining a flow rate that is then prescribed in
the last computational cell of the vessel proximal to the stenosis
and in the first cell of the vessel distal to the stenosis. We chose
to neglect this time-dependent term under the simplifying as-
sumption of constant flow, which we made consistently with the
approach by Steele et al. [58] due to its significant advantages
for the numerical treatment of the problem. For completeness,
we refer to the first section of the Supporting Information for a
comparison between the pressure drops obtained with the un-
steady 0D stenosis model by Young et al. [60] and its steady-state
version.
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Following the procedure outlined by Steele et al. [58], we can
incorporate the pressure drop formulation in Equation (10) into
our model through the loss term R, in the momentum conser-
vation equation. In particular, under the constant flow rate
assumption (d,q =0 and 9d,q = 0), we can manipulate the mo-
mentum balance equation in system (1) to isolate the spatial de-
rivative of pressure d,.P, and obtain that

op=—RpL 1, L, 12)
x5 VPAZ pA3 XA'

This equation can be integrated in space along the stenosis to
obtain the pressure drop AP across the lesion:

AP=P,—P =ﬂ_q2(L_L>+R [ L. as
L R > A?,R AE,L vPq N e 13)
where x; and x; are the left and right stenotic boundaries,
P, = P(x,)and Py = P(x)are the corresponding pressures, and
A and A p are the corresponding stenotic areas. Since the area
is not constant, we notice that the pressure drop is dependent
on the integral of the square of its inverse over the stenosis and,
consequently, on the shape of the lesion.

Through a simple substitution one obtains

K (A 2
RF&%{%%ﬁ“j(f”) xkl+|
d deL de d S IxL ;dx

_1<J__J;>_JL_
2 2 Xgp 1 :
2 AS,R As,L IxLR ye

This coefficient was then precomputed through Simpson's rule
using a reference radius rg,n, (X) associated to the geometry of
each employed network to evaluate

(14)

2 2 2
A:zrrgeom(x) N As,Lzﬂ-rgeom(xL) . As,Rzﬂrgeom(xR) s

Focom (%) F Focom (X s)
D,=2 zeom (%) 5 zeom R), DS=2mxin(rge0m(x)).

We can notice that for stenoses with constantareas and equal A
and A,; we would obtain, from Equation (13), AP = R,pqL, / A?
and, consequently,

R o APA

, 16
p gL a6

which is exactly the coefficient reported in Steele et al. [58].

2.2.3 | Boundary Conditions

In this work, we performed both steady-state simulations pre-
scribing a constant pressure at the inlet of the network and con-
stant flow rates @’m, j=1, ...,N,,, at its outlets, and unsteady
simulations prescribing a time-dependent pressure waveform at
the inlet of the network and coupling lumped parameter models
to its outlets. The details on parameter definition are illustrated
in Section 2.3.

2.2.3.1 | Lumped Parameter Models Coupled to Out-
lets. Coronary blood flow is determined both by aortic pres-
sure and by the pressure variations that arise distally from an
active compression and decompression of the coronary micro-
circulation caused by the rhythmic contraction and relaxation
of the myocardium [11]. This motivates the choice of coupling
network outlets to 0D models derived from the work by Mantero
et al. [63], which account for coronary arterial and venous resis-
tance, for the resistances of coronary arterial and venous micro-
circulation, for coronary arterial and left ventricular compliance
and for the time varying left ventricular pressure. A schematic
representation of this model setup is shown in Figure 1. The
variation in volume V within each compartment of the lumped
parameter model is described by the ODE system

dVej _ Ppj =Py a
ar Qout,j Rm,j ’
dVij  Ppj=Ppj  Ppj—Py;
= - , (18)
dt Ry Ry

where q,,,; is the flow exiting the j-th 1D domain and entering
the lumped parameter model, P and R represent pressure and
resistance of different components of the lumped model, and the
subscripts p, m and d stand respectively for proximal, medial
and distal. g,,,; can be computed through Ohm's law as

pout,}' —-P pJ
Qoury = —2—22, 19)
12

where p,,; is the pressure at the inlet of the lumped parame-
ter model. Volumes and pressures are related via compliance C
through equations

pJ
P= g, (20)
mj
Pm,jzc_m"'PLV’ (21)

where P;, is the left ventricular pressure. ODEs (17) and (18)
are solved through a fourth-order Runge-Kutta method, as pro-
posed by [64].

2.3 | Computational iFR Estimation Pipeline

Assuming that a patient-specific dataset is available, the pipe-
line for the 1D-0D model iFR prediction is the following:

1. Define 1D domain from CCTA scans of patients through
segmentation, meshing and post-processing procedures.

2. Define baseline coronary flow gy, through an appro-
priate strategy [33]. Here, we chose to estimate stroke vol-
ume (SV) from non-invasively measured patient-specific
parameters, which are normally acquired during the di-
agnostic procedure for CAD, using the formula originally
proposed in de Simone et al. [65]
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1D domain

FIGURE1 | Schematic representation of a lumped-parameter model couplet to the j-th 1D domain outlet. C denotes compliances, R resistances
and P pressures, while the subscripts p, m and d stand for proximal, medial and distal, respectively. P;;, denotes the time-varying left ventricular
pressure.

TABLE 2 | Distributions of total arterial compliance according to Halushka et al. [68] and of 4., according to Sakamoto et al. [66].

Parameter Branch, dominance Symbols Baseline value Distributions
Total arterial compliance — Cror [ImL mmHg™!] 1.2 N'(1.2,0.48)
Coronary flow fraction Left, right Acor(%) 2.6 1U°(1.78,3.42)
Coronary flow fraction Right, right Aeor(%) 1.9 U@1.1,2.7)
Coronary flow fraction Left, left Acor(%) 34 U(2.74.1)
Coronary flow fraction Right, left Acor(%) 0.9 1°(0.27,1.6)

SV = PP* x [(0.013 X W) — (0.007 X Y) — (0.004 X HR) + 1.307]
(22)

where W is the weight in kilograms, Y is the age in years,

HR the heart rate in beats per minute. PP* is computed as

PP* = (0.49 X PP) + (0.3 X Y) + 7.11 (23)

where the pulse pressure PP is defined as the difference
between systolic and diastolic blood pressures (in mmHg).
Then, the cardiac output (CO) is computed as

CO=HRXSV 24)

The estimation of baseline coronary flow to a specific coro-
nary branch was based on the work by Sakamoto et al. [66]:

Abranch = ’lcorco (25)

where the values for 4, depend on the considered branch
and on the patients‘ coronary arterial dominance and are
reported in Table 2.

3. Model validation versus 3D simulations was conducted
splitting the flow g,,,,., among the network's N, outlets
through the vessel length-based flow-distribution method
used for 3D simulations [67].

For model validation versus invasive measurements and
UQ&SA, instead, we chose to split the flow g, ., accord-
ing to the following relationship based on vessel radius.

(meanr)3

j J
qlom - qbranch N

— =1, ...Ny (6
Yo (meanr))* "

where meanr; denotes the average radius of the j-th termi-
nal vessel.

4. Perform a steady-state simulation with prescribed inlet

pressure P,, equal to the cardiac cycle average of the in-
vasively measured patient-specific aortic pressure and pre-
scribed outlet flows q’o . defined in previous step. Compute
resistances at outlets [33] as

P

outj —
outj — i

R Y with j=1, ... ,N, @7)

>+ Vout
out

Here, P, denotes the pressure value at the j-th outlet
obtained through the steady-state simulation, and P, =5
mmHg is a reference venous pressure.

5. Perform a transient simulation with aortic pressure wave-
form P;, () at the inlet of the vascular network and prescribed
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FIGURE2 | Aortic (blue) and left ventricle (orange) template waveforms used for patient-specific simulations.

MP.
mirroot

Pin(t)

Pressure

T
I

Time

FIGURE3 | Aortic pressure waveform parametrised in terms of pulse pressure, mean arterial pressure, cardiac cycle and systole duration.

lumped parameter models at outlets. Aortic pressure was
computed scaling a population-based template pressure
waveform f’m(t) (Figure 2) in terms of cardiac cycle-averaged
pressure MP, ., pulse pressure (PP), cardiac cycle dura-
tion and systole to cardiac cycle duration ratio (Figure 3).
These quantities were extracted from pressure tracings for
aortic pressure acquired during invasive iFR measurement.
We employed the lumped-parameter models presented in
Section 2.2.3, which are parametrised in terms of resistances,
compliances and left ventricular pressure. The considered
resistances were those computed in the previous step, while
coronary peripheral compliance was obtained splitting the
total arterial compliance by Halushka et al. [68] according
to the flow percentages by Sakamoto et al. [66] (see Table 2).
Coronary peripheral compliance C,4, Wwas distributed
among outlets using Murray‘s law [69]

where j stands for the j-th outlet of the network. Resistances
Ry and compliances C,,; were subsequently distributed
among the different compartments of the lumped parameter
model attached to the j-th outlet (see Figure 1). The fractions
used for distributing R,,; among R, ;, R,,,; and R,; were set, re-
spectively, to 0.01, 0.84 and 0.15, while those used to distribute
Couty @mong C,,; and C,, ; are 0.025 and 0.975, respectively [41].
Similarly to aortic pressure, left ventricular pressure P, (t) was
computed from a template pressure waveform ﬁLV(t) (Figure 2),
scaled in terms of systolic blood pressure, cardiac cycle duration
and systole duration.

Simulation results obtained through step 5 represent the state
from which iFR and resting P, / P, can be evaluated at any point
of the network. In particular,

- dweePasyOde
(dt

—op = (29)
1o-op .[WFPP in

7 of 22

B5UB017 SUOLULLOD 31D 3|edl|dde 8Uy Ag pausenob a1 3ol YO ‘BSn J0 S3|nJ 04 ARIq1T BUIUO /8|1 UO (SUORIPUOD-PLR-SLLBYW0D" A3 |IMARIq 1 [RU1IUO//SARY) SUORIPUOD PUe SWiB L 8U} 885 *[5202/€0/90] Uo ARiq1T 8UlluO AB|1M B1felieurIy00D Aq 868€ WUD/Z00T OT/I0p/uod 3| Im Afelq jeul|uoy/sdny Wwol papeo|umoa ‘T 'SZ0e ‘Ly6.0702



where WFP denotes the diastolic wave-free period [11], which is
defined from 25% of the diastolic length into the diastolic phase
to 15% of the diastolic length before the end of the cardiac cycle
[70], and Py ;(2) is the predicted pressure at the j-th node of the
network. Resting P, / P,, instead, is defined as

j _ J+Paistj(B)dt

restingP, /PalD—OD = W,
T in

(30)
where T denotes cardiac cycle duration.

2.4 | Numerical Methods: MUSCL-Hancock Finite
Volume-Type Scheme

System (1) cannot be cast in conservative form [54] and, con-
sequently, classical finite volume schemes based on the finite
volume formula cannot be employed for its solution due to the
presence of non-conservative products [71]. Several implicit,
semi-implicit and explicit approaches have been proposed in
the literature to deal with this type of problems. Particularly
relevant explicit methods are the finite element [72-74], finite
volume [56, 75] and finite difference [76, 77] methods [78, 79].
As far as implicit and semi-implicit methods are concerned, we
mention here the simplified trapezoidal rule method [80, 81],
unconditionally stable fully implicit methods based on the fi-
nite element [82, 83] and finite volume [84, 85| frameworks and
semi-implicit flux splitting schemes [86, 87].

For this work, we built a MUSCL-Hancock type [88] second-order
well-balanced scheme based on a first-order path-conservative
scheme and on a well-balanced high-order reconstruction op-
erator [89, 90]. To achieve this, we chose to depart from the
second-order method developed in Spilimbergo et al. [54] and
modified it to preserve well-balancing for steady flows in ves-
sels characterised by marked variations in cross-sectional area.
MUSCL-Hancock finite volume schemes are fully discrete meth-
ods obtained solving a generalised Riemann problem at each cell
interface through a spatial reconstruction step, the evolution of
the so-called boundary extrapolated values and the solution of a
classical Riemann problem. Here, the reconstruction and evolu-
tion steps were based on the theory introduced in Miiller et al.
[90], and the solution of the classical Riemann problem at the in-
terface was obtained through the non-conservative DOT solver
[91]. Compared to the method proposed by Spilimbergo et al. [54],
we chose to perform spatial reconstruction on deviations around
a hypothetical steady-state solution, and we expressed the second
component of non-conservative products in terms of total pres-
sure. In addition, we computed the first component A(s) of the
path used to solve the classical Riemann problem by inverting
the segment path for total pressure. In the following, after a brief
explanation of employed notation, we report our changes to the
method described in Spilimbergo et al. [54] and refer to Section 2
of the Supporting Information for a full description of the scheme.

Consider the control volume V' = [xl._g,xi +1] X [¢", £"] and in-
2 2
tegrate (6) using integration by parts [56, 57] to obtain

n n A
Qi+1=Qi—E<D ,+D;l>—Gi+At”Si, (31)

i+3

Xy 1 . . .
where Q} ~ Aix jxff Q(t",x)dx is the approximation of the av-
=3

erage of the exact solution at the i-th computational cell at

time level ¢*, the non-conservative product G; is the approxi-

mation of the time integral of the spatial average of the prod-

uct between the coefficient matrix and the spatial partial
. . - 1 el X; /

derivative of the state vector G; =~ Jn f:/; A(Q)0,Qdxdt,

X;
the numerical source S; is defined as the approximation of the
spatial-temporal integral average of the source term at the
1 X;

i-th computational cell 8;~ —— L[:“ fx“'_*l‘//; S(Q(x, £))dxdt,

and D;—:rl =D*(Q,,Qg,¥) with Q;, Qg respectively the states
at the left and right of cell interface x,, 1. D™(Q,,Qg,¥) and
D*(Q;,Qg,¥), which are called numerical fluctuations, are
two Lipschitz continuous path-dependent functions that have
to satisfy D*(Q,Q,¥) =0 over the considered domain and
D™(Q,,Qx. %) +D*(Q,, Q. ¥) = [y A¥(Q;,Qp5) 25 (Q,, Qg 5)ds
for every Q;, Qg [56, 71, 92].

The following paragraphs will describe in detail data recon-
struction, our approach to deal with non-conservative products
and the path we employed to solve the classical Riemann prob-
lem arising from the MUSCL framework.

2.4.1 | Spatial Reconstruction

Appropriate data reconstruction methods allow to obtain high
order of accuracy. In particular, to obtain second order of ac-
curacy, one can choose appropriate piecewise linear functions,
which are defined through their slopes A} ;:

P =Q+ (x— xi)AZ,i’ (32)

where Q,, k=1, ... ,mdenotes the k — th component of the state
vector and i denotes the considered computational cell. A common
choice of reconstruction operator is the ENO criterion [93]. We
focus here on the reconstruction for the cross-sectional area, due
to the fact that a modification of the ENO reconstruction operator
was necessary to preserve well-balanced properties of the high-
order scheme [90], since steady solutions of system (6) may not
be polynomials. We employed a spatial reconstruction algorithm
whose output, in the presence of a steady solution, is a polynomial
that is equal to the steady solution at cell interfaces. In particular,
for computational cell I, the procedure is the following:

1. PerformENOreconstructiononthestencilS; = {I;,I,_;,I,,; }
for the flow component of the state vector Q to obtain poly-
nomials (32).

2. Recall the generalised Riemann invariants for the 4,
-characteristic field defined in Equation (8). Compute the
roots of Al = %(A(xi_%,qi_%,l“f) +A<xi+%,qi+%,rj>> to
find a total pressure value

= % pu? 4+ P* (33)

such that the cell average A! of the cross-sectional
area at time n is equal to the average of the area values
A(x‘

ix 1o Qixls
2 2

Ff) we would obtain at the left and right
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cell interfaces x,_ 1 in steady-state conditions. Area values

are expressed as functions of space, I} and flow values
qii% = Q;’,i + < el = >A2 » where A" =0 in steady-state
conditions. We note that the aforementloned Riemann in-
variant always exists and is unique under the assumption

of subcritical flow.

3. Once the Riemann invariant I'} is available, for every cell j
belonging to the stencil S; compute

1 s s
V== 5 (A0 g ) + 4G50 1))

which measures the deviation of the cell averages AJ’? from
the steady-state solutions found at the previous step.

4. Apply ENO reconstruction to the deviations V" to obtain
an auxiliary slope DY, , for the cross-sectional area, which is
null in case of steady state solutions, and compute the final
ENO slope for the cross-sectional area as

1

Al = EC(A< i+ ,ql+1,l" ) A('xi—%’qi—%’rj)) + D), (34)

2.4.2 | Non-conservative Products in
the Evolution Procedure

Non-conservative products are present in Equation (31) (G;) and
arise in the evolution of boundary extrapolated values (recon-
struction polynomials evaluated at cell interfaces) required by the
MUSCL framework. The treatment of the two cases is analogous.
Let us define any non-conservative product NC; arising on the i-th
computational cell from the procedure as a function of the non-
conservative operator nc(): NC; = At nc( ;’,Ai)with A, appropri-
ate approximation of the spatial derivative of the state vector Q.
Normally, one would compute NC; as the matrix-vector product
NC,; = A(Q )A;, with A(Q) coefficient matrix of the system and
A = Q -Q

;= . Nonetheless, the second component of this product
would requlre the use of A, ; = , which is not exactly com-
puted, since the cross-sectional area that solves the steady problem
might not be a polynomial. As a consequence, we reformulate the

second component of the non-conservative operator as

R
q; A; Pror = P%OT
nc, (Q,4) = ZAz,i + 5T A (35)
1 (4
where P = Pk + Ep(;}) ,with k = {L,R}. Clearly, when con-

R . R or =P
sidering steady-state solutions, A, ; = 0 and Iw =0.

2.4.3 | Integration Path

The computation of numerical fluctuations D;, 1 requires the solu-

2

tion of a classical Riemann problem at cell interface x;, 1. We chose
2

to use the DOT solver for non-conservative systems [91, 94]:

4
SIS P )22 o

Jj=1 s

(36)

))+|ace(Qt,,

D, = 1 3 (ACP(QEQL,5) - AP (@Rt 5 2

5

37
where o, and s; are, respectively, the weights and Gaussian point
coordinates of the considered quadrature rule. ¥(s) is a path that
links in phase space the right and left states Q* and QF in the
Riemann problem, and |A| = R|A|R™, with R matrix of right
eigenvectors for system (6) and | A | diagonal matrix of the cor-
responding eigenvalues of A in absolute value. We employed a
variation of the integral path presented in Miiller et al. [56], anal-
ogous to that proposed by Caleffi and Valiani for shallow water
equations [95], which uses the segment path for all state vari-
ables except for the cross-sectional area and preserves steady-
state solutions exactly:

P, (QL(),Qx(1),s) =A(s) =w(s) for 0<s<1, (39)

where Q; and Qy are the left and right states to the considered
cell interface. y(s) can be defined in terms of total pressure as

w(s) =prory +5 (pTOT,R - pTOT,L) . (39)

Since total pressure is a function of area, A(s) can be computed
through a globally convergent Newton's method.

The derivative %| of ¥, (Q,(1),Qg(t),s), required to compute
the fluctuations thr%ugh Equation (36), was computed as
oy v o o\
a_sA X (AO,R_AO,L)_ _1/_/| (‘IR_(IL)><—Z )
s; Sj
(40)

aq 0A

5

2.5 | Uncertainty Quantification and Sensitivity
Analysis

Patient-specific models use personalised inputs which may
or may not be acquired in a clinical setting, and whose mea-
surement is characterised by a high degree of uncertainty re-
lated to measurement errors and a large biological variability.
Furthermore, clinical applicability of such models requires a fast
response, meaning that they usually rely on simplified versions
of the original physical problem, introducing further uncer-
tainties. As a consequence, it is fundamental to understand the
sensitivity of model predictions to uncertainties in model inputs
to guide model design and to verify how uncertainties impact
the accuracy of model outputs. The sensitivity of FFR predic-
tions to various sources of uncertainty such as lesion geometry,
peripheral resistances, blood viscosity, coronary flow fraction
and stenosis parameters has been thoroughly investigated [41,
43-45, 96]. A similar extensive analysis of the sensitivity of iFR
predictions to parameter variations and to modelling simplify-
ing assumptions has not been performed yet and the results ob-
tained for steady-state FFR models may not be directly extended
to unsteady iFR models.

In this study, we performed three UQ&SA cases using a polyno-
mial chaos approach. First, we assessed the sensitivity of compu-
tational iFR estimates to parameters that impact the steady-state
portion of the pipeline described in Section 2.3 (segmented radius,
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baseline coronary flow and mean arterial pressure). Subsequently,
we assessed the uncertainty deriving from parameters used to
parametrise the aortic pressure waveform and Mantero's lumped
parameter models prescribed as boundary conditions in the un-
steady portion of the pipeline (coronary arterial compliance, pulse
pressure and duration of systole relative to the cardiac cycle).
Finally, we combined the most relevant parameters identified
through the previous analyses to assess whether iFR estimates
are influenced more by steady-state or transient parameters, in
order to determine whether it would be reasonable to estimate iFR
through less computationally expensive steady-state simulations.

2.5.1 | Parameter Distributions

This section illustrates how we determined realistic parameter
distributions for the three analyses we conducted. Considered
parameters are the segmented radius (r), baseline coronary flow
(Quranch)> mean aortic and pulse pressures (respectively P, and
PP), the duration of systole relative to the cardiac cycle (T / T)
and coronary arterial compliance (Cy,anen)-

2.51.1 | Distributions for Parameters Related to Pres-
sure. Distributions describing uncertainties in P, PP
and T,/ T were computed using invasively measured aortic
pressure waveforms for 63 patients. In particular, we chose to
characterise uncertainties in P, and PP through multipliers
subsequently applied to the baseline patient-specific quantity

PP,

XUQSA = Xbase - AX for X = Proot’
where Xpjqga denotes the parameter value used for simulations
and X, is its baseline value. Distributions for these multipli-
ers were obtained dividing data by their mean, identifying and
removing outliers from the population to reduce the chance of
obtaining parameter combinations resulting in supercritical
simulations. Finally, we fitted a normal distribution to the ob-
tained data. We thus obtained normal distributions centred ap-
proximately in 1, with standard deviation independent on the
mean. For T, / T, instead, we used the best normal distribution
centred in the population mean and used samples from this dis-
tribution directly as parameters for simulations.

2.5.1.2 | Distribution for Baseline Coronary
Flow. Uncertainty in coronary flow q,,., was character-
ised through a multiplier Agy,..c, applied to a patient-specific
baseline flow estimated through de Simone method (see Step 1
of the pipeline presented in Section 2.3)

qbranch,UQSA = qbranch,base : Aqbranch’

The distribution for Agy,,,., Was computed coupling population
data and modelling results. We employed data pertaining to 18
coronary branches to compute baseline branch flows through
the four methods illustrated in Miiller et al. [33]:

de Simone: qbranch,dS = j'cor ) COdS’ (41)
Ultrasound: Qbranch,Us = Acor - COys;s (42)
Kishi-Molina: gy, xm = 8 - 2.4 - LVM, 43)

Sharma-—Molina: gysnen sm = 0-14-(0.7- HR - SBP-0.001—-0.4)

A
.24.-LVM- ﬂ,
0.045

44
where COyq is defined through Equations (22-24) COyg is the
cardiac output derived from patient-specific ultrasound mea-
surements, # = 0.8 mL/min/g is a reference value for myocar-
dial tissue perfusion, HR and SBP are, respectively, the heart
rate and systolic blood pressure of patients and LVM is the left
ventricular mass estimated from the CCTA scans of patients.
In particular, we generated a set of samples for each method
through python library chaospy employing population-based
and literature-based parameter distributions. Datasets for each
patient were then combined, and, after dividing data by their
mean and removing outliers, we fitted the best normal distribu-
tion to the resulting dataset.

2.5.1.3 | Distribution for Coronary Arterial Compli-
ance. Coronary arterial compliance Cy,,, can be computed
as a percentage of total arterial compliance Crqy

Cbranch = C'TOT : ﬂcor! (45)

with A, flow fraction to a specific coronary branch. Its distri-
bution was defined combining the uncertainties in Cgp and 4,
reported in Table 2 [66, 68], and generating a population-based
dataset to which we fitted a uniform distribution after excluding
outliers and negative compliance values.

2.5.1.4 | Distribution for Segmented Radius. To account
for uncertainties in lumen cross-section, we applied a param-
eter Ar~ U'(—0.15,0.15) to the radii in the network so that
r=r,- (1 + Ar), where r, is the segmented radius.

A summary of the employed distributions is collected in Table 3,
while the histograms of the normal distributions are reported
in Figure 4.

2.5.2 | Uncertainty Quantification and Sensitivity
Analysis Procedure

To conduct our sensitivity analysis, we followed the approach used
by Fossan et al. [41], which is based on the review of Eck et al. [45].
Sensitivity of each model prediction to input uncertainties was
assessed in terms of first-order and total Sobol sensitivity indices
[45], computed here through the chaospy [97] implementation of
the pseudo-spectral projection method, which is a non-intrusive
polynomial chaos expansion method. Since both indices are based
on scalar variables and in this work we considered multiple iFR
estimates, we chose to summarise their sensitivities through aver-
age first-order (AS;) and total (ASy;) Sobol sensitivity indices and
through uncertainty weighted first-order (WS,) and total (WSr,)
sensitivity indices [41]. We can summarise the employed proce-
dure for UQ&SA as follows.

1. Identify the model output of interest Y and approximate
the joint distribution p, of the input random vector Z.

' . N,
2. Define a set of numerical quadrature nodes S; = {z®} >,
in parameter space Q, and a set of associated quadrature
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TABLE 3 | Inputuncertainties for the assessment of the effects of parametric input uncertainty on 1D-0D estimates of iFR.

Input Source of baseline value Symbols Distribution
Pulse pressure Invasive aortic pressure tracings APP N'(0.98,0.27)
Mean aortic pressure Invasive aortic pressure tracings AP, N'(0.99,0.09)
Systole over cardiac cycle duration Population average T,/T N'(0.38,0.06)
Flow entering the coronary branch ~ de Simone et al. [65], Sakamoto et al. [66] AQpranch N(0.99,0.30)
Coronary arterial compliance Population average Ciranch [ML/mmHg] 1/‘(1,14 . 10‘3,0_071)
Segmented radius CCTA-derived segmentation Ar U’ (-0.15,0.15)

Note: Uniform distributions are denoted by " (min, max) and normal distributions by M (mean, std. dev.).

Mean aortic pressure

0 T T T T

Systole to period ratio

0 - T T T
0.0 0.5 1.0 1.5 2.0

Pulse pressure

1.5~

1.0~

0.5 A

0.0 -

Flow to the coronary branch

1.25 A

1.00 A

0.75 ~

0.50 A

0.25 A

0.00 -
0.0 0.5 1.0 1.5 2.0

FIGURE4 | Distributions of systole over cardiac cycle duration ratio and of the multipliers for mean aortic pressure, pulse pressure and baseline

coronary flow.

weights W, = {w® }i\il We employed a Smolyak sparse-grid
with optimal Gaussian quadrature rule. In particular, the
chosen quadrature rule is a nested one, so that nodes of lower
accuracy levels are employed for higher accuracy rules, al-
lowing to use deterministic simulation results obtained at a
lower accuracy level when moving to the next one.

3. Evaluate the deterministic model atN quadrature nodes to
obtain model evaluations ¥, = {y®¥} ~ .

4. Select an expansion of orthogonal polynomials ®,. The
order of polynomials was set equal to the accuracy level of
the quadrature rule.

5. Estimate expansion coefficients ¢, and construct the trun-
cated polynomial chaos expansion

V= Z ¢, P (2). (46)

aEA

6. Compute uncertainty and sensitivity measures through the
approximation Y and assess their convergence. The accuracy
of UQ&SA results was assessed comparing the estimates
obtained considering successive quadrature levels until the
difference between estimated first-order and total Sobol sen-
sitivity indices was below 0.02 for all indices with estimated
value greater than 0.05. Approximation of maximum order 5
was performed, which required 355 simulations.

Further details are found in the fourth section of the Supporting
Information.
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3 | Results

3.1 | Validation of the 1D-0D Model Versus 3D
Simulations

The proposed 1D-0D model was validated on a population of 52
patients, for a total of 40 left and 21 right coronary arteries. We
performed a first comparison between 679 resting P, /P, esti-
mates obtained with our 1D-0D solver and using a 3D steady-
state Navier-Stokes solver. Furthermore, we compared iFR
estimates obtained with our unsteady 1D-0D solver to 43 iFR
predictions by an unsteady 3D Navier Stokes solver for a set of
28 patients (the first 28 recruited patients). The two comparisons
were performed as follows:

1. 1D-0D results obtained performing step 4 of the pipeline
illustrated in Section 2.3 versus 3D steady-state estimates.
For 1D simulations, we prescribed the 3D steady-state pres-
sure at the inlet of the network and 3D steady-state flows at
its outlets.

Scenario 1
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2. 1D-0D results obtained through step 5 of the pipeline il-
lustrated in Section 2.3 versus 3D unsteady estimates. For
our 1D-0D simulations, we prescribed the same inlet pres-
sure waveform employed for the 3D unsteady simulations,
which we obtained by scaling a template aortic pressure
waveform in terms of patient specific pulse pressure, mean
arterial pressure and cardiac cycle duration. Moreover, we
parametrised terminal lumped parameter models in terms
of the cardiac-cycle averaged resistances resulting from the
3D unsteady simulations.

See Section 3 of the Supporting Information for details regard-
ing the setup used for the three-dimensional simulations.

Figure 5 shows scatter plots and Bland-Altman plots for the two
aforementioned scenarios. A numerical characterisation of these
comparisons is provided in the top two rows of Table 4: we report
the bias between the haemodynamic indices obtained through the
3D and 1D-0D models, coefficients for linear fitting and Pearson
correlation coefficient, and we evaluate the diagnostic agreement
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FIGURE 5 | Scatter plot and Bland-Altman plot of 1D-0D to steady-state 3D resting P; / P,, and of 1D-0D to unsteady 3D iFR (scenarios 1 and 2
in Section 3.1). The left column depicts results for the first scenario, which is characterised by a bias (difference between 3D and 1D-0D estimates)

0f 0.004 and a standard deviation of 0.015, whereas in the right column, we report results relative to the second scenario, for which we can observe a

bias of 0.0 and a standard deviation of 0.026.
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TABLE 4 | Comparison of (1) resting P, /P, obtained through steady-state 3D and unsteady 1D-0D models (scenario 1, Section 3.1), (2) iFR
estimates obtained through transient 3D and 1D-0D models (scenario 2, Section 3.1) and (3) comparison of 1D-0D iFR and invasive iFR and (4)

comparison of 1D-0D resting P, / P, and invasive resting P, / P,

Comparison type a b r Bias Acc. Sens. Spec. PPV NPV
1D-0D versus 3D estimates: scenario 1 1.05 -0.05 0.98 0.004 (0.015) 96.61 93.27 97.22 85.84 98.76
(vesting P,/ P,)

1D-0D versus 3D estimates: scenario 2 iFR)  0.97 0.03 0.97 0.0 (0.026) 97.67 100.0 96.88 91.67 100.0
1D-0D versus invasive resting P, / P, 0.4 0.58 079 -0.02(0.067) 82.72 5714 91.67 70.59 85.94
1D-0D versus invasive iFR 0.37 0.6 0.8 —0.036 (0.101)  83.95 60.0 91.8 70.59 87.5

Note: a and b are coefficients for linear fitting, r is Pearson correlation coefficient. The bias was computed subtracting the 1D-0D estimate to the corresponding 3D (or
invasive) one. Considered iFR and resting P, / P, critical thresholds are, respectively, 0.89 and 0.92 [40, 47]. Results are reported as mean (standard deviation).

in terms of accuracy, sensitivity, specificity, positive and negative
predictive values (PPV and NPV, respectively).

3.2 | Validation Versus Invasive Measurements

Further model validation was performed comparing 81 1D-0D
estimates of iFR and resting P, /P, obtained using baseline
patient-specific parameters (see Section 2.3 for their definition),
to corresponding invasive measurements. Considered iFR and
resting P, / P, critical thresholds for functionally significant le-
sions are, respectively, 0.89 and 0.92 [40, 47]. The bottom two
rows of Table 4 collect a numerical characterisation of the di-
agnostic performance of the 1D-0D computational indices with
respect to invasive measurements.

3.3 | Sensitivity Analysis

We performed three sensitivity analyses as illustrated in
Section 2.5 to identify the most influential parameters for opti-
misation to guide model design.

3.3.1 | Uncertainty in Steady-State Parameters

This analysis was performed with respect to the uncertain input
parameters Zigg = [Ar, AP0, Apranen | at 81 locations where iFR
was measured invasively, following the procedure illustrated
in Section 2.5.2. Convergence of the first-order and total Sobol
sensitivity indices was obtained within 4 accuracy levels for the
considered 81 locations, requiring at most 168 simulations for
each coronary branch. Average first-order and total Sobol sensi-
tivity indices are visualised in Figure 6 (top row) together with
weighted first-order and total sensitivity indices and reported in
Table 5 (Analysis 1).

3.3.2 | Uncertainty in Transient Parameters

This analysis was performed with respect to the uncertain input
parameters Zigg = [Coranch» Ts/ T, APP| at 81 locations where
iFR was measured invasively. Convergence of the first-order
and total Sobol sensitivity indices was obtained at all locations
within 5 quadrature levels, requiring at most 355 simulations for
each coronary branch. Average first-order and total sensitivity

indices are visualised in Figure 6 (second row) together with
weighted first-order and total sensitivity indices and reported in
Table 5 (Analysis 2).

3.3.3 | Uncertainty in the Most Relevant Parameters
Identified by the Previous Analyses

This analysis was performed with respect to the uncertain
input parameters Zg = [Ar, Chranch» Aqbramh] at 81 locations
where iFR was measured invasively. Convergence of the first-
order and total Sobol sensitivity indices was obtained within 4
accuracy levels, requiring at most 168 simulations for each cor-
onary branch. Average first-order and total sensitivity indices
are visualised in Figure 6 (bottom row) together with weighted
first-order and total sensitivity indices and reported in Table 5
(Analysis 3).

3.3.4 | Impact of Parameter Uncertainty on
iFR Prediction

Following the three analyses, we assessed the impact of uncer-
tainties in the three considered sets of parameters on the rela-
tionship between iFR, which is computed averaging aortic and
distal pressures over the diastolic wave-free period, and resting
P, /P, which is a cardiac-cycle averaged quantity that can be
computed equivalently through steady-state and unsteady sim-
ulations [41]. Figure 7 shows scatter plots comparing resting
P; /P, and iFR estimates obtained through our 1D-0D model
for all parameter combinations considered for the three sensi-
tivity analyses. Given the low observed scatter, we employed the
linear relationship between resting P, / P, and iFR estimates re-
ported in the plot on the bottom right

iFR = 1.24 - restingP,; / P, — 0.24, 47)
as a correction factor for resting P,/ P,. Numerical results as-
sessing the quality of this correction are reported in Table 6.

Furthermore, we compared average predicted iFR at each loca-
tion and corresponding invasive measurements, highlighting
the uncertainty in our estimates deriving from the variation
of parameters considered for each analysis. Figure 8 shows the
scatter plots for this comparison, where vertical error bars repre-
sent the 95% prediction intervals.
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FIGURE 6 | Average first-order and total sensitivity indices, as well as weighted first-order and total sensitivity indices are reported for the three

considered analyses. The first and second rows report, respectively, results obtained through the sensitivity analysis for steady-state and transient

parameters. The third row shows results obtained through the analysis performed considering uncertainties in the most influential parameters iden-

tified through the previous analyses. Vertical black error bars denote the standard deviation of the average first-order and total sensitivity indices.

4 | Discussion

4.1 | Validation of the 1D-0D Model Versus 3D
Simulations

In this study, we proposed a modelling framework for compu-
tational iFR estimation based on the use of a transient 1D-0D
blood flow model. A stenosis detection algorithm [33, 41] was
employed to separate stenotic segments from healthy segments.
Blood flow in healthy segments was modelled using the 1D equa-
tions for blood in axisymmetric arteries, while the relation be-
tween pressure and flow in stenotic regions was described by a
1D model which includes viscous and convective terms from the

0D experimentally derived stenosis-model by Young et al. [98].
The models for healthy and stenotic segments were parametrised
through clinical imaging and patient-specific characteristics.

We validated step 4 of our 1D-0D modelling pipeline against 3D
steady-state simulations for 679 lesions detected by the stenosis de-
tection algorithm by comparing resting P, / P, estimates obtained
through the two models. Additionally, we validated the ability of
the proposed 1D-0D model to capture relevant transient and pulsa-
tile dynamics by comparison against 3D transient simulations for
43 stenoses. Diagnostic indices reported in Table 4 were computed
under the assumption that the critical threshold for resting P; / P,
is 0.92 and that the corresponding critical threshold for iFR is 0.89
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TABLE 5 | Summary of sensitivities resulting from the three proposed analyses, which account respectively for uncertainties in steady-state,

transient and most relevant parameters.

Analysis 1 Analysis 2 Analysis 3
Ar APy oot AGpranch Chranch T,/T APP Ar Chranch Agpranch

AS,  0.54(0.07) 0.04(0.01) 0.37(0.07) 0.94(0.03) 0.03(0.02) 0.01(0.02) 0.49(0.08) 0.07(0.02) 0.38(0.06)
ASp;  0.59(0.07) 0.04(0.01) 0.41(0.08) 0.96(0.03) 0.04(0.02) 0.01(0.02) 0.54(0.07) 0.09(0.02) 0.43(0.07)
WS, 0.47 0.03 0.45 0.93 0.04 0.01 0.41 0.08 0.45
WSy, 0.52 0.03 0.49 0.95 0.05 0.02 0.46 0.1 0.5
Critical region: 0.86 < iFR < 0.93, N=19

AS;  0.56(0.06) 0.04(0.01) 0.36(0.06) 0.95(0.01) 0.03(0.01) 0.01(0.01) 0.5(0.06) 0.07(0.02) 0.37(0.05)
ASp;  0.6(0.06) 0.04(0.01) 0.4(0.06) 0.97(0.01) 0.04(0.01) 0.01(0.01) 0.55(0.05) 0.09(0.02) 0.42(0.05)
WS, 0.53 0.03 0.39 0.94 0.04 0.01 0.47 0.08 0.39
WSy, 0.58 0.04 0.43 0.96 0.05 0.01 0.52 0.1 0.44

Note: Indices are reported when all 81 measurements are considered, and for cases (N=19) where iFR was in the critical region between 0.86 and 0.93. Results are

reported as mean (standard deviation).

[40, 47]. Along with the results depicted in Figure 5, they show
that our solver is able to satisfactorily reproduce both unsteady and
steady-state haemodynamic indices obtained through 3D simula-
tions, in the case of identical boundary conditions. This choice of
boundary conditions, in particular, allowed us to comprehensively
assess the correctness of the proposed distributed stenosis model,
proving that the steady-state assumption under which it was de-
rived has no significantly negative impact on simulation results.
For both scenarios 1 and 2, the observed biases, computed as the
difference between the 3D and the 1D-0D estimates, were indeed
below 1%. Moreover, Pearson correlation coefficients of 0.98 and
0.97, respectively, indicate a very strong positive correlation be-
tween 3D and 1D-0D results. Furthermore, through our solver we
were able to correctly match the diagnostic outcome of 96.61% of
3D steady-state estimates and of 97.67% of 3D unsteady estimates.

Since results obtained through our 1D-0D model are compara-
ble to those obtained via 3D simulations, it is possible to employ
this computationally cheaper and generally more robust method
[41] to explore the parameter space through global sensitivity
analysis, which requires a high number of model evaluations,
and to assess a large number of modelling assumptions to de-
velop modelling setups that result in reduced uncertainty.

4.2 | Validation of the 1D-0D Model Versus
Invasive Measurements

As expected from previously published analyses [25, 41], the
mismatch between 1D-0D iFR estimates and invasive measure-
ments is significant, and is likely exacerbated by suboptimal
parameter choices: when considering all available measurement
locations, the obtained bias is —0.036 with a standard deviation
of 0.101, which implies that average 1D iFR predictions consis-
tently overestimate invasive iFR measurements, underestimat-
ing stenosis severity.

The diagnostic accuracy, sensitivity, specificity, positive
predicted value and negative predicted value for our iFR

prediction framework are, respectively, 83.95%, 60%, 91.8%,
70.59% and 87.5%. With the exception of sensitivity and spec-
ificity, these results are comparable to the diagnostic efficacy
of FFR.; reported in previous multicentre studies [99-101],
which reported diagnostic accuracies between 73% and 81%,
sensitivities between 86% and 90%, specificities between 54%
and 82% and positive and negative predictive values between
65% and 74% and 84% and 93%, respectively. Furthermore,
1D-0D iFR diagnostic accuracy is comparable to that of CCTA
scans (79.03% [34]) and to values obtained with an open 3D-
0D model by Ma et al. [36] and through deep-learning and
CFD-based models by Zhang et al. [35] (respectively 78.72%
and 78%). The specificity of our 1D-0D estimates is higher
than values reported for FFR.; and in works by Ma et al. [36]
and Zhang et al. [35] and comparable with that obtained by
Liu et al. [34] through a closed-loop 3D-0D model (92.45%).
Sensitivity is, instead, particularly low when compared to val-
ues reported for FFR.; [99-101] and for computational iFR by
Liu et al. [34], Ma et al. [36] and Zhang et al. [35] (respectively
77.78%, 70.59% and 73%). These differences might be related to
parameter choices: Figure 8 highlights how computational iFR
predictions are affected by different sources of uncertainty.
Looking at the third plot, we can observe that uncertainties in
radius, compliance and baseline flow result in very large 95%
confidence intervals for lesions with invasively measured iFR
below the critical threshold of 0.89. Results obtained through
sensitivity analysis and reported in Table 5 identify flow and
segmented radius as the two most influential parameters for
computational iFR estimation. In particular, our distribution
for total coronary flow was obtained assuming a resting base-
line state, motivated by the fact that iFR measurements are
performed without medications that vasodilate the coronary
microcirculation, such as adenosine. The patients were how-
ever given other medications such as nitroglycerin and poten-
tially also beta-blockers, which could perturb the flow from
normal resting levels. The relatively large bias and general
underestimation of stenosis severity by predicted iFR indicate
that the modelling pipeline could be improved by better esti-
mation of total coronary flow.
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FIGURE7 | Scatter plots of 1D-0D resting P, / P, versus 1D-0D iFR with corresponding coefficients for linear fitting. The plot on the top left was
obtained considering all simulations performed accounting for uncertainties in steady-state parameters, that on the top right collects simulation re-
sults obtained varying transient parameters and that on the bottom left was obtained considering all simulations performed for the final sensitivity
analysis. The plot on the bottom right collects a summary of results obtained through simulations performed for all the three analyses.

TABLE 6 | Comparison of corrected resting P, / P, and iFR estimates.

Comparison type Bias Acc. Sens. Spec. PPV NPV
Resting P, / P, versus iFR — 96.77 97.38 96.6 88.19 99.3
Corrected resting P, / P, versus iFR 0.(0.018) 96.81 91.33 98.23 93.08 97.75

Note: Diagnostic indices were computed using 0.92 as the critical threshold for resting P, / P, and 0.89 as the critical threshold for iFR [40, 47]. When considering the
corrected resting P, / P,, we employed a threshold of 0.89 for both indices. Results are reported as mean (standard deviation).

4.3 | Sensitivity Analysis conditions (qy.nen @nd Pi,(£)) and based on parameters that ef-

fect the vessel geometry (Ar) and deformation (Cy ) The
We characterised the uncertainty in iFR predictions based uncertainties in gy, and P;, () were estimated based on clin-
on the inputs associated with inlet and outlet boundary  ically derived quantities, while Ar and Cy,,, were estimated
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FIGURE 8 | Scatter plots of average 1D-0D iFR estimates obtained through the three sensitivity analyses vs. measured iFR. Blue vertical lines

denote two standard deviations (95% confidence interval), and shaded regions identify the critical region between 0.86 and 0.93. Stars denote iFR

estimates obtained using baseline patient-specific parameters.

based on the typical image resolution and reported literature
variations.

4.3.1 | Sensitivity to Segmented Radius and Baseline
Coronary Flow

Consistently with the analysis performed by Fossan et al. [41]
concerning computational FFR estimation, uncertainties about
vessel segmentation, represented here by Ar, and flow to the con-
sidered coronary branch, described by the multiplier Agy,,ncns
have the highest impact on iFR predictions when assessing pa-
rameters that impact the steady-state portion of the pipeline pre-
sented in Section 2.3. Moreover, comparable sensitivity indices
were obtained in the overall final analysis. Dissimilarly to the
considerations made concerning the impact of uncertainties in
vessel radius on steady-state FFR predictions, there is no sig-
nificant difference between averaged and weighted sensitivity
indices and, as we can see in Table 5, the influence of Ar is com-
parable when considering the entire set of lesions and lesions
within the critical iFR range between 0.86 and 0.93 [47]. This in-
dicates that accurate segmentations are fundamental to obtain
accurate iFR estimates, independently of stenosis severity, and
suggests that cardiac-cycle averaged indices obtained through
steady-state simulations might better classify borderline cases.

The chosen coronary flow was split among network outlets to
define the outlet boundary conditions employed for the steady-
state portion of the pipeline. Through this step, we estimated
resistances employed to parametrise 0D models coupled to
terminal 1D vessels, which in turn are major determinants of
diastolic pressure decay. The results show that the impact of cor-
onary arterial flow is comparable to that of segmented radius
and is slightly higher when considering weighted sensitivity
indices compared to averaged ones. Consequently, it is crucial
to correctly model flow through the coronary tree to obtain re-
liable iFR estimates. To this end, methods to directly measure
total baseline coronary flow are being developed in the con-
text of ultrasound imaging and magnetic resonance imaging
[102, 103]. Nonetheless, to our knowledge, such methods have
not been used yet in the context of model-based iFR or FFR pre-
dictions [33].

4.3.2 | Sensitivity to Pressure-Related Parameters

Previously published analyses [33, 41, 43] reported that pre-
scribed inlet pressure has a very low impact on steady-state FFR
prediction frameworks. Since the fifth step of the proposed 1D-
0D pipeline for computational iFR prediction (see Section 2.3)
consists of a transient simulation performed prescribing a time-
dependent aortic pressure waveform at the inlet of the network,
we chose to consider uncertainties in pressure-related parame-
ters to assess whether modifying its shape has an impact on iFR
estimates related to variations in diastolic pressure decay. The
obtained averaged and weighted sensitivity indices confirm that
the impact of this quantity is negligible also when considering a
transient iFR prediction framework. This suggests that a stan-
dard population-based pressure waveform could be used for sim-
ulations, without requiring a patient-specific parametrisation.

4.3.3 | Sensitivity to Coronary Arterial Compliance

Coronary arterial compliance has a relatively high impact on
iFR predictions with respect to other parameters employed
for the unsteady portion of the pipeline, since it is involved in
the parametrisation of Mantero lumped parameter models.
Nonetheless, its overall impact on iFR prediction is low com-
pared to steady-state parameters Ar and Aqy,,., Suggesting
that iFR estimation is mostly influenced by steady-state quan-
tities. This consideration motivates the comparison reported
in Figure 7 between computational estimates of resting P; /P,
and iFR. The correlation between the two indices is satisfac-
tory and is maintained when introducing uncertainties related
to the unsteady portion of the pipeline. Moreover, while scatter
is present, it is very low around the critical threshold (0.89 for
iFR, 0.92 for resting P, / P, [40, 47]), suggesting that the ability
of the two indices of discriminating functionally significant le-
sions is comparable. This is confirmed by numerical results re-
ported in Table 6, which highlight also the equivalence between
resting P, / P, with a threshold of 0.92 and the corrected resting
P, / P, value obtained through the linear relationship (47) with a
threshold of 0.89. This indicates that unsteady simulations could
reasonably be replaced with steady-state ones applying an ap-
propriate correction coefficient.
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4.4 | Limitations

The present work has several limitations. First, when parame-
trising the lumped parameter models prescribed at terminal
vessels, we assumed that all intramyocardial vessels are subject
to left ventricular pressure. This was motivated by the consid-
eration that the only microvasculature that is subjected purely
to right ventricular pressure originates from vessels perfusing
the free wall of the right ventricle, which corresponds to only
about 20% of the total myocardial volume. However, in future
work we plan to address this potential issue by integrating the
coronary geometries obtained through segmentation within a
cardiac perfusion map, so that we can parametrise the terminal
lumped parameter models in terms of left ventricular, right ven-
tricular and septal pressures depending on the perfused region.
Secondly, our 1D-0D model is not perfectly reproducing 3D re-
sults. This is partly due to the fact that we derived our stenosis
model under the assumption of steady flow in the 1D blood flow
equations, and assuming that inertial contributions to the pres-
sure drop are negligible. This choice was performed due to the
significant advantages for the numerical treatment of the prob-
lem, consistently with the approach by Jin and Alastruey [59]
and by Steele et al. [58]. Additionally, it might also be related to
our choice of modelling pressure drops across lesions using as
basis the work by Young et al. [60], which has limited validity
in stenoses with non-cylindrical shape and abrupt changes in
radius, and of neglecting the space-time dependence of obtained
coefficients. Future work will be devoted to exploring the im-
pact on iFR estimates of choosing different 0D stenosis models
as the basis for our distributed approach, such as the machine-
learning augmented 0D stenosis model proposed by Fossan et al.
[25], or the stenosis models by Itu et al. [104] and Huo et al. [105].
Another possible approach would be that proposed by Bessems
et al. [106]. In addition, we plan to employ a space-time depen-
dent viscous loss coefficient R,(x, f), where we include the de-
pendence of stenotic areas A, and diameters D, on both space
and time. Further limitations are related to the parameters we
chose for UQ&SA. Similarly to what was done in Fossan et al.
[41] and Miiller et al. [33], we modelled the uncertainty in ge-
ometry through a global parameter affecting the entire coronary
branch, which may result in an increased influence of this pa-
rameter. Moreover, we assessed only the impact that baseline
coronary flow has on iFR estimation, without including uncer-
tainties related to its distribution among network outlets.

5 | Conclusions and Future Work

In this work, we proposed and validated a 1D-0D model for iFR
prediction with distributed stenosis model, and tested the impact
of uncertainties in geometry, flow, compliance and pressure-
related parameters through UQ&SA techniques. Validation was
performed both in terms of resting P, / P, versus steady-state 3D
predictions on a set of 679 stenoses, and in terms of iFR with
respect to 43 unsteady 3D estimates and of 81 invasive measure-
ments, pertaining to 52 patients with stable CAD. UQ&SA was
performed only for the 81 lesions for which invasive measure-
ments were available.

Validation confirmed that the proposed 1D-0D model intro-
duces very small errors with respect to both the steady-state and

unsteady 3D model when assessing haemodynamic indices of
interest. This implies that 1D-0D models can be employed for
the exploration of modelling simplifying assumptions and of the
parameter space, to develop modelling setups that are character-
ised by reduced uncertainty.

Through UQ&SA, we have shown that iFR estimation is mostly
affected by uncertainties in parameters related to the steady-
state portion of the pipeline, and, in particular, by vascular
geometry and baseline flow entering the considered coronary
branch. Furthermore, the large bias observed comparing 1D-0D
iFR estimates to invasive iFR measurements indicates that the
modelling pipeline could be improved through a more accurate
estimation of total coronary flow.

The good correlation observed between predictions of rest-
ing P;/P, and predicted iFR, which is maintained when in-
troducing uncertainties related to the unsteady portion of the
pipeline, suggests that unsteady simulations for iFR can be
replaced by steady-state ones introducing an appropriate cor-
rection factor, without compromising the diagnostic quality of
the obtained index. On the one hand, future work will address
limitations highlighted above, and on the other hand, will be
targeted towards optimisation of the modelling pipeline for iFR
prediction.
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