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This paper describes a method for generating a synthetic database of stenoses, consisting of 1620 entries. Each entry
represents the results of a numerical experiment simulating the three-dimensional flow of a viscous incompressible fluid
through a tube with a variable cross-section: pressure drop, mean flow rate, cross-sectionally averaged inlet blood flow
velocity, maximum stenosis severity, stenosis length, stenosis asymmetry, tube radius, and Reynolds number. The database
was validated by comparison with other models (with elastic walls) and bench experiments, showing a deviation in pressure
drops of no more than 4 %. The synthetic stenosis database was used to train a physics-informed neural network for the
rapid estimation of pressure drop based on four key input parameters: Reynolds number, stenosis length, stenosis severity,
and stenosis asymmetry coefficient. The physics-informed aspect was achieved by introducing penalties into the loss function
for the absence of a positive pressure drop and for the lack of monotonicity of the pressure drop with respect to the input
parameters. The physics-informed neural network demonstrated higher accuracy on hemodynamically significant stenoses
when tested on a validation set and on new stenoses not represented in the database. The mean relative error for stenoses
with a length of 8 healthy vessel radii was 6 % for the physics-informed network and 13 % for a classical neural network.
The errors for short stenoses with a length of 4 radii were nearly identical: 9.5 % for the physics-informed network and 10 %
for the classical neural network. The developed method for the functional assessment of the hemodynamic significance of
stenoses can be used both as a standalone tool for clinical stenosis evaluation and as a component of network blood flow
models. The approach becomes most relevant when modeling multi-vessel disease, which is predominant in clinical practice.
The key advantage of the method lies in the physical correctness of the results and accuracy comparable to classical modeling,
but with significantly lower computational costs.
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B nanHoOl paboTe omnrcaHa METOIMKA T'EHEpPAIMU CHUHTETHYECKOW 0a3bl TAHHBIX CTEHO30B, coctosmied u3 1620 3amu-
ceif. Kaxkmas 3anuce nmpeactaBiseT co00il pe3yasTaThl YHCICHHOTO SKCIEPHMEHTA M0 MOICIUPOBAHUIO TPEXMEPHOTO TCUCHHS
BS3KOH HECIKMMAEMOM JKUIKOCTH Yepe3 TPYOKY ¢ IIEPEeMEHHBIM CEUCHHEM: Tepenas AaBlIeHH, CPEeIHUN MOTOK, yCPEAHECHHAS
M0 CEYCHUIO CKOPOCTh KPOBOTOKA Ha BXOJNE B TPYOKY, MaKCHMAallbHAsl CTCIICHb CY)KCHHSI CTCHO3a, JUTHHA CTEHO3a, aCHMMET-
pus cTeHo3a, paguyc TpyOku, uncio PeitHonmbaca. basa maHHBIX BadmaupoBajach IMyTEM CPABHEHMS C APYTUMH MOICISIMU
(C PIaCTUYHBIMH CTCHKAMH) M CTEHIOBBIMH IKCIIEPIMEHTAMH H MOKa3ajla OTKIOHEHHE TEpernasoB MaBiCHUI He BbIme 4 %.
baza maHHBIX CHHTETHYECKHUX CTCHO30B UCIOIb30BANIACH [T 00ydeHHs (Gu3nvecku HHGOPMHUPOBAHHON HEHPOHHOM CETH IS
OBICTPOIl OIICHKH TIepenaja JaBICHUSA O YEThIPeM KIIIOYEBBIM BXOIHBIM TOKa3aTeNsiM: 4ucio PeliHombica, UIMHA CTEHO3a,
CTENCHb CTEHO03a, CTENCHb aCHMMETPHHU cTeHo3a. du3ndeckass HHPOPMUPOBAHHOCTh JOCTHTANIACh 33 CUET BBEACHHS LITpa-
(OB B (pyHKIHUIO MOTEPh 32 OTCYTCTBUE MOJIOKHUTEIHHOTO TEpernajia JaBICHUS M 332 OTCYTCTBHC MOHOTOHHOCTH Ieperajia
JTABJICHUS TI0 BXOAHBIM MapameTrpaMm. Pusnuecku MHGOPMUPOBAHHAS HEHPOHHAsS CETh MOKa3aja 0ojee BBICOKYIO TOYHOCTD
Ha TeMOJMHAMHYECKHX 3HAYMMBIX CTCHO3aX NPH TECTHPOBAHWU HA BAJIMAAIMOHHOW BBIOOPDKE M Ha HOBBIX CTCHO3aX, HE
MPE/ICTABICHHBIX B Oa3e MaHHbIX. CpeqHsis OTHOCUTEIbHAsS OMIMOKAa HA CTEHO3aX JJIMHOW B § paliyCcoB 3JI0POBOTO COCYna
cocraBmwina 6 % mns Gusndeckn HHPOPMHUPOBaHHON ceTH U 13 % mid kimaccuueckoil HelipoHHOH ceTn. OmmOKH Ha KOPOT-
KHAX CTEHO3aX IUIMHOW B 4 pajmyca OKa3aauch MOYTH OAMHAKOBBL 9,5 % mns ¢msmueckn mHpopMupoBaHHoil cetu u 10 %
JUTSL KJIACCHUYECKOM HEHpoHHO# ceTn. Pa3paboTanHblil MeTON (DYHKIIMOHATBHON OLICHKH FeMOJMHAMHYCCKON 3HAYMMOCTH CTe-
HO30B MOXKET HCIIONB30BATHCS KAK CaMOCTOSTEIBbHBI MHCTPYMEHT IS KIMHUYECKOH OIIEHKH CTEHO30B M KaK KOMIIOHEHT
CETEBBIX Mojeiel KpoBOoTOKa. HanOomblyr akTyalbHOCTh MOAXOJ MPUOOPETACT MPH MOICIUPOBAHHUA MHOTOCOCYIUCTBIX
MOPaXKCHUIA, KOTOPBIC JOMUHHUPYIOT B KIMHHYCCKOU MpakTHKe. KiroueBoe MpEeMMyINeCTBO METO/a 3aKIYacTes B (u3myc-
CKOI KOPPEKTHOCTH PE3yJIbTaTOB M TOYHOCTH, COIIOCTABUMOH C KJIACCHYECKIM MOJCINPOBAHUEM, IPH 3HAYUTEIBHO MEHBIIUX
BBIYHCIIUTEIILHBIX 3aTpaTax.

KnroueBrle cioBa: Gpu3nyeckn HHPOPMUPOBAHHASI HEHPOHHAS CETh, CHHTETHYECKas 0a3a JaHHBIX,
CTEHO3, TEMOINHAMUKA
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Introduction

Stenosis is a pathological narrowing of an artery that impedes blood flow and hinders the
transport of oxygen and nutrients to tissues. Stenoses occur in various segments of the vascular bed.
A wide range of methods and tools has been developed for their diagnosis and treatment [Kasapis,
Gurm, 2009; Tu et al., 2020; Yepusckuii u ap., 2024]. In recent years, mathematical models of blood
flow have been widely used in the development of such methods [El Khatib et al., 2019; Simakov et
al., 2021; Gamilov et al., 2024; Xia et al., 2025]. Mathematical models of blood flow make it possible
to assess the functional significance of a stenosis, evaluate its effect on different parts of the vascular
bed, and predict the outcomes of surgical interventions [Hohri et al., 2024]. At present, software based
on numerical modeling of hemodynamics is already used in clinical practice [Boussoussou et al., 2023;
Andersen et al., 2024]. The most common mathematical models that provide a detailed description
of blood flow in the region of stenoses are three-dimensional models based on the equations of fluid
dynamics [Ma et al., 2014; Dobroserdova et al., 2016; Yan et al., 2025]. They can be used either
independently or as components of multiscale models. In a multimodel approach [Dobroserdova et al.,
2016; Amare et al., 2022; Kim et al., 2026], simple one-dimensional [Gamilov et al., 2015; Bynuue-
Ba U 1p., 2024] and lumped-parameter zero-dimensional models [El Khatib et al., 2019] are used to
analyze most of the circulatory system, whereas three-dimensional models describe the most important
and geometrically complex regions, such as stenoses. This approach reduces computational costs and
makes it possible to assess the effect of a pathology on blood flow in various parts of the vascular bed.

Another approach to the computational diagnosis of stenoses is machine learning [Danilov et al.,
2021; Zimmermann et al., 2021; Ben-Assa et al., 2023; Arefinia et al., 2024]. Machine learning methods
have made a significant contribution to the study and diagnosis of cardiovascular diseases. Over many
years of clinical practice, a large amount of data has been collected and used for the development of
predictive methods. This data includes medical history, patient lifestyle, medical images, etc. Classical
machine learning models can be applied to a wide range of tasks; however, they are based on the
black-box concept and do not account for the physical laws governing the systems they describe.

Modern approaches combine machine learning techniques with mathematical descriptions of
hemodynamic processes. One example of such a synthesis is physics-informed neural networks [Cai
et al., 2021; Taebi, 2022; Alzhanov et al., 2024] (PINNs). The architecture or training process of
PINNSs incorporates physical principles of the process under consideration. Physical principles can be
incorporated in several ways.

The first approach is to train a neural network on synthetic data generated with blood flow
mathematical models [Bunicheva et al., 2022; Gamilov et al., 2023; Ilerpo, 3umuna, 2025]. In this
case, the trained neural network reproduces the results of hemodynamic simulations, thereby reducing
computational time and resource requirements. The second approach is to modify the loss function so
that, during training, the neural network is penalized for nonphysical solutions [Iliadis et al., 2025], for
example, for violating the law of mass conservation [Alzhanov et al., 2024; Isaev et al., 2024]. This
causes the neural network outputs to satisfy prescribed physical laws or governing equations. The third
approach involves the use of specialized activation functions, for example, sinusoidal functions for
describing periodic processes [Aghaee, Khan, 2025], or functions arising from analytical solutions
of the equations governing the processes under study [Abbasi, Andersen, 2024]. Other ways of
incorporating physical information may include modifying the neural network architecture, such as
separating individual hidden layers or subnetworks and grouping input data [Liu et al., 2025].

In this paper, we present a physics-informed neural network with a modified loss function
for estimating the pressure drop across a stenosis from four input parameters: blood flow velocity,
stenosis length, degree of stenosis, and degree of asymmetry, defined as the displacement of the vessel
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centerline. The pressure drop is affected by other characteristics, including the vessel cross-sectional
shape, vessel curvature, wall stiffness, and pressure sensor position [Ahamad et al., 2018]. The choice
of the parameters considered in this study is justified by their significance [Rasooli et al., 2025],
feasibility of the problem formulation and available computational resources.

We generate synthetic stenoses database with the help of a three-dimensional model of
incompressible fluid flow in a rigid-walled tube with variable cross-section. This database is used
to train the neural network. Methods section describes the mathematical model used to generate
the synthetic database, the database generation procedure, the neural network architecture, and the
modification of the loss function. Results section presents the validation of the database and compares
the accuracy of the proposed physics-informed neural network with that of a classical neural network
without the modified loss function.

The developed PINN can be used as a standalone tool for assessing the hemodynamic
significance of stenoses in clinical practice or as a component of more complex blood flow models.
This approach is particularly relevant for modeling blood flow in multivessel arterial disease.
Hemodynamically significant atherosclerotic lesions in several vascular beds are most typical in real
clinical practice. The advantage of using PINNs for such tasks is that the result is physically consistent
and has an accuracy comparable to that of classical numerical modeling, while requiring substantially
fewer computational resources.

Methods

Synthetic database of pressure drops across stenoses

To train and test our PINN, a synthetic database was generated, comprised of numerical results
of blood flow simulations in stenosed vessels. Numerical simulations were performed using the open-
source software package SimVascular [Updegrove et al., 2017; Lan et al., 2018]. This software was
chosen because it is specifically designed for computational hemodynamics and provides access to the
source code, which ensures the reproducibility of the results.

The mathematical model is based on the Navier — Stokes equations for a three-dimensional flow
of a viscous incompressible Newtonian fluid through a cylindrical vessel with a circular cross-section
and a stenosis, i.e., a local narrowing. A stationary parabolic velocity profile was prescribed at the
inlet. During each simulation we solve an unsteady problem until the flow reached a steady state. Zero
pressure was prescribed at the outlet. A no-slip condition was imposed on the vessel walls, which were
assumed to be rigid. The equations are written in Cartesian coordinates, with the x-axis aligned with
the vessel and connecting the centers of the inlet and outlet cross-sections. The y-axis is aligned with
the line of displacement of the cross-section center at the narrowest point

p(‘;—‘; +(u- V)u) = -Vp +uVu,

V-u=0, (1)
u=u, onl,,

u=0onl,,

where u is the velocity, w, is the inlet velocity, 7 is time, p is the fluid density (o = 1.06 g/em?),
p is pressure, and u is the dynamic viscosity of the fluid (u = 0.035 Poise). The boundaries I',
and I',,, corresponding to the vessel inlet and wall, respectively, are shown in Fig. 1. The inlet velocity
vector w, is normal to the boundary I', , and its magnitude is prescribed by a parabolic Poiseuille
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profile u(y, z) = 2&(1 - yzl%zz ), where R is the radius of the healthy vessel and u is the velocity

averaged over I .

At the vessel outlet I',, the GenBC condition from SimVascular was used. This condition
provides coupling between the three-dimensional computational domain and an analytically prescribed
pressure condition [Vignon-Clementel et al., 2006]. The outlet pressure was set to a constant value
equal to zero. From the physiological perspective, it makes sense to prescribe a venous pressure or
the pressure in small arteries downstream before microcirculation as the outlet pressure. However,
numerical experiments show that the value of the outlet pressure does not affect the pressure drop
across the stenosis. Therefore, to simplify the problem formulation and comparison with other studies,
the outlet pressure was assumed to be zero. The Navier — Stokes equations were solved using the built-
in SimVascular functions based on the PHASTA library (Parallel, Hierarchical, Adaptive, Stabilized,
Transient Analysis) [Sahni et al., 2009].

The flow regime is characterized by the Reynolds number Re, which in this study is defined
using the mean inlet velocity u:
uD
Re = L 0,
u

where Dy, is the diameter of the nonstenosed part of the vessel (see Fig. 1).

Figure 1. Schematic representation of the computational domain and stenosis parameters

The computational domain is a three-dimensional model of a straight vessel with a local
narrowing — stenosis (Fig. 1). In the stenosis region the vessel has a circular cross-section of smaller
diameter. The stenosis diameter and radius, Dy and R, are defined as the minimum diameter and
radius of the cross-section in the stenosis region. D, and R, are the diameter and radius of the healthy
vessel and L, is the stenosis length. The degree of stenosis A is defined as

R
A=1-2 )

Stenosis asymmetry has a significant effect on the pressure drop [Vassilevski et al., 2011]. The
degree of stenosis asymmetry « € [0, 1] is defined through the displacement of the center of the circular
cross-section along the y-axis relative to the central vessel axis x. The value of « is defined as

o h
R,~Ry, R,-R

a=1 -1, (3

0 st
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=1 /—\

Figure 2. Vessel profiles (in the Oxy plane) for different degrees of asymmetry «

where 7 is the distance from the lower boundary of the vessel at the narrowest part to the level y = —R,,
(see Fig. 1). At a = 0, the stenosis is completely symmetric, whereas at @ = 1 the upper vessel wall in
the stenosis region is fully displaced to the level y = R, (see Fig. 2).

The vessel geometry consists of three regions: a proximal healthy segment corresponding to the
inlet part, a stenosis region of length L, and a distal healthy segment corresponding to the outlet part.
The lengths of the proximal and distal segments are fixed and equal to 20R. In all cross-sections
perpendicular to the x-axis, the vessel is assumed to be perfectly circular. Therefore, to define the
vessel geometry, it is sufficient to specify the function R(x) and, in the presence of asymmetry, the
displacement of the cross-section center in the stenosis region. All cross-sections in the stenosis region
are displaced in the same direction along the y-axis, which is perpendicular to the x-axis (see Fig. 1).

The vessel radius in the stenosis region is defined as

(x - xc)2

2 s
Lst

R(x) = Ry + 4R, — Ry)

where x € [20R, 20R, + Ly] and x. = 20R, + % The coordinate y.(x) of the vessel center in the
asymmetric geometry is defined as

V(%) = a(Ry — R(x)). 4)

When generating the synthetic database, the vessel radius was fixed at R, = 1.5 mm, which
corresponds to a typical radius of major coronary arteries. This value was chosen because the
incidence of atherosclerotic lesions in the coronary arteries is among the highest in the systemic
circle [Boussoussou et al., 2023; Andersen et al., 2024]. After fixing the vessel radius, the following
parameters were varied:

1. Reynolds number Re: 10 values ranging from 30 to 800 which corresponds to a mean velocity u
from 3 to 89 cm/s in a vessel with a diameter of 3 mm.

2. Ratio of stenosis length to vessel radius %: 6 values equal to 2.5, 5, 10, 15, 20, and 30, which
0
at R, = 0.15 cm correspond to stenosis lengths from 0.375 c¢m to 4.5 cm.

3. Degree of stenosis A: 9 values from O (healthy vessel) to 0.8 with a step of 0.1.

4. Degree of asymmetry a: « € {0; 0.5; 1}. The value a = 0 corresponds to a completely symmetric
stenosis, @ = 1 corresponds to the maximum possible displacement of the stenotic lumen toward
the vessel wall (see Fig. 2).
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For each combination of parameters, the pressure drop between the beginning and the end of
the stenosis was calculated. Taking into account all parameter combinations, the generated database
contains 1620 computational cases.

The computational domain was discretized using an unstructured tetrahedral mesh. The mesh
density in the healthy vessel region was the same for all cases and was determined by a mesh
convergence study performed for a healthy vessel. In this study the number of mesh elements was
doubled until the maximum deviation in the calculated pressure became less than 1%. The mesh
density in the stenosis cross-section was multiplied by %, where R(x) is the vessel radius in the
corresponding cross-section. Mesh convergence was also selectively verified for vessels with 80 %
stenosis by comparing the pressures calculated on successively refined meshes. It was found that the
proposed mesh refinement algorithm provides 1 % accuracy during pressure calculations. The resulting
number of elements varied from 2.8 - 10° (in the absence of stenosis) to 7.6 - 10 (L = 30R, 1 =0.8).

Neural network architecture

In this study, a feed-forward neural network (FFNN) was developed and then modified using the
physics-informed neural network (PINN) methodology. The neural network is designed to predict the
pressure drop AP for prescribed geometric and hemodynamic parameters of a stenosis.

An FFNN is a fully connected feed-forward neural network in which data pass sequentially from
the input layer to the output layer without feedback connections. When initializing an FFNN, it is
necessary to define the network configuration (the number of layers and neurons) choose the activation
functions, specify the loss function and select the optimization algorithm.

Four values are used as inputs to the neural network: the Reynolds number Re, stenosis length L,
degree of stenosis A and degree of asymmetry a. The neural network output is the predicted value
of AP.

The following neural network structure is proposed:

e input layer: 4 features, namely Re, stenosis length L, degree of stenosis A, and asymmetry «;

st>

e two hidden layers with 16 neurons in each layer;

e activation function of the hidden layers: hyperbolic tangent [Goodfellow et al., 2016]. This
function ensures smoothness of the output function, which is critical for calculating derivatives
in the physical part of the loss function;

e output layer consisting of one neuron: the pressure drop across the stenosis.

The target variable in the output layer, AP, was first transformed using the function log(1 + AP)
and then normalized with respect to the minimum and maximum values using PyTorch MinMaxScaler.
The logarithmic transformation of the pressure drop was used to reduce the range of absolute values.
All input features were also normalized with respect to their minimum and maximum values. Let Y
denote the transformed and normalized value of the target variable AP, and let X, X L X, X, denote
the normalized values of the features Re, Ly, 4, a.

The neural network architecture was the same for FFNN and PINN because the main goal was
to compare the standard FFNN with its physics-informed extension. The number of layers, the width
of the hidden layers, the type of activation function, and the learning rate were selected based on
preliminary trial experiments.

The loss function must be nonnegative, continuous, and differentiable, which ensures
interpretability of the error and makes it possible to apply gradient-based methods. In this study,
the classical MSE and a loss function with physical regularization are used.
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The mean squared error (MSE) is defined as

N
1 —
MSE = — » (¥,- 1,7, 5
oy Zl< =YD 5)
where N is the number of elements in the training sample, Y, are the normalized pressure drop values
from the synthetic database for i-th stenosis, and ?l are the normalized pressure drop values predicted

by the neural network for i-th stenosis.

For the PINN modification of the FFNN the following constraints are imposed during training
to improve the physical consistency of the relationship between the inputs and the output: penalties for
deviations from monotonicity of the pressure drop with respect to the input parameters and a penalty
for a negative pressure drop in the downstream direction. These constraints are derived from the
following considerations. The pressure drop across a vascular segment with a stenosis characterizes the
energy losses of the blood flow. Its monotonic dependence on the input geometric and hemodynamic
parameters is determined by the mechanisms of energy dissipation.

An increase in stenosis length leads to an increase in hydrodynamic resistance, because the
length of the region in which viscous blood experiences friction against the immobile vessel wall
increases. The longer the narrowed segment, the more energy is lost due to friction forces. This causes
an additional pressure gradient to maintain a constant flow rate.

The degree of narrowing affects the pressure drop due to the flow continuity law. As the lumen
cross-section decreases, the blood velocity in the stenosis increases. This leads, first, to an increase
in the kinetic energy required to accelerate the fluid and, second, to an increase in shear stresses and
viscous friction, which further increases the losses.

The role of the Reynolds number is manifested in changes in the flow structure and in the ratio
between different loss mechanisms. As Re increases, energy losses associated with vortex formation
in the post-stenotic region increase, making the dependence of the pressure drop on blood flow rate
steeper; however, the overall character of this dependence remains monotonically increasing.

The displacement of the stenotic lumen center relative to the longitudinal vessel axis increases
hydrodynamic resistance due to the disruption of flow symmetry. In an asymmetric narrowing, the
velocity profile is deformed, and an extensive flow separation zone appears on the side opposite to
the displacement of the lumen center. The formation of vortical structures downstream of the stenosis
requires additional mechanical energy expenditure, which leads to a monotonic increase in the pressure
drop across the stenosis as the degree of displacement of the lumen center from the axial line increases.

The monotonically nondecreasing dependence of the predicted pressure drop on the input
parameters is proposed to be represented as

ay ay ay Y
>0, >0, — >0, — >0. (6)
9X X, X | 0X,,

st

This reflects the following considerations: as the Reynolds number, stenosis length, degree
of lumen narrowing, and its asymmetry increase, the energy losses associated with flow resistance
increase, and therefore the pressure drop must also increase. These considerations are consistent with
experimental and mathematical modeling studies [Young, Tsai, 1973; Ma et al., 2014; El Khatib et al.,
2019; Ventre et al., 2019; Alzhanov et al., 2024; Gamilov et al., 2024; Xia et al., 2025]. The derivatives
with respect to the input parameters were calculated using automatic differentiation, as described, for
example, in [Baydin et al., 2018; Raissi et al., 2019; Kontoxos u ap., 2024].
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To include the constraints (6) in the loss function, a penalty for monotonicity violation is
introduced. It is calculated as the mean over the training sample of the sum of partial penalties, where
each partial penalty is the square of the negative part of the corresponding partial derivative:

1

mono — N

1

N
Loss (Ehe + E +E\+E}), (7)
1 st

where N is the number of objects in the training sample, and Eﬁe, E’L , Efl, and E!, are the penalties for
. . L A .
the i-th stenosis in the training sample for violations of monotonicity with respect to the corresponding

parameter. Each of the penalties is calculated as

El, = 0,)¢;, (8)

where 6(¢) is the Heaviside function, & 5= —a‘aTY, and ¢ is a symbolic variable, ¢ € {Re, Ly, 4, a}.
¢

The second physical constraint is that the predicted pressure drop, represented by the variable Y,
must be nonnegative:

—

Y >0. €
The corresponding penalty is
14,
Losspe, = N Z Elcos (10)
i=1
Elpy = 0(-Y)Y?. (11)

The physics-informed loss function takes the form

N
1 i i i i i
PhysLoss = N 2 (ERe +E; +E)+E,+ Eneg). (12)
Thus, the total loss function is
TotalLoss = MSE + wPhysLoss, (13)

where w is a weight coefficient. We use w = 107 because at this value the contributions of the
physics-informed and main parts of the loss function are comparable in magnitude.

The neural network was trained using the Adam optimizer with a learning rate of 107*
for 3 - 10* epochs. For the PINN full-batch training was used; the physical part of the loss function
was calculated simultaneously over all points in the training sample. This ensures correct calculation
of the derivatives and stability of the physical penalty. This approach is consistent with the classical
implementation of PINNs [Raissi et al., 2019].

The original dataset was divided into training and validation samples in an 80 % to 20 % ratio,
respectively. The split was performed randomly with a uniform distribution. The validation sample was
used to analyze the degree of overfitting and to optimize the neural networks, including hyperparameter
tuning and modification of the network architecture.

To compare the FFNN and the PINN, a test sample was used. It included a set of separately
generated stenosis models that were not included in the synthetic database. The test sample makes it
possible to assess the ability of the neural network to generalize results to new cases that were not
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present in the training sample. The test sample included stenoses with length-to-radius ratios z* equal
0

to 8 and 4, and degrees of stenosis of 33 % and 66 %. For each combination of stenosis length and
degree of stenosis in the test sample, stenoses were generated for all Reynolds numbers (10 values)
and all degrees of asymmetry (3 values). Thus, the test sample includes 2 -2 - 10 - 3 = 120 samples.

The derivatives in (7) and (8) were calculated using the same scaled input data as those used by
the neural network. Since the physical penalty is based on normalized gradients, scaling does not affect
the correctness of the calculations.

The following metrics were used to evaluate and compare the standard FFNN with the PINN.

1. R? is the coefficient of determination, i.e., the proportion of the variance of the true values
explained by the prediction model:

(AP, — AP}

M=

RP=1-2= , (14)

N -
> (AP, — AP)?
i=1

M=

where AP = AP; is the mean pressure drop.

L
N :
1

Il
—_

2. WAPE is the weighted absolute percentage error, i. ., the mean absolute error normalized by the
sum of the absolute true values. This parameter shows the average relative error of the prediction
model, expressed as a percentage:

N —
Y IAP, - AP

WAPE=2L 100%. (15)
IAP,]

M=

i=1

3. sSMAPE is the symmetric mean absolute percentage error, i. e., the error normalized by the sum
of the absolute values of the true and predicted values. This parameter is less sensitive to small
values of the target variable:

N —

SMAPE = —
N &S AP +|AP)

(16)

4, MTAE is the mean absolute error divided by the standard deviation of the true values. This

parameter shows the ratio of the typical model error to the error associated with the natural
variability of the data:

N
1 —
MAE = — > |AP, - AP, 17
N;| ;= AP} (17)
1 N
N —_ AP
= \¥ ;(API. AP 2. (18)
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Results

Validation of the synthetic database

The proposed numerical model was validated by comparing the obtained results with
two independent sources: results obtained from blood flow simulations in simplified symmetric
models [Ventre et al., 2019] and in vitro experimental data [Young, Tsai, 1973].

In the first series of numerical validation experiments, the Multi-Ring model [Ventre et al., 2019]
was used as the reference model. The Multi-Ring model is a numerical method developed for solving
the Navier—Stokes equations in an axisymmetric formulation, that is, as two-dimensional equations
in cylindrical coordinates. It accounts for wall elasticity and wall motion by coupling the numerical
solution with a wall deformation law. This model was used to assess the effect of wall compliance on
the pressure drop. In [Ventre et al., 2019], the high accuracy of the Multi-Ring model in calculating the
pressure drop across axisymmetric stenoses was demonstrated by comparison with other models and in
vivo measurements.

In the first series of numerical experiments, the pressure drop in a vessel with an axisymmetric
stenosis was calculated. The boundary conditions were analogous to the formulation (1). The vessel
geometry was taken in accordance with the description in [Ventre et al., 2019]. The SimVascular
results for axisymmetric stenoses are in close agreement with the Multi-Ring results over a wide range
of narrowing degrees (Fig. 3). The mean deviation of the SimVascular numerical experiment from
the Multi-Ring model was 2.17 %. The normalized pressure profile along the vessel axis obtained in
SimVascular is also identical to the profiles predicted by the Multi-Ring model (Fig. 4).

251« SimVascular o:
e Multi-Ring o
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00®
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Figure 3. Dimensionless pressure drop in the vessel as a function of the degree of stenosis for the Multi-Ring
model [Ventre et al., 2019] and formulation (1) implemented in SimVascular

In the axisymmetric formulation and under laminar flow conditions, the Multi-Ring model is
equivalent to a three-dimensional fluid flow model [Ventre et al., 2019]; however, the Multi-Ring
model also accounts for vessel wall elasticity. Since the Multi-Ring results are in close agreement
with the SimVascular calculations performed with rigid walls, it can be concluded that accounting for
wall elasticity does not make a substantial contribution to the prediction of the pressure drop for the
stenoses considered. Thus, the rigid-wall model demonstrates sufficient accuracy for pressure drops in
steady flow.
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61
—— SimVascular
---- Multi-Ring

Figure 4. Dimensionless pressure along the vessel for stenosis 4 = 0.4 for the Multi-Ring model [Ventre et al.,
2019] and formulation (1) implemented in SimVascular

In the second series of validation experiments, the simulation results were compared with
classical in vitro experiments for asymmetric stenoses reported in [Young, Tsai, 1973].

The results in [Young, Tsai, 1973] were obtained in a series of hydrodynamic experiments using
distilled water (assumed to be a Newtonian fluid) as the working fluid in physical models of arterial
stenoses. The main distinguishing feature of these experiments is the use of asymmetric stenoses. For
validation, an asymmetric stenosis, model M-5 from [Young, Tsai, 1973], with a degree of stenosis A =
= 0.67 and Ly = 8R,, was used. The vessel geometry was reproduced exactly in the SimVascular
simulations. In this experiment, the pressure drop between the beginning of the vessel and points
located along the vessel axis was calculated.
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Figure 5. Dimensionless pressure drop along the vessel for an asymmetric stenosis at Re = 900. SimVascular:
results obtained using formulation (1); Young and Tsai: laboratory experiment results [ Young, Tsai, 1973]
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Figure 6. Dimensionless pressure drop across an asymmetric stenosis (o = 0.5) at different Reynolds numbers.
SimVascular: results obtained using formulation (1); Young and Tsai: laboratory experiment results [ Young, Tsai,
1973]. The axes are shown on a logarithmic scale

The comparison showed good quantitative agreement between the SimVascular results and the
experimental data from [Young, Tsai, 1973], both for the pressure drop along the vessel axis (Fig. 5)
and for the dependence of the total pressure drop on the Reynolds number (Fig. 6). The mean deviation
of the SimVascular numerical experiment from the in vitro experiment was 3.55 %.

The obtained results confirm that the problem formulation and numerical experiment used in
SimVascular are correct and applicable for calculating the pressure drop in both axisymmetric and
complex asymmetric geometries.

To generate the synthetic database covering the parameter range described in this study
1620 simulations were performed. The simulations were carried out using the high-performance
computing cluster of the Institute of Computer Science and Mathematical Modeling of Sechenov
University.

Estimation of pressure drops using the neural network

This section presents a comparative analysis of the accuracy of pressure drop estimation using
the FFNN and the PINN. First, we evaluate how the introduction of physically justified regularization
terms affects the stability of neural network modeling and assess the difference between the FFNN and
the PINN on the validation sample.

Both neural networks were trained using the same initial weights and the same hyperparameters
for 3 - 10* epochs. Figure 7 shows the training curves of the FFNN and the PINN 1.4 - 10* epochs.
After 1.4-10* epochs, the training error of both neural networks is certainly below 1 %. Therefore, this
interval is considered sufficiently long for a correct comparison. Figure 7 also shows that the FFNN
error decreases faster and that the FFNN demonstrates smoother error curves. The PINN trains more
slowly and has less smooth transient regions because the physical constraints make the optimization
problem more complex. However, it is precisely because of these constraints that the PINN finds more
stable and physically consistent solutions outside the training sample. No overfitting is observed from
the obtained learning curves: the values on the training and validation samples are almost identical for
both neural networks across all metrics. This means that, after each weight update, the model quality
was evaluated on data that were not used in training, and the neural network showed comparable
results.
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Figure 7. Comparison of the FFNN and PINN learning curves

Figure 8 shows that both neural networks demonstrate high accuracy on the validation set;
however, in the region of large pressure drops, the PINN points are closer to the line corresponding to
perfect agreement.

In the next series of numerical experiments, the accuracy of pressure drop prediction was studied
on a test set consisting of stenoses that were not included in the synthetic database (Fig. 9). For the
PINN, the median errors on the test sample are 2-9 %, whereas for the FFNN this range is 8-30 %,
indicating the higher stability and accuracy of the PINN.

Table 1 presents the final comparison results for the PINN and the FFNN. The first four rows
show the results obtained on the validation set. The validation set consists of 20 % of the records
(stenoses) from the database and includes 324 cases with degrees of stenosis from 0% to 80 %,
Reynolds numbers from 30 to 800, stenosis lengths from 2.5 to 30 vessel radii, and three degrees
of asymmetry, namely, 0, 0.5, and 1. The last two rows show the mean relative errors (MRE) on
the testing set. The testing set consists of records, i.e., stenoses, not represented in the database and
includes 120 cases with degrees of stenosis of 33 % and 66 %, Reynolds numbers from 30 to 800,
stenosis lengths of 4 and 8 vessel radii, and three degrees of asymmetry, namely, 0, 0.5, and 1.

Based on the data presented in Table 1, the PINN systematically outperforms the FFNN across all
metrics. The PINN has a higher R?, whereas WAPE, SMAPE, and the normalized error MTAE are lower.
The advantage is especially noticeable on the testing set: the MRE for new stenosis configurations lies
in the range of 2.3-12.9 % for the PINN, whereas for the FFNN this range is 6-30 %.

Overall, the PINN outperformed the neural network with the classical architecture. It provides
lower errors and operates more stably for stenoses with new sets of input values.
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Figure 8. Comparison of the true values, computed from numerical simulations, and the predicted values of the
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Figure 9. Comparison of the true and predicted values of the pressure drop AP for the PINN and the FFNN on
the testing set. The testing set is comprised of 120 separately generated stenoses with degrees of stenosis of 33 %

and 66 %
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Table 1. Comparison of the accuracy of the PINN and the FFNN

Metric PINN | FENN

R 0.9973 | 0.9956
WAPE 297% | 436%
SMAPE 3376 % | 44.52%
MAE 091% | 1.34%

MRE (L = 4R)) | 622% | 1331%
MRE (L, = 8R,) | 945% | 9.90%

Discussion

There are two main approaches to predicting the pressure drop across stenoses: computational
fluid dynamics (CFD) and machine learning (ML) methods. Classical CFD provides high accuracy
but requires substantial computational resources and time. Reduced-order models are used to decrease
simulation time; however, they have limited accuracy for complex spatial configurations and high Re.
Classical machine learning methods do not account for physical laws and require large training datasets.
The collection of such datasets is time-consuming and resource-intensive and requires the involvement
of a large number of highly qualified experts.

In this study, we proposed a method for estimating the pressure drop across a stenosis that
combines mathematical modeling and machine learning approaches. To train the neural network,
a synthetic database consisting of 1620 stenoses was generated. The database was generated using
a model of viscous incompressible fluid flow through a rigid-walled tube with variable cross-section.
The correctness of the simulation results is supported by comparison with the results of other numerical
experiments (Figs. 3, 4), including those accounting for arterial wall elasticity, as well as with the results
of in vitro experiments (Figs. 5, 6). The calculated pressure profiles are consistent with the experimental
data for different flow regimes, with deviations not exceeding 3—4 %.

The generated database was used to train the PINN. The pressure drops predicted by the neural
network are consistent with the pressure drops calculated using mathematical modeling (Figs. 8, 9,
Table 1). At the same time, the PINN demonstrates an error that is 1.5-2 times lower than that of the
FFNN. This difference is especially pronounced when predicting pressure drops for stenoses that were
not included in the database and have a length of 8 vessel radii (Table 1). This indicates the ability of
the PINN to generalize the results to new cases and its lower dependence on the size and density of
the training sample.

Compared with other PINNs developed for assessing the hemodynamic significance of
stenoses [Zhang et al., 2023; Alzhanov et al., 2024], the present study does not use data from real
patients, and the vessel geometries are simplified. Only four parameters are provided as inputs to the
neural network. This makes the generated database less accurate but more universal and easier to use.
The developed neural network and database can be used to estimate pressure drops across stenoses in
different parts of the vascular bed, including coronary vessels, carotid arteries, and femoral arteries.
In addition, the simplicity of the input dataset facilitates the integration of the neural network into
other blood flow models. On the other hand, further development of the proposed approach requires
validation using real patient data and expansion of the set of parameters describing the geometry and
other characteristics of stenoses.

One important result is the improved accuracy of the PINN compared with the standard neural
network, especially for “new” stenoses that were not present in the training sample. It is interesting to
note that the improvement in accuracy is minor for short stenoses (Table 1, stenoses of length 4R ),
but more pronounced for long stenoses (Table 1, stenoses of length 8R,)).
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One limitation of this study is the use of a vessel with a fixed radius of 1.5 mm to generate
the entire database. This limitation can be addressed using hydrodynamic similarity. For a vessel of
another diameter, one can calculate the dimensionless ratios of stenosis length to diameter, the Reynolds
number, the degree of stenosis, and the degree of asymmetry, and then reduce the problem to the case
of a stenosis in a vessel with a radius of 1.5 mm. To overcome this limitation, future work will
include testing the use of the database for stenoses of different diameters, as well as investigating the
possibility of extending the database without performing additional simulations by nondimensionalizing
the problem formulation.

Conclusion

This study describes a method for generating a synthetic database of stenoses consisting
of 1620 records. The database was validated by comparison with other models, including models
with elastic walls, and with bench-top experiments, demonstrating deviations in pressure drops not
exceeding 4 %.

The synthetic stenosis database was used to train a PINN for rapid estimation of the pressure
drop from four key parameters: Reynolds number, stenosis length, degree of stenosis, and degree
of stenosis asymmetry. The PINN showed higher accuracy for hemodynamically significant stenoses
when tested on the validation and test samples. The mean relative error for stenoses with a length
of 8 healthy-vessel radii was 6 % for the physics-informed neural network and 13 % for the classical
neural network. For short stenoses with a length of 4 radii, the errors were almost identical: 9.5 % for
the PINN and 10 % for the FFNN.

In future work, the database is planned to be expanded by including critical stenoses with
diameter narrowing up to 90 % and by increasing the number of varied stenosis characteristics that
affect the pressure drop, including stenosis profile shape, vessel curvature, and different types of
stenosis asymmetry [Rasooli et al., 2025]. Further validation of the neural network using real patient
data is also planned, as well as its integration into a one-dimensional network model of blood
flow [Gamilov et al., 2024].

The method for functional assessment of the hemodynamic significance of stenoses developed
in this study, namely, the PINN-based approach, is a universal tool that can be integrated into clinical
practice and scientific research in several directions. First of all, the method can be used independently
for noninvasive assessment of the effect of stenoses on blood flow parameters, which is of high
diagnostic value in itself. At the same time, the principles underlying the PINN make it possible to use
it as a basic component in the construction of more complex hemodynamic models, thereby expanding
the possibilities for comprehensive analysis of vascular pathology.

The potential application of this approach to modeling blood flow under conditions of
multivessel arterial disease deserves particular attention. As clinical practice shows, the combination
of hemodynamically significant stenoses in several vascular beds of one or different organs is the most
common scenario in cardiovascular disease progression. In this context the developed method becomes
especially important, since it makes it possible to adequately represent complex interactions between
multiple lesion sites.

The principal advantage of the proposed approach is the optimal balance between the physical
reliability of the results and computational efficiency. The data obtained using the PINN are physically
consistent and demonstrate an accuracy comparable to that of classical hemodynamic modeling. At the
same time, a substantial reduction in computational cost is achieved, which opens up opportunities for
a wide implementation of the method both in research practice and in clinical applications, where rapid
result generation and the ability to process large amounts of data are critically important.
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