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Abstract

Early diagnosis of kidney disease remains an unmet clinical challenge, preventing timely and effective intervention. Dia-
betes and hypertension are two main causes of kidney disease, can often appear together, and can only be distinguished 
by invasive biopsy. In this study, we developed a modelling approach to simulate blood velocity, volumetric flow rate, and 
pressure wave propagation in arterial networks of ageing, diabetic, and hypertensive virtual populations. The model was 
validated by comparing our predictions for pressure, volumetric flow rate and waveform-derived indexes with in vivo data 
on ageing populations from the literature. The model simulated the effects of kidney disease, and was calibrated to align 
quantitatively with in vivo data on diabetic and hypertensive nephropathy from the literature. Our study identified some 
potential biomarkers extracted from renal blood flow rate and flow pulsatility. For typical patient age groups, resistive index 
values were 0.69 (SD 0.05) and 0.74 (SD 0.02) in the early and severe stages of diabetic nephropathy, respectively. Similar 
trends were observed in the same stages of hypertensive nephropathy, with a range from 0.65 (SD 0.07) to 0.73 (SD 0.05), 
respectively. Mean renal blood flow rate through a single diseased kidney ranged from 329 (SD 40, early) to 317 (SD 38, 
severe) ml/min in diabetic nephropathy and 443 (SD 54, early) to 388 (SD 47, severe) ml/min in hypertensive nephropathy, 
showing potential as a biomarker for early diagnosis of kidney disease. This modelling approach demonstrated its potential 
application in informing biomarker identification and facilitating the setup of clinical trials.

Keywords Chronic kidney disease · Hypertension · Diabetes mellitus · 1D modelling · Renal circulation modelling · 
Biomarkers

Introduction

Chronic kidney disease (CKD) is a debilitating condi-
tion that affects approximately 800 million individuals 
worldwide. Its estimated annual medical costs vary across 

disease stages, ranging from approximately $1700 (stage 
2), to $3500 (stage 3), and $12,700 (stage 4) per patient 
[1]. CKD is more frequently observed in older age groups, 
with a prevalence of 39.4% among individuals over 60 years 
old, compared to 12.6% and 8.5% among those aged 40–59 
and 20–39 years, respectively [2]. Unfortunately, most CKD 
patients do not experience symptoms until the disease pro-
gresses to the later stages when the condition is irrevers-
ible [1]. Furthermore, CKD diagnosis is often confounded 
by different cause-effect mechanisms and co-morbidities, 
especially diabetes (affecting 40% of CKD patients) and 
hypertension (affecting 35.8% of stage 1 CKD patients, 
84.1% of stage 4 and 5 CKD patients) [3, 4]. Hypertensive 
nephropathy (HN) is a kidney disease linked to prolonged 
high blood pressure, whereas diabetic nephropathy (DN) is 
a severe complication of diabetes marked by kidney dam-
age due to sustained high blood sugar levels, both leading to 
similar CKD symptoms. Diabetes and hypertension are com-
mon comorbidities, but the only way to distinguish between 
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HN and DN is through invasive kidney biopsies. In diabetic 
kidney disease, characteristic Kimmelstiel-Wilson lesions 
manifest in the glomerular capillary loops [5], whereas this 
feature is absent in hypertensive kidney disease [6].

Kidney biopsies are rarely performed in the earlier dis-
ease stages where there is most scope for renoprotective 
intervention. There exists therefore a critical unmet need for 
more accessible and non-invasive diagnostics to distinguish 
between these two main causes of CKD. Since diabetes and 
hypertension both have strong vascular involvement, one 
possible route is through hemodynamic imaging biomark-
ers, either from ultrasound (US) or magnetic resonance 
imaging (MRI). The US biomarker resistive index (RI) is 
readily available in clinical practice and is affected by kid-
ney disease [7–10]. In hypertension, RI increases from 0.65 
to 0.73 from stage 2 to stage 3 [11], and an elevated RI is 
related to renal organ damage [7]. Patients at stage 2 of HN, 
who were undergoing antihypertensive therapy, had RI in 
the normal range [8]. RI also increases in DN, reflecting 
progressive renal damage [9], with RI increasing from 0.66 
at stage 1 to 0.85 at stage 5 [10]. An example of a hemo-
dynamic biomarker measurable in MRI is the renal blood 
volumetric flow rate (RBF, in mL/min, measured by phase-
contrast MRI) [12–14]. RBF distinguishes between healthy 
individuals and those with DN but there is no data on the 
correlation with estimated glomerular filtration rate (eGFR) 
in CKD [15, 16]. While biomarkers such as RBF and RI may 
have some use in distinguishing between HN and DN, it is 
difficult to put forward precise hypotheses without a clearer 
mechanistic understanding of the relationship between these 
different etiologies and their effect on the biomarkers.

In the last few decades, in silico medicine has estab-
lished itself as a valuable tool for representing intricate, 
non-observable physiological and pathological mecha-
nisms in the human body [17–19]. Reduced-order mod-
elling approaches have gained significant popularity for 
their capacity to navigate the trade-off between computa-
tional efficiency and physiological accuracy. 1D modelling 
approaches can reliably describe the physics of pulse wave 
propagation within the cardiovascular system [20, 21]. These 
models can be naturally aligned with well-established clini-
cal procedures by including the modelling of the whole sys-
temic circulation [22], the effects of age on pulse waves [23], 
the cerebral circulation [24], and the pulmonary circulation 
[25]. Through the use of these models, and by simulating 
the effects of pathology on pressure waveforms, several 
authors have identified potential biomarkers for the diagno-
sis of many diseases, such as pulmonary hypertension [25], 
cerebral vasospasm [26], coronary artery disease [27], and 
aortic aneurysms [28].

Existing in silico investigations on kidney disease are 
focused on 3D patient-specific modelling of blood flow 
through specific regions of interest, such as the main renal 

artery [29, 30], as the larger lumen area of this vessel allows 
for easier image acquisition, segmentation, and geometry 
reconstruction. This can be useful for diagnosing nephrop-
athy caused by renal artery stenosis, but offers limited 
insights into the representation and understanding of other 
essential comorbidities such as DN and HN, which can affect 
systemic circulation as well as the smaller renal vessels and 
microvasculature. Haemodynamic characteristics of intrare-
nal arteries undergo significant changes in kidney disease, 
and these changes, such as vessel stenosis and RI measured 
in the smaller segmental renal arteries, have been proposed 
in the diagnosis of kidney disease [31, 32]. A more compre-
hensive model representation of the more peripheral, smaller 
vessels within the kidneys, and the systemic effects of dia-
betes and hypertension would allow a more precise charac-
terisation of CKD pathophysiology and offer an opportunity 
for validation and alignment with the published clinical data. 
This remains largely unexplored.

This study aimed to develop, validate, and calibrate a 
modelling approach that extended an existing 1D whole 
circulation model to include a more comprehensive renal 
circulation component, including the intrarenal vascular 
networks, where validation and calibration were conducted 
utilising in vivo data sourced from the literature. The model 
incorporates an ageing and a DN and HN model, across sev-
eral stages of disease progression. The model also allowed 
the mechanistic representation of these conditions in virtual 
populations, for the representation of physiological variabil-
ity and the identification of clinically-aligned, effective bio-
markers that could be used to distinguish between HN and 
DN from an early stage.

Materials and Methods

The workflow in Fig. 1 shows the different stages of devel-
opment and parameterisation of the model, which is further 
described in the paragraphs below.

1D Whole‑Circulation Baseline model

The network utilised in this study was extended starting from 
an existing, validated anatomical 1D model [22, 33]. The 
newly developed model, comprising a total of 113 blood 
vessels, one inlet (ascending aorta) and 49 outlets, includes 
additional branching of the abdominal aortic vessel into the 
left and right renal networks. A total of 38 renal arteries 
from the main renal arteries to the smaller interlobar arter-
ies were added on each side of the descending thoracic aorta 
[34]. Fiugre 2 shows the anatomy and extent of the resulting 
circulation model. A comprehensive and detailed description 
of the model and its parametrization is available as supple-
mentary materials.
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The model parameters included vessel geometry (lumen 
radius, length, and thickness), and material properties 
(Young’s modulus, Poisson’s ratio), where Young’s modu-
lus represented blood vessel’s elasticity. Volumetric flow 
rates, derived from cardiac output (CO) data reported in the 
literature, were applied in the ascending aorta as an inlet 
boundary condition. Peripheral vascular resistance (PVR) 
and compliance (PVC), here representing viscous resist-
ance to flow and compliance in the peripheral vascular bed, 
were described using lumped-parameter R-C-R (vascular 
resistance and compliance) models fully coupled with the 
1D model at its outlets. In this study, the arcuate, interlobu-
lar arterioles, and glomeruli in the renal circulation were 
described using lumped-parameter R-C-R models. Further-
more, our model utilised generic parameters from the litera-
ture, aiming for gender neutrality. Each geometric and mate-
rial parameter was assigned a single value that fell within the 
range observed for both males and females.

The Navier-Stokes-based open-source software, openBF 
[35], was employed to compute blood pressure, volumetric 

flow rate and pressure waveforms for a Newtonian fluid in 
each vessel throughout a complete cardiac cycle. Results 
were derived from the solution of the discretized form of the 
continuity (1), momentum (2) and constitutive (3) equations 
reported below, using the finite volume method [33]:

where A is the vessel cross-sectional area, Q is the volu-
metric flow rate, (P(A) − Pext) is the transmural pressure, 
A

0
 is the reference cross-sectional area, h

0
 is the reference 

wall thickness, E is the vessel Young’s modulus, ν is the 
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Fig. 1  Workflow chart of the study methodology. Validation through comparison with in vivo data was performed for the baseline and healthy 
ageing model, whereas calibration was performed through comparison with in vivo data for the disease models
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Poisson’s ratio, ρ is blood density, μ is blood viscosity, γ
v
 is 

a parameter that regulates the shape of the velocity profile 
for the calculation of viscous losses, and α is the Coriolis 
coefficient.

Velocity values across the cardiac cycle at each location, 
were derived from volumetric flow rates divided by the 
vessel cross-sectional area at the same locations. RI values 
were computed from (4) at five locations in the left and right 
renal networks, at segmental artery level, as shown in Fig. 2. 
These were reported as a mean representative value for all 
these locations. Mean RBF rates were calculated as arith-
metic average of volumetric flow rate across a cardiac cycle.

where V
PSV

 is peak systolic blood velocity, V
EDV

 is end dias-
tolic blood velocity.

Ageing Model

The ageing process is known to influence various mechani-
cal, physiological, and haemodynamic parameters such 

(4)RI =
V

PSV
− V

EDV

V
PSV

as length, lumen radius, Young’s modulus, wall thick-
ness, PVR, PVC, and CO. The non-dimensional values of 
these properties, together with their variability range, were 
informed from data in the literature, assuming a Gaussian 
distribution within each age group, as presented in Table 1. 
In this study, we assumed that the parameters of each blood 
vessel within each circulation model were mutually inde-
pendent. These parameters were randomly and indepen-
dently assigned by sampling each value for each blood vessel 
from its respective Gaussian distribution. Using these data 
and their distributions within each age group, we param-
eterised our baseline model to represent the ageing process 
in an initial virtual population of 12,000 individuals (2,000 
individuals per age group) ranging from 20 to 79 years old 
(yo). The actual dimensional values for age group 20-29 yo 
model parameters, can be found in the supplementary mate-
rial, and were used to nondimensionalize all data within all 
age groups in Table 1. This resulted in the non-dimensional 
values, reported in Table 1, for CO (inlet boundary condi-
tion), and vessel mechanical properties for all vessels. The 
corresponding age-based healthy subjects were generated 
by multiplying the dimensional model parameters by the 
age-specific, non-dimensional scaling values. Some model 

Fig. 2  Illustration of openBF whole-circulation network (centre) with 
the two renal networks (left and right). Measurement locations of the 
mean RBF rate were shown by a grey circular plane (I) at the main 
renal artery, and measurement locations for blood velocity wave-
forms and RI values were shown by grey circular planes (II) at the 
five segmental renal arteries in the enlarged representation of the left 

(L) renal network. Model flow rate waveforms for a typical individual 
were shown on the right hand side, a blood volumetric flow rate in 
ascending aorta imposed as inlet boundary condition, b renal blood 
volumetric flow rate predicted at location (I), c renal blood velocity at 
location (II)
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parameterisations were filtered out (physiology filter, Fig. 1) 
if their solutions led to unphysiological values of systolic 
blood pressure (SBP) or diastolic blood pressure (DBP) 
(for details, see 2.6). Typical values for brachial pressure 
reported in the literature and in Table 1 were used to remove 
unrealistic predictions in the physiological filter.

Kidney Disease Progression

In openBF we cannot directly simulate eGFR and urinary 
albumin-to-creatinine ratio (ACR), which are normally used 
to measure progression of kidney disease. Instead, disease 
stages were simulated by matching RI values to in vivo data 
from the literature linked to these stages. These values cor-
respond with mild to moderate renal impairment in DN and 
HN patients. RI data (mean ± SD) used for establishing these 
four models include: mild renal function impairment (RI: 
0.69 ± 0.05 [10]) for DN patients, moderate renal function 
impairment (RI: 0.74 ± 0.02 [10]) for DN patients, mild 
renal function impairment (RI: 0.65 ± 0.07 [8]) for HN, and 
moderate renal function impairment (RI: 0.73 ± 0.05 [11]) 
for HN. Parameterizations are shown in Tables 2 and 3. 
In the remainder of the text, we refer to these groups as: 
Early.D (early diabetes), Severe.D (severe diabetes), Early.H 
(early hypertension), and Severe.H (severe hypertension), 
respectively.

Diabetic Patient Model

Diabetes is known to influence the geometric and mechani-
cal properties of blood vessels, such as their Young’s 
modulus, wall thickness, proximally and peripherally, and 
therefore PVR, and PVC. Additionally, high blood sugar 

(hyperglycemia) can increase blood viscosity due to the 
decrease of red blood cell fluidity and deformability, which 
in turn leads to a decrease in CO. As diabetes advances, 
these properties gradually change, and extensive quantitative 
data supporting these changes are documented in Table 2.

In order to link vascular properties to different stages of 
progression of diabetes, we conducted an analysis of the 
mechanical properties of blood vessels between healthy 
individuals and diabetic patients using data available in the 
literature (references in table caption). We categorised mild 
or moderate renal function impairment based on either the 
eGFR or the urinary ACR, as determined in each respective 
study. We did not consider the influence of age on disease 
progression as this information was often not available. Fol-
lowing this stratification, we proceeded to extract the data 
on vascular mechanical properties for differing degrees of 
renal dysfunction. In instances where specific blood vessels’ 
data were not available in the literature for diabetic patients, 
but those vessels were present in our model, we extrapolated 
their behaviour based on trends observed in other blood ves-
sels, for which data was available. Additionally, data used 
in diabetic patient models at various disease stages were 
normalised using data available for healthy individuals.

Subsequently, model parameters were calibrated within 
their pathophysiological range, to achieve a better align-
ment with in vivo data on RI. This calibration process was 
informed by a global Sobol’s sensitivity analysis where the 
effects of variability of all model parameters (length, lumen 
radius, Young’s modulus, wall thickness, PVR and PVC) 
and its effect on RI was studied. The result of the sensitivity 
analysis showed that the lumen radius, PVR, and PVC of 
the renal arteries exhibited the highest sensitivity towards 
renal RI. Only these parameters were changed manually in 

Table 1  Distribution of 
normalised parameters for the 
ageing model

Distribution of scaling parameters for CO are from [23], length [23], radius [23], Young’s modulus [23, 
36], thickness [23, 37], PVR and PVC [23] across age groups ranging from 20–29 to 70–79  years old. 
Number of virtual patients within each age group after the filtering process is reported as n. Typical distri-
butions of brachial pressure are from [38]

Parameters Age groups [year old]

20-29 
n = 759
Mean (SD)

30-39 
n = 822
Mean (SD)

40-49 
n = 701
Mean (SD)

50-59 
n = 711
Mean (SD)

60-69 
n = 655
Mean (SD)

70-79 
n = 605
Mean (SD)

Cardiac output 1.00 (0.22) 1.00 (0.22) 0.91 (0.22) 0.87(0.21) 0.80 (0.20) 0.75 (0.18)
Length 1.00 (0.13) 1.08 (0.14) 1.16 (0.16) 1.22 (0.17) 1.32 (0.18) 1.40 (0.19)
radius 1.00 (0.03) 1.03 (0.06) 1.04 (0.07) 1.07 (0.07) 1.15 (0.10) 1.18 (0.11)
Young’s modulus 1.00 (0.13) 1.10 (0.18) 1.23 (0.16) 1.32 (0.25) 1.60 (0.35) 2.00 (0.45)
Thickness 1.00 (0.18) 1.10 (0.20) 1.12 (0.22) 1.25 (0.22) 1.51 (0.26) 1.75 (0.28)
PVR 1.00 (0.20) 1.06 (0.24) 1.15 (0.25) 1.25 (0.27) 1.23 (0.28) 1.46 (0.29)
PVC 1.00 (0.25) 0.89 (0.24) 0.77 (0.21) 0.65 (0.18) 0.58 (0.15) 0.50 (0.11)
Brachial pressure
SBP (mmHg) 120 (11) 119 (11) 121 (11) 124 (11) 126 (10) 127 (10)

DBP (mmHg) 74 (8) 75 (8) 76 (7) 77 (7) 76 (7) 74 (7)
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the calibration process, while other less sensitive parameters 
were aligned with reliable pathological changes, until good 
alignment was achieved with the in vivo data. Specifically, 
we aimed to minimise the percentage difference in mean RI 
values between in vivo and virtual DN populations to below 
5% at both early stages (in vivo: 0.69 [10] vs. openBF: 0.70) 
and severe stages (in vivo: 0.74 [10] vs. openBF: 0.76).

Hypertensive Patient Model

Hypertension, through different mechanisms, has a similar 
impact on the geometric and mechanical characteristics of 
blood vessels as diabetes, although the extent and variability 
of these changes are different. During the earlier stages of 

hypertension, blood vessels activate short-term compensa-
tory mechanisms such as vasodilation and adjustments in 
blood vessel compliance to counteract the increased pres-
sure. This adaptive response aims to maintain normal blood 
flow and thus control blood pressure within the normal 
range. Over the longer term, arteries undergo remodelling 
in response to chronic pressure overload. This remodelling 
involves changes in the size, structure, and composition 
of the vessel walls. Over time, this can lead to concentric 
hypertrophy, where the walls thicken axisymmetrically, and 
the lumen of the vessel narrows. Furthermore, prolonged 
high blood pressure can cause damage to the endothelial 
cells lining the inner surface of blood vessels. Endothelial 
dysfunction impairs the production of nitric oxide to prevent 

Table 2  Parameter distribution 
presented as mean and standard 
deviation (SD) for early and 
severe diabetic models

For early stage diabetes: distribution of normalised blood viscosity are from [39, 40]; Distribution of nor-
malised CO [41]; Distribution of normalised lumen radius in abdominal aorta [42], carotid artery [42], 
and radial artery [42]; Distribution of normalised Young’s modulus in ascending aorta [43], radial artery 
[44, 45], brachial artery [44, 45], and carotid artery [46, 47]; Distribution of normalised wall thickness 
in descending aorta [48] and carotid artery [49]; Distribution of PVR [50–52] and PVC [53]. For severe 
stage diabetes: distribution of normalised blood viscosity [39, 40, 54]; Distribution of normalised CO [55]; 
Distribution of normalised lumen radius in abdominal aorta [42] and radial arteries [42]; Distribution of 
normalised Young’s modulus in ascending aorta [43]; Distribution of normalised wall thickness in carotid 
artery [42]; Distribution of normalised PVR [53] and PVC [53]
a Detailed values for those parameters reported as a range in the healthy model data are provided in the sup-
plementary material

Parameters Healthy Early.D Severe.D

Model  dataa

Mean (SD)
Normalised data
Mean (SD)

Calibrated 
model

Normalised data
Mean (SD)

Cali-
brated 
model

Viscosity (mPa·s) 4.00  ~1.07 (0.26) 1.10  ~1.23 (0.30) 1.20
Cardiac output (L/min) 5.74 0.85 (0.10) 0.85 0.72 (0.05) 0.70
Lumen radius (mm)
 Abdominal aorta 7.49 0.93 (0.02) 0.95 0.91 (0.02) 0.90
 Renal artery 2.71 n/a 0.95 n/a 0.90
 Carotid artery 3.17 0.93 (0.02) 0.95 n/a 0.90
 Radial artery 1.38 0.96 (0.02) 0.95 0.96 (0.02) 0.90
 Other arteries 0.68–12.95 n/a 0.95 n/a 0.90

Young’s modulus (kPa)
 Ascending aorta 400 1.15 (n/a) 1.10 1.29 (n/a) 1.30
 Renal artery 400 n/a 1.10 n/a 1.30
 Radial artery 400 1.06 (0.30) 1.10 n/a 1.30
 Brachial artery 400 1.10 (0.28) 1.10 n/a 1.30
 Carotid artery 400 1.18 (0.64) 1.10 n/a 1.30
 Other arteries 400–500 n/a 1.10 n/a 1.30

Wall thickness (mm)
 Descending aorta 2.12 1.21 (0.23) 1.15 n/a 1.28
 Renal artery 0.54 n/a 1.15 n/a 1.28
 Carotid artery 0.70 1.05 (0.2) 1.15 1.40 (0.03) 1.28
 Other arteries 0.34–1.79 n/a 1.15 n/a 1.28

Vascular bed
 PVR  (1010·Pa·s/m3) 0.11–17.20 1.12 (0.26) 1.20 1.40 (0.33) 1.40

 PVC  (10−10·m3/Pa) 0.02–2.60 0.82 (0.25) 0.82 0.80 (0.26) 0.80
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vascular relaxation and dilation. The loss of this vasodila-
tory effect contributes to increased vascular resistance and 
Young’s modulus.

Extensive evidence and data supporting these find-
ings can be found in the relevant literature, and reported 
in Table 3. Similar to what reported above for the diabetic 
patient model, a calibration process was repeated for the 
hypertensive patient model to find better alignment with 
in vivo data from the literature. This led to the alignment of 
RI values with in vivo data at both early stage hypertension 
(in vivo 0.65 [8] vs. 0.66 openBF) and severe stage hyperten-
sion (in vivo 0.73 [11] vs. 0.71 openBF).

Generation of Virtual Population

For the generation of virtual populations, firstly, param-
eters for each blood vessel were randomly sampled 
according to their physiological distribution as reported 
in Table 1, for each of the six age groups. Subsequently, 

we generated 12,000 virtual subjects, evenly distributed 
across the six age groups, with 2,000 subjects in each age 
group. To maintain physiological validity, we implemented 
a filtering process based on the methodology proposed by 
Benemerito et al. [69]. Specifically, we removed subjects 
whose mean values of systolic or diastolic brachial blood 
pressure deviated by more than 2.575 standard deviations 
from the experimentally measured mean values [38]. This 
filtering step allowed us to exclude parameterizations that 
would lead to unrealistic values, and introduce undesired 
bias into the results, to ultimately ensure alignment with 
physiological norms. The resulting number of virtual 
individuals for each age group is listed as n in Table 1. 
Because blood pressure ranges vary across age groups, the 
number of randomly selected physiologically appropriate 
age-based health individuals varies slightly within each 
age group. The filtering process resulted in a subset of 
4167 physiological subjects from the initial 12,000. We 
then used the distribution of SBP, DBP, RI and mean renal 

Table 3  Parameter distribution 
presented as mean and standard 
deviation (SD) for early and 
severe hypertensive models

For early stage hypertension: distribution of normalised blood viscosity are from [56]; Distribution of nor-
malised CO [57]; Distribution of normalised lumen radius in ascending aorta [58–60], renal arteries [61], 
and carotid artery [62]; Distribution of normalised Young’s modulus in carotid artery [46]; Distribution 
of normalised wall thickness in descending aorta [63] and carotid artery [62]; Distribution of normalised 
PVR [64] and PVC [65]. For severe stage hypertension: Distribution of normalised blood viscosity [66]; 
Distribution of normalised lumen radius in ascending aorta [59, 60]; Distribution of normalised Young’s 
modulus in carotid artery [67]; Distribution of normalised PVR [68] and PVC [65, 68]
a Detailed values for those parameters reported as a range in the healthy model data are provided in the sup-
plementary material

Parameters Healthy Early.H Severe.H

Model  dataa

Mean (SD)
Normalised data
Mean (SD)

Calibrated 
model

Normalised data
Mean (SD)

Cali-
brated 
model

Viscosity (mPa·s) 4.00 1.02 (0.09) 1.00 1.06 (0.12) 1.00
Cardiac output (L/min) 5.74  ~1.15 (n/a) 1.15 n/a 1.00
Lumen radius (mm)
 Ascending aorta 15.95 0.96 (0.02) 0.95 0.92 (0.02) 0.93
 Renal artery 2.71 1.00 (0.13) 0.98 n/a 0.95
 Carotid artery 3.17 0.99 (n/a) 0.98 n/a 0.95
 Other arteries 0.68–12.95 n/a 0.98 n/a 0.95

Young’s modulus (kPa)
 Ascending aorta 400 n/a 1.20 n/a 1.40
 Renal artery 400 n/a 1.20 n/a 1.40
 Carotid artery 400 1.21 (0.54) 1.20 1.51 (0.98) 1.40
 Other arteries 400-500 n/a 1.20 n/a 1.40

Wall thickness (mm)
 Descending aorta 2.12 1.00 (0.10) 1.00 n/a 1.10
 Renal artery 0.54 n/a 1.00 n/a 1.05
 Carotid artery 0.70 1.02 (0.22) 1.00 n/a 1.05
 Other arteries 0.34–1.79 n/a 1.00 n/a 1.05

Vascular bed
 PVR  (1010·Pa·s/m3) 0.11–17.20 1.17 (0.27) 1.15 1.33 (0.32) 1.35

 PVC  (10-10·m3/Pa) 0.02–2.60 0.86 (0.25) 0.86 0.67 (0.02) 0.70



 N. Wang et al.

blood volumetric flow rate at different ages to validate this 
ageing model.

To generate virtual populations representing patients 
with diabetes or hypertension, we scaled the parameters of 
each healthy subject within six different age groups by mul-
tiplying them by the normalised values for CO and vessel 
mechanical properties across all vessels. We assumed that 
the mechanical properties of all segments of the aorta fol-
lowed the same trends reported in Tables 2 and 3 for specific 
aortic segments. This resulted in an equal number of virtual 
patients, for each disease type and stage, and for each of the 
six age groups to the number of healthy individuals within 
the same age group. To validate the disease model, we con-
sidered the range of 20-79 yo age group, for which in vivo 
data on the RI distribution for DN [70] and HN [8, 70] at 
early and severe stages were available.

Results

Validation of Ageing Model

Results reported in Fig. 3 show a comparison between pre-
dictions from openBF and in vivo data from literature. Fig-
ure 3a and b show good alignment of brachial systolic and 
diastolic blood pressure, for both mean trends and distri-
butions and across the different age groups. For ages over 
50 years old, diastolic pressure declines while systolic pres-
sure continues to rise, and this is well captured by the mod-
elled data. Figure 3c shows a comparison between model-
derived RI data and in vivo data. Modelled and in vivo 
median RI values and age-specific distributions follow 
similar upward trends, ranging from 0.63 (0.62 for in vivo 
data) at 20–29 yo age group to 0.67 (0.66 for in vivo data) at 
70–79 yo age group, with a small offset between modelled 
and in vivo data. Figure 3d shows a comparison between 
modelled and in vivo data for total mean RBF rate (the sum 
of mean RBF rate in both kidneys). OpenBF predictions 
show a reduction in blood volumetric flow rate, decreasing 

Fig. 3  Validation of modelled 
data for a healthy, ageing popu-
lation. a and b: Comparison of 
modelled systolic and diastolic 
blood pressure in the brachial 
artery against in vivo data [38]. 
c: Comparison of RI distribu-
tions in renal segmental arteries 
against ultrasound measurement 
data [71]. d: Comparison of 
modelled total mean renal blood 
flow rate (the sum of mean RBF 
rate in both kidneys) in main 
renal arteries against MRI-
measured data [72]
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from approximately 1000 to 670 ml/min from ages 20 to 79. 
The results of openBF are generally in good agreement with 
in vivo data, although some differences are observed in the 
20–29 yo age group (1003 ml/min for in vivo data against 
1066 ml/min for openBF) and 70–79 yo age group (512 ml/
min for in vivo data against 670 ml/min for openBF).

Resistive Index in Healthy, Diabetic 
and Hypertensive Models

Figure 4 shows a comparison between predictions of RI from 
openBF and in vivo data from the literature for the 20–79 
yo age group, in presence of healthy and disease. In general, 
this comparison shows good agreement for healthy, diabetic, 
and hypertensive populations and across the different stages 
of disease. The highest discrepancy (absolute percentage dif-
ference) between modelled and in vivo data in mean values 
was observed for groups representing healthy, early diabetic 
(Early.D), and severe hypertensive populations (Severe.H), 
where there were around 0.006 (1.02%) and 0.007 (0.99%), 
0.008 (0.98%) difference between the openBF modelled and 
in vivo results, respectively. Some more noticeable differ-
ence between modelled and in vivo data was also observed 
in the minimum and maximum values for the healthy popu-
lation, and severe hypertensive populations (Severe.H), 
where the discrepancy in maximum value among these 
groups were 0.030 (4.10%) and 0.022 (2.66%), respectively, 
and the discrepancy in minimum values among these groups 
were 0.030 (3.70%), and 0.020 (3.90%). Early.H have the 
highest discrepancy in the lower quartile with a discrepancy 
of 0.013 (2.10%), and Early.D have the highest discrepancy 
in the median value with a discrepancy of 0.022 (2.70%), 

and upper quartile with a discrepancy of 0.015 (2.00%). Fur-
thermore, disease progression led to a significant increase 
in RI values for both diseases, with mean RI values increas-
ing from 0.70 (Early.D) to 0.76 (Severe.D) for diabetes, 
and from 0.66 (Early.H) to 0.72 (Severe.H) for hyperten-
sion. Absolute percentage differences between openBF and 
in vivo results were computed as the difference between 
openBF values and in vivo values divided by their average, 
multiplied by 100.

Biomarkers Discriminatory Performance in Healthy, 
Diabetic and Hypertensive Models

Figure 5 illustrates the distributions of RI and mean RBF 
rate through single kidney in the modelled healthy and dis-
eased populations range between 50 and 59 yo. The distri-
bution of RI from in vivo data indicate that RI might be a 
potential discriminator of disease progression, both for DN, 
where its values increased from 0.71 (SD 0.06) to 0.76 (SD 
0.07) (as shown in Figure 4), as well as HN, with values 
increasing from 0.65 (SD 0.07) to 0.71 (SD 0.07), as they 
advance from the early to severe stages. However, the early 
and severe stages of diabetes and hypertension both show a 
substantial overlap. Distributions of RI and mean RBF rate 
in the modelled diseased populations for other age groups 
are provided as supplementary material, and show similar 
trends to those observed for the 50–59 yo age group.

Figure 5 illustrates that the mean RBF rate shows better 
disease stratification than RI between these two diseases at 
both early and severe stages. It is noticeable the significant 
overlap of the healthy population distribution with the dis-
tribution for the early stage of hypertension (Early.H). The 
distributions of mean RBF rate values through single kidney 
are also visualised via boxplots in Fig. 6, where its distribu-
tion with mean and standard deviation values for the Early.D 

Fig. 4  Comparison of RI values in segmental renal arteries with 
in vivo literature data for 20-79 yo healthy individuals [71], diabetic 
(Early.D/Severe.D) [70] and hypertensive (Early.H/Severe.H) patients 
[8, 70] at different disease stages. Simulation results are shown in 
black, and in vivo data are shown in grey. White solid lines represent 
mean values, while white solid circles represent median values

Fig.5  Scatter plot, showing RI and mean RBF rate distributions 
through single kidney for a 50-59 yo virtual population in presence of 
health, diabetes or hypertension at different disease stages
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and Early.H groups are 329 (SD 40) and 443 ml/min (SD 
54), respectively. The interquartile range for Early.D is from 
298 ml/min for the lower quartile and 354 ml/min for the 
upper quartile, mirroring the pattern observed in Severe.D. 
In Early.H, the interquartile range spans from 405 ml/min 
(lower quartile) to 476 ml/min (upper quartile), while in 
Severe.H, it ranges from 356 ml/min (lower quartile) to 
420 ml/min (upper quartile). Notably, an overlap is evident 
around 380 ml/min between Early.D and Early.H. Similarly, 
an overlap is observed around 365 ml/min between Severe.D 
and Severe.H. This overlap results in a challenge to differen-
tiate between DN and HN based solely on mean RBF rate.

Receiver Operating Characteristic Curves

Figure 7 presents the Receiver Operating Characteristic 
(ROC) curves for various classifiers, assessing and com-
paring the diagnostic performance of the biomarker RI or 
the mean RBF rate in distinguishing between DN and HN 
from early to severe stages. The ROC curve for the early 
disease stage (Early.D/H) using RI represents an area under 
the curve (AUC) of 0.79 (0.64 specificity, 0.81 sensitivity), 
indicating moderate diagnostic accuracy. In contrast, the 
ROC curve for the early disease stage (Early.D/H) using the 
mean RBF rate achieves a substantially higher AUC of 0.97 
(0.91 specificity, 0.93 sensitivity), reflecting better diag-
nostic accuracy. For the severe disease stage (Severe.D/H), 
ROC curve using the RI represents an AUC of 0.85 (0.78 
specificity, 0.75 sensitivity). Meanwhile, the ROC curve for 
the severe disease stage (Severe.D/H) using the mean RBF 
rate shows an AUC of 0.91 (0.86 specificity, 0.82 sensitiv-
ity). Additionally, Figure 7 marks the best cut-off values 

(solid black dots) for each ROC curve. The best cut-off 
point for the early disease stage is 0.65 for RI and 378 ml/
min for mean RBF rate. Similarly, for the severe disease 
stage (Severe.D/H), the best cut-off point is 0.73 for RI and 
352 ml/min for mean RBF rate.

In order to create ROC curves, all RI values and mean 
RBF rates in the early stages of kidney disease were consid-
ered potential cut-off points to distinguish patients with DN 
from those with HN. For each potential cut-off point, we cal-
culated the true positive rate (sensitivity) and false positive 
rate (1-specificity). We repeated the same steps to generate 
the ROC curve for the severe stage. To determine the opti-
mal cut-off point, we used Youden’s Index, which maximises 
the difference between sensitivity and specificity, calculated 
as the sum of sensitivity and specificity minus one. The cut-
off point with the highest Youden’s Index was considered 
the optimal cut-off point for distinguishing between DN and 
HN patients.

Discussion

The aim of this study was to develop a novel modelling 
approach, capable of realistically representing the effects of 
diabetes and hypertension in the kidney, and their progres-
sion, in typical arterial networks, and in presence of typical 
physiological variability observed in human populations. We 

Fig.6  Box plot of modelled mean RBF rate through single kidney 
for 50 to 59 yo healthy individuals, DN and HN patients at different 
disease stages. White solid lines represent mean values, while white 
solid circles represent median values. Black solid star signs repre-
sent outliers defined as values that fall below the first quartile − 1.5 * 
interquartile range (IQR) or above the third quartile + 1.5 * IQR

Fig.7  ROC curves for 50 to 59 yo Early.D, Early.H, and Severe.D, 
Severe.H populations using RI and mean RBF rate classifiers. Solid 
black line represents the ROC curve for the early disease stage 
(Early.D/H) using RI. Dotted black line represents the ROC curve 
for the severe disease stage (Severe.D/H) using RI. Dashed black 
line represents the ROC curve for the early disease stage (Early.D/H) 
using mean RBF rate. Dash dotted black line represents the ROC 
curve for the severe disease stage (Severe.D/H) using mean RBF rate. 
Black solid dot on each ROC curve is the best cut-off point to classify 
between DN and HN in early and severe stages. Dashed grey line rep-
resents a random classifier
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have developed and extended an arterial network compris-
ing a 1D representation of the biomechanics of blood flow 
through elastic vessels down to the interlobar arteries. The 
more peripheral renal arterioles were represented through 
lumped parameter models (arcuate, interlobular, and glomer-
ular arterioles), which were fully coupled to the 1D whole-
circulation model. A process of calibration was performed 
in order to find better alignment between modelled data and 
in vivo data in the presence of diabetes and hypertension.

The results show that this numerical approach can reli-
ably model the ageing process of the cardiovascular system 
with strong quantitative alignment with in vivo results for 
DBP, SBP, mean RBF rate, and RI distribution in differ-
ent age-based populations. For the validation of our age-
ing model, we used SBP and DBP data from the literature 
encompassing a total of 3,619 healthy men and women. As 
for the validation of our RI predictions, we used RI values 
from the literature reported for 572 healthy participants, 
aged 20 to 80 years. For validation of our mean RBF rate 
predictions, we used data from 180 healthy participants aged 
20 to 90 years. The minor deviations observed between pre-
dicted and in vivo data from the literature can be attributed 
to variations in individual physiology, measurement meth-
ods, or limitations in the assumptions of the model. Fur-
thermore, lifestyle choices, genetic factors, and underlying 
health conditions, not represented in our model, may also 
lead to differences between modelled and real data [73]. In 
contrast to existing models, our approach comprehensively 
accounts for the mutual influence of the renal system on the 
systemic circulatory system during the ageing process [23, 
69]. This distinction is important, as the high-flow in the 
renal circulation and kidney can have significant influence 
on systemic blood pressure.

Model-derived and in vivo RI data (Fig. 3c) show a 
good agreement at population level. The age-specific 
trends, as evidenced by median values, exhibit similar 
trends to those observed in vivo, suggesting that openBF 
is capable of accurately capturing the effects of ageing 
and these pathologies on blood flow. The data showed a 
small offset between modelled and in vivo data for RI. 
This might be due to a simplistic representation of arterial 
biomechanics (Eq. 3) which does not consider viscous-
elastic effects in the arterial wall. This may well affect a 
waveform-derived biomarker such as RI. Variations in the 
RI measurement locations for in vivo data, such as dif-
ferences in renal artery branch selection or measurement 
techniques, may also lead to differences between in vivo 
and openBF results, where data was consistently extracted 
from specific locations, Fig. 2. The model also predicts 
a consistent reduction in mean RBF flow rate with age-
ing, similar to what is observed in vivo. However, a rela-
tively high difference is observed in the 70–79 yo group, 
where openBF predicts higher flow rates when compared 

to in vivo data. This difference could be due to the fact that 
these in vivo data were reported for a group of individuals 
aged 80 and above, whereas in the openBF results, we only 
considered individuals aged 70 to 79 yo [72], for which 
parameterization data was available.

The simulations confirm that RI is a candidate biomarker 
to monitor the progression of kidney disease, with the mean 
value of RI increasing from 0.70 to 0.76 for early and severe 
stages of diabetes, and from 0.66 to 0.71 for early and severe 
stages of hypertension. For the validation of our Early.D 
and Severe.D populations, we used RI data from the lit-
erature encompassing one group of patients with diabetes 
and mild renal function impairment, and another group of 
patients with diabetes and moderate renal function impair-
ment, reported for a total of 194 kidney disease cases, aged 
around 20 to 80. As for the validation of our Early.H and 
Severe.H populations, we used RI data from the literature 
reported for 132 hypertensive patients with mild renal func-
tion impairment, and a group of hypertensive patients with 
moderate renal function impairment, reported for a total 194 
kidney disease cases, aged around 20 to 80. The model pro-
vides an explanation for these changes in RI by mechanisti-
cally linking these to direct disease effects. The increase in 
RI primarily results from narrowing of the vascular lumen 
and thickening of the arterial wall. The thickening of the 
arterial wall reduces the lumen area of the blood vessel, 
elevating vascular resistance and constraining the ability 
of blood vessel to dilate, thereby impacting diastolic blood 
flow stability. Consequently, to counteract this heightened 
resistance and sustain sufficient blood flow to the kidney, an 
increase in systolic blood velocity is necessary. Addition-
ally, thickened arteries hinder passive expansion, reducing 
space for blood flow during diastole and causing decreased 
end-diastolic blood velocity. These factors lead to higher RI 
values by increasing peak systolic velocity and decreasing 
end-diastolic velocity.

The model also provides some mechanistic insight into 
the mean RBF rate changes with disease progression. In the 
early stages of diabetes, a decrease of 100 ml/min in mean 
RBF rate is observed in the Early.D population, as indicated 
by the parameterization of DN (refer to Table 2). A similar 
downward trend in total mean RBF rate is observed in stage 
2, which is qualitatively in agreement with clinical data on 
kidney perfusion derived with arterial spin labelling (ASL) 
[15]. This decline is primarily attributed to decreased CO 
and increased renal peripheral vascular resistance resulting 
from diabetes. In the Early.H population, the distribution 
of mean RBF rate is similar to the healthy population. The 
model shows that this is due to the effect of two competing 
changes, the decreased lumen area of blood vessels leading 
to increased peripheral vascular resistance, and the increased 
CO. However, the model predicts a 60 ml/min decrease in 
the Severe.H population, characterised by a decrease in CO 
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and continued reduction in lumen area alongside increased 
peripheral vascular resistance.

The scatter plot distribution (Fig. 5) reveals that there is 
a substantial overlap between healthy and disease distribu-
tions. However, compared to RI, mean RBF rate in diabetic 
and hypertensive populations exhibits better stratification 
performance for both early and severe stages. The mean RBF 
rate for individuals with early stage diabetes (Early.D) is 
concentrated within a lower interval (230 to 380 ml/min). 
In contrast, early stage hypertension (Early.H) data span 
a broader mean RBF rate (300 to 590 ml/min). Notably, 
this overlapping region enlarges as the disease progresses, 
indicating that as kidney disease worsens, distinguishing 
whether it is caused by diabetes or hypertension might be 
more challenging.

From the ROC curves in Fig. 7, it is evident that the 
AUC for Early.D/H using the mean RBF rate is significantly 
higher (0.97) compared to the AUC for Early.D/H using RI 
(0.79). This substantial difference in AUC indicates that 
the mean RBF rate has superior sensitivity and specificity 
in distinguishing early stage DN from HN. Similar trends 
are observed for RBF discriminating performance at severe 
stages of the two diseases. Although the difference in AUC 
is less pronounced in the severe stage, the mean RBF rate 
still demonstrates a higher accuracy and reliability. There-
fore, the mean RBF rate shows promise as a more reliable 
biomarker for distinguishing DN from HN compared to RI, 
which is calculated based on systolic and diastolic velocities 
and serves as an indirect measure of renal vascular resist-
ance. Further studies could look at integration of additional 
diagnostic criteria and biomarkers to improve the discrimi-
nating performance between disease types.

This study has some limitations to consider. Firstly, since 
the literature sources for model parameterisation tend to 
describe the effects of diabetic and hypertensive nephropa-
thy only on large arteries such as the aorta and carotids, we 
had to assume that these pathologies affected the mechani-
cal and geometrical properties the other vessels in a similar 
way. This may be true or there could be a differential effect 
between the more elastic versus the stiffer peripheral vessels. 
Furthermore, the study also does not consider the relatively 
common situation of subjects that have both diabetes and 
hypertension.

Secondly, our current study was based on a gender-neutral 
model. This approach utilised the parameterizations and dis-
tributions of vascular mechanical parameters in both sexes, 
ensuring that the results of the virtual individuals generated 
by our model were not biased toward either sex. However, 
this approach may result in an analysis of RI and mean RBF 
rate in virtual patients that lack sex-specific insight. Given 
that sex is a significant factor in clinical trials, it is recom-
mended that in future studies a mechanistic model that 
incorporates sex-specific parameters is used. Additionally, 

the study did not account for variations in anthropometric 
features like height and weight.

Thirdly, the number of unphysiological virtual individu-
als filtered out in this study reached 7747 out of a total of 
12,000 (65% filtering rate). The high rate of unphysiologi-
cal virtual individuals in our model is primarily due to the 
random selection and allocations of parameters to our mod-
els. Although each parameter remains within physiologi-
cal ranges, the independent parameters’ selection and their 
uncorrelated combination in a virtual patient can result in 
unrealistic combinations. For instance, a very stiff blood ves-
sel wall might be paired with the same vessel being very nar-
row and long, therefore leading to unphysiological/unrealis-
tic results (blood pressure). This issue is exacerbated by the 
complexity of the model, which involves over 100 blood ves-
sels and 500 parameters. The unknown correlations between 
parameters across blood vessels significantly contribute to 
the low filter rate, as many generated combinations do not 
represent realistic physiological conditions. In the absence 
of more specific data distributions in real populations, we 
followed similar state-of-the-art approaches to Willemet 
et al. [74] and Benemerito et al. [69] for removing unrealis-
tic parameterizations, which achieved similar filtration rates 
(58% and 75%, respectively).

In this study, the most peripheral renal vessels (arcuate, 
interlobular renal arterioles, and glomeruli) were not directly 
and individually modelled, but rather lumped into an R-C-R 
model representation. This prevented us from modelling the 
early differential effects of DN and HN, which mainly affect 
the glomeruli. When most patients first develop diabetic kid-
ney disease, an increase in eGFR (over 120 mL/min/1.73m2) 
can be observed caused by dilation of afferent arterioles 
and constriction of efferent arterioles to response to dia-
betic kidney disease. This process is commonly and clini-
cally known as hyperfiltration [75]. In hypertension, both 
afferent and efferent arterioles are constricted in the early 
stages [76]. These processes were not directly modelled in 
our study. In addition, the literature data that informed the 
parameterisation of our models was not detailed enough to 
separate the influence of solely diabetes or solely hyper-
tension on the parameters of our model. These are often 
concomitant factors in chronic kidney disease. For example, 
the increased Young’s modulus observed in diabetic patients 
in the later stages of disease progression, might be caused 
by an increase in systemic pressure rather than by diabetes. 
Therefore, whether the increased Young’s modulus should 
be included as part of the parameterization of diabetic model 
remains worth investigating in the future.

In conclusion, we showed that our coupled 1D-0D com-
putational model is capable of realistically capturing the 
physiological changes associated with ageing in healthy 
individuals and the renal damage resulting from diabetes or 
hypertension. By incorporating virtual patients representing 
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various stages of diabetes and hypertension, our analysis 
indicates that mean RBF rate might help to differentiate 
between DN and HN from an early stage, whilst RI showed 
potential to be used in the progression of diabetic and hyper-
tensive kidney disease. Following further validation and cal-
ibration in vivo, this modelling approach in renal circulation 
has the potential to identify biomarkers for clinical trials. 
These biomarkers could pave the way for a potentially non-
invasive diagnosis and management of CKD from an early 
stage, when intervention may still be effective in mitigating 
or reversing the condition.

Acknowledgements This work was supported by University of Shef-
field Research Scholarship (Faculty of Engineering) and the Euro-
pean Union Horizon 2020 programme (CompBioMed2 project, Grant 
Agreement No 823712).

Declarations 

Conflict of interest The authors have no conflict of interest to declare.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

Reference

 1. Evans, M., R. D. Lewis, A. R. Morgan, M. B. Whyte, W. Hanif, S. 
C. Bain, et al. A narrative review of chronic kidney disease in clin-
ical practice: current challenges and future perspectives. Adv Ther. 
39:33–43, 2022. https:// doi. org/ 10. 1007/ s12325- 021- 01927-z. 

 2. Mallappallil, M., E. A. Friedman, B. G. Delano, S. I. McFarlane, 
and M. O. Salifu. Chronic kidney disease in the elderly: evalua-
tion and management. Clin Pract Lond Engl. 11:525–535, 2014. 
https:// doi. org/ 10. 2217/ cpr. 14. 46. 

 3. Feng (Snow), X., R. Farej, B. B. Dean, F. Xia, A. Gaiser, S. X. 
Kong, et al. CKD prevalence among patients with and without 
type 2 diabetes: regional differences in the United States. Kidney 

Med. 4:100385, 2022. https:// doi. org/ 10. 1016/j. xkme. 2021. 09. 
003. 

 4. Tedla, F. M., A. Brar, R. Browne, and C. Brown. Hypertension 
in chronic kidney disease: navigating the evidence. Int J Hyper-

tens.2011:132405, 2011. https:// doi. org/ 10. 4061/ 2011/ 132405. 
 5. Santoro, D., M. Torreggiani, V. Pellicanò, V. Cernaro, R. M. 

Messina, E. Longhitano, et al. Kidney biopsy in type 2 diabetic 
patients: critical reflections on present indications and diagnostic 
alternatives. Int J Mol Sci. 22:5425, 2021. https:// doi. org/ 10. 3390/ 
ijms2 21154 25. 

 6. Mikkelsen, H., B. E. Vikse, O. Eikrem, A. Scherer, K. Finne, 
T. Osman, et al. Glomerular proteomic profiling of kidney biop-
sies with hypertensive nephropathy reveals a signature of disease 

progression. Hypertens Res. 46:144–156, 2023. https:// doi. org/ 
10. 1038/ s41440- 022- 01066-0. 

 7. Andrikou, I., C. Tsioufis, D. Konstantinidis, A. Kasiakogias, K. 
Dimitriadis, I. Leontsinis, et al. Renal resistive index in hyperten-
sive patients. J Clin Hypertens. 20:1739–1744, 2018. https:// doi. 
org/ 10. 1111/ jch. 13410. 

 8. Hashimoto, J., and S. Ito. Central pulse pressure and aortic stiff-
ness determine renal hemodynamics: pathophysiological implica-
tion for microalbuminuria in hypertension. Hypertension. 58:839–
846, 2011. https:// doi. org/ 10. 1161/ HYPER TENSI ONAHA. 111. 
177469. 

 9. Maksoud, A. A. A., S. M. Sharara, A. Nanda, and R. N. Khou-
zam. The renal resistive index as a new complementary tool to 
predict microvascular diabetic complications in children and 
adolescents: a groundbreaking finding. Ann Transl Med. 7:422, 
2019. https:// doi. org/ 10. 21037/ atm. 2019. 08. 65. 

 10. Sistani, S. S., A. Alidadi, A. A. Moghadam, F. Mohamadnezhad, 
and B. H. Ghahderijani. Comparison of renal arterial resistive 
index in type 2 diabetic nephropathy stage 0–4. Eur J Transl 

Myol. 29:8364, 2019. https:// doi. org/ 10. 4081/ or. 2019. 8364. 
 11. Doi, Y., Y. Iwashima, F. Yoshihara, K. Kamide, S. Hayashi, Y. 

Kubota, et al. Renal resistive index and cardiovascular and renal 
outcomes in essential hypertension. Hypertension. 60:770–777, 
2012. https:// doi. org/ 10. 1161/ HYPER TENSI ONAHA. 112. 
196717. 

 12. Alhummiany, B., K. Sharma, D. L. Buckley, K. K. Soe, and 
S. P. Sourbron. Physiological confounders of renal blood flow 
measurement. Magn Reson Mater Phys Biol Med. 2023. https:// 
doi. org/ 10. 1007/ s10334- 023- 01126-7. 

 13. Khatir, D. S., M. Pedersen, B. Jespersen, and N. H. Buus. Evalu-
ation of renal blood flow and oxygenation in CKD using mag-
netic resonance imaging. Am J Kidney Dis. 66:402–411, 2015. 
https:// doi. org/ 10. 1053/j. ajkd. 2014. 11. 022. 

 14. Li, L.-P., H. Tan, J. M. Thacker, W. Li, Y. Zhou, O. Kohn, et al. 
Evaluation of renal blood flow in chronic kidney disease using 
arterial spin labeling perfusion magnetic resonance imaging. 
Kidney Int Rep. 2:36–43, 2016. https:// doi. org/ 10. 1016/j. ekir. 
2016. 09. 003. 

 15. Brown, R. S., M. R. M. Sun, I. E. Stillman, T. L. Russell, S. E. 
Rosas, and J. L. Wei. The utility of magnetic resonance imag-
ing for noninvasive evaluation of diabetic nephropathy. Nephrol 

Dial Transplant. 35:970–978, 2020. https:// doi. org/ 10. 1093/ ndt/ 
gfz066. 

 16. Makvandi, K., P. D. Hockings, G. Jensen, T. Unnerstall, H. 
Leonhardt, L. V. Jarl, et al. Multiparametric magnetic resonance 
imaging allows non-invasive functional and structural evalua-
tion of diabetic kidney disease. Clin Kidney J. 15:1387–1402, 
2022. https:// doi. org/ 10. 1093/ ckj/ sfac0 54. 

 17. Watton, P. N., N. B. Raberger, G. A. Holzapfel, and Y. Ven-
tikos. Coupling the hemodynamic environment to the evolution 
of cerebral aneurysms: computational framework and numeri-
cal examples. J Biomech Eng. 2009. https:// doi. org/ 10. 1115/1. 
31921 41. 

 18. Padmos, R. M., T. I. Józsa, W. K. El-Bouri, P. R. Konduri, S. J. 
Payne, and A. G. Hoekstra. Coupling one-dimensional arterial 
blood flow to three-dimensional tissue perfusion models for in sil-
ico trials of acute ischaemic stroke. Interface Focus. 11:20190125, 
2020. https:// doi. org/ 10. 1098/ rsfs. 2019. 0125. 

 19. Shi, Y., P. Lawford, and R. Hose. Review of zero-D and 1-D 
models of blood flow in the cardiovascular system. Biomed Eng 

OnLine. 10:33, 2011. https:// doi. org/ 10. 1186/ 1475- 925X- 10- 33. 
 20. Reymond, P., F. Merenda, F. Perren, D. Rüfenacht, and N. Ster-

giopulos. Validation of a one-dimensional model of the systemic 
arterial tree. Am J Physiol-Heart Circ Physiol. 297:H208–H222, 
2009. https:// doi. org/ 10. 1152/ ajphe art. 00037. 2009. 

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s12325-021-01927-z
https://doi.org/10.2217/cpr.14.46
https://doi.org/10.1016/j.xkme.2021.09.003
https://doi.org/10.1016/j.xkme.2021.09.003
https://doi.org/10.4061/2011/132405
https://doi.org/10.3390/ijms22115425
https://doi.org/10.3390/ijms22115425
https://doi.org/10.1038/s41440-022-01066-0
https://doi.org/10.1038/s41440-022-01066-0
https://doi.org/10.1111/jch.13410
https://doi.org/10.1111/jch.13410
https://doi.org/10.1161/HYPERTENSIONAHA.111.177469
https://doi.org/10.1161/HYPERTENSIONAHA.111.177469
https://doi.org/10.21037/atm.2019.08.65
https://doi.org/10.4081/or.2019.8364
https://doi.org/10.1161/HYPERTENSIONAHA.112.196717
https://doi.org/10.1161/HYPERTENSIONAHA.112.196717
https://doi.org/10.1007/s10334-023-01126-7
https://doi.org/10.1007/s10334-023-01126-7
https://doi.org/10.1053/j.ajkd.2014.11.022
https://doi.org/10.1016/j.ekir.2016.09.003
https://doi.org/10.1016/j.ekir.2016.09.003
https://doi.org/10.1093/ndt/gfz066
https://doi.org/10.1093/ndt/gfz066
https://doi.org/10.1093/ckj/sfac054
https://doi.org/10.1115/1.3192141
https://doi.org/10.1115/1.3192141
https://doi.org/10.1098/rsfs.2019.0125
https://doi.org/10.1186/1475-925X-10-33
https://doi.org/10.1152/ajpheart.00037.2009


 N. Wang et al.

 21. Pedley, T. J. The fluid mechanics of large blood vessels, 1st ed. 
Cambridge: Cambridge University Press, 1980. https:// doi. org/ 10. 
1017/ CBO97 80511 896996. 

 22. Boileau, E., P. Nithiarasu, P. J. Blanco, L. O. Müller, F. E. Fossan, 
L. R. Hellevik, et al. A benchmark study of numerical schemes 
for one-dimensional arterial blood flow modelling: benchmark 
of numerical schemes for 1d blood flow modelling. Int J Numer 

Methods Biomed Eng.31:e02732, 2015. https:// doi. org/ 10. 1002/ 
cnm. 2732. 

 23. Charlton, P. H., J. Mariscal Harana, S. Vennin, Y. Li, P. Chow-
ienczyk, and J. Alastruey. Modeling arterial pulse waves in 
healthy aging: a database for in silico evaluation of hemodynam-
ics and pulse wave indexes. Am J Physiol-Heart Circ Physiol. 
317:H1062–H1085, 2019. https:// doi. org/ 10. 1152/ ajphe art. 00218. 
2019. 

 24. Alastruey, J., K. H. Parker, J. Peiró, S. M. Byrd, and S. J. Sherwin. 
Modelling the circle of Willis to assess the effects of anatomical 
variations and occlusions on cerebral flows. J Biomech. 40:1794–
1805, 2007. https:// doi. org/ 10. 1016/j. jbiom ech. 2006. 07. 008. 

 25. Lungu, A., A. J. Swift, D. Capener, D. Kiely, R. Hose, and J. 
M. Wild. Diagnosis of pulmonary hypertension from magnetic 
resonance imaging-based computational models and decision tree 
analysis. Pulm Circ. 6:181–190, 2016. https:// doi. org/ 10. 1086/ 
686020. 

 26. Melis, A., F. Moura, I. Larrabide, K. Janot, R. H. Clayton, A. P. 
Narata, et al. Improved biomechanical metrics of cerebral vasos-
pasm identified via sensitivity analysis of a 1D cerebral circula-
tion model. J Biomech. 90:24–32, 2019. https:// doi. org/ 10. 1016/j. 
jbiom ech. 2019. 04. 019. 

 27. Yin, M., A. Yazdani, and G. E. Karniadakis. One-dimensional 
modeling of fractional flow reserve in coronary artery disease: 
Uncertainty quantification and Bayesian optimization. Comput 

Methods Appl Mech Eng. 353:66–85, 2019. https:// doi. org/ 10. 
1016/j. cma. 2019. 05. 005. 

 28. Sazonov, I., A. W. Khir, W. S. Hacham, E. Boileau, J. M. Carson, 
R. Van Loon, et al. A novel method for non-invasively detecting 
the severity and location of aortic aneurysms. Biomech Model 

Mechanobiol. 16:1225–1242, 2017. https:// doi. org/ 10. 1007/ 
s10237- 017- 0884-8. 

 29. Hegde, P., G. S. Barboza, A. B. V. Barboza, S. M. A. Khader, R. 
Pai, M. Tamagawa, et al. Numerical analysis on a non-critical ste-
nosis in renal artery. J Adv Res Fluid Mech Therm Sci. 88:31–48, 
2021. https:// doi. org/ 10. 37934/ arfmts. 88.3. 3148. 

 30. Mandaltsi, A., A. Grytsan, A. Odudu, J. Kadziela, P. D. Morris, A. 
Witkowski, et al. Non-invasive stenotic renal artery haemodynam-
ics by in silico medicine. Front Physiol. 2018. https:// doi. org/ 10. 
3389/ fphys. 2018. 01106. 

 31. Seong, C. K., S. H. Kim, and J. S. Sim. Detection of segmental 
branch renal artery stenosis by Doppler US: a case report. Korean 

J Radiol. 2:57, 2001. https:// doi. org/ 10. 3348/ kjr. 2001.2. 1. 57. 
 32. Neupane, N., K. Koirala, S. Koirala, and B. Lohani. Renal seg-

mental artery resistive index as a non-invasive indicator of func-
tional deterioration in patients with chronic kidney disease. Austin 

J Radiol. 2022. https:// doi. org/ 10. 26420/ austi njrad iol. 2022. 1192. 
 33. Melis, A., R. H. Clayton, and A. Marzo. Bayesian sensitivity anal-

ysis of a 1D vascular model with Gaussian process emulators. Int 

J Numer Methods Biomed Eng.33:e2882, 2017. https:// doi. org/ 10. 
1002/ cnm. 2882. 

 34. Song, W. H., J. Baik, E.-K. Choi, H.-Y. Lee, H. H. Kim, S.-M. 
Park, et al. Quantitative analysis of renal arterial variations affect-
ing the eligibility of catheter-based renal denervation using multi-
detector computed tomography angiography. Sci Rep. 10:19720, 
2020. https:// doi. org/ 10. 1038/ s41598- 020- 76812-w. 

 35. Melis, A. openBF: Julia software for 1D blood flow modelling. 
Bytes. 2018. https:// doi. org/ 10. 15131/ SHEF. DATA. 71661 83. 

 36. Benetos, A., C. Adamopoulos, J.-M. Bureau, M. Temmar, C. 
Labat, K. Bean, et al. Determinants of accelerated progression of 
arterial stiffness in normotensive subjects and in treated hyperten-
sive subjects over a 6-year period. Circulation. 105:1202–1207, 
2002. https:// doi. org/ 10. 1161/ hc1002. 105135. 

 37. Jani, B., and C. Rajkumar. Ageing and vascular ageing. Postgrad 

Med J. 82:357–362, 2006. https:// doi. org/ 10. 1136/ pgmj. 2005. 
036053. 

 38. McEniery, C. M., Hall IR. Yasmin, A. Qasem, I. B. Wilkinson, 
and J. R. Cockcroft. Normal vascular aging: differential effects on 
wave reflection and aortic pulse wave velocity: the Anglo-Cardiff 
collaborative trial (ACCT). J Am Coll Cardiol. 46:1753–1760, 
2005. https:// doi. org/ 10. 1016/j. jacc. 2005. 07. 037. 

 39. Sun, J., K. Han, M. Xu, L. Li, J. Qian, L. Li, et al. Blood viscosity 
in subjects with type 2 diabetes mellitus: roles of hyperglycemia 
and elevated plasma fibrinogen. Front Physiol. 2022. https:// doi. 
org/ 10. 3389/ fphys. 2022. 827428. 

 40. MacRury SM. Blood Rheology in Diabetes Mellitus and Its Com-
plications: Assessment of New Methods. MD. ProQuest Disserta-
tions & Theses, 1990.

 41. Roberts, T. J., A. T. Burns, R. J. MacIsaac, A. I. MacIsaac, D. L. 
Prior, and A. La Gerche. Exercise capacity in diabetes mellitus 
is predicted by activity status and cardiac size rather than cardiac 
function: a case control study. Cardiovasc Diabetol. 17:44, 2018. 
https:// doi. org/ 10. 1186/ s12933- 018- 0688-x. 

 42. Giannattasio, C., M. Failla, A. Grappiolo, P. L. Gamba, F. Paleari, 
and G. Mancia. Progression of large artery structural and func-
tional alterations in Type I diabetes. Diabetologia. 44:203–208, 
2001. https:// doi. org/ 10. 1007/ s0012 50051 600. 

 43. Dec-Gilowska, M., M. Trojnar, B. Makaruk, B. Mosiewicz-
Madejska, G. Dzida, and J. Mosiewicz. Local elasticity of the 
aorta in patients with type 2 diabetes mellitus. J Int Med Res. 
48:0300060520952643, 2020. https:// doi. org/ 10. 1177/ 03000 
60520 952643. 

 44. Miyamoto, M., K. Kotani, K. Okada, A. Ando, H. Hasegawa, H. 
Kanai, et al. Arterial wall elasticity measured using the phased 
tracking method and atherosclerotic risk factors in patients with 
type 2 diabetes. J Atheroscler Thromb. 20:678–687, 2013. https:// 
doi. org/ 10. 5551/ jat. 16220. 

 45. Westerhof, N., N. Stergiopulos, and M. I. M. Noble (eds.). Elastic-
ity Snapshots Hemodynamics Aid Clin. Res. Grad. Educ. Boston: 
Springer, pp. 35–39, 2005. https:// doi. org/ 10. 1007/0- 387- 23346-
6_ 10. 

 46. Liao D, Arnett DK, Tyroler HA, Riley WA, Chambless LE, Szklo 
M, et al. Arterial Stiffness and the Development of Hypertension 
n.d.

 47. van den Hurk, K., M. Alssema, O. Kamp, R. M. Henry, C. D. 
Stehouwer, Y. M. Smulders, et al. Independent associations of 
glucose status and arterial stiffness with left ventricular diastolic 
dysfunction: an 8-year follow-up of the Hoorn study. Diabetes 

Care. 35:1258–1264, 2012. https:// doi. org/ 10. 2337/ dc11- 1336. 
 48. Åstrand, H., Å. Rydén-Ahlgren, G. Sundkvist, T. Sandgren, and T. 

Länne. Reduced aortic wall stress in diabetes mellitus. Eur J Vasc 

Endovasc Surg. 33:592–598, 2007. https:// doi. org/ 10. 1016/j. ejvs. 
2006. 11. 011. 

 49. Kourtidou, C., V. Rafailidis, G. Varouktsi, E. Kanakis, V. Liako-
poulos, T.-A. Vyzantiadis, et al. Evaluation of subclinical vascu-
lar disease in diabetic kidney disease: a tool for personalization 
of management of a high-risk population. J Pers Med. 12:1139, 
2022. https:// doi. org/ 10. 3390/ jpm12 071139. 

 50. Naderi, N. Chapter 11 Hemodynamic Study. In: Pract Cardiol, 
2nd ed., edited by M. Maleki, A. Alizadehasl, and M. Haghjoo. 
Amsterdam: Elsevier, 2022. https:// doi. org/ 10. 1016/ B978-0- 323- 
80915-3. 00013-2. 

https://doi.org/10.1017/CBO9780511896996
https://doi.org/10.1017/CBO9780511896996
https://doi.org/10.1002/cnm.2732
https://doi.org/10.1002/cnm.2732
https://doi.org/10.1152/ajpheart.00218.2019
https://doi.org/10.1152/ajpheart.00218.2019
https://doi.org/10.1016/j.jbiomech.2006.07.008
https://doi.org/10.1086/686020
https://doi.org/10.1086/686020
https://doi.org/10.1016/j.jbiomech.2019.04.019
https://doi.org/10.1016/j.jbiomech.2019.04.019
https://doi.org/10.1016/j.cma.2019.05.005
https://doi.org/10.1016/j.cma.2019.05.005
https://doi.org/10.1007/s10237-017-0884-8
https://doi.org/10.1007/s10237-017-0884-8
https://doi.org/10.37934/arfmts.88.3.3148
https://doi.org/10.3389/fphys.2018.01106
https://doi.org/10.3389/fphys.2018.01106
https://doi.org/10.3348/kjr.2001.2.1.57
https://doi.org/10.26420/austinjradiol.2022.1192
https://doi.org/10.1002/cnm.2882
https://doi.org/10.1002/cnm.2882
https://doi.org/10.1038/s41598-020-76812-w
https://doi.org/10.15131/SHEF.DATA.7166183
https://doi.org/10.1161/hc1002.105135
https://doi.org/10.1136/pgmj.2005.036053
https://doi.org/10.1136/pgmj.2005.036053
https://doi.org/10.1016/j.jacc.2005.07.037
https://doi.org/10.3389/fphys.2022.827428
https://doi.org/10.3389/fphys.2022.827428
https://doi.org/10.1186/s12933-018-0688-x
https://doi.org/10.1007/s001250051600
https://doi.org/10.1177/0300060520952643
https://doi.org/10.1177/0300060520952643
https://doi.org/10.5551/jat.16220
https://doi.org/10.5551/jat.16220
https://doi.org/10.1007/0-387-23346-6_10
https://doi.org/10.1007/0-387-23346-6_10
https://doi.org/10.2337/dc11-1336
https://doi.org/10.1016/j.ejvs.2006.11.011
https://doi.org/10.1016/j.ejvs.2006.11.011
https://doi.org/10.3390/jpm12071139
https://doi.org/10.1016/B978-0-323-80915-3.00013-2
https://doi.org/10.1016/B978-0-323-80915-3.00013-2


An In Silico Modelling Approach to Predict Hemodynamic Outcomes in Diabetic and Hypertensive…

 51. Stamler JS, Loh E, Roddy M-A, Currie KE, Creager MA. Nitric 
oxide regulates basal systemic and pulmonary vascular resistance 
in healthy humans. n.d.

 52. Hesp, A. C., M. M. Smits, E. J. M. van Bommel, M. H. A. 
Muskiet, L. Tonneijck, M. Nieuwdorp, et al. Kidney hemody-
namic profile and systemic vascular function in adults with type 
2 diabetes: analysis of three clinical trials. J Diabetes Complica-

tions.36:108127, 2022. https:// doi. org/ 10. 1016/j. jdiac omp. 2022. 
108127. 

 53. Romney, J. S., and R. Z. Lewanczuk. Vascular compliance is 
reduced in the early stages of type 1 diabetes. Diabetes Care. 
24:2102–2106, 2001. https:// doi. org/ 10. 2337/ diaca re. 24. 12. 2102. 

 54. Han, K., S. Ma, J. Sun, M. Xu, X. Qi, S. Wang, et al. In silico 
modeling of patient-specific blood rheology in type 2 diabetes 
mellitus. Biophys J. 122:1445–1458, 2023. https:// doi. org/ 10. 
1016/j. bpj. 2023. 03. 010. 

 55. Nakamoto, M. The mechanism of intradialytic hypotension in 
diabetic patients. Nihon Jinzo Gakkai Shi. 36:374–381, 1994. 

 56. Letcher, R. L., S. Chien, T. G. Pickering, J. E. Sealey, and J. H. 
Laragh. Direct relationship between blood pressure and blood vis-
cosity in normal and hypertensive subjects: role of fibrinogen and 
concentration. Am J Med. 70:1195–1202, 1981. https:// doi. org/ 10. 
1016/ 0002- 9343(81) 90827-5. 

 57. Sarrami-Foroushani, A., M.-C. Villa-Uriol, M. Nasr Esfahany, 
S. C. Coley, L. Y. Di Marco, A. F. Frangi, et al. Modeling of 
the acute effects of primary hypertension and hypotension on 
the hemodynamics of intracranial aneurysms. Ann Biomed Eng. 
43:207–221, 2015. https:// doi. org/ 10. 1007/ s10439- 014- 1076-7. 

 58. Paruchuri, V., K. F. Salhab, G. Kuzmik, G. Gubernikoff, H. Fang, 
J. A. Rizzo, et al. Aortic size distribution in the general popula-
tion: explaining the size paradox in aortic dissection. Cardiology. 
131:265–272, 2015. https:// doi. org/ 10. 1159/ 00038 1281. 

 59. Patel, H. N., T. Miyoshi, K. Addetia, R. Citro, M. Daimon, P. 
G. Fajardo, et al. Normal values of aortic root size according to 
age, sex and race: results of the world alliance of societies of 
echocardiography study. J Am Soc Echocardiogr Off Publ Am Soc 

Echocardiogr. 35:267–274, 2022. https:// doi. org/ 10. 1016/j. echo. 
2021. 09. 011. 

 60. Mitchell, G. F., P. R. Conlin, M. E. Dunlap, Y. Lacourcière, J. M. 
O. Arnold, R. I. Ogilvie, et al. Aortic diameter, wall stiffness, and 
wave reflection in systolic hypertension. Hypertension. 51:105–
111, 2008. https:// doi. org/ 10. 1161/ HYPER TENSI ONAHA. 107. 
099721. 

 61. Sakakura, K., E. Ladich, Q. Cheng, F. Otsuka, K. Yahagi, D. R. 
Fowler, et al. Anatomic assessment of sympathetic Peri-Arterial 
renal nerves in man. J Am Coll Cardiol. 64:635–643, 2014. 
https:// doi. org/ 10. 1016/j. jacc. 2014. 03. 059. 

 62. Chironi, G., J. Gariepy, N. Denarie, M. Balice, J.-L. Megnien, J. 
Levenson, et al. Influence of hypertension on early carotid artery 
remodeling. Arterioscler Thromb Vasc Biol. 23:1460–1464, 2003. 
https:// doi. org/ 10. 1161/ 01. ATV. 00000 83342. 98342. 22. 

 63. Liu, C.-Y., D. Chen, D. A. Bluemke, C. O. Wu, G. Teixido-Tura, 
A. Chugh, et al. Evolution of aortic wall thickness and stiffness 
with atherosclerosis: long-term follow up from the multi-ethnic 
study of atherosclerosis (MESA). Hypertension. 65:1015–1019, 
2015. https:// doi. org/ 10. 1161/ HYPER TENSI ONAHA. 114. 05080. 

 64. Kähönen, E., L.-P. Lyytikäinen, H. Aatola, T. Koivistoinen, A. 
Haarala, K. Sipilä, et al. Systemic vascular resistance predicts the 
development of hypertension: the cardiovascular risk in young 
Finns study. Blood Press. 29:362–369, 2020. https:// doi. org/ 10. 
1080/ 08037 051. 2020. 17839 92. 

 65. Duprez, D. A., P. E. Somasundaram, N. Florea, L. Hoke, and 
J. N. Cohn. P-269: Are arterial stiffness and micro-albuminuria 

in pre-hypertensives different from normotensives and hyperten-
sives? Am J Hypertens. 17:130A, 2004. https:// doi. org/ 10. 1016/j. 
amjhy per. 2004. 03. 344. 

 66. Tripolino, C., A. Gnasso, C. Carallo, F. B. Scavelli, and C. Irace. 
Hemorheological profiles of subjects with prehypertension. 
Hypertens Res. 39:519–523, 2016. https:// doi. org/ 10. 1038/ hr. 
2016. 20. 

 67. Briet, M., E. Bozec, S. Laurent, C. Fassot, G. M. London, C. Jac-
quot, et al. Arterial stiffness and enlargement in mild-to-moderate 
chronic kidney disease. Kidney Int. 69:350–357, 2006. https:// doi. 
org/ 10. 1038/ sj. ki. 50000 47. 

 68. Blacher, J., G. Amah, X. Girerd, A. Kheder, H. Ben Mais, G. M. 
London, et al. Association between increased plasma levels of 
aldosterone and decreased systemic arterial compliance in sub-
jects with essential hypertension. Am J Hypertens. 10:1326–1334, 
1997. https:// doi. org/ 10. 1016/ S0895- 7061(97) 00301-4. 

 69. Benemerito, I., A. Mustafa, N. Wang, A. P. Narata, A. Narracott, 
and A. Marzo. A multiscale computational framework to evaluate 
flow alterations during mechanical thrombectomy for treatment of 
ischaemic stroke. Front Cardiovasc Med. 2023. https:// doi. org/ 10. 
3389/ fcvm. 2023. 11174 49. 

 70. Kawai, T., K. Kamide, M. Onishi, H. Yamamoto-Hanasaki, Y. 
Baba, K. Hongyo, et al. Usefulness of the resistive index in renal 
Doppler ultrasonography as an indicator of vascular damage in 
patients with risks of atherosclerosis. Nephrol Dial Transplant. 
26:3256–3262, 2011. https:// doi. org/ 10. 1093/ ndt/ gfr054. 

 71. Ponte, B., M. Pruijm, D. Ackermann, P. Vuistiner, U. Eisenberger, 
I. Guessous, et al. Reference values and factors associated with 
renal resistive index in a family-based population study. Hyperten-

sion. 63:136–142, 2014. https:// doi. org/ 10. 1161/ HYPER TENSI 
ONAHA. 113. 02321. 

 72. Czarkowska-Paczek, B., A. Wyczalkowska-Tomasik, and L. Pac-
zek. Laboratory blood test results beyond normal ranges could not 
be attributed to healthy aging. Medicine (Baltimore).97:e11414, 
2018. https:// doi. org/ 10. 1097/ MD. 00000 00000 011414. 

 73. Gray, I. D., A. R. Kross, M. E. Renfrew, and P. Wood. Precision 
medicine in lifestyle medicine: the way of the future? Am J Life-

style Med. 14:169–186, 2019. https:// doi. org/ 10. 1177/ 15598 27619 
834527. 

 74. Willemet, M., P. Chowienczyk, and J. Alastruey. A database of 
virtual healthy subjects to assess the accuracy of foot-to-foot pulse 
wave velocities for estimation of aortic stiffness. Am J Physiol-

Heart Circ Physiol. 309:H663–H675, 2015. https:// doi. org/ 10. 
1152/ ajphe art. 00175. 2015. 

 75. Tonneijck, L., M. H. A. Muskiet, M. M. Smits, E. J. van Bommel, 
H. J. L. Heerspink, D. H. van Raalte, et al. Glomerular hyperfiltra-
tion in diabetes: mechanisms, clinical significance, and treatment. 
J Am Soc Nephrol JASN. 28:1023–1039, 2017. https:// doi. org/ 10. 
1681/ ASN. 20160 60666. 

 76. Nagai, Y., F. Yamabe, Y. Sasaki, T. Ishii, K. Nakanishi, K. Naka-
jima, et al. A study of morphological changes in renal afferent 
arterioles induced by angiotensin II type 1 receptor blockers in 
hypertensive patients. Kidney Blood Press Res. 45:194–208, 2020. 
https:// doi. org/ 10. 1159/ 00050 5025. 

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1016/j.jdiacomp.2022.108127
https://doi.org/10.1016/j.jdiacomp.2022.108127
https://doi.org/10.2337/diacare.24.12.2102
https://doi.org/10.1016/j.bpj.2023.03.010
https://doi.org/10.1016/j.bpj.2023.03.010
https://doi.org/10.1016/0002-9343(81)90827-5
https://doi.org/10.1016/0002-9343(81)90827-5
https://doi.org/10.1007/s10439-014-1076-7
https://doi.org/10.1159/000381281
https://doi.org/10.1016/j.echo.2021.09.011
https://doi.org/10.1016/j.echo.2021.09.011
https://doi.org/10.1161/HYPERTENSIONAHA.107.099721
https://doi.org/10.1161/HYPERTENSIONAHA.107.099721
https://doi.org/10.1016/j.jacc.2014.03.059
https://doi.org/10.1161/01.ATV.0000083342.98342.22
https://doi.org/10.1161/HYPERTENSIONAHA.114.05080
https://doi.org/10.1080/08037051.2020.1783992
https://doi.org/10.1080/08037051.2020.1783992
https://doi.org/10.1016/j.amjhyper.2004.03.344
https://doi.org/10.1016/j.amjhyper.2004.03.344
https://doi.org/10.1038/hr.2016.20
https://doi.org/10.1038/hr.2016.20
https://doi.org/10.1038/sj.ki.5000047
https://doi.org/10.1038/sj.ki.5000047
https://doi.org/10.1016/S0895-7061(97)00301-4
https://doi.org/10.3389/fcvm.2023.1117449
https://doi.org/10.3389/fcvm.2023.1117449
https://doi.org/10.1093/ndt/gfr054
https://doi.org/10.1161/HYPERTENSIONAHA.113.02321
https://doi.org/10.1161/HYPERTENSIONAHA.113.02321
https://doi.org/10.1097/MD.0000000000011414
https://doi.org/10.1177/1559827619834527
https://doi.org/10.1177/1559827619834527
https://doi.org/10.1152/ajpheart.00175.2015
https://doi.org/10.1152/ajpheart.00175.2015
https://doi.org/10.1681/ASN.2016060666
https://doi.org/10.1681/ASN.2016060666
https://doi.org/10.1159/000505025

	An In Silico Modelling Approach to Predict Hemodynamic Outcomes in Diabetic and Hypertensive Kidney Disease
	Abstract
	Introduction
	Materials and Methods
	1D Whole-Circulation Baseline model
	Ageing Model
	Kidney Disease Progression
	Diabetic Patient Model
	Hypertensive Patient Model
	Generation of Virtual Population

	Results
	Validation of Ageing Model
	Resistive Index in Healthy, Diabetic and Hypertensive Models
	Biomarkers Discriminatory Performance in Healthy, Diabetic and Hypertensive Models
	Receiver Operating Characteristic Curves

	Discussion
	Acknowledgements 
	References


