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ABSTRACT

Purpose: We aim to inform the design of new diffusion MRI (dMRI) approaches for microvasculature quantification that enhance
the biological specificity of imaging towards cancer.

Methods: We adopted simulation-informed modelling of the vascular dMRI signal. We synthesised signals from 1500 synthetic
vascular networks, for a variety of protocols (flow-compensated [FC], non-compensated [NC], hybrid), featuring different » sam-
plings and diffusion times. We estimated the number of independent, recoverable signal degrees of freedom in presence of noise
(signal-to-noise ratio of 5), and ranked 12 microvascular metrics depending on the quality of their estimation. Lastly, we demon-
strated the feasibility of estimating the top-ranking metrics on 3T dMRI of a healthy volunteer and of a metastatic colorectal cancer
(CRC) patient.

Results: Both NC and FC synthetic vascular signals exhibited complex behaviour as, for example, non-zero kurtosis and diffusion
time dependence. Two independent degrees of freedom appeared recoverable from directionally-averaged vascular signals (SNR of
5). Mean volumetric flow rate g,, and an Apparent Network Branching (ANB) index maximised correlations between ground truth
and estimated values in silico. In the patient, both ¢,, and AN B detected re-vascularisation after 3 months of targeted therapy
against liver metastases, consistently with Intra-Voxel Incoherent Motion (IVIM) metrics.

Conclusions: Simulation-based modelling of the vascular dMRI signal suggests g,, and AN B as the most promising metrics for
tissue microvasculature characterisation. Their estimation in vivo appears feasible to capture general trends, and demonstrates
contrasts that are biologically plausible, encouraging their usage in future studies.
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1 | Introduction

Motion-probing gradients are used in diffusion Magnetic Res-
onance Imaging (dMRI) to sensitise the MRI signal to differ-
ent types of spin motion [1], including flow from microperfu-
sion, without relying on contrast agents [2-4]. One among sev-
eral proposed approaches for capillary flow quantification based
on dMRI is intra-voxel incoherent motion (IVIM) imaging [4-7],
a method for voxel-wise estimation of the apparent perfusion
fraction (f,) and of the pseudo-diffusion coefficient (D*) [8, 9].
IVIM indices offer promise in liver malignancy detection [10] or
hyper-vascularisation assessment [11], and correlate with vessel
histology [12, 13]. However, despite these encouraging data, IVIM
metrics have so far failed to make a lasting impact in the clinic,
being semi-quantitative and protocol-dependent [14], facts that
hinder their clinical adoption.

Recent research has focussed on the design of new signal repre-
sentations that enhance the biological specificity of dMRI beyond
IVIM [4, 8, 9, 15-18]. In this context, the numerical simula-
tion of blood flow within synthetic vascular networks has shown
promise as a way to increase the realism of vascular dMRI signal
models, potentially paving the way to a new generation of tech-
niques [19-23]. In this work, we adopt this powerful approach and
use simulation-based modelling to inform the development of new
dMRI microvascular parameter mapping approaches.

We used capillary networks traced on histological liver tissue to
simulate vascular dMRI signals for realistic flow-compensated
(FC) and non-compensated (NC) acquisitions [24]. We analysed
such signals to compute the number of recoverable, indepen-
dent vascular parameters at clinical signal-to-noise ratio (SNR),
and investigated which parameters can be practically retrieved
through model fitting. Lastly, we tested the estimation of the most
promising microvascular properties in vivo.

2 | Methods
2.1 | Vascular Signal Analysis in Silico
2.1.1 | Microvascular Networks

We used 15 freely available 2D vascular networks from a recent
study [23], derived from liver biopsies (permanent address:
https://github.com/radiomicsgroup/SpinFlowSim/tree/main/ne
tworks). The networks are characterised by a set of nodes, con-
nected through capillary segments, and feature one inlet and
one outlet. We generated 1500 unique networks through 100
three-dimensional realisations of each 2D network (Supporting
Information: Figure S1). For each realisation, we perturbed the
(x, ) position of each node, varied each segment diameter, and
changed inlet/outlet. Additionally, we also simulated 3D depth
using an exponential function, with maximum depth achieved in
the network centre. Radii were perturbed of up to +40% from the
original value; x/y node positions of up to +2um; and the net-
work depth of +z,,,. = 150um. Moreover, for each perturbation
we also removed 3% of the capillary segments. All perturbations
were drawn from the uniform distribution. The perturbations
were designed to obtain roughly uniform distributions of capil-
lary lengths and radii given the initial set of discrete length and

radii. The perturbation depth (Az = 300um) was chosen to be
comparable to the in-plane network size [23] (ranging from 240
and 600xm). The 3D networks and the code for their generation
will be released at the permanent address: https://github.com/
radiomicsgroup/SpinFlowSim/tree/main/networks3D.

We simulated an input volumetric flow rate (VFR) ¢, in 10
equally-distributed values in [1.5 - 107#; 2.75 - 1073] mm?3/s, and
obtained per-segment VFR ¢ and mean velocity vector v. The
range of g;, was chosen to generate biologically plausible blood
velocity distributions [25], and is in line with previous simula-
tions [23].

Each network instantiation was seeded uniformly with 5000
spins (a trade-off between simulation accuracy and computa-
tional time [23]). The n-th spin trajectory p,(f) was obtained as

p,() = Pn(0)+/Vn(§) dg, (€Y)
0

where v, (7) is the instantaneous spin velocity. Spins experience
plug flow, and the velocity field v is derived by solving a pipe
network (electric-hydraulic analogy [23]). At bifurcations, spins
are assigned randomly to a branch with a probability propor-
tional to the through-branch VFR [23]. Simulations were based
on the SpinFlowSim flow simulator [23] (https://github.com/
radiomicsgroup/SpinFlowSim).

‘We characterised each network realisation by computing a wide
range of properties, namely: statistics of the distributions of the
VEFR ¢, velocity v, radius r, and capillary length L; indices describ-
ing its size, connectivity and complexity.

Regarding v and ¢, we computed mean and standard deviation

across all capillary segments (v,, and v,; g,, and ¢,). We also com-

puted the path-weighted mean velocity v,, = E %] and
j i

the path-weighted mean VFR g, = E % .Inessence, v,
(or g,,) are the line integrals of v (or ¢) along an input/output (I0)
path, normalised by the path length L” = ; L;» and then aver-
aged over all possible paths (j iterates over the segments making

up a single path, while E[-] is the expectation across paths).

We obtained similar indices of mean and path-weighted mean for
the capillary radius (r,, and r,) and also computed (i) the mean
capillary segment length L,,, (ii) the mean IO path length L}, =
E[L"], (iii) the number of IO paths N, and (iv) the apparent
network branching (AN B)[23]. AN B estimates the average num-
ber of capillary segments spins travel through during a reference
time of 100 ms. Such a long reference time ensures that flowing
spins have sufficient time to explore the network topology.

2.1.2 | dMRI Signal Synthesis

Motion-sensitising gradient waveforms G(¢) were used to obtain
magnitude dMRI signals as [26]

N
_|1 —iy [TEp, ) - G di
s = ﬁZe 0 R )

n=1
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where N = 5000 is the number of spins, » the spin index, p,, () the
n-th spin trajectory and T E the echo time. Equations (1) and (2)
where discretised for their practical numerical implementation,
using a temporal resolution of At =10 us.

We used NC pulsed-gradient spin echo (PGSE) monopolar wave-
forms [27] and FC bipolar waveforms [28], compensating for
velocity. Both NC and FC gradients were linearly polarised
[29], and both refocus stationary spins, since fOTEG(t)dz =0.
FC waveforms also refocus spins flowing at constant velocity
(ballistic regime [9]), since they null the 1st gradient moment
( /OTEZ G(t)dt =0). NC waveforms were parametrised by the
diffusion gradient duration/separation/strength 6/A/G, while
FC waveforms by G, A and by the oscillation half-period =
(Supporting Information: Figure S2). Note that b = y2G*§%(A —
5/3) for the NC waveforms, and b = ‘—;yszrz for the FC ones.
The diffusion time is A — /3 for the NC protocol and = for the
FC one.

We synthesised signals for several different protocols, using 15
uniformly-distributed gradient directions [30] for each 5. The
protocols were:

« A NC protocol, with b-values matching the in vivo acquisi-
tions (see below), that is, b = {0, 10, 20, 40, 70, 100} s/mm?.
We used a fixed A of either 30 or 50 ms, and gradient dura-
tion 6 = 6 ms. Signals from the 15 directions were averaged.
This protocol is representative of a standard IVIM acquisi-
tion, usually acquired at fixed diffusion time. The effect of
changing the diffusion time is also tested by using two dif-
ferent A values.

« A FC protocol, with the same 6 b-values, as above. We fixed
A to 30 ms, and used a half-period = of either 3 or 10 ms. Sig-
nals from the 15 directions were averaged. This protocol tests
whether compensating the signal decay from spins moving
at constant velocity offers any advantages compared to stan-
dard IVIM-like monopolar encoding.

« A hybrid protocol, obtained by alternating NC and FC
b-values from the two protocols above (same theoretical
duration as the FC and NC protocols above). This protocol
tests whether combining FC and NC measurements widens
the range of signal contrasts probed during a fixed scan time,
and hence improves microvascular parameter estimation.

« A richNC protocol, featuring NC PGSE measurements as
above (A = 30ms, 6§ = 6 ms), but a richer b-value sampling
(20 b-values in the range [0; 100] s/mm?). Two versions of
the protocol were obtained: one with directional averaging
at fixed b, and one without averaging. This protocol tests
whether denser b-samplings provide additional information
on the underlying microvascular properties, compared, for
example, to the more standard NC protocol above.

« ArichFC protocol, featuring FC measurements as above (A =
30ms, 7 = 10 ms), but again, a richer b sampling (20 values
of b in [0; 100] s/mm?), and again with/without directional
averaging. This protocol tests the effect of acquiring denser
b-samplings in presence of flow compensation.

* A hybrid rich protocol, obtained by alternating richNC
and richFC b-values from the two protocols above (same

theoretical duration as the richFC and richNC protocols
above). This protocol tests the effect of acquiring denser
b-samplings when both FC and NC contrasts are probed.

Directional averaging was achieved by computing the arithmetic
mean of the signal over the 15 diffusion directions.

An equivalent scan time can be calculated for each protocol
assuming: (i) an acquisition time of 11s/image (in line with
our in vivo data—see Section 2.2); (ii) a signal averaging fac-
tor of 2; (iii) the acquisition of two additional b-values larger
than 100 s/mm? to characterise extra-vascular tissue signals. This
leads to the approximate scan time of: 8 min with 3 directions per
b-value (standard trace imaging) and 40 min with 15 directions
per b-value for each of the NC, FC and hybrid NC-FC protocols;
115 min for the richNC, richFC and hybrid richNC-richFC proto-
col with 15 directions per b-value. Note that the “rich” protocols
are not practically feasible in the radiology clinic, but may be
employed in some contexts in the research setting.

We also visualised dMRI signals for a wide range of diffusion
times, that is, A = {10, 50,100} ms for both FC and NC proto-
cols (with 6 = 0.5 ms for the NC protocol and = = 1 ms for the FC
one). Note that the FC and NC protocols introduced above (FC,
NG, richFC, richNC) probe different time scales due to their con-
siderably different diffusion times: while the minimum diffusion
time of the NC protocol is of 28 ms, the maximum diffusion time
of the FC protocol is 10 ms, i.e., considerably shorter than that of
the NC protocol.

Signals were corrupted with Rician noise (SNR of 5 and 20
atbh =0).

2.1.3 | Analysis: Degrees of Freedom Estimation

We performed Singular Value Decomposition (SVD) of matri-
ces storing noisy and noise-free signals to estimate the number
of independent, detectable microvascular degrees of freedom N, »
[31, 32]. We stacked all O = 1500 microvascular signals in matri-
ces of size O X M, where M is the number of protocol measure-
ments, and computed the min(Q, M) independent SVs. For each
protocol and SNR, we compared noisy/noise-free SVs 4 to esti-
mate N, by counting the noisy SVs such that

|/1noisy _ /lnoise—free|

<é. 3

)\noise—free

We computed the threshold 6 automatically using
Marchenko-Pastur Principal Component Analysis (MP-PCA)
[31, 32] (python implementation at the permanent address:
https://github.com/NYU-DiffusionMRI/mppca_denoise) in the
protocols featuring large M (e.g., rich protocols). In the remain-
ing protocols, which do not contain sufficient data redundancy
to enable MP-PCA [31, 32], we calculated N, by varying 6 from
0.07 to 0.80. Note that no pre-whitening was required for SV
computation, since (i) we use the same noise level o for all
synthetic voxels at fixed SNR, and (ii) SV thresholding is a valid
strategy to study the number of recoverable signal components
even in presence of Rician noise [31].
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2.1.4 | Analysis: Vascular Property Estimation
and Ranking

We investigated which microvascular properties can be best
inferred from noisy measurements (Figure 1). We trained radial
basis function (RBF) [23] numerical forward models on noise-
free signals from 14 out of 15 networks. Afterwards, the trained
RBF models were fitted to noisy signals from the 15th network
through maximum-likelihood inference [33], in a leave-one-out
fashion, estimating each vascular property in turn. Since each
network features 100 unique realisations, this implies that
each RBF model was built using 1400 coupled noise-free sig-
nals/vascular parameters, and then deployed on 100 unseen noisy
signals. In practice, the RBF models were fitted to signal measure-
ments by minimising an objective function defined as the nega-
tive of the log-likelihood In(%) under an offset Gaussian noise
model [33] (f,;; = — In(£)), that is,

M 2
M 1
fop;(@,h) = > In(V2702) + ﬁ';(am—\/sfn(u,h)+az> . @

Above, u is the vector of microvascular parameters to be esti-
mated, h is the vector of hyperparameters of the RBF model, M
is the number of measurement, o2 is an estimate of the noise
variance, while a,, and s,,(u, h) are the m-th noisy signal mea-
surement and its corresponding prediction from the RBF model.
Note that during RBF model training, the signal measurements
a,, and the vascular parameters u are fixed, and used to find the
optimal hyperparameters h. Afterwards, during the deployment
of the trained RBF model on unseen noisy signals, h is kept fixed,
enabling the estimation of the microvascular parameters through
maximum-likelihood fitting. In practice, we minimised f,,; in
Equation (4) with respect to each microvascular parameter at a
time (i.e., modelling u = [u] as a scalar).

We compared the estimated and ground truth properties by com-
puting the Spearman’s correlation coefficient r, and a Bias Index
(BI) [34]. Both were evaluated pooling together predictions for
all 1500 networks. Confidence intervals were obtained by record-
ing ranges across leave-one-out iterations. Properties were ranked
according to decreasing r, thus assessing the sensitivity of the sig-
nal to each property and their practical detectability in presence
of noise. Once the two most robust microvascular properties were
identified through r, ranking, we repeated parameter estimation
by inferring these two properties together (i.e., parametrising f,;;
in Equation (4) as a function of both, with a two-dimensional
parameter vector u = [u,, uz]T).

For comparison, we also ranked properties according to increas-
ing values of the BI (in absolute value), to assess the accuracy of
parameter estimation, beyond sensitivity and detectability assess-
ments based on r.

2.1.5 | Analysis: Relationship Between Vascular
Properties and Vascular Signal Features

Finally, we investigated how the top-ranking metrics are encoded
in the vascular dMRI signal, by assessing their relationship
with the main dMRI signal cumulants, that is, the apparent
pseudo-diffusion and kurtosis coefficients, referred to as D* and

K*. These characterise the signal slope and curvature in log-scale
as a function of the b-value and, to our knowledge, are the most
common descriptors used to capture the behaviour of the dAMRI
signal decay as a function of 5. These were computed by fitting

s=e¢b D*+§ K*(b D*)Z' (5)
We computed the Spearman’s correlation coefficient r; between
the top-ranking vascular properties and D*/K*, and between the
two top-ranking metrics themselves. Note that this analysis was
performed only for the NC, FC, richNC, and richFC protocols, as
D* and K* cannot be interpreted easily when mixing NC and FC
encodings, as done in the hybrid protocols.

2.2 | Vascular Signal Analysis in Vivo

Lastly, we demonstrated the feasibility of estimating the
top-ranking metrics from the in silico study on in vivo images. For
this purpose, we scanned a 32-year-old male healthy volunteer
and a 50-year-old male patient suffering from colorectal cancer
(CRC), with liver metastases. The patient was scanned imme-
diately before receiving targeted therapy based on Ecorafenib,
Binimetinib and Cetuximab, and after 3 months of treatment.
Informed written consent was obtained, and the study was
approved by the Vall d’Hebron University Hospital Research
Ethics Committee (Barcelona, Spain; CEIm PR(AG)362/2021,
PR(ID1)109/2022).

2.2.1 | MRI Acquisition and Processing

Volunteers were scanned on a 3T GE SIGNA Pioneer scan-
ner at abdominal level. The protocol included structural

imaging and dMRI, with salient parameters: resolu-
tion 2.4x24x6mm3, TE=75ms, TR=12s (respiratory-
gated), bandwidth 3333 Hz/pixel, trace DW imaging;

NEX =2; parallel imaging factor of 2, b= {0, 10,20, 40,70,
100, 500, 1000, 1250, 1500}s/mm?, with gradient timings: § =
{0.00, 2.06, 2.57, 3.37, 4.18, 4.82, 11.97, 16.15, 18.77, 21.12} ms;
A = {0.00, 31.34, 31.85, 32.65, 33.47, 34.10, 25.23, 29.41, 32.03,
34.38} ms. The scan time was of approximately 10 min, that is,
roughly 11s per b-value, gradient direction and signal average.
Note that the diffusion time varies slightly across b-values,
and that diffusion times were calculated automatically by the
scanner software and could not be controlled directly. In other
systems/implementations, the diffusion time may be instead
kept constant across b-values.

The scan was post-processed with routine pipelines [23], obtain-
ing voxel-wise estimates of the vascular signal at b < 100 s/mm?.
The pipeline included MP-PCA denoising [32], Gibbs unring-
ing [35] and motion correction [23]. Per-voxel maps of the
top-ranking microvascular properties from the in silico study
were obtained, using numerical models built on all 1500 syn-
thetic networks. Standard IVIM vascular signal fraction and
pseudo-diffusion coefficient (f,, and D*) were also obtained
through segmented fitting [23, 36].

Briefly, segmented fitting consisted in estimating the
extra-vascular (EV) apparent diffusion coefficient Dy, on
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Illustration of the simulation-informed framework developed to study microvascular parameter inference in silico, which relies on

15 synthetic vascular networks available from a previous study. (a) Firstly, synthetic dMRI signals for several acquisition protocols were generated
using SpinFlowSim. Noise-free signals from 14 out of 15 networks in turn were used to build numerical forward models based on radial basis func-
tions (RBFs), predicting dMRI signals from a vascular property of interest. (b) Afterwards, the numerical signal models were plugged into standard
maximum-likelihood fitting routines, which estimated such a vascular property from noisy signals from the 15th network, in a leave-one-out fashion.
In summary, RBF models were built using 1400 coupled noise-free signals and vascular parameters, and then deployed on 100 unseen noisy signals.
The leave-one-network-out strategies delivers predictions for all 1500 network realisations.

100s/mm? < b < 1500s/mm? measurements (assuming neg-
ligible contributions from the vascular compartment), and

then on using the estimated EV parameters to extrapolate the

extra-vascular signal at b < 100 s/mm? as

Sgy & Sgy(b=0) e Pev,

Ultimately, the approach enables the estimation of the pure vas-

cular signal S, for b < 100 s/mm? as

Sy =8 — Sgy, (7

where S is the measured dMRI signal in a voxel. The normalised

signal S}, /S) (b = 0) can be compared directly to our synthetic

(6)

(b, 8, A) values.

vascular dMRI measurements through RBF fitting, for which a
new set 1500 synthetic vascular signals was generated. The pro-
tocol used for signal synthesis matched exactly all the acquired
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2.2.2 | Analysis: Vascular Metric Characterisation

We computed mean and standard deviation of all metrics within
regions-of-interest (ROIs) placed on: liver metastases (patient
only); liver parenchyma; spleen. An experienced radiologist
(L.M.A.) identified the metastases.

3 | Results
3.1 | Vascular Signal Analysis in Silico
3.1.1 | Microvascular Networks

Supporting Information: Figure S1 visualises the 2D networks
[23] and the 3D network generation procedure.

3.1.2 | dMRI Signal Synthesis

Figure 2 shows examples of dMRI signal decay as a function of
b for three networks (panels (a) to (c)), as A varies (one illustra-
tive realisation for networks 4, 7, and 12, following the nomen-
clature of Supporting Information: Figure S1; input VFR g¢,, =
1.6 - 107> mm?3/s for all cases). NC protocols are characterised by
stronger signal decay than FC protocols. Moreover, the former
show a strong dependence on A. Non-monoexponential decay
is seen for both, with a wide range of signal attenuations. The
synthetic signals are robust to variations in the number of spins
used for simulations as long as roughly 3000 spins or more are
employed (Supporting Information: Figure S3). Supporting Infor-
mation: Figure S4 visualises signals for all FC and NC protocols
generated for an exemplificatory network (net 7). Signal decay
trends are in line with what is observed in Figure 2 (e.g., stronger
decay in NC than FC protocols).

3.1.3 | Degrees of Freedom Estimation

Figure 3 reports SVD for directionally-averaged signals for all pro-
tocols. The figure refers to the fixed diffusion time of § = 6 ms
and A = 30ms for NC and richNC protocols; of 7 = 10 ms and

(2) Net 4 (b)
0.0 : 0.0
) @
e} e}
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(o)) (o))
© ©
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] ©
=y =y
=2 2-15
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FIGURE2 |

b-value [s/mm?]

A =30ms for FC and richFC protocols. N, =2 independent
SVs are detectable for SNR =5 for all protocols, and N »=3 for
SNR = 20. Note that the figure refers to the case when a SV thresh-
old of @ = 0.17 is used. These findings are confirmed for different
values of 8 (Supporting Information: Table S1).

Supporting Information: Figure S5 shows similar results for a dif-
ferent diffusion time (6 = 6 ms and A = 50 ms for the NC proto-
col; 7 =3ms and A = 30 ms for the FC protocol). Results are in
line with those of Figure 3.

Figure 4 shows SVs for the rich protocols when directional aver-
aging is not performed. SVD yields a considerably higher num-
ber of independent SVs: we detect N, = 10 (richFC protocol) and
N, = 12 (richNC protocol) for SNR = 5, and N, = 42 (richFC pro-
tocol) and N, = 55 (richNC protocol) for SNR = 20.

3.1.4 | Vascular Property Estimation and Ranking
Figure 5 shows scatter plots comparing ground truth against pre-
dicted vascular parameters for the NC protocol (A = 30ms, § =
6 ms, SNR of 5). The figure also reports Spearman’s correlation
coefficients r; and the BI for all metrics. Supporting Information:
Figure S6 reports similar results for the FC protocol (A = 30 ms,
7 = 10ms). In both figures, the quality of the estimation varies
greatly across parameters. Estimates of velocity and VFR distri-
bution moments (e.g., v,, and g,,) closely agree with ground truth
values, unlike metrics related to the capillary geometry, which
cannot be estimated (e.g., r, of 0.681 for ¢,, against 0.025 for L;").
Strong correlations with ground truth and limited bias (BI < 8 %)
are achieved for AN B in both protocols. Higher values of r, are
observed for the FC than the NC protocol (e.g., r, of 0.453, 0.681,
and 0.653 for v,,, q,, and AN B for NC, while 0f 0.496, 0.733, 0.668
for the FC).

Supporting Information: Figures S7 and S8 show scatter plots for
SNR = 20. The estimation of metrics such as v,,, g,, and AN B ben-
efits from the higher SNR, while geometry parameters L,,, L;”,
N puins> ' and r,,, are still estimated poorly. Supporting Informa-
tion: Figures S9 and S10 show estimation results for A = 50 ms,
6 = 6ms (NC protocol) and A = 30ms, 7 = 3ms (FC protocol).

Estimation performances improve slightly as the diffusion time

()
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50 75 100

Illustration of the dMRI signal decay as a function of the b-value for three representative networks ((a): network 4; (b): network 7; (c):

network 12). The figure reports decay for both NC and FC gradient waveforms, for different diffusion times. For the NC protocol: é fixed to 6 = 0.5ms,
A = {10, 50,100} ms. For the FC protocol: 7 fixed to=1ms, and A = {10, 50,100} ms. On the y-axis, we plot the logarithm of the synthetic vascular
signal, to better highlight departures from the mono-exponential signal decay, which would be represented as a straight line. Non-monoexponential
decay is seen for both protocols, as well as a wide range of signal attenuations. The input VFR was g;, = 1.6 - 107> mm?/s for all curves.
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SVD for all non-compensated (NC) and flow-compensated (FC) protocols following directional averaging. Left, panels (a), (c), (e), (g):

vascular dMRI signal for SNR of 5 at b = 0; right, panels (b), (d), (f), (h): vascular dMRI signal for SNR of 20 at b = 0. From top to bottom: NC protocol ((a)
and (b)); FC protocol ((c) and (d)); richNC protocol ((e) and (f)); richFC protocol ((g) and (h)). The figure refers to the fixed diffusion time of § = 6 ms
and A = 30 ms (protocols NC and richNC), and of = 10 ms and A = 30 ms (protocols FC and richFC).

increases. The correlation between ground truth and estimated
mean VFR g, is consistently higher than figures obtained for
mean blood velocity v,, across all acquisition configurations and
noise levels.

Figure 6 and Supporting Information: Figure S11 show rank-
ings based on r, and BI for the NC, FC, and hybrid proto-
cols. Similar rankings are also reported for the rich protocols in

Supporting Information: Figure S12. In all cases, g,,, 4,, and AN B
are the top-ranking metrics according to r,, albeit with slightly
different orders depending on the protocol and SNR. The adop-
tion of a hybrid FC/NC acquisition strategy positively impacts
on the ranking figures, especially at low SNR, where the esti-
mation of ¢,, AN B, and ¢, outperforms FC and NC protocols.
When BI rankings are considered instead, results are more vari-
able and g,, and AN B are not necessarily the top-ranking metrics.
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SVD for the rich non-compensated (richNC) and rich flow-compensated (richFC) protocols without directional averaging. Left, panels

(a), (c): vascular dMRI signal for SNR of 5 at b = 0; right, panels (b), (d): vascular dMRI signal for SNR of 20 at » = 0. From top to bottom: richNC
protocol ((a) and (b)); richFC protocol ((c) and (d)). The figure refers to the fixed diffusion time of 6 = 6 ms and A = 30 ms (richNC), and of 7 = 10 ms

and A = 30 ms (richFC).

For example, for SNR = 5, statistics of the blood velocity distribu-
tions such as v,, and v, rank higher on BI than g,, for both NC
protocol (at A = 30 ms and again at A = 50 ms) and FC protocol
(at 7 = 10 ms and again at 7 = 5ms).

Supporting Information: Figure S13 shows a final example in
which ¢,, and AN B are estimated jointly, with performances
comparable to those obtained when the metrics are estimated
individually (all cases above). We remark the in Figure 5 and
Supporting Information: Figures S6 to S10, vascular parameters
were estimated one at a time, from the same noisy MRI signals.

Given these consistent trends, in the following material we will focus
on the estimation of VFR distribution moments and of AN B. When
considering two tissue parameters, we will focus on q,, (first VFR
moment) and on AN B.

3.1.5 | Relationship Between Vascular Properties
and Vascular Signal Features

Figure 7 shows the dependence of metrics ¢,, and AN B on D*
and K*. There is a moderate-to-strong association between D*,
K* and either of g,, and AN B. The correlation strength is similar
for both diffusion times for a given protocol and between FC and
NC protocols. D* increases for increasing diffusion time.

Supporting Information: Figure S14 includes similar plots for the
rich protocols. The same trends are seen. Additionally, the figure

highlights that while g,, and AN B are positively correlated (r, of
0.718), a range of AN B values can be observed for any given g,,.

3.2 | Vascular Signal Analysis in Vivo

3.21 | Vascular Metric Characterisation

Figure 8 shows MRI data from the metastatic CRC patient at base-
line, and after 3 months of targeted therapy against liver metas-
tases. The figure reveals the location of the metastases within
the liver parenchyma, and demonstrates that these are replaced
by healed parenchymal tissue after treatment. The figure also
depicts g,, and AN B maps. At baseline, on visual inspection
both metrics appear lower in the metastases than in the liver. At
follow-up, both g,, and AN B increases, recovering values similar
to those of the liver parenchyma.

Table 1 reports mean and standard deviation of g,,, AN B, and of
IVIM f,, and D* in multiple ROIs. Quantitative trends confirm
what was observed on visual inspection. The liver features higher
vascularisation than both spleen and metastases (higher f,,, D*,
q,,» and AN B). After treatment, all vascular metrics in the healed
metastases increase, recovering values that match closely those
of the liver parenchyma ROI.

Table 1 also lists statistics in the healthy volunteer’s spleen and
liver ROI, which are in line with values seen in the patient (maps
in Supporting Information: Figure S15).
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FIGURE 7 | Scatter plots visualising the relationship between the

vascular dMR signal cumulants and the top-ranking metrics selected
from the in silico study. The figure scatters the apparent vascular diffu-
sion and kurtosis coefficients (D* and K*) against each other, colour-
ing the points according to the mean VFR g¢,, and the apparent network
branching AN B. Panels (a) and (b), top row: NC protocol, A = 30 ms,
6 =6ms(g, = f(D*,K*)in(a); AN B = f(D*, K*)in(b)). Panels (c) and
(d), second row: as (a) and (b), but for A = 50 ms, § = 6 ms. Panels (e¢) and
(f), third row: FC protocol, A = 30 ms, r = 10ms (g,, = f(D*, K*) in (e);
AN B = f(D*, K*) in (f)). Panels (g) and (h), fourth row: as (e) and (f),
but for A = 50ms, r = 3 ms. Spearman’s correlation coefficients between
q,, and D* and K*, and between AN B and D* and K*, are also reported.

4 | Discussion

41 | Summary

Using simulations of blood flow in capillary networks, we
studied microvascular parameter mapping with diverse dMRI
protocols. Our analysis shows that the directionally-averaged
signal encodes 2-3 key parameters at realistic SNR, primarily
the mean volumetric flow rate (g,,) and a measure of network
complexity (AN B). This number goes up to 10-50 without
directional averaging. The feasibility of estimating these metrics
in vivo was tested on a healthy volunteer and on a metastatic
CRC patient with liver metastases. The metastases showed
lower g,, and AN B compared to non-cancerous liver tissue,
agreeing with standard IVIM. After three months of targeted
therapy, these differences were reversed, demonstrating the
potential of simulation-informed microvascular measurement
for monitoring treatment response.

4.2 | InSilico Study

The estimation of the degrees of freedom, based on signal
matrix SVD, demonstrates that at realistic SNR (e.g., between
5 to an optimistic upper bound of 20 [37] on the vascular
signal), 2-3 independent components can be captured with
directionally-averaged signals. This number increases to 10 to
50, in the best SNR case of 20, without directional averaging—a
finding that, to the best of our knowledge, is being reported
here for the first time. These findings suggest that around
3 fully independent microvascular parameters can be practi-
cally estimated from clinical dMRI acquisitions, which typi-
cally use directionally-averaged trace imaging. When richer sets
of gradient directions are available instead, a higher number
of significant SVs may be detected. Noting that the vascular
pseudo-diffusion tensor (first order cumulant) contains 6 inde-
pendent parameters [38], this implies that higher-order direc-
tional signal features (e.g., vascular kurtosis tensors [39, 40])
could be exploited for the estimation of tensorial extensions of
the scalar metrics considered here. However, it should be remem-
bered that care is needed when interpreting the pseudo-diffusion
and kurtosis tensors on the hybrid protocols, as these encom-
pass both FC and NC measurements, each probing different time
scales. While these tensors could be introduced for the FC and
NC protocols individually, their direct biophysical meaning is
difficult to pinpoint when a protocol contains both FC and NC
measurements.

Afterwards, we investigated which microvascular properties
could be estimated in practice from noisy signal measure-
ments. We ranked properties using two criteria: one quantify-
ing detectability and based on the correlation between ground
truth and estimated parameters (r,), and the other assessing
property estimation accuracy through the BI, in absolute value.
The detectability ranking suggests that for a variety of acquisi-
tion settings, the moments of the VFR distribution (g,, and q,)
and the AN B are the metrics to which the signal is mostly sensi-
tive. For this reason, q,, and AN B are the properties we recommend
focussing estimation efforts on, when two metrics are of interest for
in vivo microvascular mapping. Interestingly, these results also
suggest that the VFR distribution can be better recovered than the
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Microvascular parameter estimation in a CRC patient in vivo. Top: structural, anatomical high-resolution T2-weighted scan of the liver

obtained at baseline (BL) and at follow-up (FU), after 3 months of targeted therapy for metastatic CRC. (a) BL scan, with arrow illustrating the position of
two metastases. (b) FU scan, highlighting the effect of treatment, with healed liver parenchyma replacing the metastases. Bottom: microvascular maps

q,, (mean VFR) and AN B (apparent network branching) at the two time points. From left to right, (c) high b-value image highlighting the position

of 3 CRC metastases within the liver at BL; (d) ¢,, map at BL; (e) AN B map at BL; (f) high b-value image at FU, in the same liver location featuring

metastases at BL, now featuring healed tissue; (g) ¢,, map at FU; (h) AN B map at FU.

blood velocity distribution. This result, heretofore undescribed,
shows the potential of physics-informed simulations to guide the
design of new MRI biomarkers.

Another important observation from the in silico study is that
metrics related to the network geometry, as the mean capillary
radius/length, cannot be recovered even at high SNR as they
show very low detectability. This likely results from the fact that
the VFR ¢ and the velocity v are directly related to the spin trajec-
tories p encoded in the spin phase (v(¢) = % pP®);q= / v(t) - dA,
where dA is the elementary area element). Conversely, indices of
capillary geometry alone (e.g., radius or length) are not sufficient
to determine the overall flow resistance offered by a network,
and hence the corresponding VFR field and the spin trajectories,
unless information on the capillary arrangement (e.g., serial vs
parallel [23]) is known.

The comparison between estimated and ground truth vascu-
lar parameters highlights other notable facts. For example, the
choice of the diffusion time impacts detectability, with longer dif-
fusion times yielding better performances for both NC and FC
acquisitions. Moreover, hybrid acquisitions that combine both
NC and FC measurements outperform FC and NC protocols. This

isin line with known literature [16, 41, 42], since using both types
of acquisition increases the contrast across DW measurements.

The second metric ranking performed in this study assessed the
bias of the estimation, and hence quantifies accuracy. While met-
rics ranking high in detectability (r, criterion, that is, g, and
AN B) also rank high in terms of bias at high SNR, results are
more variable at the realistically low SNR level of 5. In this case,
statistics of the blood velocity distribution such as v,,, while esti-
mated more variably, show considerably less bias than g,,. This
finding shows that sensitivity of the dMRI signal towards a met-
ric (i.e., the metric detectability), does not necessarily supports
accurate estimation. This observation, jointly with the moderate
correlation values observed between ground truth and estimated
tissue parameters (around 0.65), implies that while it seems fea-
sible to characterise general trends in terms of g,, and AN B con-
trast across tissues, further work is required to enable the accurate
and precise measurement of these metrics in real world clinical
settings.

We also characterised salient features of the vascular dMRI
signal across multiple protocols. This analysis reveals a clear
non-mono-exponential behaviour of the signal as a function of

12
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TABLE1 |

Mean and standard deviation of metrics from simulation-informed and IVIM parameter fitting in different ROIs. The table reports

metrics for the colorectal cancer (CRC) patient and for the healthy volunteer. For the CRC case, results from both baseline (BL) and follow-up (FU)

scans are included.

ANB
ID ROI q,, [1073mm3/s] [segments/100 ms] Io D* [um?/ms]
Patient at BL
Metastases 0.279 (0.170) 23.9(15.3) 0.230 (0.217) 8.70 (16.5)
Spleen 0.305 (0.283) 28.7 (20.6) 0.185 (0.213) 15.1 (38.6)
Liver 0.539 (0.270) 38.3(22.5) 0.598 (0.298) 18.7 (35.7)
Patient at FU
Healed metastases 0.571 (0.229) 41.7 (19.7) 0.384 (0.335) 20.6 (38.8)
Spleen 0.446 (0.290) 37.7(20.9) 0.131 (0.178) 24.8 (48.9)
Liver 0.565 (0.244) 38.8 (21.0) 0.455 (0.316) 23.0 (47.5)
Volunteer
Spleen 0.439 (0.252) 39.9(18.7) 0.123 (0.124) 23.7(43.3)
Liver 0.542 (0.215) 49.1 (16.6) 0.359 (0.227) 45.9 (62.9)

b (non-zero kurtosis). It highlights diffusion-time dependence,
in agreement with previous studies [23], and shows that both
vascular pseudo-diffusion and kurtosis coefficients (D* and K*)
are sensitive to g,, and AN B. This result stresses the importance
of adequate b-value sampling design for robust microvascular
parameter mapping, in order to capture not only the slope of the
(log)-signal decay (D*), but also changes in curvature (K*).

Lastly, further analyses show that while a range of AN B values
can be observed for any g,, (Supporting Information: Figure S14),
the two metrics are positively correlated. This suggests that addi-
tional vascular parameters could be potentially inferred jointly
with g,, and AN B, given that 2-3 fully independent degrees of
freedom appear encoded in the signal.

4.3 | InVivo Study

We also tested whether g,, and AN B could be estimated at 3T in
vivo on a healthy volunteer and on a CRC patient, treated with
targeted therapy against liver metastases. Results point towards
the feasibility of estimating these metrics in vivo. While AN B
mapping was previously demonstrated in our recent study [23],
here we provide further evidence towards its robustness across
protocols. Notably, the values of ANB reported here (between
20-50 segments) are higher than the number of capillaries
through which spins have to travel in order to transition from
ballistic to diffusive flow (around 7 at clinical diffusion times
[4]). This finding can be explained by the fact that ANB is calcu-
lated over a reference time of 100 ms, hence considerably longer
than standard diffusion times. For characteristic capillary seg-
ment lengths and blood velocities [23] of 0.060 mm and 3 mm/s,
spins travel through 7 segments in around 20 ms. Conversely, they
flow through around 35 segments in 100 ms—a figure in line
with our ANB values.

To our knowledge this is the first time that VFR has been mapped
in vivo with dMRI. Both AN B and VFR show trends that are
plausible, highlighting temporal changes potentially associated
with treatment effects, and thus demonstrating the potential of
physics-informed microvascular dMRI modelling for response
assessment in oncology.

4.4 | Methodological Considerations
and Limitations

Firstly, we acknowledge that further confirmation is required
from the simulation of larger and more complex networks,
obtained, for example, through generative approaches [43] or
from 3D histology [20, 44].

Secondly, in our in silico experiments we analysed signals with
different b-value samplings, and performed metric ranking on
multiple diffusion times. This was done to ensure that results
were not specific to a single acquisition, striving for generalis-
ability. However, we acknowledge that further work is required:
(i) to fully characterise the impact of A, §, G, and 7 on vascu-
lar metric estimation; (ii) to design acquisition protocols that
maximise the signal sensitivity to a target metric of interest, for
example, through Cramer-Rao Lower Bound optimisation [45];
(iii) to assess the estimation of tensorial extensions of the vascular
metrics considered here.

Moreover, in our simulations we used well-established SV
decomposition to investigate the number of recoverable, inde-
pendent vascular components. Given the non-Gaussian nature
of the noise injected on the synthetic signals, it is possible that
at least one of the significant signal components N, is capturing
the Rician noise floor. Moreover, care is needed to generalise such
findings obtained in silico to in vivo data, where noise is likely to
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be heteroscedastic (e.g., due to a varying number of signal aver-
ages across b-values).

Another important point to consider is related to the approach
used to learn numerical signal models. Here we used RBF regres-
sors, since these are light, versatile models that can be used to
interpolate discrete parameter-signal dictionaries [23]. Nonethe-
less, we acknowledge that other promising approaches are also
possible, as for example those based on regression-kriging, Gaus-
sian processes or machine/deep learning. We aim to explore these
in future work.

Regarding the dMRI protocols, our simulations highlighted the
benefits of combining FC and NC measurements. The use of FC
waveforms may be especially beneficial in vivo, since these com-
pensate for some of the unavoidable patient’s bulk motion [41].
However, it should be remembered that the FC waveforms may
suffer from reduced diffusion-weighting efficiency, and decreases
in SNR [46]. Moreover, the intrinsic slower decay rate of FC vas-
cular signals as a function of b, compared to NC measurements,
implies that care would be needed when using segmented fitting
on FC acquisitions. This is due to the fact that residual vascu-
lar contributions may coexist with extra-vascular signals even at
b-values well above 100-250 s/mm?.

Lastly, we acknowledge that further validation in larger patient
data bases is required.

4.5 | Conclusions

Physics-based simulations of the vascular dMRI signal inform the
design of innovative microperfusion biomarkers for in vivo imag-
ing. The estimation of two to three fully independent vascular
parameters from IVIM-like acquisitions appears feasible in vivo,
with VFR distribution moments and indices of vascular network
branching being the most promising metrics to capture salient
trends in microcapillary perfusion. While further work is needed
to boost the accuracy and precision of the estimation of these met-
rics for real-world deployment, our study highlights the poten-
tial of non-invasive, quantitative microvascular dMRI for person-
alised imaging in oncology.

Acknowledgments

VHIO would like to acknowledge: the State Agency for Research (Agencia
Estatal de Investigacion) for the financial support as a Center of Excel-
lence Severo Ochoa (CEX2020-001024-S/AEI/10.13039/501100011033),
the Cellex Foundation for providing research facilities and equipment;
the CERCA Programme from the Generalitat de Catalunya for their
support on this research. This study has been co-funded by the Euro-
pean Regional Development Fund/European Social Fund ‘A way to
make Europe’ (to R.P.-L.), and by the Comprehensive Program of Cancer
Immunotherapy and Immunology (CAIMI), funded by the Banco Bil-
bao Vizcaya Argentaria Foundation (FBBVA, grant 89/2017). R.P.-L. is
supported by the “la Caixa” Foundation CaixaResearch Advanced Oncol-
ogy Research Program, the Prostate Cancer Foundation (18YOUN19), a
CRIS Foundation Talent Award (TALENT19-05), the FERO Foundation
through the XVIII Fero Fellowship for Oncological Research, the Instituto
de Salud Carlos III-Investigacion en Salud (P118/01395 and PI21/01019),
the Asociacion Espaiiola Contra el Cancer (AECC) (PRYCO211023SERR)

and the Generalitat de Catalunya Agency for Management of Uni-
versity and Research Grants of Catalonia (AGAUR) (2023PROD00178,
SGR-Cat2021). The project that gave rise to these results received the
support of a fellowship from “la Caixa” Foundation (ID 100010434).
The fellowship code is “LCF/BQ/PR22/11920010” (funding F.G., A.V.,
and A.G.). M.P. is supported by the UKRI Future Leaders Fellowship
MR/T020296/2. A.G. is supported by a Severo Ochoa PhD fellowship
(PRE2022-102586) from the Plan Estatal de Investigacion Cientifica, Téc-
nica y de Innovacién 2022, Agencia Estatal de Investigacion (AEI). The
authors are thankful to the ASCIRES CETIR clinical team for their assis-
tance with MRI acquisitions, and to the GE clinical scientists for their
support with diffusion sequence characterisation. We also warmly thank
healthy volunteers, patients and their families, for the time and effort they
commit to research.

Funding

This work was supported by the Agencia de Gestio d’Ajuts Universitaris
i de Recerca (2023PROD00178, SGR-Cat2021), the Fundacion Cien-
tifica Asociacion Espanola Contra el Cancer (PRYCO211023SERR),
the UK Research and Innovation (MR/T020296/2), the CRIS
Cancer Foundation (TALENT19-05), the Prostate Cancer Founda-
tion (18YOUNI19), the FERO Foundation, the Instituto de Salud
Carlos III (PI18/01395), the Agencia Estatal de Investigacion
(CEX2020-001024-S/AEI/10.13039/501100011033, PRE2022-102586),
the ’la Caixa’ Foundation : CaixaResearch Advanced Oncology Research
Program (LCF/BQ/PR22/11920010), the Fundacion BBVA (89/2017),
the Cellex Foundation, the Fundacié Institucié dels Centres de Recerca
de Catalunya (CERCA), and the European Regional Development Fund
(European Commission, EU)

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The simulations performed in this study are based on the Spin-
FlowSim perfusion simulator and on the vascular networks released
freely with the simulator (permanent address: https://github.com/
radiomicsgroup/SpinFlowSim). The 3D networks and the code gener-
ating the perturbations will be released upon publication at the per-
manent address: https://github.com/radiomicsgroup/SpinFlowSim/tree/
main/networks3D. The in vivo MRI data cannot be made freely avail-
able at this stage due to ethical considerations. Researchers interested in
accessing the data can contact the corresponding author, so that appro-
priate institutional data transfer agreements can be stipulated.

References

1. V. G. Kiselev, “Fundamentals of Diffusion MRI Physics,” NMR in
Biomedicine 30, no. 3 (2017): e3602.

2.C.B. Ahn, S. Y. Lee, O. Nalcioglu, and Z. H. Cho, “The Effects of Ran-
dom Directional Distributed Flow in Nuclear Magnetic Resonance Imag-
ing,” Medical Physics 14, no. 1 (1987): 43-48.

3.D. Le Bihan, M. Iima, C. Federau, and E. E. Sigmund, Intravoxel Inco-
herent Motion (IVIM) MRI: Principles and Applications (CRC Press, 2018).

4.D. Le Bihan, “What Can we See With IVIM MRI?,” NeuroImage 187
(2019): 56-67.

5.D. Le Bihan, E. Breton, D. Lallemand, P. Grenier, E. Cabanis,
and M. Laval-Jeantet, “MR Imaging of Intravoxel Incoherent Motions:
Application to Diffusion and Perfusion in Neurologic Disorders,” Radi-
ology 161, no. 2 (1986): 401-407.

6. E. K. Englund, D. A. Reiter, B. Shahidi, and E. E. Sigmund, “Intravoxel
Incoherent Motion Magnetic Resonance Imaging in Skeletal Muscle:
Review and Future Directions,” Journal of Magnetic Resonance Imaging
55, no. 4 (2022): 988-1012.

14

Magnetic Resonance in Medicine, 2026


https://github.com/radiomicsgroup/SpinFlowSim
https://github.com/radiomicsgroup/SpinFlowSim
https://github.com/radiomicsgroup/SpinFlowSim
https://github.com/radiomicsgroup/SpinFlowSim/tree/main/networks3D
https://github.com/radiomicsgroup/SpinFlowSim/tree/main/networks3D
https://github.com/radiomicsgroup/SpinFlowSim/tree/main/networks3D

7.A. Arian, F. Z. Seyed-Kolbadi, S. Yaghoobpoor, H. Ghorani,
A. Saghazadeh, and D. J. Ghadimi, “Diagnostic Accuracy of Intravoxel
Incoherent Motion (IVIM) and Dynamic Contrast-Enhanced (DCE) MRI
to Differentiate Benign From Malignant Breast Lesions: A Systematic
Review and Meta-Analysis,” European Journal of Radiology 167 (2023):
111051.

8. A. Ahlgren, L. Knutsson, R. Wirestam, et al., “Quantification of Micro-
circulatory Parameters by Joint Analysis of Flow-Compensated and
Non-Flow-Compensated Intravoxel Incoherent Motion (IVIM) Data,”
NMR in Biomedicine 29, no. 5 (2016): 640-649.

9.L. A. Scott, B. R. Dickie, S. D. Rawson, et al., “Characterisation of
Microvessel Blood Velocity and Segment Length in the Brain Using
Multi-Diffusion-Time Diffusion-Weighted MRI,” Journal of Cerebral
Blood Flow & Metabolism 41, no. 8 (2021): 1939-1953.

10. A. Luciani, A. Vignaud, M. Cavet, et al., “Liver Cirrhosis: Intravoxel
Incoherent Motion MR Imaging—Pilot Study,” Radiology 249, no. 3
(2008): 891-899.

11.J. H. Yoon, J. M. Lee, M. H. Yu, B. Kiefer, J. K. Han, and B. L
Choi, “Evaluation of Hepatic Focal Lesions Using Diffusion-Weighted MR
Imaging: Comparison of Apparent Diffusion Coefficient and Intravoxel
Incoherent Motion-Derived Parameters,” Journal of Magnetic Resonance
Imaging 39, no. 2 (2014): 276-285.

12.J. Tao, Z.Yin, X. Li, et al., “Correlation Between IVIM Parameters and
Microvessel Architecture: Direct Comparison of MRI Images and Patho-
logical Slices in an Orthotopic Murine Model of Rhabdomyosarcoma,”
European Radiology 33, no. 12 (2023): 8576-8584.

13. E. Fokkinga, J. A. Hernandez-Tamames, A. Ianus, et al., “Advanced
Diffusion-Weighted MRI for Cancer Microstructure Assessment in Body
Imaging, and Its Relationship With Histology,” Journal of Magnetic Reso-
nance Imaging 60, no. 4 (2024): 1278-1304.

14. D. Wu and J. Zhang, “Evidence of the Diffusion Time Dependence
of Intravoxel Incoherent Motion in the Brain,” Magnetic Resonance in
Medicine 82, no. 6 (2019): 2225-2235.

15. G. Fournet, J.-R. Li, A. M. Cerjanic, B. P. Sutton, L. Ciobanu, and D. Le
Bihan, “A Two-Pool Model to Describe the IVIM Cerebral Perfusion,”
Journal of Cerebral Blood Flow & Metabolism 37, no. 8 (2017): 2987-3000.

16. G. Simchick, R. Geng, Y. Zhang, and D. Hernando, “B Value and
First-Order Motion Moment Optimized Data Acquisition for Repeatable
Quantitative Intravoxel Incoherent Motion DWI,” Magnetic Resonance in
Medicine 87, no. 6 (2022): 2724-2740.

17. G. Simchick and D. Hernando, “Precision of Region of Interest-Based
Tri-Exponential Intravoxel Incoherent Motion Quantification and the
Role of the Intervoxel Spatial Distribution of Flow Velocities,” Magnetic
Resonance in Medicine 88, no. 6 (2022): 2662-2678.

18. T. Fiihres, A. J. Riexinger, M. Loh, et al., “Echo Time Dependence of
Biexponential and Triexponential Intravoxel Incoherent Motion Param-
eters in the Liver,” Magnetic Resonance in Medicine 87, no. 2 (2022):
859-871.

19. E. Kellner, P. Gall, M. Gunther, et al., “Blood Tracer Kinetics in the
Arterial Tree,” PLoS One 9, no. 10 (2014): €109230.

20. V. P. Van, F. Schmid, G. Spinner, S. Kozerke, and C. Federau, “Simula-
tion of Intravoxel Incoherent Perfusion Signal Using a Realistic Capillary
Network of a Mouse Brain,” NMR in Biomedicine 34, no. 7 (2021): e4528.

21. J. Weine, C. McGrath, P. Dirix, S. Buoso, and S. Kozerke, “CMRsim-A
Python Package for Cardiovascular MR Simulations Incorporating Com-
plex Motion and Flow,” Magnetic Resonance in Medicine 91, no. 6 (2024):
2621-2637.

22. M. Lashgari, Z. Yang, M. O. Bernabeu, J.-R. Li, and A. F. Frangi,
“SpinDoctor-IVIM: A Virtual Imaging Framework for Intravoxel Incoher-
ent Motion MRL,” Medical Image Analysis 99 (2025): 103369.

23. A. K. Voronova, A. Grigoriou, K. Bernatowicz, et al., “SpinFlowSim:
A Blood Flow Simulation Framework for Histology-Informed Diffusion
MRI Microvasculature Mapping in Cancer,” Medical Image Analysis 102
(2025): 103531.

24. A. Wetscherek, B. Stieltjes, and F. B. Laun, “Flow-Compensated
Intravoxel Incoherent Motion Diffusion Imaging,” Magnetic Resonance in
Medicine 74, no. 2 (2015): 410-419.

25. K. P.Ivanov, M. K. Kalinina, and Y. I. Levkovich, “Blood Flow Velocity
in Capillaries of Brain and Muscles and Its Physiological Significance,”
Microvascular Research 22, no. 2 (1981): 143-155.

26. E. Fieremans and H.-H. Lee, “Physical and Numerical Phantoms for
the Validation of Brain Microstructural MRI: A Cookbook,” Neurolmage
182 (2018): 39-61.

27. E. O. Stejskal and J. E. Tanner, “Spin Diffusion Measurements: Spin
Echoes in the Presence of a Time-Dependent Field Gradient,” Journal of
Chemical Physics 42, no. 1 (1965): 288-292.

28. 0. J. Gurney-Champion, S. S. Rauh, K. Harrington, U. Oelfke,
F. B. Laun, and A. Wetscherek, “Optimal Acquisition Scheme for
Flow-Compensated Intravoxel Incoherent Motion Diffusion-Weighted
Imaging in the Abdomen: An Accurate and Precise Clinically Feasible
Protocol,” Magnetic Resonance in Medicine 83, no. 3 (2020): 1003-1015.

29. C.-F. Westin, H. Knutsson, O. Pasternak, et al., “Q-Space Trajectory
Imaging for Multidimensional Diffusion MRI of the Human Brain,” Neu-
roImage 135 (2016): 345-362.

30. E. Caruyer, C. Lenglet, G. Sapiro, and R. Deriche, “Design of Mul-
tishell Sampling Schemes With Uniform Coverage in Diffusion MRI,”
Magnetic Resonance in Medicine 69, no. 6 (2013): 1534-1540.

31.7J. Veraart, E. Fieremans, and D. S. Novikov, “Diffusion MRI Noise
Mapping Using Random Matrix Theory,” Magnetic Resonance in Medicine
76, no. 5(2016): 1582-1593.

32.J. Veraart, D. S. Novikov, D. Christiaens, B. Ades-Aron, J. Sijbers, and
E. Fieremans, “Denoising of Diffusion MRI Using Random Matrix The-
ory,” NeuroImage 142 (2016): 394-406.

33. E. Panagiotaki, T. Schneider, B. Siow, M. G. Hall, M. F. Lythgoe, and
D. C. Alexander, “Compartment Models of the Diffusion MR Signal in
Brain White Matter: A Taxonomy and Comparison,” NeuroImage 59, no.
3 (2012): 2241-2254.

34.C. Macarro, K. Bernatowicz, A. Garcia-Ruiz, et al., “Enhancing
Tumor Microstructural Quantification With Machine Learning and
Diffusion-Relaxation MRIL,” Journal of Magnetic Resonance Imaging 61,
no. 2 (2025): 1018.

35. E. Kellner, B. Dhital, V. G. Kiselev, and M. Reisert, “Gibbs-Ringing
Artifact Removal Based on Local Subvoxel-Shifts,” Magnetic Resonance
in Medicine 76, no. 5 (2016): 1574-1581.

36. O. J. Gurney-Champion, R. Klaassen, M. Froeling, et al., “Compari-
son of Six Fit Algorithms for the Intra-Voxel Incoherent Motion Model
of Diffusion-Weighted Magnetic Resonance Imaging Data of Pancreatic
Cancer Patients,” PLoS One 13, no. 4 (2018): €0194590.

37.Y. Cui, H. Dyvorne, C. Besa, N. Cooper, and B. Taouli, “IVIM
Diffusion-Weighted Imaging of the Liver at 3.0 T: Comparison With 1.5
T,” European Journal of Radiology Open 2 (2015): 123-128.

38. P. J. Basser, J. Mattiello, and D. LeBihan, “MR Diffusion Tensor Spec-
troscopy and Imaging,” Biophysical Journal 66, no. 1 (1994): 259-267.

39. M. Notohamiprodjo, H. Chandarana, A. Mikheeyv, et al., “Combined
Intravoxel Incoherent Motion and Diffusion Tensor Imaging of Renal Dif-
fusion and Flow Anisotropy,” Magnetic Resonance in Medicine 73, no. 4
(2015): 1526-1532.

40. F. Hilbert, M. Bock, H. Neubauer, et al., “An Intravoxel Oriented
Flow Model for Diffusion-Weighted Imaging of the Kidney,” NMR in
Biomedicine 29, no. 10 (2016): 1403-1413.

Magnetic Resonance in Medicine, 2026

15



41. A. Finkelstein, X. Cao, C. Liao, G. Schifitto, and J. Zhong, “Diffusion
Encoding Methods in MRI: Perspectives and Challenges,” Investigative
Magnetic Resonance Imaging 26, no. 4 (2022): 208-219.

42. G. Simchick and D. Hernando, “Optimized Acquisition for Simulta-
neous Intravoxel Incoherent Motion and R2 Quantification in the Liver,”
Magnetic Resonance in Medicine 94, no. 6 (2025): 2388 -2404.

43. P. Feldman, M. Fainstein, V. Siless, C. Delrieux, and E. Iarussi, “Recur-
sive Variational Autoencoders for 3D Blood Vessel Generative Modeling,”
Medical Image Analysis 105 (2025): 103703.

44. P. Blinder, P. S. Tsai, J. P. Kaufhold, P. M. Knutsen, H. Suhl, and
D. Kleinfeld, “The Cortical Angiome: An Interconnected Vascular Net-
work With Noncolumnar Patterns of Blood Flow,” Nature Neuroscience
16, no. 7 (2013): 889-897.

45.D. C. Alexander, “A General Framework for Experiment
Design in Diffusion MRI and Its Application in Measuring Direct
Tissue-Microstructure Features,” Magnetic Resonance in Medicine 60, no.
2 (2008): 439-448.

46. S. Kyriazi, M. Blackledge, D. J. Collins, and N. M. Desouza, “Opti-
mising Diffusion-Weighted Imaging in the Abdomen and Pelvis: Com-
parison of Image Quality Between Monopolar and Bipolar Single-Shot
Spin-Echo Echo-Planar Sequences,” European Radiology 20, no. 10
(2010): 2422-2431.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Data S1: Supporting information.

16

Magnetic Resonance in Medicine, 2026



	Simulation-Informed Evaluation of Microvascular Parameter Mapping for Diffusion MR Imaging of Solid Tumours
	Abstract
	1 | Introduction
	2 | Methods
	2.1 | Vascular Signal Analysis in Silico
	2.1.1 | Microvascular Networks
	2.1.2 | dMRI Signal Synthesis
	2.1.3 | Analysis: Degrees of Freedom Estimation
	2.1.4 | Analysis: Vascular Property Estimation and Ranking
	2.1.5 | Analysis: Relationship Between Vascular Properties and Vascular Signal Features

	2.2 | Vascular Signal Analysis in Vivo
	2.2.1 | MRI Acquisition and Processing
	2.2.2 | Analysis: Vascular Metric Characterisation


	3 | Results
	3.1 | Vascular Signal Analysis in Silico
	3.1.1 | Microvascular Networks
	3.1.2 | dMRI Signal Synthesis
	3.1.3 | Degrees of Freedom Estimation
	3.1.4 | Vascular Property Estimation and Ranking
	3.1.5 | Relationship Between Vascular Properties and Vascular Signal Features

	3.2 | Vascular Signal Analysis in Vivo
	3.2.1 | Vascular Metric Characterisation



	4 | Discussion
	4.1 | Summary
	4.2 | In Silico Study
	4.3 | In Vivo Study
	4.4 | Methodological Considerations and Limitations
	4.5 | Conclusions

	Acknowledgments
	Funding
	Conflicts of Interest
	Data Availability Statement
	References
	Supporting Information

