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Purpose: To present a double diffusion encoding MRI sequence on a clinical scanner 
to analyze micro‐structure and micro‐vasculature of tumors.
Methods: The sequence was tested on phantoms, asparaguses, and 2 tumors 
allografts in a rodent. Results were analyzed using an adapted VERDICT model to 
estimate microstructural parameters. The technical feasibility of the sequence on a 
3T clinical system was assessed on a water phantom. The accuracy of cell size esti-
mation was assessed on asparaguses by comparison with light microscopy. Cell size 
estimations were also validated when limiting relative angles of diffusion encodings 
to 0 and 180°. Sensitivities to restricted diffusion and incoherent flow from the vas-
culature were investigated in experimental tumor models. Values of microstructural 
parameters in viable and decaying tumor tissue were compared with those obtained 
from histological analysis.
Results: Measurements on the water phantom revealed no significant sequence ar-
tifacts and accurate apparent diffusion coefficient values within a 4% relative error. 
In asparaguses, quartiles and medians of pore size distributions typically deviated 
less than 6% from light microscopy regardless of whether the full or reduced set of 
relative angles was used. Signal analyses in tumors showed mixed effects of both 
blood flow and diffusion restriction. Microstructural parameter estimations in tumors 
were consistent with histology and allowed clear and histology‐proven distinctions 
between decaying and viable tumor tissue.
Conclusions: Double diffusion encoding with clinical gradients and scan times 
allows characterization of restricted diffusion and micro‐circulation flow in tumors. 
Our estimated microstructural parameters are promising for further investigations in 
assessing microstructural evolutions in tumors.
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1  |   INTRODUCTION

Diffusion MRI (dMRI) increasingly raises interest in clini-
cal radiology,1 particularly in oncology.2 The main strength 
of dMRI is its sensitivity to the microstructure of tissues. 
The apparent diffusion coefficient (ADC)3 reflects the water 
mobility in an image voxel. For instance, ADC in tumors is 
often interpreted in terms of the inverse of cellularity, where 
an increased cell density would lead to more restricted water 
diffusion and a decrease in ADC. However, this interpreta-
tion is controversial.4 In practice, ADC is calculated the same 
way as for free, Gaussian diffusion. In the presence of biolog-
ical restrictions to diffusion (like cell membranes) a reduced 
diffusion coefficient, therefore, termed apparent, is obtained. 
For this reason, the ADC is a global metric of which interpre-
tation may be not straightforward as it contains convoluted 
effects of cell membranes, extracellular matrix, vasculariza-
tion, cell nuclei, etc.

Microstructure modeling has emerged in dMRI as a way 
to disentangle effects of tissue components on diffusion mea-
surements. In this approach, the MR signal is seen as the sum 
of several distinct signals produced by different compart-
ments of tissues. The problem is, therefore, to find compart-
ments’ descriptors that produce the best fit of the MR signal. 
The earliest example is the bi‐exponential model where the 
signal is modeled as the sum of 2 exponential MR signals,5 
each corresponding to Gaussian diffusion. In this analysis, 
descriptors are fractions of each compartment and their asso-
ciated ADCs termed fast and slow for the higher and lower 
ADC values, respectively. Although improving the fit quality, 
biophysical foundations of the bi‐exponential model remain 
unclear.6,7

To improve the link between diffusion measurements 
and the actual tissue morphology, some compartments may 
be modeled as restricted diffusion (RD) in a simple specific 
geometry (usually spherical or cylindrical) to represent intra-
cellular diffusion while others may be modeled as Gaussian 
diffusion to represent extracellular diffusion. For instance, 
in Composite Hindered And Restricted ModEl of Diffusion 
(CHARMED), for studying white matter,8 axons are rep-
resented as a cylindrical geometry while the extracellular  
matrix is represented as hindered diffusion, which is Gaussian 
diffusion but with an ADC whose value drops with increas-
ing tortuosity between cells. Numerous multi‐compartments 
models exist for the central nervous system9-11 depending on 
the application.

When microvasculature is present within tissues, both 
diffusion and perfusion may have an impact on diffusion 
encoded signals. The most common framework is the intra‐
voxel incoherent motion (IVIM) model12 that can be used to 
separate diffusion in the parenchyma from diffusion and flow 
in the capillaries. Contributions of flow may be observed in  
2 regimes depending on the diffusion time ∆.13 In the ballistic 

regime, ∆ is such that the flow does not experience directional 
changes during diffusion encoding. Conversely, when many 
directional changes occur during ∆ the flow mimics a fast 
diffusion‐like regime usually referred to as pseudo‐diffusion. 
In this case, the vascular compartment can be modeled as 
Gaussian diffusion with a pseudo‐ADC formed by the sum of 
the blood ADC and a high ADC that mimics the perfusion.13

In tumors, a popular model is Vascular, Extracellular and 
Restricted Diffusion for Cytometry in Tumors (VERDICT)14 
and models the MR signal with 3 compartments: the intra-
cellular, extracellular and vascular environments. VERDICT 
has been shown to be sensitive to chemically induced apop-
tosis in xenografts14 and has also been applied to differenti-
ate normal and malignant tissues in human prostate cancer.15 
Intracellular diffusion is modeled as RD in impermeable 
spheres while Gaussian diffusion is used for the extracellu-
lar matrix. For the vascular compartment, early versions of 
VERDICT in xenografts proposed an anisotropic tensor of 
pseudo‐diffusion.14 In human prostate, the vasculature model 
is somewhat different from IVIM as it is represented by sticks 
(i.e., zero radius cylinders) in which fast diffusion occurs.15

Another important aspect of microstructure imaging is the 
MR pulse sequence. VERDICT uses a single diffusion encod-
ing scheme which refers to a standard diffusion weighted se-
quence (i.e., using a single diffusion encoding gradient pair) 
but where several b‐values are taken with both varying dif-
fusion times and gradient areas (q‐values).14 The reason for 
using different ∆ is to increase sensitivity to cell sizes as the 
relationship between ∆ and the mean squared displacement 
of water molecules depends on the size of restricting geome-
tries.16 The effect of restricting geometry length on diffusion 
will be referred to as RD in the manuscript. Ultra‐short diffu-
sion times can be achieved with an oscillating gradient spin 
echo sequence. In tumors, oscillating gradient spin echo has 
been applied17 with imaging microstructural parameters using 
limited spectrally edited diffusion (IMPULSED) to measure 
cell sizes and cellularity on a preclinical MR scanner. Double 
diffusion encoding (DDE) has also been proposed to quan-
tify cell sizes.18-28 In DDE, 2 diffusion encoding gradient 
pairs are successively applied with 2 different orientations, 
separated by a relative angle ψ. For adjacent gradient pairs 
(i.e., zero mixing time, tm), molecular displacements during 
encodings are correlated, which confers a high sensitivity to 
RD. Besides RD, DDE has also been shown to be sensitive to 
ballistic flow occurring in the vascular network when using 
both 0 (parallel) and 180° (anti‐parallel) relative angles29 that 
are flow compensated and uncompensated, respectively.30

Implementation of a DDE sequence on a clinical scanner 
is challenging.31 The available maximum gradient strength is 
typically limited to 40‐80 mT/m and the scan time should be 
acceptable for patients. In this work, we present a pilot study 
of a DDE sequence implemented on a clinical scanner using 
different ψ and q‐values for analyzing tumors’ microstructure 
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with a VERDICT model adapted for ballistic flow. The first 
step of the study was to assess the sequence technical viabil-
ity by measurements on a water phantom. Next, the poten-
tial of DDE to yield accurate cell size estimations was tested 
on asparaguses which feature simple morphology allowing 
straightforward cell size validation by light microscopy (LM). 
In this step, we also investigated if a parallel–anti‐parallel  
(P‐AP)29 version of the sequence using only 0 and 180° rel-
ative angles would be sufficient for cell size estimations. For 
translation to tumors, a DDE protocol with P‐AP measure-
ments along 3 orthogonal directions is proposed. The sensi-
tivity of our DDE protocol to both RD and ballistic flow in 
tumors was investigated. Finally, microstructural parameters 
estimated from DDE measurements in tumors were com-
pared with histology. The results suggest that RD and vascu-
larization sensitivities of DDE have the potential to monitor 
tumors’ microstructural evolutions to treatment which we 
aim to investigate in the future.

2  |   METHODS

2.1  |  Imaged specimens
The first phantom is a 0°C water bottle whose diffusion 
coefficient is known to be 1.099 µm2/ms.32,33 It was used to 
ensure that parameter estimations were not biased by imper-
fections in our DDE sequence.

Five white asparaguses’ stems were used as a biological 
phantom. The advantage of using asparaguses is that they 
naturally display well aligned impermeable cylinders whose 
radii can be easily assessed by LM. Indeed, the peripheral 
belt of the stem is composed of fibrous and thick‐walled34 
cells. The epidermis is the outermost single layered arrange-
ment of cells and directly surrounds the pro‐epidermis (PE) 
that is typically formed by elongated cells that contains chlo-
roplasts and provides structural support to the plant.34-36 
The purpose of imaging asparaguses is to check if our DDE 
sequence yields consistent cell sizes in the PE which offers a 
primary validation.

For analyses in tumors, 2 allografts were taken from a 
rhabdomyosarcoma model developed by the Laboratory of 
Experimental Radiobiology of the Katholiek Universiteit 
Leuven (Belgium).37 They were implanted subcutaneously 
in each thigh of a 10‐week‐old male WAG/Rij rat (Charles 
River, Wilmington, MA). The animal was anesthetized with a 
ketamine (80 mg/kg)/xylazine (10 mg/kg) mixture during surgi-
cal procedures. Allografts volumes were approximately 1 mm3 
and grew during 14 days to reach approximately 9 and 7 cm3  
for the left and right thigh, respectively. During the MRI ses-
sion, the rat was anesthetized with 1.5% isoflurane in 100% O2. 
After MRI, tumors were extracted and the animal was killed 
by a lethal dose of the Ket/Xyl mixture. All manipulations on 
the animal were in accordance with our institutional ethical 

committee (project number: 2017/UCL/MD/018). In this rhab-
domyosarcoma model, tumors’ diameters typically increase by 
50% in a few days.38 In such rapidly growing tumors, ischemic 
necrosis is a common feature where massive cell proliferation 
leads to hypoxia by obstructing blood vessels, leading in turn 
to large areas of decaying tissue.39

2.2  |  MRI
The DDE sequence was implemented on a 3T Achieva 
(PhilipsTM, Best, The Netherlands) scanner equipped with 
80 mT/m gradients. The sequence is represented in Figure 1. 
It is a single shot double spin‐echo echo‐planar sequence with 
total echo time (TE) = TE1 + TE2. The 4 gray‐filled gradi-
ents have the same area and are used for diffusion encoding. 
A dashed copy of the second gradient pair highlights that it 
may not have the same orientation than the first one. To avoid 
ambiguities, we refer to the diffusion encoding direction of 
the DDE sequence as the direction of the first gradient pair. 
The relative angle (ψ) defines the direction of the second gra-
dient pair with respect to the first one in a given plane. Except 
for their orientations, the 2 gradient pairs are identical and 
adjacent, without any overlap, which fixes the mixing time to 
1 gradient lobe duration (tm = δ). Crusher gradients are also 
shown. Their areas were optimized using measurements on a 
wrist coil phantom (small bottle with CuSO4 solution) to sup-
press imaging artifacts. To minimize eddy‐currents effects, 

F I G U R E  1   Schematic representation of the DDE sequence used 
in the study. The 4 gray filled‐in diffusion encoding gradients have the 
same area although their orientation may vary: the orientation of the 
first pair defines the direction of the sequence while the relative angle 
ψ defines the angle between orientations of the first and second pairs. 
Imaging gradients (slice selection, echo planar imaging trajectory, 
and crushers) are displayed in white. In DDE‐Asp the first pair (i.e., 
the direction) is maintained along the M axis and relative angles are 
such that the second pair lies in the MP plane which is perpendicular 
to asparaguses’ stems. For each of the 3 orthogonal directions of 
DDE‐Tum, the first pair is a linear combination of MPS directions. 
The second pair has the same orientation but with opposite or same 
polarity, corresponding to anti‐parallel and parallel measurements, 
respectively
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slew‐rates of diffusion gradients were limited to 60 T/m/s 
while those of imaging gradients were limited to 100 T/m/s/.

All specimens were imaged using a 4‐channel SENSE‐
compatible wrist coil for reception. The field of view was 
130 × 130 mm with an in‐plane resolution of 2 × 2 mm and 
5 axial 4‐mm thick slices. SENSE and echo planar imaging 
factors were 2 and 33, respectively. q‐values are defined as  
q = γGδ (in mm−1), where γ is the gyromagnetic ratio of 
protons in MHz/T and G the gradient strength.

In asparaguses, 2 DDE protocols have been applied. The 
first is labeled DDE‐Asp and was used to assess the accu-
racy of cell size estimation when using 5 relative angles in 
the plane perpendicular to asparaguses’ stems. The second is 
labeled DDE‐Asp P‐AP and is the same as DDE‐Asp but uses 
only 0 and 180° relative angles. Because these angles give 
rise to maximal signal difference for a specified cell size, the 
reduced dataset DDE‐Asp P‐AP is expected to yield satisfac-
tory cell size estimations. The DDE‐Asp has also been used 
in the 0°C phantom to assess its technical viability. A diffu-
sion tensor imaging (DTI) scan was also performed.

In tumors, unpredictable global anisotropy may be present 
and measurements should be repeated in at least 3 orthogonal 
directions to smooth the anisotropy. To avoid tripling the scan 
time, our DDE protocol in tumors was limited to P‐AP mea-
surements. Furthermore, in tumors the effect of RD on signals 
is expected to be smaller than in asparaguses and estimations 
could, therefore, be more biased by gradient cross terms arti-
facts. Therefore, each measurement was performed a second 
time with all diffusion gradients having opposite polarity.40 
The total signal was taken as the geometric mean of signals 
from both polarities. Four signal averages were performed for 
each polarity (before the geometrical mean) leading to a total 
scan time of 11 min 38 s. This sequence is labeled DDE‐Tum. 
A diffusion weighted imaging scan was also performed.

All the sequences details are given in Table 1.
Gradient intensities ranged from 0 to 80 mT/m in DDE‐

Asp and DDE‐Tum. However, in DDE‐Tum the 3 orthogo-
nal directions were chosen to use a maximal strength of only  
53.6 mT/m along each gradient axis to achieve a total strength 
of 80 mT/m (vector sum).

2.3  |  Postprocessing
All images were denoised with Matlab® software using the 
algorithm described in Manjon et al41 and freely available 
in Coupé.42 After noise correction, tumor images were reg-
istered with a rigid transformation to correct for possible 
motion during MRI sessions.

2.4  |  Tissue models
Models were written as dictionaries as in the Accelerated 
Microstructure Imaging via Convex Optimization (AMICO)  T
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framework.43,44 Signals were modeled using up to 3 
compartments: an intracellular (ic), an extracellular (ec) and 
a vascular (va) compartment. The problem of estimating am-
plitudes (x) of dictionary entries from experimental data d 
(column vector) can be written as:

with ||…||2 being the Euclidean norm. The E matrix rep-
resents a dictionary and contains the attenuated diffusion 
signal for different measurements (rows) and different model 
parameters (columns), while components of the column vec-
tor x represent the amplitudes Sk of each dictionary entry. E 
is formed by the concatenation of 3 submatrices representing 
each compartment as:

All submatrices have Nd rows corresponding to the num-
ber of measurements in the experiment. Each compartment 
can also be evaluated for predefined values of a descriptor 
parameter P (e.g., cell radii), which fix the number of sub‐
dictionaries’ columns to Nic, Nec, Nva for intracellular, extra-
cellular and vascular compartments, respectively. Dimensions 
of the total dictionary are thus Nd × Nk (Nk = Nic + Nec + Nva)  
and its entries, attenuations E(G(t), P) are computed for the 
corresponding gradient waveform G(t) and descriptor pa-
rameter P before the estimation. Note that G(t) represents 
the gradient waveform for a particular measurement. In this 
work, dictionaries have been calculated with an in‐house 
Matlab implementation of the multiple correlation function 
method.45,46 Finally, Sk’s were estimated with the lsqnonneg 
Matlab function. No regularization has been used in the esti-
mation (although it is often the case in AMICO experiments). 
Furthermore, positivity is the only constraint on the Sk’s and 
signal fractions were obtained after normalization (see the 
Data analysis: MRI section).

•	 For asparaguses, intracellular sub‐compartments were 
aligned cylinders of radii rk with a diffusion coefficient 
fixed to 2 µm2/ms, the value corresponding to free diffusion 
at 20°C. Twenty equidistant radii (Nic = 20) in the interval 
[3;70] µm were used to ensure full coverage of the size dis-
tribution. Extracellular sub‐compartments were hindered 
diffusion environments with 5 equidistant diffusivities  
Dk (Nec = 5) in the interval [1;2] µm2/ms. There was no 
vascular compartment. This leads to Nk = 25 different Sk’s 
to estimate with 26 measurements (c.f., Table 1). Note 
that with DDE‐Asp P‐AP, 25 Sk’s are to be estimated with 
only 11 measurements. In this case, the underdetermined 
system is solved by taking the minimum norm solution in 
the algorithm of the lsqnonneg function.

•	 For tumors, intracellular sub‐compartments were mod-
eled as impermeable spheres with 5 radii rk equidistant in 

[5;20] µm with a diffusion coefficient fixed to 2 µm2/ms 
and extracellular sub‐compartments represented hindered 
diffusion environments with 4 diffusivities Dk equidistant 
in [1;2] µm2/ms. For the vascular compartment, we used 
the following expression:

with 4 vk evenly spaced velocities from 2 to 5.10−4 m/s. In 
Equation 3, ESticks is the signal attenuation due to diffusion 
in blood vessels and was calculated for randomly orien-
tated sticks. The blood diffusion coefficient DB was set to 
1.75 µm2/ms.30 The sinc modulation is valid for randomly 
orientated vessels displaying plug flow velocity vk

47 in the 
ballistic regime. The factor α(G) is defined by:

This leads to Nk = 13 different Sk’s to estimate with 13 
measurements per direction (c.f., Table 1).

To shed some light on accuracy and precision of the fitting 
procedure itself, simulations have been performed to check 
the robustness of the fitting procedure. These are presented 
separately in the Supporting Information Figure S1 section 
available in the online version of the article.

Consider a DDE experiment with fixed ∆ and mini-
mal tm. When RD is present, a positive signal difference  
S(ψ = 180°)‐S(ψ = 0°) occurs.18,20 As explained in Ahlgren 
et al,30 the ψ = 0° measurement is flow compensated and has 
α = 0 while its equivalent with ψ = 180° is not flow compen-
sated and has α > 0. In this case, further attenuation is caused 
by any ballistic flow and a negative difference between 180° 
and 0° signals could appear. However, in the pseudo‐diffusion 
regime, perfusion appears like Gaussian diffusion and no sig-
nal difference between 180° and 0° can be observed. Clearly, 
the diffusion time ∆ determines the regime: ballistic (short ∆)  
or pseudo‐diffusion (long ∆). Most diffusion MRI applica-
tions use intermediate ∆, where best practice would be to use 
1 compartment for each of these 2 regimes. In this work, we 
tested the sensitivity to ballistic flow and always use 1 bal-
listic compartment (see Equations 2 and 3), although it may 
only reflect a fraction of the actual perfusion.

2.5  |  Data analysis: MRI
Diffusion coefficients in the 0°C phantom were estimated 
on the basis of second order polynomial fittings of the MR 
signal’s logarithm versus q‐value48 and compared with the 
reference value at 0°C, 1.099 µm2/ms.

To locate aligned cylindrical structures in asparaguses, 
voxels of the PE were automatically segmented using 2 

(1)x̂= argmin
x≥0 ‖Ex−d‖2

2

(2)E=
[
E

ic ||E
ec||E

va
]

(3)Eva
(
G; vk

)
=ESticks

(
G; DB

)
.
|||sinc

(
�� (G) vk∕�

)|||

(4)� (G)=∫
TE

0

G (t) tdt
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criterions based on a heuristic: a minimal signal intensity of 
30% of the maximal image intensity to allow sufficient signal‐
to‐noise ratios (SNRs) and a minimal fractional anisotropy 
of 0.2 with the main eigenvector oriented in the z‐direction. 
Fractional anisotropy and eigenvectors were computed from 
the DTI sequence data.48 The following parameters were cal-
culated from DDE‐Asp:

where fic, fec, Dec, PSDk, and R are the total intracellular and 
extracellular fractions, the diffusivity in the extracellular 
matrix, the pore size distribution (PSD), and the mean radius, 
respectively. Note that in the calculation of PSDk, the volume 
weighting of cylinders or spheres has been taken into account 
by dividing by r2

k
 or r3

k
 in asparaguses or tumors, respectively.49 

Asparagus analysis was repeated but using only P‐AP measure-
ments from DDE‐Asp to investigate the influence of reducing 
the dataset on estimated parameters.

Before applying any model analysis, the sensitivity of 
DDE‐Tum to RD and ballistic flow was assessed. In a medium, 
like asparaguses, where only RD is present, signal differences, 
S(180°)‐S(0) are expected to be strictly positive. In contrast, 
if ballistic flow is present, decreased or even negative differ-
ences could be observed. Thus, we evaluated those differences 
for highest and lowest q‐values. To exclude the possibility that 
differences are due to sequence artifacts, those were also mea-
sured in the wrist coil phantom where they should be zero.

Model parameters of Equation 5 were calculated from 
DDE‐Tum but taking also the vascular compartment into ac-
count for normalization of fic and fec. In addition, the total 
vascular fraction fva and the mean flow velocity v were eval-
uated by:

Parametric maps were constructed for each direction of 
DDE‐Tum (see ‘MRI’ section) and then averaged over the 
3 orthogonal directions. Regions of interest (ROIs) of low 
perfusion were manually traced on the fva maps in which cor-
responding R and fic values were also evaluated.

2.6  |  Histology
After MRI (resp. extraction), asparaguses (resp. tumors) 
were immediately immersed in a 10% formaline buffer 

solution for fixation. Three‐millimeter resections were 
taken at the location that was aligned with the central MRI 
slice. Those samples were then embedded in paraffin and 
4‐µm‐thick slices were cut with a Leica rotary microtome. 
A hematoxylin‐eosin (HE) staining was finally performed 
for comparison with MRI central slices. Whole slide photo-
micrographs in 40× magnification were obtained using an 
automatic scanner (Leica SCN400). Analyses of histology 
micrographs were done with ImageJ.50

For quantifying cell sizes in asparaguses, a total of 1048 
cells were automatically segmented by thresholding the 
image intensity. Next, the particle analyzer plug‐in was used 
to calculate segmented areas which were converted to radii of 
equivalent section disks. The PSD was then calculated as the 
normalized histogram of radii.

In tumors, ischemic necrosis areas resulting from vas-
cular depletion were identified on HE micrographs by 
the presence of damaged blood vessels surrounded by 
pyknotic cells. Therein, vessels are dilated with irregular 
and depleted membranes and contain practically no func-
tioning red blood cells that are intensely stained in red by 
the eosin in normal conditions. Furthermore, nuclei show 
dense hematoxylin staining due to chromatin condensation 
(pyknosis), which indicates their decay.

For each tumor, cell sizes and intracellular fractions 
were evaluated in viable and necrotic regions by taking 
rectangular fields of 600 × 330 µm2 in each region. In each 
field, 25 cells displaying clear boundaries were manually 
segmented and minimal Feret diameters were calculated 
with the Measure tool of ImageJ. In 2 dimensions, the 
Feret diameter is the distance between 2 infinite parallel 
lines pinching an object (like a caliper). The minimal Feret 
diameter is the minimal distance measured over all possi-
ble orientations of the parallel lines. As tumor cells may 
present fusiform shapes, this metric is more relevant than 
the averaged radius as it is less sensitive to cell orientation 
in the image plane.51 To evaluate the intracellular fraction, 
each field was divided in 8 identical rectangles in which 
the fraction of stained area was calculated. Correlation data 
were obtained from manually placed voxels on fva‐maps 
corresponding approximately to positions of the fields on 
the HE maps. Note that automatic placement of voxels 
could not be done as DDE maps and histology micrographs 
are distorted by echo planar imaging susceptibility artifacts 
and tissue processing, respectively.

2.7  |  Statistics
Parameters’ distributions of the study are shown using their 
histogram or boxplots. In the latter case, a blue box indicating 
Q1 (25th) and Q3 (75th) quartiles surrounds the median while 
whiskers indicate all measurements excluding outliers. Those 
are defined as points higher than Q3+1.5*IQR or lower than 

(5)

fic =

∑Nic

k=1
Sic,k

∑Nic

k=1
Sic,k +

∑Nec

k=1
Sec,k

; fec =

∑Nec

k=1
Sec,k

∑Nic

k=1
Sic,k +

∑Nec

k=1
Sec,k

;

Dec =

∑Nec

k=1
Sec,kDk

∑Nec

k=1
Sec,k

; PSDk =

Sic,k

r2

k

; R=

∑Nic

k=1
PSDk.rk

∑Nic

k=1
PSDk

(6)

fva =

∑Nva

k=1
Sva,k

∑Nic

k=1
Sic,k +

∑Nec

k=1
Sec,k +

∑Nva

k=1
Sva,k

; v=

∑Nva

k=1
Sva,kvk

∑Nva

k=1
Sva,k
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Q1−1.5*IQR, where IQR is the inter‐quartile range. Medians of 
distributions were compared with a left or right‐sided Wilcoxon 
rank sum test to assess the significant superiority or inferiority 
of 1 median over another. Tests for zero medians were done 
with a Wilcoxon signed rank test. In tables and figures, symbols 
* or ** were used to indicate a P‐value smaller than 0.05 or 
0.01. Pearson’s linear correlation coefficients were calculated 
with the corr Matlab function.

3  |   RESULTS

ADC measurements from DDE‐Asp in the 0°C phantom 
yielded a median error of 3.9% (q1 = 3.5%; q3 = 4.2%). 
Measurements on asparaguses are shown in Figure 2. 
Only voxels from the PE mask (Figure 2C) were ana-
lyzed. The model fitting yielded a signal (i.e., calculated 

from Equation 1) that closely matched the measured signal 
(Figure 2D). From Figure 2D, it can be noted that signal 
differences between parallel and anti‐parallel measure-
ments grow with q and are positive. PSD’s estimated 
from full (6 q‐values and 5 ψ) and P‐AP measurements 
are depicted in Figure 2E and their corresponding quartiles 
and mean sizes are shown in Table 2. Differences in quar-
tiles or mean sizes never exceeded 2% between the full and 
P‐AP analyses and, in both cases, were typically less than 
6% when compared with LM. Pearson’s linear correlation 
coefficients between parameters from each voxel between 
the 2 analyses are displayed in Table 3. High correlations 
were observed between microstructural parameters. The 
coefficient is, however, slightly smaller for R.

Signal differences between parallel and anti‐parallel 
measurements were evaluated for DDE‐Tum in tumors and 
a wrist coil water phantom. Resulting histograms and their 

F I G U R E  2   HE stain micrographs of 
an asparagus’s stem (A) and a zoom on the 
PE (B). C, T2‐weighted (q = 0) MR image 
of asparaguses along with the mask of the 
PE in green. D, Curves of the measured 
signal averaged over the PE, the solution 
yielded by the model analysis using  
6 q‐values and 5 ψ and the solution yielded 
by the same model analysis but using only 
P‐AP measurements. Note the 2 x‐axes 
representing varying q‐values and relative 
angles ψ. E, PSDs (averaged over the PE) 
derived from histology, DDE‐Asp analysis, 
and DDE‐Asp analysis using only parallel 
and anti‐parallel relative angles
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medians are presented in Figure 3. Lowest (6.67 mm−1) and 
highest (40 mm−1) q‐values were selected as the effect of RD 
(i.e., positive difference) is supposed minimal and maximal 
in those respective conditions. Differences were obtained 
throughout either tumors or the phantom and each of the  
3 orthogonal directions. For the lowest (highest) q‐value, 
medians in tumors were always negative (positive) and infe-
rior (superior) to medians in the phantom.

The model analysis from DDE‐Tum measurements is pre-
sented in Figure 4. Necrotic regions are indicated by arrows in 
Figure 4A and appeared globally consistent with ROIs of low 
vascular fraction from DDE‐Tum (Figure 4B. Intracellular 
fraction and mean cell radii were also both significantly  

(P < 0.01) decreased in necrotic ROIs compared with these 
of viable tissue. This decrease was confirmed when evalu-
ating fractions of stained areas and minimal Feret diameters 
in HE micrographs (Figure 5A,B). Illustrations of necrosis, 
fraction of stained area calculations and the manual cell seg-
mentation are shown in Figure 5C‐E. Correlation between 
voxels and fields from histology is presented in Figure 6. It 
can be seen that there is a high correlation for the intracel-
lular fraction fic, but a lower correlation can be observed for 
the cell size (but still significant). Maps of the 6 parameters 
estimated with DDE‐Tum are shown in Figure 7. A common 
pattern is clearly seen between fic, fva, fec, and Dec which is 
globally consistent with necrotic and viable areas delim-
ited in Figure 4A. Although a significant decrease of R was 
observed in the necrotic ROI, values look more heteroge-
neous therein. In turn, v clearly dropped in the necrotic ROI 
of the right tumor but not in the left one. Those latter obser-
vations are consistent with the higher sensitivity of R and v 
to noise and the poor differentiation of v between viable and  
necrotic tissues highlighted in the simulations (c.f., Sup
porting Information Figure S1).

4  |   DISCUSSION AND 
CONCLUSIONS

Multi‐compartment analyses offer a unique possibility to 
characterize tissue microstructure. However, they are usu-
ally ill‐conditioned or ill‐posed which affects their specific-
ity. Despite being highly sensitive, diffusion MRI’s outcomes 
must be carefully interpreted in terms of the actual tissue 
morphology. Tumor microenvironment is generally too 
complicated to be accurately modeled in multi‐compartment 

T A B L E  2   Quartiles of PSD’s averaged over the PE from 
analyses using LM or full or P‐AP MRI measurements

PSD quartiles and 
mean radii (µm) Q1 Q2 (median) Q3 R

LM 7.50 10.85 16.28 12.61

PSD from full 
measurements

7.83 11.52 16.01 11.73

PSD from P‐AP 
measurements

7.76 11.32 16.01 11.62

T A B L E  3   Pearson’s linear correlation coefficients between 
parameters from analyses using full or P‐AP measurements

Model 
parameter fic fec R Dec

Pearson’s 
correlation 
coefficient

0.9879** 0.9847** 0.8581** 0.9781**

F I G U R E  3   Changes between MR signals for 0 and 180° relative angles for lowest (6.67 mm−1) (left) and highest (40 mm−1) (right) q‐values, 
i.e., S(180°)‐S(0). Values are averaged over the whole phantom or the 2 tumors. The 3 plots correspond to the 3 gradient directions
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analyses. Indeed, the following features were not taken into 
account in our model but may have an impact on diffusion 
measurements: cell nuclei,52 actual cell shape,53 cell mem-
brane permeability,54,55 and anisotropy due to collagen in 
the extracellular matrix 56 or due to the vascular environ-
ment.57 Embedding all these features in 1 model is chal-
lenging, especially for clinical applications where scan time, 
and thus SNR, is limited. In this context, testing our DDE 
sequence on asparaguses was relevant to assess its ability to 

quantify cell sizes. Of course, this does not give any insight 
on DDE’s performance in vivo but is necessary for DDE to 
be relevant in tumors. Together with ADC measurements 
in the 0°C phantom, this analysis served as a calibration 
step in the implementation of our DDE sequence in tumors. 
Furthermore, it indicated that parallel and anti‐parallel 
measurements were sufficient to robustly estimate, at least, 
the cell sizes.

The model used in tumors of this study is isotropic. 
However, global anisotropy may be present in tumors 
although its origin is not obvious or explained by a single 
factor.58 For instance, collagen, vascular network or aligned 
elongated cells have been shown as possible causes of 
anisotropy.59 Modeling global anisotropy also requires more 
parameters to be estimated. We simplified the problem by 
using an isotropic model and taking only P‐AP measurements 
in 3 orthogonal directions to calculate directional averages 
of estimated parameters. Another possibility would be to 
average signals over the directions first and then estimate the 
resulting parameters. However, we did not prefer this option 
because the multi‐compartment model contains parameters 
of different types (scalars, second‐order tensors, …) needing 
at least theoretically different types of directional averaging.

The diffusion time influences the regime under which 
RD and vasculature appear on measurements. To hypothe-
size ballistic flow, ∆ must be sufficiently short. Conversely, 
working with a pseudo‐diffusion model suggests that ∆ is 
sufficiently long. We tested the sensitivity to ballistic flow 
of our DDE‐Tum protocol independently of any diffusion 
model by simply examining differences between signals 
from P‐AP measurements. For high q‐values, the effect of 
RD is dominant and positive signal differences are observed 
in tumors as well as asparaguses. However, for low q‐values 
negative differences appear which cannot be explained by a 
sequence artifact, as indicated by the results in the wrist coil 
phantom. We, therefore, attribute the observed negative sig-
nal differences to the presence of ballistic flow. Of course, 
this does not exclude a partial influence of pseudo‐diffusion 
on the signal: any diffusion sequence that uses intermediate 
∆ may be contaminated by both regimes of micro‐vascular 
flow. Adversely, using long ∆ may lead to severe SNR drop 
due to T2 relaxation and possible influence of membrane 
permeability on size estimates. A possible way to deal with 
intermediate ∆ would be to use and extended model of the 
vascular compartment where both regimes are taken into ac-
count at the price of a more complicated parameter estima-
tion procedure.

The final step of the study was to investigate whether mor-
phological differences present within tumors were reflected in 
the model parameters estimated from the DDE‐Tum protocol. 
On HE stained micrographs, blood supply depleted areas were 
associated with a decrease of both intracellular fraction and 
mean cell size. This was also observed in ROIs segmented on 

F I G U R E  4   A, HE stain micrographs of whole tumors 
corresponding to the central MRI slice. Arrows indicate areas of 
ischemic necrosis. B, Maps of the fva parameter along with ROIs 
delineating parts of high (blue) and low (red) vascular fractions.  
C, Boxplots of fic, fva and R parameters estimated from the diffusion 
model in each ROI
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vascular fraction maps and consistent with areas of ischemic 
necrosis on HE micrographs. The drop of the intracellular 
fraction is generally expected in necrotic regions. The evo-
lution of dying cell morphology under hypoxia is subtler as 
several cell death pathways may be possible.60 Evaluating the 
precise physiology governing decaying tissues in our tumors 
was out of the scope in this study. Thus, no expectations 
could be made regarding variation in cell sizes. Instead, we 
simply evaluated cell size changes between infarcted and via-
ble tumor tissues at a particular time and found that histology 
was consistent with DDE results.

The correlation plots showed a good correlation for intra-
cellular fraction but a somewhat lower correlation for cell 
size. Part of the explanation for this decreased correlation 
might be the fact that minimum Feret diameter and cell radius 
R of a spherical cell in our model are not completely equiv-
alent quantities.

Time‐dependent diffusion is currently a popular technique 
where gradient waveforms are designed to probe diffusion at 
different diffusion times.16 The relationship between the mean 
squared spins’ displacement and the diffusion time is linear 
for free diffusion but becomes highly dependent on restriction 

sizes for spins encountering cell membranes. This sensibility to 
pore size is exploited in models like VERDICT, IMPULSED, 
or both (see POMACE in Reynaud et al61). The proposed DDE 
sequence does not exploit time‐dependent diffusion but rather 
relies on the influence of RD on P‐AP measurements at a 
constant ∆. For low to moderate b‐values as used in our work 
(tumors), it is not obvious that DDE would carry more infor-
mation than multiple ∆ single diffusion encoding.62 However, 
it could be safer to work with constant Δ in practice. Indeed, 
modeling tissue using a sequence with varying ∆ requires some 
cautions as the extracellular compartment cannot, in theory, be 
accurately modeled with a constant diffusivity.16 Furthermore, 
we mentioned earlier that the vascular compartment may be 
modeled either by ballistic flow or pseudo‐diffusion, depend-
ing on ∆. The use of a single ∆ instead of varying ∆ could be 
an advantage as both regimes will give constant contributions 
to the MR signals. Therefore, the proposed DDE sequence is 
not expected to convey more information than time‐depen-
dent diffusion but it could offer a more accurate way to model  
extracellular and vascular compartments.

Absolute quantification of microstructural parameters 
from diffusion measurements is difficult because model 

F I G U R E  5   A, HE stain micrographs of whole tumors along with the fields used for histology analyses at 40× magnification. Fields were 
used in viable tissue and in necrosis. B, Boxplots of staining fractions and minimal Feret diameters in the fields corresponding to viable tumor 
tissue or necrosis. C, Illustration micrograph of a necrosis area displaying pyknotic nuclei and necrotic tumor cells and blood vessels.  
The blue bar is 100 microns. D, Illustrations of binary micrographs obtained from thresholding image intensities. Intracellular fractions are defined 
as the percentage of white pixel. E, Illustration of manually segmented cells. Note the fusiform shape that may be encountered in some cells.  
The red bar is 10 microns. The minimal Feret diameter was calculated with the Measure function of ImageJ. Note that Figure 5D,E are not taken in 
the same field
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parameters may inherently depend on the MR pulse sequence 
parameters. For instance, compartment fractions are weighted 
by T2 relaxation, which may not be the same in each compart-
ment. Similarly, size estimates may be biased by membrane 
permeability as ∆ is increased. Finally, the influence of ∆ on 
the vascular compartment was discussed earlier. Our main 
interest in diffusion modeling is rather to investigate whether 
variations in estimated parameters are accurate biomarkers of 
actual microstructural evolutions. Although model parame-
ters estimated from our DDE sequence indicated to yield con-
sistent sensitivity to RD and ballistic flow perfusion within 
tumors presenting ischemic necrosis, their clinical relevance 
in assessing physio‐pathological evolutions (for instance, 
during therapy) has to be tested. In future works, this DDE 
protocol should be evaluated at several time points on large 

cohorts of tumors separated at least in treated and control 
groups.

Our study mainly investigated the technical feasibility of a 
DDE sequence sensitive to RD and ballistic flow for estimat-
ing tumors’ microstructural parameters on a clinical scanner. 
However, clinical relevance can only be assessed in human 
studies. In clinical practice, a lot of problems can arise de-
pending on the circumstances, e.g., motion, body fat, etc. To 
avoid the associated artifacts, modification of the sequence 
will be necessary. Furthermore, T2 is typically around 100 ms 
in tumors which corresponds to the TE used in tumors of this 
study (108 ms) but means that our DDE protocol may suffer 
from strong signal attenuation in some applications. In such 
cases regularization, which was not used here, should be used 
to stabilize the estimations. Although 5 slices were enough 

F I G U R E  6   A, Left panels show positions of the fields used to calculate minimal Feret diameters and percentage of stained area. Right panels 
display pixels that were placed manually on the map of fva to approximatively correspond to fields of HE maps. B, Correlation data between DDE 
and mean histology estimates of each field. In the graphs, r represents the Pearson correlation coefficient



12  |      DUCHÊNE et al.

for tumors’ coverage, up to 10 slices could be used within 
the TR of DDE‐Tum (2000 ms). Using more slices would 
increases the scan time. As a result, our DDE‐Tum sequence 
should be considered as a first step to clinical application.

In conclusion, we presented a pilot study of a DDE pro-
tocol implemented on a clinical scanner for noninvasive 
characterization of tumors’ microenvironment based on an 
adapted AMICO‐VERDICT analysis. The DDE protocol 
exploited the limited gradient strength available on clinical 

scanners and was constrained to have a scan time acceptable 
for clinical practice (and thus having suboptimal SNR). The 
technical viability of the sequence was first investigated as 
well as its ability to robustly quantify cell sizes in simple 
tissue morphologies (asparaguses). Results of this quanti-
fication were confirmed by LM and were only weakly af-
fected by reducing the dataset to P‐AP measurements which 
allows DDE to be performed in several directions to cope 
with global anisotropy within an acceptable scan time. After 

F I G U R E  7   Parametric maps derived from the diffusion model for right and left tumors. Diffusion weighted maps (A), ADC from b = 0 and 
1 ms/µm2 (in µm2/ms) (B), fic (C), fva (D), fec (E), Dec in µm2/ms (F), R in µm (G), and v in ×100 µm/s (H)
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this primary validation, analysis of DDE’s signal attenua-
tion demonstrated the sensitivity of DDE to RD and ballistic 
flow. The microstructure model parameters were estimated in 
2 allografts of rhabdomyosarcoma. DDE’s outcomes clearly 
showed differentiation between viable and decaying tissue 
following ischemic necrosis that was confirmed by histology. 
These encouraging results will serve as a basis to investigate 
subtler physio‐pathological mechanisms occurring during ra-
diotherapy in a future study.
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Additional supporting information may be found online in 
the Supporting Information section at the end of the article.

FIGURE S1 Results of simulations. A, Accuracies and preci-
sions (mean difference with GTV ± 1 standard deviation) of 
DDE estimates in viable and necrotic synthetic tissues. B, Mean 
of estimated ROI value ± 1 SEOM in viable and necrotic syn-
thetic tissues. C, Accuracies and precisions of DDE estimates 
for varying parameter values with SNR fixed to 100
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