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Quantifying Tumor Microvasculature With
Optical Coherence Angiography and Intravoxel

Incoherent Motion Diffusion MRI
W. Jeffrey Zabel , Héctor Contreras-Sánchez , Warren Foltz , Costel Flueraru , Edward Taylor ,

and Alex Vitkin

Abstract— Intravoxel Incoherent Motion (IVIM) MRI is a
contrast-agent-free microvascular imaging method finding
increasing use in biomedicine. However, there is uncer-
tainty in the ability of IVIM-MRI to quantify tissue microvas-
culature given MRI’s limited spatial resolution (mm scale).
Nine NRG mice were subcutaneously inoculated with
human pancreatic cancer BxPC-3 cells transfected with
DsRed, and MR-compatible plastic window chambers were
surgically installed in the dorsal skinfold. Mice were imaged
with speckle variance optical coherence tomography (OCT)
and colour Doppler OCT, providing high resolution 3D
measurements of the vascular volume density (VVD) and
average Doppler phase shift (∆φ) respectively. IVIM imaging
was performed on a 7T preclinical MRI scanner, to generate
maps of the perfusion fraction f, the extravascular diffusion
coefficient Dslow, and the intravascular diffusion coeffi-
cient Dfast. The IVIM parameter maps were coregistered
with the optical datasets to enable direct spatial correla-
tion. A significant positive correlation was noted between
OCT’s VVD and MR’s f (Pearson correlation coefficient
r = 0.34,p < 0.0001). Surprisingly, no significant correlation
was found between ∆φ and Dfast. This may be due to larger
errors in the determined Dfast values compared to f, as
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confirmed by Monte Carlo simulations. Several other inter-
and intra-modality correlations were also quantified. Direct
same-animal correlation of clinically applicable IVIM imag-
ing with preclinical OCT microvascular imaging support
the biomedical relevance of IVIM-MRI metrics, for example
through f ’s relationship to the VVD.

Index Terms— IVIM-MRI, OCT angiography, tumour
microvasculature, multimodal imaging, microvascular
imaging.

I. INTRODUCTION

THE structure and function of the tumour microvascu-
lar network plays a crucial role in determining cancer

therapy treatment outcome. Compared to healthy tissue, the
microvasculature in tumours is highly disorganized and tor-
tuous with closed ends, shunts, and avascular regions. This
disorganized network leads to the formation of radiation
resistant hypoxic regions [1] and makes it difficult to deliver
intravenous cancer therapies like chemotherapy since these
therapeutics cannot be uniformly delivered to the cancer cells
[2].

There are several new therapies that specifically target
the microvascular network with the goal of ‘normalizing’
it by administration of vascular targeting agents such as
VEGF blockades [3]. These agents act to prune the vascu-
lar network and induce a more normal state that reduces
hypoxia and increases blood flow and nutrient delivery to
the surrounding cells thus making treatments during this
state more effective [4]. Evidence also suggests that the
high dose per fraction delivered during stereotactic body
radiation therapy induces vascular ablation which could
be an important determinant of tumour treatment response
[5].

Given the importance of the microvascular network in deter-
mining treatment response and the development of vascular
targeting agents that aim to modify it, there is growing interest
in non-invasively characterizing tissue microvasculature in the
clinic. Quantification of the structure and function of the
microvascular network may enable treatment personalization
by selectively targeting radiation therapy to hypoxic regions
of the tumour (‘dose painting’) [6] or by modifying the
fractionation schedule based on the perfusion/hypoxic level
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of the tumour to allow for reoxygenation [7]. Microvas-
cular quantification would also allow for the monitoring
of the action of vascular targeting agents to determine
when the vasculature has been sufficiently normalized to
inform the timing of treatment delivery [4].

Common clinical imaging modalities such as CT and MRI
are useful in cancer therapy since they can image to any depth
into the tissue however they lack the necessary spatial resolu-
tion (mm scale) to directly visualize the microvascular network
(µm scale). Therefore, perfusion CT and MRI techniques
rely on pharmaco-kinetic models applied to concentration-
time curves to extract microvascular information beyond
the imaging resolution of the scanner [8]. For example, in
dynamic contrast enhanced (DCE) MRI, the gadolinium-based
contrast agent diffusion coefficient from the intravascular to
the extravascular space, ktrans, has shown good potential in
monitoring the action of vascular targeting drugs [9] and
predicting radiotherapy treatment outcomes [10]. However,
DCE-CT and MRI are not suitable for repeat imaging due
to the use of ionizing radiation (in the case of CT) and the
risk of gadolinium deposition [11]. Furthermore, the need for
precise timing and dose of the contrast agent during the scan
and documented reproducibility uncertainties [12] complicates
the procedure and makes it difficult to standardize.

Intravoxel Incoherent Motion (IVIM) MRI is a non-contrast-
enhanced perfusion imaging method [13] that is being used
more often in oncology and beyond [14]. IVIM is based on the
principle of diffusion weighted imaging (DWI) where multiple
strengths of diffusion-encoding gradients (b-values) are used
to assess the signal decay resulting from the motion of water
molecules within the tissue between gradient pulses. At b-
values above 200 s/mm2, the signal attenuation is dominated
by the ‘slow’ water diffusion in the extravascular space.
However, at b-values less than 200 s/mm2, faster processes can
be quantified. Flowing blood in the microvasculature acts as a
pseudo-diffusion process which can be measured by analyzing
the signal decay at these small b-values [15]. The biexponen-
tial IVIM model (which includes slow ‘extravascular’ and fast
‘intravascular’ diffusion exponential decay terms) can be fitted
to the signal attenuation vs. b-value image sets on a voxel-by-
voxel basis to extract the extravascular diffusion coefficient
Dslow and the intravascular diffusion coefficient Dfast. In the
limit where blood flows through many segments during the
interval between gradient pulses, the average blood speed v̄
is related to Dfast by the relationship Dfast = lv̄/6 where l is
the average vessel segment length [15]. The fractional flowing
blood volume f is another metric that can be calculated from
the biexponential fit to the data. Thus f and Dfast may be
two useful perfusion parameters for quantifying the structure
and function of the microvasculature, as they are theoretically
correlated with the tissue vascular volume density and mean
blood speed respectively.

Despite the potential benefits of using IVIM in the clinic, it
must first be validated against standard measurements of the
microvascular network, including the vascular volume density
and mean blood velocity [15]. To this end, some studies
correlated microvessel density assessed with histology with
f [16], [17], however histology suffers from being a 2D

ex-vivo analysis of a 3D vascular network and blood speed
cannot be assessed. Other studies correlate IVIM parameters
with different types of contrast agent-based perfusion MRI
showing good correlations [18], [19]; however, other studies
have not seen these linkages [20], [21]. Correlating IVIM
with other perfusion MRI techniques is an indirect measure of
the microvasculature and suffers from its own quantification
uncertainties [22]. A comprehensive review of these studies
can be found in [23].

Intravital microscopy in window chamber preparation
mouse tumour models [24], [25], [26], [27] presents a
promising new technique for perfusion MRI validation. In
previous work, we designed and 3D printed an MR compatible
plastic window chamber and developed a coregistration soft-
ware for direct spatial correlation analysis between perfusion
MRI and high-resolution optical images [27]. Specifically,
we used speckle variance optical coherence tomography
(svOCT) as our ‘ground truth’ microvascular imaging modal-
ity [28]. The microvascular imaging capabilities of svOCT
has been previously validated using confocal fluorescence
microscopy with intravenously injected Fluorescein-labelled
Dextran [29]. svOCT, has distinct advantages over other intrav-
ital microscopy techniques because it does not require contrast
agents and can image over a large field of view in 3D to a
depth of ∼2 mm, which enables improved 3D coregistration
with MRI (compared to, for example, the shallow depth and
small FOV’s in confocal intravital microscopy imaging of
the microvasculature [24], [25]). We previously evaluated this
platform by correlating DCE-MRI with svOCT images of the
microvasculature and found that DCE-MRI metrics such as
the time to peak contrast enhancement correlated well with
microvascular density [26].

Given the recent rise in use of IVIM in oncology [14],
the simplicity of contrast-agent-free clinical imaging, and
the need to establish its microvascular imaging capabilities
in-vivo [15], [22], we thus extend and expand our previous
work [26], [27] to assess IVIM-MRI. Here we will directly
correlate ground truth measurements of microvessel density
(obtained with svOCT) with IVIM measurements of f . To
directly assess the ability of Dfast to measure blood flow, we
have also employed colour Doppler OCT (DOCT) imaging to
provide ground truth measurements of blood flow [30]. This
work will give a better understanding of the ability of IVIM to
quantify microvascular structure and function towards its use
in the clinic for non-invasive microvascular quantification for
treatment monitoring and personalization.

II. METHODS

.A. Animal Preparation

n = 9 female NOD-Rag1null IL2rgnull (NRG) immunocom-
promised mice were subcutaneously inoculated with human
pancreatic cancer cells (BxPC-3) transfected with DsRed for
viability assessment [31]. When tumours grew to a diam-
eter of ∼3-5 mm (typically 24-28 days post inoculation),
3D printed biocompatible plastic window chambers were
surgically sutured to the dorsal skin folds (Fig 1AB) as
described in [27]. Inoculation, surgery, and imaging were all
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Fig. 1. Animal model, optical, and MR imaging. (A) Dorsal skinfold window chamber mouse model with human pancreatic cancer xenograph.
(B) Custom designed 3D printed plastic window chamber enables both optical and MR imaging, a fiducial marker ring can be affixed to coregister the
optical and MRI datasets. (C) Brightfield, and (D) fluorescence microscopy. (E) Depth encoded svOCT microvascular image provides the structure of
the microvascular network. (F) DOCT imaging provides the Doppler phase shift ∆φ [radians], which is related to average axial blood flow speed. (G-I)
IVIM-MRI parametric images from fits to (1). (G) Perfusion fraction f [range between 0 and 1]. (H) Extravascular diffusion coefficient Dslow

�
mm2/s

�
.

(I) Intravascular diffusion coefficient Dfast
�
mm2/s

�
. C-I are coregistered. Solid white line in C-F is the tumour boundary; IVIM parameters are only

shown for voxels within the tumour contour (G-I). Scale bar = 1 mm. (A) is reprinted from [27] with permission.

performed with the mice under general anesthesia (5% isoflu-
rane for induction, 2% for maintenance, 0.5 L/min oxygen
flow rate).

.B. Optical Imaging: Experimental Setup

All optical and MR imaging was performed on the same
day two weeks post DSWC surgery to allow for maturation of
the tumour microvascular network and animal recovery from
surgery. Mice were anesthetised and secured to a warmed
stage for body temperature regulation. Brightfield (Fig. 1C)
and DsRed fluorescence (Fig. 1D) imaging was performed
for tumour localization and viability assessment, using an
epifluorescence microscope (Leica Microsystems MZ FLIII,
Richmond Hill, ON, CA) with consistent exposure times.

Depth-resolved OCT images were acquired on a previously
described swept source OCT system with a 1,310 nm centre
wavelength and 110 nm bandwidth [32]. The axial and lateral
resolutions in air for this system were 8 µm and 15 µm respec-
tively. For svOCT, 24 axial scans (B-scans) were acquired per
location over a 6 × 6 mm2 field of view to enable inter-frame
speckle intensity variance calculations (Fig. 1E) [28]. Phase-
resolved DOCT was used to measure the Doppler phase shift
caused by the motion of red blood cells (∆φ, Fig. 1F). 3D
scans within the same field of view were acquired using an
A-scan density of 4,000 A-scans/mm. The motion sensitivity
of DOCT in our system for such scanning configuration was
determined by the full width at half maximum (FWHM) of
a static tissue-like phantom and found to be 32 mrad [30].
A high-pass frequency filter was applied prior to phase shift
calculations for static tissue signal removal and fluid signal
enhancement as described by Tang et al. [33]. The obtained
metric ∆φ thus provides quantitative axial blood flow velocity
information. Only absolute magnitudes were considered for
MRI-OCT correlations.

.C. Optical Imaging: Data Analysis

For svOCT images, the vascular volume density (VVD)
[fraction from 0-1] was calculated in the tumour region as
defined by the DsRed fluorescence image. Segmentation was
done up to a depth of 500 µm below the glass coverslip
to restrict the analysis to the highest SNR region in the
svOCT dataset. Vascular segmentation was performed in this
region using a multi-step segmentation algorithm. Briefly, for
each en-face (C-mode) scan, the following steps were applied
sequentially: low pass Gaussian filter to reduce background
noise, contrast enhancement using a top hat filter, and median
filtering to reduce ‘salt and pepper’ speckle noise [34], [35].
Next, a step-down exponential filter was applied in the axial
direction to reduce ‘streaking artifacts’ caused by the forward
scattering of photons from red blood cells [35]. Finally,
Otsu’s thresholding was applied to each C-scan [36]. Vessel
segmentation accuracy was manually verified and corrected if
segmentation errors were identified. To calculate the microvas-
cular density of specific vessel diameters, a 3D morphological
opening operation was performed using a spherical structuring
element [37]. To remove noise from the DOCT phase shift
data, the DOCT dataset was combined with the segmented
svOCT vascular dataset and all non-vessel DOCT signals were
set to zero.

To use DsRed fluorescence intensity as a measure of viable
cellular density, only the signal from non-vessel regions must
be considered since large vessels can decrease the signal
despite the presence of dense cellular regions [38]. The sum
of the DsRed fluorescence intensity was thus divided by the
avascular volume, the latter calculated via 1 - VVD.

.D. MRI: Experimental Setup

MR imaging used a preclinical system (70/30 Biospec,
Bruker Corporation, Ettlingen, DE), instrumented with the
B-GAS-12 gradient coil insert, and 86 mm inner diameter
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quadrature volume coil. Mice were anesthetised and placed in
prone position on a dedicated murine scan table, including in-
laid tubes connected to a circulating hot water heater for body
temperature regulation. A MR-compatible physiologic mon-
itoring system enabled respiratory monitoring (Model 1030;
SA Instruments, Stony Brook, NY). A fiducial marker ring
was affixed to the window chamber to enable coregistration of
optical and MRI datasets (Fig 1B). The window chamber was
secured in a 3D printed immobilization device to minimize
motion [27]. A sagittal T2 weighed image set (TE = 25 ms; TR
= 2,500 ms; 32 × 32 mm field-of-view with 128 × 128 matrix
for 0.25 × 0.25 mm in-plane resolution; at least 11 imaging
slices; 0.5 mm slice thickness) was iteratively reoriented
until it aligned with the tumour and fiducial markers in the
plane of the DSWC. Once the image set was aligned, IVIM
diffusion weighted imaging was performed using 3 averages
(TE = 16 ms; TR = 800 ms; 32 × 32 mm field of view with
64 × 64 matrix for 0.5 × 0.5 mm in-plane resolution; 0.5 mm
slice thickness; gradient duration = 2.2 ms; gradient separation
= 9 ms; total scan time = 61 minutes) with the following
b-values: 0, 20, 40, 60, 80, 100, 150, 200, 400, 600, 800,
1,000 s/mm2. IVIM was performed with a 2D Fourier trans-
form (2DFT) readout to maintain geometric consistency across
the optical and MR image sets as opposed to the more common
but distortion prone echo-planar imaging. This was done using
Bruker’s multi-slice spin-echo DWI Standard technique, which
is a single spin-echo with diffusion-encoding gradients on
either side, and with 2DFT readout for geometrically-robust
DWI acquisitions.

.E. MRI: Data Analysis
All MRI data was processed using MATLAB (2024b, Math-

works, Natick, MA). IVIM-MRI analysis was performed on
voxel-by-voxel basis across the entire dataset. Each voxel was
fitted to the biexponential IVIM formula [13]:

S
S 0

= f e−bD f ast + (1 − f )e−bDslow (1)

where S is the signal intensity, b is the gradient strength, and
S 0 is the signal intensity at b = 0 s/mm2. Solving for all
parameters simultaneously has been shown to yield poor fit
results [39], so here we used a three-step fitting method. First,
(2) was fitted to b-values > 200 s/mm2 with a nonlinear least
squares regression since in this high b-value regime, D f ast

contributes negligibly to the signal.

S = S inte−bDslow (2)

where S int is the b = 0 s/mm2 intercept for b-values >
200 s/mm2. The perfusion fraction, f (Fig. 1G) can then be
calculated using (3):

f =
S 0 − S int

S 0
(3)

Finally, a partially constrained nonlinear least squares regres-
sion was used on (1) to find the value of D f ast (Fig. 1H)
using Dslow and f values just determined. Only voxels with
a coefficient of determination, R2 > 0.85 were considered for
subsequent analysis.

.F. IVIM Monte Carlo Fitting Simulations
A IVIM Monte Carlo fitting simulation was performed to

assess the impact of image SNR on IVIM-MRI parameter
uncertainty, σ [40]. First the average value of the IVIM
parameters were found and the corresponding signal for each
b-value was calculated using (1). Gaussian noise was added
to the signals corresponding to an SNR range of 5-120. The
noisy signal and b-value pairs were then fitted to (1) using
the three-step fitting method just described [39] to estimate
the IVIM parameters. This process was repeated 100,000 times
at each SNR level and the relative error σ for each IVIM
parameter x was calculated using (1):

σx =

s
1
N

NP
i=1

(xi − x)2

x
(4)

where x is the ‘true’ value of f ,D f ast, or Dslow, xi is the fitted
value of the parameter for the ith trial, and N is the number of
simulations (105 here). This provides an estimate of the fitting
uncertainties for each IVIM parameter as a function of image
SNR.

.G. OCT and MRI Correlations
svOCT microvascular maps, DOCT phase shift maps, and

IVIM parameter maps were coregistered in 3D using fiducial
markers affixed to the window chamber (Fig. 1B) as described
in [27]. For MR to optical registration, the fiducial marker
registration error [41] was measured to be 164 ± 57µm. Inter-
modality spatial correlations were performed using a 1×1 mm2

lateral by 500 µm depth sliding window volume of interest
(VOI). The depth of the sliding window VOI corresponded
to a single slice from the MRI dataset which matched the
OCT analysis depth of 500 µm into the tissue. The sliding
window VOI was displaced laterally in increments of 500 µm
to correspond with the size of the MRI voxels. To reduce signal
from non-tumour ‘healthy’ tissue surrounding the tumour, 75%
of the sliding window VOI had to be within the tumour contour
for the data to be included. For each position of the sliding
window VOI, mean values of optical metrics (VVD, ∆φ,
fluorescence) were correlated with the corresponding mean
values of the IVIM metrics ( f ,D f ast,Dslow).

In our previous work comparing DCE-MRI to co-registered
svOCT [26], we explored the use of different sliding window
VOI lateral sizes including 0.5 × 0.5 mm2, 1 × 1 mm2, and
1.5 × 1.5 mm2. We found that the microvascular correlations
were similar regardless of the lateral VOI size; however,
voxel-wise comparisons showed a reduction in the correlation
coefficients of the resultant micro-macro comparisons likely
due to slight registration uncertainties which were amplified
when considering these smaller VOIs [26]. In the current work,
we thus used a fixed 1×1 mm2 VOI – a compromise between
using a small VOI to accurately capture intratumour vascular
heterogeneity while minimizing registration uncertainties.

.H. Statistical Analysis
All statistical analysis was performed in MATLAB R2024b

(MathWorks, Inc., Natick, MA, USA). For correlation
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Fig. 2. Optical and IVIM imaging of a representative tumour. (A) Depth encoded svOCT microvascular image with solid white line representing
the tumour boundary. Two 1 × 1 mm2 × 500 µm depth VOI’s were chosen for illustrative purposes (dotted white squares). (B) Region 1 has a high
VVD. (C) Region 2 has a comparably lower VVD. The Doppler phase shift map for regions 1 and 2 are shown in (D) and (E). (F, G) shows the
corresponding IVIM signal attenuation as a function of b for regions 1 and 2. The dotted black lines represent the linear fit to the high b-value data
points of (2), and the solid lines represent the full biexpoential fit to the data via (1); the quantitative fitting results for the latter are summarized in
the solid boxes. (A) scale bar = 1 mm. (B-E) scale bar = 250 µm.

analysis, IVIM measurements were plotted against the corre-
sponding svOCT microvascular metrics. Linear least squares
regression was performed and the Pearson correlation coef-
ficient r was used to assess the strength of the linear
relationship. The Pearson correlation coefficient was chosen
since it is expected that there is a direct linear relationship
between the OCT metrics and IVIM parameters [15]. An r
from 0-0.09 was considered a negligible correlation; r from
0.10-0.39 was considered a weak correlation [42]. The p-value
was calculated to test the null hypothesis that there is no
true correlation between the variables, with p < 0.05 being
considered statistically significant.

III. RESULTS AND DISCUSSION

Fig. 2A shows a depth encoded svOCT microvascular image
of a representative tumour. Two different 1 × 1 mm2 (lateral)
by 500 µm (depth) regions were identified. Region 1 had a
high VVD (Fig. 2B), and low ∆φ (Fig. 2D). Region 2 had
a low VVD (Fig. 2C), and high ∆φ (Fig. 2E). The IVIM
signal attenuation as a function of b-value for these two regions
were plotted (region 1: Fig. 2F; region 2: Fig. 2G) for direct
comparison. The dotted line in Fig. 2FG is the fit of (2) to b-
values > 200s/mm2. The slope of this line is Dslow. Comparing
the y-intercept of this line (S int) to the b = 0 signal intensity
(S 0) gives the value of f ((3)). The solid black line represents
the full IVIM biexponential fit to the data ((1)) from which
Dfast was derived (Dfast ∼ slope of the biexponential fit in the
low b-value region).

Region 1 has a higher VVD than region 2, and this is nicely
reflected in a higher value of f in region 1. The higher f in
region 1 (Fig. 2F) manifests as a larger difference between S int

and S 0 compared to the low VVD region (Fig. 2G).
If Dfast is correlated with blood speed, there should be a

smaller Dfast for region 1 (∆φ = 0.043, Fig. 2D) compared to
region 2 (∆φ = 0.050, Fig. 2E). These example IVIM plots
indeed demonstrated this positive relationship since region 1

TABLE I
SUMMARY OF FLUORESCENCE, OCT, AND IVIM INTRA- AND INTER-

MODALITY CORRELATIONS

had Dfast = 3.3 × 10−3 mm2/s and region 2 had a higher Dfast
of 9.4 × 10−3 mm2/s.

Focusing now on the high b-values (> 200 s/mm2), there
is a smaller Dslow in region 1 (Fig. 2F) compared to region 2
(Fig. 2G). Dslow is considered to be inversely proportional to
cellular density [43]. Additionally, increased vascular density
in tumours may imply increased cellular density since these
cells would be better supplied with oxygen and nutrients
to support their growth [43]. Taken together, since region 1
has a higher VVD (and likely higher cellular density) than
region 2, it is expected that region 1 has a smaller Dslow than
region 2.

This representative tumour is useful for visualizing how the
structure and function of the microvasculature are reflected
in, and impact the IVIM-MRI signal; however, to define a
more conclusive linkage between the two modalities, larger
mice cohorts must be considered. We thus present the
intermodality correlation results of our entire 9-mouse dataset
in Table I, showing both intramodality (optical vs. optical
metrics and IVIM vs. IVIM metrics) and the more interesting
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Fig. 3. IVIM’s f vs. svOCT’s VVD for different vessel diameters. Each
point in the plots represents the average value of the given metric for one
position of the sliding window VOI. (A) correlation of f with the VVD for
all vessels in the tumour. (B,C) correlation of f with the VVD of vessels
with diameter > 25µm and > 50µm respectively. The linear least squares
fit to the data is shown by the solid red line with the equation of this line,
the Pearson correlation coefficient, and p-value shown in each panel.
∼ 300 points on each plot represent the data for all n = 9 mice (20 - 50
data points/mouse depending on tumour size).

and important intermodality correlations (optical vs. IVIM,
red box in Table I) to summarize the complex relationships
between parameters. Each entry in Table I lists the Pearson
correlation coefficient r between the two variables, with the
p-value in brackets. Statistically significant correlations are
highlighted in yellow (p < 0.05). Note that f was significantly
correlated with all optical metrics, Dslow was on the verge of
being significantly correlated with ∆φ, and Dfast did not show
any inter-modality significance.

Focusing on the important intermodality correlations first
(red box in Table I), there is a weak positive correlation
between VVD and f (r = 0.34, p < 0.0001, Fig. 3A). This pos-
itive relationship is expected according to IVIM theory [13],
[15]. To determine if IVIM may be more sensitive to larger
vessels, we further subdivided the overall VVD metric into
vessel bins with diameters > 25µm (VVD>25 µm) and > 50µm
(VVD>50 µm). The correlation of f with VVD>25 µm is shown
in Fig. 3B (r = 0.35, p < 0.0001) and with VVD>50 µm in
Fig. 3C (r = 0.37, p < 0.0001). There was a slight improve-
ment of the correlation coefficient as the vessel diameter
threshold increased (r = 0.35 for all vessels, to r = 0.37
for vessels with diameter > 50 µm), indicating that perhaps
IVIM-MRI may be more sensitive to larger diameter vessels.
But this effect was not large. Overall though, the determined
linkage between the underlying VVD and IVIM’s f metric
provides evidence of the interesting and microvascularly-
relevant information content of the latter.

A recent review of histological correlations of vascular
density with f found correlation coefficients in the range of ∼
0.4−0.9 [23], so our findings are on the lower end of this range.
However, this is not a direct comparison since here we are
using 3D in-vivo svOCT whereas [23] considered 2D ex-vivo

Fig. 4. Additional notable intermodality spatial correlation plots. Each
point in the plots represents the average value of the given metric for
one position of the sliding window VOI. The linear least squares fit to the
data is shown by the solid red line, with its best-fit equation, the Pearson
correlation coefficient, and p-value shown in each panel. ∼ 300 points on
each plot represent the data for all n = 9 mice (20-50 data points/mouse
depending on tumour size).

histology. The weak correlation found here may suggest that
perhaps IVIM has limited microvascular quantification ability;
other possible reasons include slight misregistration’s between
the modalities, IVIM biexponential fitting uncertainties [39],
and/or low SNR of MR images [40]. In our previous work
we assessed DCE-MRI vs. svOCT correlations and found
generally higher correlation coefficients for several DCE-MRI
parameters compared to the VVD. For example, DCE-MR’s
time to peak contrast enhancement with VVD had a correlation
coefficient of 0.83 [26]. These results suggest that the benefits
of using contrast-agent-free IVIM imaging must be weighed
carefully against its potentially reduced ability to quantify
tissue microvasculature compared to contrast-enhanced DCE-
MRI.

Other notable intermodality correlations from Table I are
displayed graphically in Fig. 4A-C. A statistically significant
correlation between f and ∆φ (p = 0.003) was identified,
albeit the linear dependence was weak (r = 0.18) (Fig. 4A).
This relationship may be explained by the presence of large
diameter vessels in regions with high f . Larger vessels have
been shown to have considerably higher flow speeds compared
to small vessels [30], thus reflected in a larger ∆φ. And
the measured f value may be enhanced by larger diameter
vessels because either large vessels are more easily detected by
IVIM (Fig. 3), or the true perfusion fraction is more sensitive
to the presence of large vessels. For example, large vessels
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may contribute more to the true perfusion fraction since they
occupy more volume than smaller vessels and flow more
blood. These conjectures can be corroborated by examining
our optical dataset metrics (intra-modality comparisons). There
was indeed a significant positive correlation between VVD and
∆φ (r = 0.18, p = 0.002, Table I) and a significant positive
correlation between VVD and vessel diameter (r = 0.19, p =

0.001; data not shown). Therefore, the correlation between
f and ∆φ (and similarly VVD and ∆φ) may be due to the
presence of larger diameter vessels in high VVD regions.

A statistically significant correlation between f and fluo-
rescence (p = 0.02) was also identified, however the linear
dependence was again weak (r = 0.15) (Fig. 4B). Given that
fluorescence is related to viable cellular density [31], [38],
increasing perfusion fraction will lead to more oxygen and
nutrient supply to the surrounding tumour cells promoting an
increase in cellular density [44]. This is further confirmed
by referring to the complimentary optical metrics, as there
is a positive correlation between VVD and fluorescence (r =

0.35, p < 0.0001, Table I). Another way to examine the posi-
tive relationship between f and fluorescence is to consider the
intra-modality correlation between f and Dslow (r = −0.44, p <
0.0001, Table I). Dslow has been shown to be inversely propor-
tional to cellular density [43], thus increasing f should lead
to increased cellular density and a corresponding decrease in
Dslow as seen in our results. However, this relationship must be
interpreted cautiously since there was no correlation identified
between Dslow and fluorescence (r = 0.05, p = 0.42, Table I).
One possible explanation for the lack of correlation between
Dslow and fluorescence is that the maturation of DsRed protein
is slow in-vivo, with a half-life of 1 day [45] suggesting that
the cellular density may not be directly related to the measured
fluorescence signal. Alternatively, there may not be enough
dynamic range in cellular density amongst these tumours to
pick up an appreciable signal difference in Dslow.

Interestingly, ∆φ vs. Dslow was on the verge of being
statistically significant (r = −0.12, p = 0.05, Fig. 4C).
Keeping in mind that Dslow is inversely proportional to cellular
density [43], this relationship may be caused by blood vessel
compression and/or increased interstitial fluid pressure in these
high cellular density regions that may restrict flow [46]. This is
consistent the observed significant negative intramodality cor-
relation between ∆φ and fluorescence (r = −0.21, p = 0.0004)
(Table I). Again, this relationship must be interpreted care-
fully considering the lack of correlation between fluorescence
and Dslow.

Surprisingly, IVIM’s Dfast metric did not correlate with any
ground-truth optical measurements. For example, there was
no correlation identified between ∆φ and Dfast (r = 0.00, p =

0.95, Fig. 4D) despite the proposed theoretical relationship of
Dfast = lv̄/6 [15]. However, this model assumes a tissue milieu
in which the blood flow changes directions rapidly between
gradient pulses, mimicking a random diffusion process. Here,
the blood is assumed to change direction after traversing
a single vessel segment, so the blood must be travelling
sufficiently fast to traverse several vessel segments (and thus
change direction) between gradient pulses. In this work, the
average vessel segment length was measured to be 77± 7 µm
(mean ± standard deviation). The average blood speed was

Fig. 5. Monte Carlo simulation to assess IVIM parameter uncertainties.
The relative error σ is shown for each fitted IVIM parameter as a function
of SNR. Each SNR value was fit 100,000 times.

calculated by accounting for the Doppler angle of each vessel
segment as described in [30], yielding v̄ = 0.66 ± 0.24 mm/s.
The time between gradient pulses ∆ was 9 ms; thus an average
red blood cell moves only ∼ 6 µm in this time, which is much
shorter than the average vessel segment length, indicating that
this diffusion-like relationship may not hold in these tumours.

Le Bihan further proposed the quadratic dependence on
average velocity via Dfast = v̄2∆/6 where ∆ is the gradient
pulse separation time [15], [47]. This equation is valid when
blood is flowing slow enough that it will remain in one vessel
segment during the time ∆ and when the gradient duration δ
is much smaller than ∆. This quadratic relationship may be
more appropriate for our case due to the low blood speeds.
Thus, in accord with this low-speed model, we would expect
Dfast ∝ ∆φ

2
(assuming that ∆φ ∝ v̄). Fig. 4E shows Dfast vs.

∆φ
2

plot, yet disappointingly there was still no correlation,
indicating the inability of Dfast to accurately report on blood
speed. However, this also may be an inappropriate comparison
since the relationship Dfast = v̄2∆/6 is only valid when
δ � ∆, which is only partially the case in this experiment
(δ = 2.2 ms, ∆ = 9 ms). Increasing the time between gradient
pulses might improve these correlations.

To separate the perfusion and diffusion components in the
MR signal, and ultimately accurately measure f , Dfast must
be considerably higher than Dslow [15]. Therefore, it is quite
surprising that a robust correlation was found between VVD
and f (Fig. 3) but not between ∆φ and Dfast (Fig. 4D-E).
To make sense of this consider that while Dfast has been
accurately measured in phantom studies [48], in real in-vivo
tissue its determination has proven to be much more difficult
[40], [49]. Studies have indicated that precise estimation of
Dfast demands very high SNR, whereas f can be measured
well at comparably lower SNR [40], [49], [50]. To quantify
the uncertainties associated with fitting each of the IVIM
parameters in this experiment, the predictions of a Monte
Carlo fitting simulation are shown in Fig. 5, where the average
values of the IVIM parameters from our dataset were used
( f = 0.14,Dslow = 0.74 mm2/s, and D f ast = 7.79 mm2/s).
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The range of SNRs across all fitted voxels in this study was
measured to be 8-31; from Fig. 5, this suggests that D f ast had
approximately 10−25 times more error in its determined value
compared to f . An SNR value of 120 was required to achieve a
relative error in D f ast of <50%. Therefore, given the relatively
modest correlation dependence between VVD and the fairly-
accurately-determined f (r = 0.34, Fig. 3A), it is perhaps not
surprising that in the presence of much larger uncertainty in
D f ast, there were no correlations identified between it and ∆φ
(nor with any other optical ground-truth microvascular metric).

IV. STUDY LIMITATIONS AND FUTURE WORK

Our IVIM Monte Carlo fitting simulation results indicated
that the lack of correlation between Dfast and ∆φ was likely due
to SNR limitations of IVIM, specifically in its uncertainty for
Dfast estimation (Fig. 5). The modest tissue thickness and com-
plex geometry of the DSWC made it challenging to achieve
high SNR images for several reasons. First, in the absence of
a local RF receiver coil integrated into the DSWC, a larger
(86 mm) diameter RF coil was required to accommodate the
scan bed, mouse, and window chamber. This design inherently
reduces the SNR. Second, a practical limitation of the scan
time to a one-hour acquisition prevented SNR improvements
by data averaging or imaging parameter modification. This
long scan time was required to implement multi-b-value DWI
with a 2DFT readout, rather than with echo-planar imaging. A
2DFT readout was required to spatially resolve the tumour and
reduce distortions for accurate optical to MR coregistration.
For future preclinical work, it is suggested that a local receive
coil be designed for the window chamber to improve the SNR
[51].

From these findings and those of others [40], [49], [50], it
seems infeasible to achieve accurate measurements of Dfast in-
vivo preclinically or in the clinic due to SNR limitations. Our
results do support the use of solely acquiring large b-value
images (> 200 s/mm2) to calculate f and Dslow. This protocol
modification would significantly reduce the imaging time
requirements, making it more useable in a busy clinical setting.
Many groups have already resorted to this methodology [52],
[53]. In the context of cancer radiotherapy, measuring f may
enable detection of potentially hypoxic regions which could
enable treatment personalization via dose painting [6] or frac-
tionation adjustments [7]. f may also prove to be an important
parameter for longitudinally quantifying the effects of vascular
targeting agents, which could help inform clinicians on the
optimal timing of adjuvant therapies [9]. More advanced MR
imaging methods may be needed to increase the SNR to
accurately measure D f ast. These include using higher field
strength MR systems, more sensitive radiofrequency coils, or
perhaps AI-based denoising methods [54].

Aside from SNR limitations, the IVIM signal may be better
modeled by considering two vascular pools: capillaries with
slow flow and larger vessels with faster flow as described
by Fournet et al. [55]. This model includes measurements of
D f ast and f for each of the flow compartments (thus two
D f ast and two f determinations) [56]. While this may be
a more suitable description of the IVIM signal (potentially

leading to improved D f ast microvascular correlations), the
robustness and suitability of data fitting using a 4-parameter
model must be carefully evaluated. Tensor IVIM evaluation is
also an important future research direction given that the IVIM
signal may be directionally dependent [57]; however, this was
not explored due to animal welfare considerations during the
already long (61 minutes) 3-gradient direction acquisition used
here.

The 3D imaging capabilities of svOCT provide a useful
preclinical platform to study other assumptions of the IVIM
model, for example that capillaries are randomly orientated in
3D. To test this, the vessels may be skeletonized and the ori-
entation distribution function [58] could be used to determine
the degree of randomness and possible anisotropy. Future work
could seek to identify how different vessel orientations impact
the IVIM signal and resultant micro-macro correlations.

For high-resolution optical imaging with OCT, capillary
velocimetry still remains challenging. The low velocities and
low backscattered signal arising from individual red blood
cells in capillaries restrict the detection limits of DOCT. The
angle dependence of the Doppler effect is another limitation,
with signal disappearance (to first order) in perpendicular-to-
the-imaging-beam flow direction. The colour Doppler method
presented here thus represents the average axial component
of the velocity vector, and the true 3D nature of the tumour
microvascular geometry and flow, even if corrected a posteri-
ori, can still introduce uncertainty [30]. Since D f ast is sensitive
to blood flow in all directions, its comparison with only the
average axial component of the blood speed (∆φ), as reported
by doppler OCT, may help explain the lack of correlation
here.

We chose a pancreatic adenocarcinoma cell line because it
presents a highly heterogenous tumour microvascular network
[59] potentially representative of a broad range of cancers.
This vascular heterogeneity is demonstrated in the wide
range of measured VVD values ranging from 0.05 to 0.5
(Fig. 3A). The results presented here indicate that IVIM’s f is
able to differentiate between this wide range of VVD values
which is promising for its use in various tumour sites that
have different levels of vascularity. But generalizability of the
findings must await more studies with different tumour types
and anatomic locations. In practical terms, the DSWC model
is very advantageous since bulk tissue motion is minimized
as the tumour is away from the mouse body and can be fixed
to the MR bed/imaging stage [27]. However, motion artifacts
will be an important consideration for other practical imaging
arrangements. For example, future studies should explore
the adaptation of this intermodality registration protocol to
more biologically realistic scenarios such as the orthotopic
abdominal window chamber model [60].

Studies have investigated using IVIM-MRI to longitudinally
monitor the tumour microvascular network to treatments by
comparing with histology [61] and other perfusion MRI meth-
ods [62]. The plastic DSWC design explored here provides a
useful methodology to accurately perform longitudinal svOCT-
validated IVIM-MRI, for example in monitoring the response
of normal and pathologic tissues to different vascular targeting
treatments [27].
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V. CONCLUSION

To our knowledge, this is the first direct in-vivo quantitative
spatial comparison between IVIM-MRI and high-resolution
3D optical imaging. Significant positive correlations were
noted between VVD (measured with svOCT) and f (measured
with IVIM-MRI); this MR perfusion metric also correlated
with several other optically-measured variables. These corre-
lations strengthen the case for using IVIM-MRI in the clinic
to quantify tissue microvasculature by linking its metrics
to underlying microvascular properties. However, if one is
willing to use contrast agents, contrast enhanced perfusion
MR methods likely offer more accurate measurements and
stronger linkages to underlying microvascular properties [26].
If using contrast enhanced MRI, one should consider patient
contraindications for contrast [11], the risk of Gadolinium
deposition [11], and potential reproducibility uncertainties
[12]. IVIM’s Dfast was not correlated with any optically-
reported measure of blood microvasculature; corresponding
Monte Carlo simulations highlighted the requirement for high
SNR images for accurate Dfast determination. These finding
suggest that acquiring high b-value images to measure f
only is the likely practical approach, with the added benefit
of reducing patient scan time. Overall, these direct compar-
isons of IVIM metrics with the underlying 3D microvascular
parameters determined with OCT provide useful ground-truth
interpretations of MR perfusion measurements.
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