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Abstract

Background: Multicompartmental modeling outperforms conventional DWI in the assessment
of prostate cancer. Optimized multicompartmental models could further improve the detection and
characterization of prostate cancer.

Purpose: To optimize multicompartmental signal models and apply them to study diffusion in
normal and cancerous prostate tissue /7 vivo.

Study Type: Retrospective.

Subjects: 46 patients who underwent MRI examination for suspected prostate cancer; 23 had
prostate cancer and 23 had no detectable cancer.

Field strength/Sequence: 3T multi-shell diffusion-weighted sequence.

Assessment: Multicompartmental models with 2-5 tissue compartments were fit to DWI data
from the prostate to determine optimal compartmental ADCs. These ADCs were used to compute
signal contributions from the different compartments. The Bayesian Information Criterion (BIC)
and model-fitting residuals were calculated to quantify model complexity and goodness-of-fit.
Tumor contrast-to-noise ratio (CNR) and tumor-to-background signal intensity ratio (SIR) were
computed for conventional DWI and multicompartmental signal-contribution maps.

Statistical Tests: ANOVA and two-sample t-tests (a=0.05) were used to compare fitting
residuals between prostate regions and between multicompartmental models. T-tests (a=0.05)
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were also used to assess differences in compartmental signal-fraction between tissue types and
CNR/SIR between conventional DWI and multicompartmental models.

Results: The lowest BIC was observed from the 4-compartment model, with optimal ADCs of
5.2e-4, 1.9e-3, 3.0e-3, and >3.0e-2 mm?/s. Fitting residuals from multicompartmental models were
significantly lower than from conventional ADC mapping (P<0.05). Residuals were lowest in the
peripheral zone and highest in tumors. Tumor tissue showed the largest reduction in fitting residual
by increasing model order. Tumors had a greater proportion of signal from compartment 1 than
normal tissue (P<0.05). Tumor CNR and SIR were greater on compartment-1 signal maps than
conventional DWI (P<0.05) and increased with model order.

Data Conclusion: The 4-compartment signal model best described diffusion in the prostate.
Compartmental signal-contributions revealed by this model may improve assessment of prostate
cancer.

Keywords

Restriction spectrum imaging; Multi-shell diffusion weighted imaging; Diffusion signal model;
Prostate cancer

Introduction

While biopsy is the standard technique for diagnosing prostate cancer, it is prone to
sampling errors that can significantly impact risk stratification and treatment (1, 2).
Multiparametric MRI has become a useful tool for improving diagnostic capabilities, aiding
in the detection and characterization of prostate tumors, as well as providing image guidance
for biopsy and focal intervention (3-6). A critical component of multiparametric MRI is
diffusion-weighted imaging (DWI), which measures the diffusion properties of water at a
microscopic level to assess tissue microstructure (7).

On conventional DWI, cancerous lesions are characterized by decreased apparent diffusion
coefficients (ADCs) compared to normal prostate tissue (3). However, the expected changes
in ADC that accompany cancer are often confounded by edema or necrosis (8) and may not
be detectable from ADC maps alone (9). It is particularly difficult to identify cancer in the
transition zone of the prostate due to the common occurrence of benign prostatic hyperplasia
(BPH), which exhibits DWI signal and ADC characteristics similar to that of tumors (10,
11).

Restriction spectrum imaging (RSI) is a multicompartmental approach to DWI that employs
a multi-shell diffusion acquisition and high b-values to account for cellular geometry and
compartmentalization (8, 12, 13). RSI and other multicompartmental DWI methods (14, 15)
model the diffusion-weighted signal as a linear combination of exponential decays, with the
individual decay-curves corresponding to different tissue compartments. The ADC value of
each compartment is fixed, and variation in diffusion signal between voxels is, therefore,
interpreted as variation in the proportion of each tissue compartment comprising the total
diffusion signal. Fixing compartmental ADC values enables linearization of the DWI signal
decay and rapid discrimination of the different tissue compartments within each voxel (12).
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Meaningful assessment of prostate cancer with RSI requires that the number of signal-model
compartments and their corresponding ADC values accurately characterize the diffusion
properties of both normal and cancerous prostate tissue. Previous studies demonstrated
improved discrimination between normal and cancerous prostate tissue using simple 2-
compartment RSI models, with fixed ADC values corresponding to restricted and free
diffusion of water (16—19) but stopped short of determining optimal ADC values or
comparing it to higher-order models with additional tissue compartments. Optimizing the
number of tissue compartments and associated ADCs of the RSI signal model could lead to
improved characterization of prostate cancer and better discrimination of tumors in
radiographically-complex regions like the transition zone.

This study aimed to optimize multicompartmental RSI models and apply them to study the
diffusion properties of normal and cancerous prostate tissue /17 vivo.

Materials and Methods

This retrospective study was approved by the local institutional review board (IRB). A
waiver of consent was obtained from the IRB to access patient MRI data and other clinical
records. Forty-six patients who underwent MRI examination for suspected prostate cancer
were included. As part of this examination, routine clinical scans were performed and
assessed in accordance with version 2 of the Prostate Imaging Reporting and Data System
(PI-RADS v2) (3). Any lesions suspicious for prostate cancer were defined and reported on
the clinical images by board-certified radiologists with sub-specialization in abdominopelvic
imaging. Lesion contours were defined in DynaCAD (Philips, Best, Netherlands) and
imported in the UroNav MRI/ultrasound guided fusion biopsy system (Philips, Best,
Netherlands) for transrectal targeted biopsy. Systematic 12-core biopsy of the prostate was
also performed in the same session as targeted biopsy, and the location of each tissue sample
was recorded to enable correspondence between histology and imaging. The presence of
prostate cancer in these tissue samples and the corresponding Gleason Grade groups were
determined via routine clinical histopathologic analysis by board-certified pathologists.

This evaluation determined that 23 patients (age: 6449 years; PSA: 9.5+7.5 ng/mL) had
cancerous lesions in the prostate. Seventeen lesions were located (radiographically) in the
peripheral zone of the prostate, 4 were located in the transition zone, and 2 extended into
both the peripheral and transition zones. The PI-RADS v2 scores for these lesions ranged
from 3 to 5, with 13 lesions scored as a 5, 8 lesions scored as a 4, and 2 lesions scored as a 3.
Gleason Grade groups reported for the lesions ranged from 1 to 5, with 4 lesions scored as a
5, 1 lesion scored as a 4, 7 lesions scored as a 3, 8 lesions scored as a 2, and 3 lesions scored
as a 1. A detailed summary of these clinical findings is presented in Table 1.

Biopsy results were cancer-negative from 21 patients. Two patients were not biopsied but
had PI-RADS v2 lesion scores of 1 and 2 and were presumed cancer free, for a total of 23
patients without detectable cancer (age: 64+11 years; PSA: 12.2+23.8 ng/mL).
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MRI data acquisition

All MR imaging was performed on a 3T clinical scanner (Discovery MR750; GE
Healthcare, Waukesha, WI) using a 32-channel phased-array body coil surrounding the
pelvis. Routine clinical scans were first acquired in accordance with PI-RADS v2
specifications (3). Axial DWI volumes (TR: 3900 ms, TE: 65 ms, matrix 160x160, FOV:
260 mm, slices: 30, slice thickness: 5 mm) were acquired at b-values of 50 and 1000 s/mm2,
and an ADC map was automatically generated from these DWI volumes by the scanner
software. A LAVA-flex pulse sequence (20) was used to acquire axial T1-weighted water-
only and fat-only pelvic volumes (TR: 4.12 ms, TE: 1.7 ms, flip angle: 12°, matrix:
320x224, FOV: 320 mm, slices: 104, slice thickness: 4 mm). Dynamic contrast-enhanced
(DCE) MRI was performed using a time-resolved imaging of contrast kinetics (TRICKS)
(21) protocol that acquired 32 frames with a temporal resolution of one frame every 7
seconds (TR: 4.6 ms, TE: 2.1 ms, flip angle: 30°, matrix: 256x168, FOV: 220 mm, slices:
32, slice thickness: 3 mm). Baseline-subtracted volumes were automatically generated from
TRICKS data by the scanner software. These clinical datasets were retained as a reference to
aid in the definition of tissue contours on RSI acquisitions, but were not otherwise evaluated
as part of this study.

For RSI, an axially-oriented multi-shell DWI volume was acquired for each patient that
sampled 5 b-values (0, 200, 1000, 2000, and 3000 s/mm?2) at 6 unique diffusion-encoding
gradient directions (default tensor directions, one average per direction, &: 25 ms, A: 37 ms,
TR: 5000 ms, TE: 80 ms, resolution: 2.5%2.5 mm, matrix: 96x96 resampled to 128x128,
slices: 34, slice thickness: 3 mm, fat saturation: spatial-spectral, parallel imaging: none,
acquisition time: 5 min). The b = 0 s/mm? volumes were acquired using both forward and
reverse phase encoding to allow for correction of distortion caused by BO inhomogeneity
(22). As an anatomical reference, a T2-weighted volume was acquired with scan coverage
identical to that of the multi-shell DWI volume (TR: 6225 ms, TE: 100 ms, resolution:
0.75x0.75 mm, matrix: 320320 resampled to 512x512, slices: 34, slice thickness: 3 mm,
fat saturation: off, acquisition time: 5 min).

RSI MRI data post-processing

All post-processing and analysis of MRI data was performed using custom programs written
in MATLAB (The MathWorks, Inc; Natick, MA). The multi-shell DWI volumes were first
corrected for distortions due to BO inhomogeneity, gradient nonlinearity, and eddy currents
(12, 22). Because noise in MR images can bias estimated DWI parameters (18, 23), signal
intensity in the multi-shell DWI volumes was corrected to account for the presence of the
noise floor (18). Briefly, the mean background signal intensity of each volume was
estimated and then subtracted from the observed signal intensity of each voxel to obtain the
corrected signal intensity (Scorr). Isotropic diffusion in the prostate was assumed, so the 6
directional diffusion volumes at each b-value were averaged together. For comparison
against RSI, conventional ADC maps were computed from this DWI data by fitting the
signal at b-values 0 and 1000 s/mm? to a monoexponential signal decay model.

All tissue contouring was performed by a radiation oncologist (C.H.F.; 3 years of experience
contouring images) and reviewed for accuracy by two board-certified radiologists (M.E.H.
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and R.R.P.; 6 and 3 years of experience reviewing contours, respectively) using MIM
software (MIM Software, Inc; Cleveland, OH). For patients without cancer, regions of
interest (ROIs) were defined to include the entire prostate and seminal vesicles. To allow for
examination of signal from different anatomical regions, separate sub-ROIs were also
defined over the peripheral and transition zones of the prostate, as well as the seminal
vesicles. For patients with prostate cancer, ROIs were defined over the tumor in agreement
with standard-of-care clinical assessment: lesion signal intensity on all available imaging
modalities (principally T2-weighted and DWI) was considered alongside pathologic findings
to determine the extent of the tumor ROI. All ROIs were examined by the two radiologists
and, if necessary, the contours were adjusted to achieve consensus between readers. The
finalized ROIs were then exported as binary masks in a MATLAB-readable format.

Multicompartmental RSI modeling

The RSI model is defined by the following formula:

K

—bD;

Scorr(b) = Z Cie !
i=1

where S¢or(b) denotes the noise-corrected DWI signal at a particular b-value, K is the
number of tissue compartments, C; is a unit-less weighting factor describing the contribution
of a particular compartment to the overall signal, and D;j is the compartmental ADC. By
convention, the compartments are ordered from lowest to highest ADC, such that the first
compartment (C1) describes the most restricted class of diffusion. To determine optimal K
and D;j values for the prostate, a global fitting of the model to the multi-shell DWI data from
all voxels within all ROIs (normal+cancer tissue; >200,000 voxels) was performed, with K
ranging from 2 to 5 (the maximum number of compartments was limited to the number of b-
values employed during image acquisition). For each K value, model fitting was performed
using a simplex search method (24) to minimize a quadratic (convex) cost function that
quantifies the difference between observed and model-predicted signal values for all voxels
simultaneously. To compute the cost function for a given set of D; values, a nonnegative
least-squares optimization (25) was necessary to estimate the corresponding C; values and
generate the model-predicted signal values. Minimizing this cost function returned optimal
D; values for each of the K compartments of the model. Once optimal RSI models were
determined, tissue signal-contribution (C;) maps were computed for each patient via
nonnegative least-squares fitting of the model to the signal-vs-b-value curve from each
voxel. Computation time for these voxel-wise signal-contribution maps was 0.59 + 0.01 s/
patient on a desktop computer with 64 GB RAM and an 8-core, 2.40 GHz CPU (Intel Xeon
E5-2630 v3).

Fractional signal contribution or “signal fraction” was computed from the signal contribution
by normalizing the C value for each compartment by the sum of C values for all

compartments in the model: ¢,/ >X_ | ¢;. This normalization eliminates T2, proton density,
and scanner-dependent scaling effects that limit comparisons across patients.
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Statistical analysis

To assess the variance of the D; parameters estimated from RSI model fitting, 1000 iterations
of bootstrapping were performed by randomly resampling the DWI signal data at the patient
level and re-fitting the RS1 models to the resampled data. 95% confidence intervals for each
D; value were then computed from the bootstrapped parameter distributions.

To determine how well the various multi-compartmental RSI models described the prostate
diffusion data, the Bayesian Information Criterion (BIC; (26)) was computed for each model
as follows:

BIC=1In(N)-K+N - ln(%)

where N is the sample size (taken to be the number of patients in this study — 46), K is the
number of tissue compartments in the model, and R is the model-fitting’s sum of squared
residuals. The relative BIC (ABIC) for each RSI model was calculated: AB/C = BIC; -
BICpin Where BIC; is the BIC value of a particular model and BICjp, is the minimal BIC
observed from any of the models.

Relative fitting residual (percent variance of the difference between model-predicted and
measured signal) was recorded from 1000 bootstrap iterations of model-fitting with patient-
level resampling to assess each model’s goodness-of-fit. Paired t-tests (a=0.05) were used to
determine if the fitting residuals from RSI models were smaller than those from
conventional ADC mapping. For the optimal RSI model with lowest ABIC, one-way
analysis of variance (ANOVA) was performed to check for any significant variation in fitting
residual between anatomical regions of the prostate (peripheral and transition zones, seminal
vesicles, and tumors). If significant variation between regions was detected, two-sample t-
tests (a=0.05) were performed to ascertain which specific regions were significantly
different. Compartmental signal fractions were compared between normal tissues (peripheral
zone, transition zone, seminal vesicles) and tumors using two-sample t-tests (a.=0.05).

To quantify tumor prominence on the conventional DWI images (ADC maps and trace DWI
images at each b-value) and RSI C; maps, tumor contrast-to-noise ratio (CNR) and signal
intensity ratio (SIR) were computed. CNR was calculated as the absolute difference in mean
signal between the tumor and surrounding parenchyma, normalized by the standard
deviation of the non-tumor signal. SIR was defined as the ratio of mean signal in the tumor
to mean signal in the surrounding parenchyma, and has previously been used as a measure of
tumor conspicuity (8). CNR and SIR were compared between the conventional DWI images
and RSI C1 maps using paired t-tests (a=0.05). CNR and SIR were also compared between
the C1 maps of RSI models with different numbers of compartments using paired t-tests
(ac=0.05). The hypothesis testing described above was all performed at the ROI-level (rather
than the voxel level), meaning that voxel-wise estimates were averaged within each ROI
prior to comparison.
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Optimal ADC values and 95% confidence intervals are listed in Table 2 for the different RSI
models, alongside the relative BIC (ABIC) for each model. ABIC values were substantially
lower for the 4- and 5-compartment models than for the 2- and 3-compartment models, with
the 4-compartment model yielding the lowest BIC value overall. Figure 1 compares the
bootstrapped distribution of fitting-residuals between conventional ADC mapping and the
different RSI models. In normal prostate tissue, the fitting residuals from any of the RSI
models was significantly lower than the residuals from conventional ADC mapping (P <
0.05). In tumor tissue, fitting residuals from the 3-, 4-, and 5-compartment RSI models were
significantly lower than the residuals from conventional ADC mapping (P < 0.05). One-way
ANOVA and subsequent pairwise t-tests indicated that fitting residuals from the 4-
compartment model varied significantly between each of the different anatomical regions of
the prostate (P < 0.05 for ANOVA and all pairwise t-tests). Mean fitting residual (in percent
variance) was lowest in the peripheral zone (0.05 %), followed in ascending order by the
mean residual in the transition zone (0.06 %), seminal vesicles (0.10 %), and tumors (0.11
%). Overall, an improved fit to the data (i.e., reduced fitting residual) was observed with
increasing RSI model order. As model order increased from 2 to 5 compartments, the fitting
residual decreased by 0.15 % across all voxels, 0.11 % in the peripheral zone, 0.11 % in the
transition zone, 0.14 % in the seminal vesicles, and 4.57 % in tumors. Tumor tissue showed
the largest reduction in fitting residual by increasing model order.

Signal contribution (C;) maps that were computed from the optimized RSI models are shown
in Figure 2 for a subject with a primary tumor in the transition zone. The compartmental
signal fractions of different tissues are quantified in Figure 3. Across all models, prostate
tumors showed a significantly greater (P < 0.05) proportion of signal from compartment Cq
than was observed in normal tissue. With the 4- and 5-compartment RSI models, the fraction
of signal from C, was also significantly higher (P < 0.05) in tumors compared to normal
tissue, while that of C3 was significantly lower (P < 0.05). The signal fractions from both C3
of the 3-compartment model and C,4 of the 4-compartment model were significantly lower in
tumors than in any region of normal prostate tissue (P < 0.05 for both comparisons).

Among normal tissues, the peripheral zone and transition zone had substantially different
signal-fraction profiles. For all models, the C4 signal fraction was significantly greater (P <
0.05) in the transition zone than the peripheral zone. In the 2- and 3-compartment models,
the C, signal fraction was significantly larger in the peripheral zone (P < 0.05). In the 4- and
5-compartment models, the C, signal fraction was significantly higher in the transition zone
(P < 0.05). The 4-compartment model showed a significantly greater proportion of signal
from Cs in the peripheral zone (P < 0.05). The signal proportions computed from the 5-
compartment model differed significantly between the peripheral and transition zones in
compartments Cs (P < 0.05) and C4 (P < 0.05). In the 4™ compartment of the 4-compartment
model and the 5" compartment of the 5-compartment model (which have the highest D;
values and correspond to the vessel images in Figure 2) the signal fraction from the
transition zone was significantly larger than from the peripheral zone (P < 0.05). None of the
compartmental signal fractions were significantly different between the peripheral zone and
seminal vesicles (P > 0.1 for all comparisons of all models).
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Figure 4 compares tumor CNR and SIR from conventional DWI images to those from the C;
maps of the optimized RSI models. CNR from RSI models with 3, 4, or 5 compartments was
significantly higher than CNR from conventional ADC mapping (P < 0.05) or any of the
trace DWI images (P < 0.05). CNR increased significantly when RSI model order increased
from 2 to 3 compartments (P < 0.05), and from 3 to 4 compartments (P < 0.05). SIR from
any of the RSI models was significantly greater than the SIR from the conventional ADC
map (P < 0.05) or any of the trace images (P < 0.05). Tumor SIR on the RSI C; map
generally increased with the number of model compartments. The increase in SIR from 2 to
3 compartments was statistically significant (P < 0.05), as was the increase in SIR from 3 to
4 compartments (P < 0.05).

Discussion

In this study, we evaluated different RSI models to determine an optimal characterization of
diffusion properties in both normal and cancerous prostate tissue. The diffusion properties
(Dj) of each model were determined through simultaneous, global fitting to diffusion-signal
data from 46 clinically-representative patients (over 200,000 voxels). Unlike more
conventional DWI1 analysis that examines only the averaged signal within pre-identified
lesion ROIs (27-29), our approach considers the diffusion properties of every tissue voxel,
whether it is cancerous or not, throughout the entire prostate and seminal vesicles. Other
multi-shell DWI methods have examined diffusion at the voxel level (14, 15), but the RSI
approach employing fixed, globally-optimal D; values enables more stable estimates than
can be achieved with fully-independent model fitting at each voxel. Enhanced estimation
stability is particularly important when fitting higher-order multicompartmental models as
was done in this study.

To examine how RSI fits into the broader context of prostate MR, it is important to
recognize that RSI and many other modeling approaches are all specific implementations of
a broader multicompartmental framework. These implementations differ principally in the
number of model compartments, whether the compartmental diffusion coefficients are free
parameters or fixed, and whether the model describes the normalized or unnormalized DWI
signal. The intravoxel incoherent motion (IVIM) model, for example, is a biexponential
signal-decay model with two freely varying diffusion coefficients per signal curve: a slow
component representing true diffusion in tissue and a fast pseudo-diffusion component that
accounts for perfusion in the vascular network (30). By contrast, RSI does not explicitly
prescribe a particular number of compartments (here we empirically determined that 4
compartments are appropriate for prostate imaging), and the compartmental diffusion
coefficients are fixed across voxels. RSl and IVIM are also generally applied to study
different aspects of physiology. IVIM aims to quantify fast-flowing (very high ADC) fluid in
the vasculature and therefore requires sampling of the DWI signal at very low b-values (<
100 s/mm?) (31), while RSl is primarily concerned with restricted diffusion (very low ADC)
in tumors and as a result requires sampling at very high b-values (= 2000 s/mm?) (12). The
“Vascular, Extracellular, and Restricted Diffusion for Cytometry in Tumors” (VERDICT)
framework models DWI signal similarly to RSI. It specifies a 3-compartment model that
represents signal contributions from restricted diffusion within cells, hindered diffusion
within the extracellular-extravascular space, and pseudo-diffusion (flow) within blood
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vessels (14, 32). This a priori decomposition of the DWI signal turns out to be quite similar
to that of the 3-compartment RSI model empirically determined in this study (D1: 8.7¢e-4,
D,: 2.6e-3, D3: 9.1e-3 mm?/s). Although the diffusion coefficients of the VERDICT model
compartments are allowed to vary freely, in practice they may be fixed as with RSI in order
to enhance model-fitting stability (32). The precise mathematical forms of the VERDICT
compartments may also vary from the RSI compartments outlined here, but they nonetheless
seek to examine the same aspects of tissue microstructure. Techniques such as luminal water
imaging (33) and Hybrid Multidimensional MRI (15) are significant departures from the RSI
approach presented here because they acquire image data at multiple echo times in order to
measure T2 within different tissue compartments. T2 effects can be readily incorporated into
RSI through addition of an exponential decay term dependent on T2 and echo time, resulting
in a model similar to that of Hybrid Multidimensional MRI (minus the histological
interpretation of the different compartments (15)). Unfortunately, lacking data acquired at
multiple echo times that are necessary to investigate T2, we must reserve any direct
comparisons between these techniques and RSI for future work. DWI signal normalization is
enforced by all of these models except RSI. Normalization allows for easier physiological
interpretation of results by converting signal contributions, generally dependent on proton
density and scanner-specific factors, into volume fractions related to the concentration of
specific cells or vessels, depending on the model (15, 30, 32). However, signal normalization
can produce visually noisy parameter maps that might limit the conspicuity of specific
features like tumors. For this reason, RSI signal contribution maps, like those shown in this
study, are generally left unnormalized to ensure high tumor visibility.

Compared to the monoexponential signal model widely used for conventional ADC
mapping, the multicompartmental RSI models examined in this study showed substantially
better fits (i.e., lower fitting residuals) to DWI data from the prostate. This aligns with the
results of previous studies that suggest the standard monoexponential model does not
adequately describe the diffusion characteristics of the prostate (15, 18, 32, 34, 35). While
P1-RADS specifies careful application of this model only over the range of b-values where
the DWI signal can be well-approximated by a monoexponential decay (~100-1000 s/mm?)
(3), synthetic DWI methods regularly use the monoexponential model to extrapolate DWI
signal far beyond this range (36, 37). Given the poor fit of the monoexponential model to
high-b-value DWI data in this study, it is likely that the standard monoexponential approach
to synthetic DWI introduces significant error into the extrapolated signal data and may need
to be reexamined.

Among the RSI models examined in this study, the lowest BIC was observed from the 4-
compartment model. This suggests that it provides the optimal characterization of diffusion
properties throughout the entire prostate and seminal vesicles. BIC is a more conservative
metric (biased towards model parsimony) than the Akaike information criterion (AlIC),
which is also commonly used to compare different models. A conservative information
criterion is an appropriate choice for this study since prevailing DWI models have relatively
few tissue compartments compared to what we examined here. Even the more advanced
approaches like VERDICT and Hybrid Multidimensional MRI are limited to only 3
compartments (14, 15). Overfitting was also a more likely pitfall for this study than
underfitting, since models with 5 or fewer compartments were fit to hundreds of thousands
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of voxels simultaneously, which reinforces the selection of a conservative information
criterion like BIC (38).

By examining the optimal Dj values for the 4-compartment model, we can begin to discern
the different types of diffusion that contribute to DWI signal in the prostate. The optimal D
value of compartment C1, 5.2e-4 mm?/s, is consistent with the characterization of restricted
diffusion from previous studies (12, 16-18). Compartment C- likely accounts for hindered
diffusion through the extracellular extravascular space (12, 39), having an optimal D of
1.9e-3 mm?/s. Compartment Cs, with an optimal D of 3.0e-3 mm?/s, reflects the free
diffusion of water (12, 40). Finally, the fourth compartment C4 considers rapid pseudo-
diffusion (IVIM flow effects (30)) with an optimal D much greater than that of free diffusion
(>3.0e-2 mm?/s). We were unable to estimate a precise D value for this pseudo-diffusion
component because the smallest non-zero b-value used for data acquisition (200 s/mm?) was
much too high for reliable measurement of the rapidly-decaying signal from vascular flow.
Precise estimation of this D value would require additional sampling of the DWI signal at b-
values less than 100 s/mm? (31).

Similarly, when we report a D value of 0 ssmm?, either as the point estimate for
compartment 1 of the 5-compartment model or as the lower-bound of the 95% confidence
interval for compartment 1 of the 3-, 4-, and 5-compartment models, we do not mean to
assert that there is no diffusion at all. Rather, we are stating that diffusion in this
compartment is too slow for us to measure given the relatively long diffusion time at which
data were acquired. There is evidence this compartment with D of “0” accounts for diffusion
of intracellular water (12, 41), but further investigation is needed to verify this directly. If
this compartment does in fact correspond to intracellular diffusion, it could potentially be a
more accurate measurement of restricted diffusion than estimates from previous studies
using RSI (16-19) or VERDICT (32), which likely included contributions from highly-
hindered or tortuous extracellular diffusion (42) in the reported “restricted diffusion”
compartment.

By fitting an RSI model to multi-shell diffusion data from the prostate, the distribution of
signal among the various tissue compartments is revealed. This distribution may provide
insight into the cytostructural changes that accompany prostate cancer development. Of
particular interest is the signal contribution from compartment 1, i.e., the compartment with
lowest diffusion coefficient D. Previous RSI studies (16—19) have linked increased signal
from this compartment to increased tissue cellularity, an important prognostic indicator for
prostate cancer (19, 43). Here we showed that the signal contribution from compartment 1
was significantly higher in tumors than in normal prostatic tissue, in agreement with those
previous findings. Recent work by Chatterjee ef al. (15) suggests that diffusional changes
accompanying prostate cancer result from an increase in epithelial cell partial volume, rather
than a just simple increase in tissue cellularity. Increased signal contribution observed in
compartment 1 of tumors may therefore be attributed to a cancer-induced proliferation of
tightly packed epithelial cells, but thorough histological examination would be necessary to
verify this hypothesis.
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Whatever the biophysical interpretation, it is clear that signal from RSI compartment 1 is
enriched in tumors and may be helpful in the discrimination of prostate cancer. Such
potential is highlighted by the significant increase in tumor CNR and SIR on RSI C; maps
compared to conventional DWI. Improvement in CNR and SIR with RSI is driven in part
from the reduction of signal in the parenchyma surrounding the tumor, which may help to
discriminate between cancerous and benign tissue in radiographically-complex regions like
the transition zone. Benign factors like BPH often decrease ADC in the transition zone and
make identification of transition-zone tumors on conventional ADC maps difficult. By
contrast, Cq maps of the 4- and 5-compartment RSI models show almost no signal from
benign tissue in the transition zone. This suppression of benign signal is a clinically-relevant
benefit that could potentially outweigh the increase in scan time required to obtain data at
the additional b-values needed to implement these models. Furthermore, higher order (4- and
5-compartment) models provide increased resolution that reveals diffusion-signal
heterogeneity within tumors that is not apparent with simpler models. Tumor signal
contributions from different model compartments may reflect different histological aspects
of cancer progression, but this requires further investigation.

Finally, it should be mentioned that the RSI model-optimization procedure outlined here can
be readily applied to tissues other than the prostate. As a straightforward extension of this
study, we optimized RSI models for all tissues included in the original imaging volume, not
just the prostate and seminal vesicles (see Supplementary Material online). We hypothesize
that such models will better characterize the diffusion of both normal and malignant tissue
throughout the body, potentially leading to improved identification of cancer in tissues
beyond just the prostate. Future work will focus on leveraging these models to develop
automated cancer screening methods.

The generalizability of our findings may be limited since data was obtained from a relatively
small number of subjects at a single institution. However, the subjects that were included are
largely representative of the broader clinical population, and there was sufficient statistical
power for the reported hypothesis testing. Another limitation is that this study evaluated the
different models only in terms of their ability to fit diffusion data (i.e., using BIC and fitting
residual) and not their actual sensitivity and specificity for prostate tumors. While the
higher-order models showed a better fit to the diffusion data, it is not clear whether they
would outperform simpler models in terms of classifying tissue as cancerous or benign.
Nevertheless, the results of this current study are still valuable for developing a
comprehensive model of diffusion in the prostate. Subsequent studies will evaluate RSI
models for prostate cancer screening specifically. Finally, stronger conclusions could be
drawn regarding the microstructural components underpinning RSI signal compartments if
we had more comprehensive tissue samples available for this study (ideally whole-mount
prostate sections). However, such extensive histology was not necessary for this study since
our primary aim was to broadly characterize diffusion in both normal and cancerous prostate
tissue, not to investigate specific radiologic-pathologic correspondence.
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A 4-compartment RSI model with compartmental D values of 5.2e-4, 1.9e-3, 3.0e-3, and
>3.0e-2 mm?/s provides a comprehensive characterization of the diffusion properties in both
normal and cancerous prostate tissue. Compartmental signal-contributions revealed by this
model may help to discriminate tumors from healthy prostatic tissue and assess the
microstructural changes that accompany prostate cancer development.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Model-fitting residual by tissue
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Figure 1:

RSI model-fitting residual by tissue type. Each bar shows the mean and standard deviation
of 1000 bootstrap estimates of the fitting residual for a particular model and tissue type. A
significant decrease in fitting residual compared to conventional ADC mapping is indicated
by an asterisk (*). Double daggers (1) denotes a significant difference in fitting residual from
the 4-compartment model (the model with lowest ABIC) between the different anatomical
regions of the prostate. Whole: whole prostate plus seminal vesicles, PZ: peripheral zone of
the prostate, TZ: transition zone of the prostate, SV: seminal vesicles.
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T2-weighted

ADC map Trace b 0 s/mm?

Peripheral zone

Transition zone

: Tumor
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Axial images of the prostate from a patient with a primary tumor (red arrow) in the transition
zone (PI-RADS v2 score: 5, Gleason Grade group: 2). The top row details tissue contours
defined on the axial slice shown here, overlaid on both a high-resolution T2-weighted image
and lower-resolution DWI images. Conventional DWI images are shown in the second row,
with RSI signal-contribution maps (C;) calculated from the optimized models in the
following rows. The corresponding D; of each compartment is listed in parentheses next to
the compartment label. The tumor appears as a bright region of the C; map of each model.
Note the reduction of signal in surrounding parenchyma as model order increases,
particularly of benign signal in the transition zone. The 4- and 5-compartment RSI models
show tumor signal contributions from multiple compartments, revealing diffusion-signal
heterogeneity within the tumor that is not apparent in the conventional ADC map.
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Compartmental signal fractions of different tissues for each RSI model. The height of each
bar indicates the mean signal fraction across all subjects, with the overlaid error bar
indicating the standard deviation. An asterisk (*) over a bar indicates that the signal fraction
in this compartment is significantly different in tumors compared to normal tissue
(peripheral zone, transition zone, or seminal vesicles). Double daggers (1) indicate a
significant difference in signal fraction between the transition and peripheral zones. Signal
fractions were not significantly different between the peripheral zone and seminal vesicles.
PZ: peripheral zone of the prostate, TZ: transition zone of the prostate, SV: seminal vesicles.
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Tumor signal intensity ratio: RSI C, map
5!

+
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Tumor contrast to noise ratio (CNR) and signal intensity ratio (SIR) on conventional DWI
images and C; maps of optimized RSI models. The dashed horizontal line marks the 1:1
tumor:parenchyma CNR or SIR. The upper and lower bounds of each box indicate the
interquartile range of CNRs/SIRs from all patients with tumors, while the horizontal line
within each box denotes the median CNR/SIR. The whiskers mark the minimum and
maximum CNRSs/SIRs, excluding any outliers which are marked by a “+”. An asterisk (*)
indicates that tumor CNR/SIR is significantly higher on RSI C4 maps than conventional
ADC maps. Double daggers (¥) denotes a significant increase in CNR/SIR compared to the
trace DWI images at any b-value. A section mark (8) indicates a significant increase in

tumor CNR/SIR compared to the RSI model with one fewer compartment.
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Table 1:
Clinical findings from the 23 patients with prostate lesions included in this study.
PI-RADS : - . Gleason .
: : Radiologic lesion PSA : Clinical
Subject | Age V2 lesion y Grade Pathology Specimen Type .
score location (ng/mL) Group Risk Group
1 59 5 Right TZ and PZ 7.8 2 Biopsy (Systematic) FIR
. Biopsy (Systematic), Radical
2 54 5 Right PZ 10.6 3 Prostatectomy UIR
Biopsy (Systematic and
3 71 5 Right PZ and TZ 4.0 5 Targeted), Radical HR
Prostatectomy
4 72 5 Right PZ 5.7 2 Biopsy (Systematic) UIR
. Biopsy (Systematic), Radical
5 54 5 Right PZ 7.3 3 Prostatectomy HR
: Biopsy (Systematic), Radical
6 63 5 Right PZ 16.8 3 Prostatectory HR
7 74 5 Right PZ 29.3 5 Biopsy (Systematic) HR
Biopsy (Systematic), Radical
8 53 4 Left PZ 8.0 1 Prostatectory FIR
: Biopsy (Systematic and
9 66 4 Right PZ 8.7 3 Targeted) UIR
Biopsy (Systematic and
10 67 5 Left PZ 4.6 2 Targeted) FIR
Biopsy (Systematic), Radical
11 62 5 Left PZ 14.0 3 Prostatectory HR
Biopsy (Systematic and
12 74 4 Left PZ 44 3 Targeted), Radical UIR
Prostatectomy
Biopsy (Systematic), Radical
13 50 3 Left PZ 4.3 2 Prostatectomy HR
14 65 4 Right TZ 8.0 1 Biopsy (Systematic) LR
. Biopsy (Systematic and
15 81 5 Anterior TZ 8.5 2 Targeted) FIR
. Biopsy (Systematic), Radical
16 77 5 Right PZ 35 4 Prostatectomy HR
Biopsy (Systematic and
17 70 4 Left PZ 7.4 2 Targeted) FIR
Biopsy (Systematic), Radical
18 58 4 Left PZ 74 2 Prostatectomy UIR
19 62 4 Left PZ 5.0 1 Biopsy (Systematic) LR
Biopsy (Systematic and
20 68 4 Right PZ 5.9 5 Targeted), Radical HR
Prostatectomy
- . Biopsy (Systematic and
21 64 5 Midline to Right TZ 8.6 2 Targeted) FIR
22 51 5 Diffuse PZ 33.0 5 Biopsy (Systematic) VHR
. Biopsy (Systematic), Radical
23 51 3 Right TZ 54 3 Prostatectomy UIR

PI-RADS v2: Prostate Imaging — Reporting and Data System, version 2; PZ: peripheral zone of the prostate; TZ: transition zone of the prostate;
PSA: prostate-specific antigen; FIR: Favorable intermediate risk; UIR: Unfavorable intermediate risk; HR: High risk; VHR: Very high risk.
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Optimal compartmental apparent diffusion coefficient (D;) values for RSI models of the prostate. The 95%

confidence interval for each Dj value is shown in brackets. The relative Bayesian information criterion (ABIC)

describes how well each model fits the data, with a lower ABIC indicating a better fit.

Number of tissue

Optimal D; for each compartment (mm?2s)

Compartments 1 2 3 4 5 ABIC
2.0e-3 [1.66-3, 5.2¢-3 [3.9¢-3,
2 2.3e-3] >3e-2] 452
3 8.7e-4 [0, 1.3¢-3] g.g:zg][zse-a 2613]3 [6.8e-3, 118
) ) 1.9¢-3 [1.6e-3, 3.0e-3 [2.8¢-3, 3.0e-2 [L.26-2,
4 5.2¢-4 [0, 8e-4] 2.06-3] 3.0e-3] 3.0e-2] 0.0
1.3e-3 [1.2¢-3, 2.26-3[2.26-3, 31e3[3.1e3, | 3.0e-2[3.0e2,
5 010, 5.9e-4] 17e-3] 2.46-3] 3.3e-3] 3.06-2] 0.6

Dj: compartmental apparent diffusion coefficient.

J Magn Reson Imaging. Author manuscript; available in PMC 2022 February 01.



	Abstract
	Introduction
	Materials and Methods
	MRI data acquisition
	RSI MRI data post-processing
	Multicompartmental RSI modeling
	Statistical analysis

	Results
	Discussion
	Limitations
	Conclusion

	References
	Figure 1:
	Figure 2:
	Figure 3:
	Figure 4:
	Table 1:
	Table 2:

