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Abstract

A biomarker of cancer aggressiveness, such as hypoxia, could substantially impact treatment
decisions in the prostate, especially radiation therapy, by balancing treatment morbidity (urinary
incontinence, erectile dysfunction, etc.) against mortality. RS mapping with Mono-Exponential
(ME) decay modeling has shown potential for identifying areas of prostate cancer hypoxia at 1.5T.
However, Gaussian deviations from ME decay have been observed in other tissues at 3T. The
purpose of this study is to assess whether gradient-echo signal decays are better characterized by a
standard ME decay model, or a Gaussian Augmentation of the Mono-Exponential (GAME) decay
model, in the prostate at 3T. Multi-gradient-echo signals were acquired on 20 consecutive patients
with a clinical suspicion of prostate cancer undergoing MR-guided prostate biopsies. Data were
fitted with both ME and GAME models. The information content of these models were compared
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using Akaike’s Information Criterion (second-order, AlC¢), in skeletal muscle, the prostate central
gland (CG), and peripheral zone (PZ) regions-of-interest (ROIs). The GAME model had higher
information content in 30% of the prostate on average (across all patients and ROIs), covering up
to 67% of cancerous PZ ROIs, and up to 100% of cancerous CG ROIs (in individual patients). The
higher information content of GAME became more prominent in regions that would be assumed
hypoxic using ME alone, reaching 50% of the PZ and 70% of the CG as ME R} approached 40
s7L, R; mapping may have important applications in MRI; however, information lost due to
modeling could mask differences in parameters due to underlying tissue anatomy or physiology.
The GAME model improves characterization of signal behavior in the prostate at 3T, and may
increase the potential for determining correlates of fit parameters with biomarkers, such as of
oxygenation status.
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R} mapping with standard M ono-Exponential (ME) decay modeling has garnered interest for
identifying areas of prostate cancer hypoxia at 1.5T. We determined, on 20 patients undergoing
MR-guided prostate biopsy that, in large portions of the prostate at 3T, gradient-echo signals are
better characterized by a Gaussian Augmentation of the M ono-Exponential (GAME) decay
model. Improved modeling may increase the potential for determining potential correlates of any
fit parameters with biomarkers, such as oxygenation status, and substantially impact treatment
decisions.
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Introduction

Multi-parametric MRI (mpMRI) is increasingly used for detection, characterization, and
staging of prostate cancer [1, 2]. It typically involves To-weighted imaging (ToW), diffusion-
weighted imaging (DWI), dynamic contrast-enhanced imaging (DCE), and, to a lesser
extent, spectroscopy (MRS) and T, mapping [2]. In the case of prostate cancer, treatment
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morbidity includes risks of urinary incontinence, erectile dysfunction, etc. that need to be
balanced against mortality from cancers, which may be rather slow-growing and non-
aggressive. An indicator of cancer aggressiveness could have critical impact in guiding
treatment decisions, by matching the aggressiveness of treatment to the potential
aggressiveness of the cancer, in order to maximize each patient’s quality of life with or
without the cancer.

Recently, interest has been expressed in R} mapping (effective transverse relaxation rate,
R;=1/Ty) in the context of identifying hypoxic regions of the prostate for potentially
improving treatment planning [3, 4], especially for focal therapy. Hypoxia is prevalent in
prostate cancer [5—7] and may be associated with worse patient outcomes including higher
metastatic potential, chemo-therapy and radiation-therapy resistance, biochemical failure,
poor local regional control, and low overall survival [8-10]. In previous R mapping studies,
conventional multiple gradient echo (GRE) imaging was performed at 1.5T, and signal
attenuation with increasing echo time (TE) was modeled as a M ono-Exponential (ME)
decay for R} quantification. Regions of increased Rr; were assumed indicative of increased
deoxyhemoglobin related to hypoxia, and were compared to the current gold-standards for
hypoxia assessment: immunohistochemistry [3], or invasive pO, microelectrode tissue
oxygen tension measurements [4]. R} had high sensitivity (88%) but low specificity (36%)
for depicting hypoxia relative to immunohistochemistry [3]; and a trend was noted between
R} and pO; electrode measurements [4], thus demonstrating some success in the prostate at
1.5T.

The standard ME model is applicable to mono-exponential GRE signal decays which result
from purely Lorentzian intra-voxel frequency distributions. However, deviations from
Lorentzian behavior were recently found in the brain at 3T, and Gaussian fitting, which
accommodates Gaussian intra-voxel frequency distributions, performed better than
Lorentzian fitting in regions of high reversible relaxation rates [11]. It might be possible for
increased susceptibility effects at 3T versus 1.5T to influence the shape and rate of GRE
signal decay within the prostate, potentially due to BO inhomogeneity from air/tissue and
bone/tissue interfaces (e.g., rectal air/prostate, pubis/prostate), iron depaosition (e.g., from
hemorrhage), calcification, or localized hematocrit variations, as recently also found in the
brain [11]. In this work, we evaluate R mapping in the prostate at 3T, in order to assess
whether GRE signals are better characterized by the ME decay model, or a Gaussian
Augmentation of the M ono-Exponential (GAME) decay model (which can accommodate
Gaussian intra-voxel frequency distributions), for potentially improving tissue
characterization within the prostate at higher field strengths.

Methods

Subjects

Twenty-five patients who underwent in-bore MR-guided prostate biopsy participated in this
Institutional Review Board approved study (ages: 65 + 8 years, weights: 88 + 16 kg).
Subjects had at least one focal lesion suspicious for prostate cancer on pre-procedural 3T
mpMRI (T,W TSE, apparent diffusion coefficient (ADC), and dynamic contrast enhanced
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(DCE) imaging [1, 2]), and either had a previous trans-rectal ultrasound-guided (TRUS)
biopsy which did not yield a diagnosis, or could not undergo TRUS biopsy, e.g., due to prior
rectal surgery, inflammation of the rectum. Patients were either under intravenous conscious
sedation or general anesthesia for the biopsy. Five subjects were excluded due to artifacts
(caused by the presence of radioactive seeds in the prostate, motion problems due to sleep
apnea or coughing).

Data acquisition

Intra-procedural imaging was performed at 3T (IMRIS Verio, IMRIS, Minnesota, USA,
70cm horizontal bore, gradient strength 45 mT/m and slew rate 200 T/m/s, vb17A software
platform), using a body matrix coil (6 elements) in combination with a spine matrix coil (24
elements), and multi-coil data combined using the adaptive combine algorithm.

The intra-procedural MRI protocol included high-resolution anatomical two-dimensional
axial ToW turbo-spin-echo (TSE) imaging with effective echo time (TE)/pulse repetition
time (TR): 100/4800ms, refocus flip angle: 150°, field of view: 16 x 16cm, matrix: 320 x
224, in-plane resolution: 0.5 x 0.7mm, averages: 3, 40 slices with slice thickness: 3mm and
slice gap: Omm. Axial, two-dimensional, multi-slice, multi-echo, spoiled GRE images were
acquired at six TE values (3.00, 8.96, 17.92, 26.88, 35.84, and 44.80ms) with field of view:
28 x 28cm, matrix: 256 x 210, in-plane resolution: 1.1 x 1.3mm, averages: 2, fat-saturation,
slice thickness: 4mm, and slice gap: 0.8mm. The number of slices necessary to cover the
suspicious region of each prostate determined the TR, which governed both the Ernst flip
angle and scan duration: in 7 cases, 8 slices were acquired with TR: 494ms and flip angle:
43°in 3 min and 27 sec; in 12 cases, 12 slices were acquired with TR: 740ms and flip angle:
51°in 5 min and 11 sec; and in one case, 16 slices were acquired with TR: 985ms and flip
angle: 58° in 6 min and 54 sec. In all cases, shimming was performed in a small volume
covering the prostate.

Prior to the biopsy, an interventional radiologist reviewed all clinical data and pre-procedural
mpMRI, and identified the biopsy targets. Pre-procedural imaging, analysis, and the trans-
perineal biopsy procedure details were as previously described [12]. Once acquisition of
intra-procedural T,W images was completed, pre-procedural ToW images were registered to
intra-procedural T,W images using non-rigid registration [13], and biopsy target locations
were transformed to the intra-procedural space for targeting. Registrations and
transformations were performed using 3D Slicer software (www.slicer.org) [14]. Once the
biopsy target locations were identified in the intra-procedural space, they were biopsied
under MR-guidance using a needle-guide template [15]. Of the 29 biopsy targets (15 in the
CG and 14 in the PZ), 17 had benign pathology, and cancer was found in 12 targets. Of the
12 cancerous targets, 6 targets had a Gleason score of 3+3, 4 targets had a Gleason score of
3+4, and 2 targets had a Gleason score of 4+3. Serum prostate-specific antigen (PSA) levels
are provided in Table 1, and the procedure is summarized in Figure 1.

Models and Fitting

GRE signal decay with echo time (TE) is generally assumed to follow a ME decay model:
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S=p exp(—R;T'E), Equation [1]

where REZR#R’Q is the sum of irreversible (A»), and reversible (R;) transverse relaxation

rates, R, being the half-width-at-half-maximum (HWHM) of a Lorentzian intra-voxel
frequency distribution and p the pseudo-spin density [16]. However, if the intra-voxel
frequency distributions were Gaussian rather than Lorentzian, then Svs. 7£ would follow a
GAME decay model:

S=p exp(—R,TE) exp(—(¢TE)*/2), Equation [2]

where the Gaussian HWHM is o v2In2 [11].

GRE signals were fitted to these two models voxel-wise using Matlab (Mathworks, Natick
MA). To reduce bias due to the positive-mean noise floor in magnitude data, the following
correction was applied [17], prior to model fitting:

Nepeon=8td(Runcorr)/ /2 = 7/2 Equation [3a]

2
Store= /abs(mean(Sucore)® = Vo) Equation [30]

where R,uc0rr 1S the uncorrected noise level in a background ROI, while Nspeorrand Sqorr
represent the corrected noise standard deviation and signal level, respectively. Mean SNR
was 47, 41, 33, 26, 20, and 15 in the CG, and 43, 38, 29, 22, 17, and 13 in the PZ, for TE
values of 3ms through 44.8ms, respectively. Voxels with SNR > 3 at all echo times were
included in further analysis. p and R; were extracted for the ME model, while, p, 7, and o
were extracted the GAME model from fits of Svs. TEFitting was performed using the
Isqnonlin function, with constraints of /> > 0 and o2 > 0.

Model Comparison

In general, increasing the number of parameters in modeling will result in closer fits to data,
i.e. smaller sum of squared errors (SSE). Too few parameters may not be able to recover all
the information available in a measurement, while too many parameters may result in high
parameter variance due to overfitting. Akaike’s Information Criterion provides an objective
solution to the problem of model selection based on information theory, by comparing
models based on their information content [18]. Model comparison was performed using
Akaike’s Information Criterion with small-sample (second-order) bias-adjustment (AlCc),
since the number of model parameters was comparable to the number of measurements [18].
AIC estimates the amounts of information lost by each model, and was calculated from the
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residual SSE, the precomputed noise standard deviation, the number of parameters (p), and
the number of data points (n), for each model, following the procedure in [19]:

SSE 2p(p+1
Arce=5E o, p(p+1)

SDoors (n—p—1) Equation [4]

where p= 2 for ME, p= 3 for GAME, and n7= 6. The model with lower AICc values, or
equivalently, higher estimated information content, was considered a better model.

Regions of interest (ROIs)

ROIs were delineated using 3D Slicer (https://www.slicer.org) by a post-doctoral fellow and
verified by a radiologist on high-resolution anatomical To,W TSE images within benign
appearing tissue in the prostate (central gland, CG; and peripheral zone, PZ) and in an
adjacent muscle (obturator internus). The biopsy target ROIs were defined as spherical
volumes centered on targets, covering 0.3-0.5cm?3 within the same tissue type as the target
(i.e. CG target ROIs were restricted to exclude PZ tissue, and vice versa). Tissues were
classified as normal (e.g., muscle, benign appearing CG or PZ), suspicious (if suspicious by
mpMRI alone, i.e. biopsy targets with benign pathology results), or cancerous (if suspicious
by mpMRI and confirmed by biopsy, i.e. biopsy targets with biopsy results positive for
cancer). This resulted in up to 7 different ROIs for each patient: muscle, normal CG,
suspicious CG, cancerous CG, normal PZ, suspicious PZ, and cancerous PZ. 3D Slicer ROIs
were imported into Matlab for analysis.

Data Analysis

Model performance was evaluated by subdividing ROIs into two sub-regions according to
AlCc findings: where GAME had superior information content (RO/gang) versus where
GAME did not improve information content and simply reduced to the ME model (RO/,g).
The physical extent of improvements using GAME were calculated as a percentage of the
total ROI (ROl 4; ;) volume as:

100 x ———Voann

(NVanetV Vi) Equation [5a]

where NV = number of voxels, and NVgapeand NV eare the number of voxels in
ROIgapeand ROl respectively.

Since previous R mapping studies using ME had assumed that regions of increased R were
indicative of hypoxia, the physical extent of improvements using GAME were also
calculated as a percentage of ROI sub-volumes identified by ME R} values as:

NV(ROI,,,,, N ROT

(NVyr e ree) Equation [5b]

HI ME R2>s<)

100 x
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for various ME R cutoffs (0 through 40 s1), where RO/, pe = refers to regions where
R3> R} cutoffand NV, ye o« 1s the number of voxels in RO/ pie mo+

The impact of improved modeling was estimated by comparing parameter values between
the ROIgapeand ROIy,e Changes in parameter values were calculated relative to the
appropriate model for each parameter, i.e. for R} as:

(mean R} in ROI,,,) — (mean R} in ROI

GAME)

100 x ;
(mean R} in ROI,,,) Equation [6a]

and for param = A, and o as:

(mean param in ROL,,,,) — (mean param in ROI,,,)

100 x ;
(mean param in ROIL,, ) Equation [6b]

Student’s t-tests were performed to compare parameters across ROIs, with differences were
considered significant for two-tailed Student’s t-test £<0.05.

Effect of Field Inhomogeneities

The macroscopic field inhomogeneity level was estimated from the multi-echo spoiled GRE
acquisition on one subject (age: 61 years, weight: 107 kg), acquired as described above, and
where both magnitude and phase data were saved. A field map was estimated by
determining the phase accumulation between the first two echoes using Statistical
Parametric Mapping (SPM12 pm_unwrap [20], www.fil.ion.ucl.ac.uk/spm), and dividing
this unwrapped phase by the TE difference:

Fieldmap=pm_ unwrap(|Sz|(exp(i£(S2))/exp(i£(S1))))/(TEs — TEy)

here S; and S, were the complex signals at echo times 7£; and 7TE, respectively.
Magnitude of through-plane and in-plane field gradients (FG, Hz/mm) were estimated from
the difference between field distributions in slices superior and inferior to the slice of
interest and voxels anterior and posterior, or right and left, to the voxel of interest, then
dividing by the spacing between slices or voxels, respectively (excluding areas of low GRE
signal with extensive phase accumulation where the field distributions were unknown).
Linear regression analysis was performed to assess the relationship between FG and o, using
the fit/m function in Matlab. The expected evolution of multiple GRE signals is further
considered in the Appendix, including effects of macroscopic field inhomogeneities, along
either the in-plane or the slice encoding direction, as well as their interaction with different
slice selection profiles, both idealized and realistic, with Matlab simulations.
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Results

Models and Fitting

Figure 2 shows semi-log plots of signal intensity versus echo time, for four voxel locations
in the prostate in four patients. Data are shown overlaid with ME and GAME fits, with the
resulting SSEs and fit parameters given within each plot. GAME had superior information
content relative to ME in voxels where /n(S) time courses had considerable curvature, and

improved residual SSEs by over 68-fold to 112-fold (Figure 2 a, b, and c). When the /n(S)

time course did not have curvature, i.e. 0 ~ 0, GAME did not increase information content
but rather exactly matched ME findings (Figure 2 d).

Figure 3 shows sample anatomy and parametric maps from ME and GAME fits. Note that
fitting was not performed in some voxels in the PZ near the rectal wall, which experienced
complete GRE signal dephasing and signal loss at the TE values used in the current study. In
the remaining voxels, Figure 3 b shows the (log) linear relaxation rate (apparent R}, i.e. ME
R;) estimates from ME, while Figures 3 ¢ and d show the different proportions of (log)
linear (i.e. GAME A») and non-linear (i.e. GAME o) relaxation rate contributions identified
by GAME. In the left PZ (white arrow), R, &> and o were quite small and uniform. In the
left-medial PZ (gray arrow), most of the high R} values could be attributed to high />, while
o was fairly small. Conversely, in the right posterior PZ (black arrow), /> was smaller and
most of the high R? values could be attributed to higher o values.

Model Comparison

Improvements in model information content using GAME were found extensively
throughout the prostate: Figure 4 shows the prevalence of areas where GAME had superior
information content for six sample patients across all regions of the prostate: The ratios of
GAME AIC scores to ME AIC scores are shown along with the matching o maps from
GAME. GAME had higher information content in 30% of the prostate on average across all
patients and ROIs (29%, 28%, and 32% in the normal, suspicious, and cancerous CG; and,
31%, 34%, and 27% in the normal, suspicious, and cancerous PZ, respectively). In tumor
ROIs, the extent of areas where GAME had higher information content ranged from a
minimum of 7% to a maximum of 67% of the cancerous PZ, and from a minimum of 2% to
a maximum of 100% of the cancerous CG (in individual patients).

The higher information content of GAME became more prominent in regions that would be
assumed indicative of hypoxia using the ME model alone. Figure 5 shows the physical
extent of improvements with GAME as a percentage of regions identified by ME as having
higher R values, i.e. more “hypoxic” according to ME. As the R’ found by ME increased,
the extent of improvements with GAME over ME became more prevalent (r; cutoff > 0 in
Figure 5), covering 50% of the PZ and 70% of the CG as ME R approached 40 s7L,

The impact of modeling differences on resulting parameters was estimated by comparing
parameter values between information-content-based subdivisions of each ROIl: RO/gane
versus RO/ye Figure 6 shows parameters in muscle, CG, and PZ tissues in these ROIs
(Figure 6 a—c). Using a model that better characterizes the underlying data led to large
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changes in calculated parameters. R was lower in RO/pe (by 1%, 31%, and 30%, in
muscle, CG and PZ, respectively). Similarly, 7, was lower in RO/gape (by 64%, 53%,
102% in muscle, CG and PZ, respectively); and o was higher in RO/gape (by 60%, 56%,
64% in muscle, CG and PZ, respectively). In RO/, differences between R} and R, were
not significant (P= 0.17), however, in RO/Ganme RS and R, values differed significantly (P
<0.0001), as expected. Scatter plots of R} versus /> and R, versus o in RO/gapeand
ROIeare presented overlaid with regression lines (Figure 6 d, €): weak correlations were
found with adjusted coefficients of determination ranging from 0.03 to 0.30 in all cases,
except between Rr; and R in RO/ye (adjusted coefficient of determination = 0.73)
supporting the preceding results. R}, R, and o values in all anatomical (muscle, normal,
suspicious and cancerous CG and PZ tissues) and information-content-based subdivisions
(ROl 4y 1ROl and ROIgapE) are provided in Supplemental Figure S.1.

Effect of Field Inhomogeneities

The macroscopic field inhomogeneity level was estimated from the multiple GRE phase
data, acquired for one subject, and helped clarify whether or not high ¢ values overlapped
with high through-plane field gradients (Figure 7). Field map estimates for three consecutive
slices (sample slice of interest and immediately inferior and superior slices) are shown for
three consecutive slices (Figure 7 a—c). Phase unwrapping was possible except for a few
areas of low GRE signal with extensive intra-voxel dephasing (blank areas in Figure 7 a—d).
Larger through-plane field gradients were seen near the rectal wall and apex (Figure 7 d).
The corresponding o values are shown in areas where GAME had higher information
content (Figure 7 €). o tended to be large when the through-plane field gradient across the
slice of interest was large (black arrows); however, o could also be large in the absence of
large through-plane field gradients (white arrows), and field map estimates derived from the
same acquisition helped differentiate between these cases. Interactions between o and FGs in
both in-plane and through-plane directions are shown in Figure 7 g. Scatter plots are overlaid
with regression lines and adjusted coefficients of determination: Despite shimming over a
small volume covering the prostate, most voxels experienced FGs of up to ~20 Hz/mm. o
had non-zero intercept values in all cases, tended to increase slightly with FG in the through-
plane direction, but did not tend to change with FG in-plane.

Discussion

A hypoxia biomarker, as an indicator of cancer aggressiveness, could have critical impact in
guiding treatment decisions, e.g., in the prostate, between treatment morbidity (urinary
incontinence, erectile dysfunction, etc.) versus mortality, if aggressive cancers could be
distinguished from slow-growing non-aggressive cancers. R mapping may have important
applications in this area; however, the success of such efforts might be limited by modeling
that fails to characterize all of the information contained in the underlying signal decay. Here
we demonstrated that the simple ME decay model is inadequate for representing GRE signal
decays in much of the prostate at 3T, and a GAME decay model performs substantially
better. Improvements with GAME in terms of higher model information content were seen
in many locations, and in other areas the GAME model simply reduced to the ME model.
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GAME fits were especially valuable in regions where ME fits returned high Rr; values,
which have previously been assumed to indicate hypoxic regions [3, 4] (i.e. Ry >~18 s71 for
pO, < ~10mmHg or HP5 = ~40% at 1.5T [4]). The ME model can fit mono-exponential
GRE signal decay. Indeed, similar relaxation rates were found in RO/, using either model.
However, when the signal shows non mono-exponential behavior that the ME model does
not take into account (e.g. such as Gaussian which is better represented by the GAME
model), the ME model appears to assign much larger values to Rr3. Large differences in
model rankings were found between different patients’ prostates, in agreement with previous
findings of extremely heterogeneous hypoxia levels in the prostate (i.e. mean pO, values via
microelectrode measurements [4, 5, 21]). Whether the apparent superiority of GAME over
ME indicates structural or physiological differences specific to hypoxia remains to be
shown, and it is possible that the additional information in GAME may not translate to
improved identification of this aspect of physiology. Nonetheless, our observation of weak
correlations between GAME and ME parameters in RO/ gapse Support the suggestion that
the GAME model has higher information content than ME. Information lost in the model,
especially in such regions presumed to be hypoxic, may have contributed to the low

specificity of ME R in depicting hypoxia relative to histology [3].

One possible explanation for the non-exponential behavior of the signals observed here in
the prostate and previously in the brain [11] is that it reflects the interaction between
macroscopic field gradients (due to air/tissue and bonef/tissue interfaces, which lead to
higher susceptibility effects at higher field strengths) and actual slice profiles [22], which
may be far closer in reality to Gaussian than the ideal, rectangular profiles that are often
assumed [23]. Derivations and Matlab simulations of these interactions are provided in the
Appendix with simple demonstrations of the different effects of in-plane and through-plane
FGs on GRE decays. Further considerations of in-plane FG effects can be found in [24].
Indeed, such non-mono-exponential behavior (e.g., corresponding to higher o) was observed
in regions with large FGs. However, higher curvature was also observed in the absence of
large FGs, suggesting that macroscopic gradients fail to completely explain the curvature of
the GRE signals observed in the prostate. Consistently, the extent of improvements with
GAME over ME was slightly larger in the PZ, which is in closer proximity to the rectal air/
tissue interface, relative to the CG; with GAME improvements also extending well beyond
the PZ, across the entire prostate.

Mesoscopic gradients due to potential susceptibility differences between distinct prostate
subcomponents could also contribute to greater signal curvature potentially reflecting the
underlying biological structure or function: while the Lorentzian line shape has traditionally
been assumed to underlie FID signal decay, Gaussian signal modification has already been
theoretically predicted in the static dephasing regime [25] for objects that could be modeled
as having certain shapes and distributions (e.g., spheres and cylinders) in the short-time
regime. The static dephasing regime refers to conditions where signal dephasing due to field
inhomogeneities occurs before phases accumulated by different nuclear magnetic moments
can be averaged out by molecular diffusion, and dominates at higher external field strengths,
e.g., covering mid-to-large scale vessels at 1.5T, expanding to cover smaller vasculature at
3T, eventually covering the entire blood vessel network at 4T and beyond. The rather
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complicated behavior of NMR signal evolution has been demonstrated to potentially deviate
from standard exponential decay, showing Gaussian behavior [26] in the short-time regime
for more accurate descriptions of real biological objects as well (e.g., prolate and oblate
spheroids), with signal behavior and the region of the short-time regime depending on the
shape and distribution of these objects. Empirical evidence of Gaussian behavior was also
seen in in vitro human blood samples [27].

When the distribution of frequencies within a voxel is purely Lorentzian, it is impossible to
separate reversible and irreversible transverse relaxation rates from GRE data alone. For
such a voxel, the ME decay model fully characterizes signal decay with Rr3. If, on the other
hand, the distribution of frequencies within a voxel is purely Gaussian, the reversible and
irreversible transverse relaxation rates can both be estimated simultaneously from GRE data
alone, with these rates characterized by o and /,, respectively. The muscle R, values we
observed were generally in good agreement with muscle /5 values reported in the literature,
e.g., GAME R, in muscle of ~26 s™1 versus reported values of ~22-34 s™1 [28, 29]. Our
GAME R, in prostate of ~13 s71 is at the higher end of reported values of 7-14 s™1 [29-33],
and may reflect the fact that GESSE based A, values can be expected to be more Hahn-like
than CPMG-like due to the use of a single spin-echo vs. multiple closely-spaced echoes [30,
34], an observation worthy of further study.

Other acquisition strategies, such as GESFIDE (Gradient Echo Sampling of FID and Echo
[16]) or GESSE (Gradient Echo Sampling of the Spin Echo [35]), sample signals while both
reversible and irreversible transverse relaxation work together to dephase the spin system
and also when reversible processes rephrase and irreversible processes dephase the spin
system, the latter occurring immediately after a refocusing pulse in a spin-echo sequence.
The use of such more sophisticated acquisition strategies would enable improved isolation of
irreversible and reversible relaxation indices simultaneously. Other possibilities for analysis
include more complicated distributions, such as the Voigt profile which is a convolution of
Lorentzian and Gaussian profiles and which may provide further improvement in
characterizing time domain signals from such sequences than either distribution alone.
Though such endeavors are beyond the scope of the present work (with GRE data alone),
improvements in acquisition and modeling may in the near future provide refined estimates
of the indices associated with the two different transverse relaxation processes in efforts to
more completely characterize prostate tissues.

Conclusion

GAME provided superior information content in much of the prostate at 3T relative to ME.
The extent of the superiority of the GAME model varied greatly between different patients.
The superiority of GAME increased as ME R} values increased (i.e. in regions that would be
assumed to indicate hypoxia per the ME model alone). The degree to which A, or ¢ values
correlate with hypoxia remains unknown, and any additional information content in GAME
might be shared between parameters, such that a combination of parameters might be found
to add more value than any individual parameter alone (e.g. R/, Ryx o ...). Whether the
higher information content of GAME is related to a physiological variable of clinical interest
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should be established against independent biomarkers, e.g., of oxygenation status using
immunohistochemistry, microelectrode measurements or possibly PET.
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Refer to Web version on PubMed Central for supplementary material.
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Abbreviations

ME Mono-Exponential

GAME Gaussian Augmentation of the Mono-Exponential
GRE Gradient echo

T2W T2-weighted imaging

TSE Turbo-spin-echo

ADC Apparent diffusion coefficient

DCE Dynamic contrast enhanced

TE Echo time

TR Pulse repetition time

mpMRI Multi-parametric MRI

TRUS Trans-rectal ultrasound-guided (biopsy)
CG Central gland (of the prostate)

Pz Peripheral zone (of the prostate)

PSA Prostate-specific antigen

HWHM Half-width-at-half-maximum
ROI Region of interest

FT Fourier Transform
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Consider an idealized gradient echo train in a 2D Fourier Transform (FT) imaging
experiment aimed at measuring transverse relaxation using unipolar readouts of 2 t
durations, with a +G gradient strength frequency encode applied and with a —G frequency
encode gradient applied for a period < prior to the first readout and between ensuing echo
readouts. The n'" GRE signal as a function of readout time t, from 0 to 2 T, reads:
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Sp(t)=exp(iwh) exp(ivGa(t — 7)) exp(—Rz2h)  Equation [A.1]

where h= (3n-2)t + £, v is the gyromagnetic ratio, wthe off-resonant angular frequency;,
R, the irreversible relaxation rate (s1) and x the spatial coordinate along the frequency
encode dimension.

We now introduce extrinsic background gradients B, and B along the frequency encode and
slice direction axes. One can also consider a background gradient B, along the phase
encoding axis but its effect on signal decay is mathematically similar in form to that of By
(vide infra) so without loss of generality we introduce the frequency and slice direction
background gradients via the off-resonance term whby letting

w=wo+yByx+vB.2  Equation [A.2]

where w,, is the off-resonance frequency in the absence of the background gradients.

In a fashion similar to previous calculations [11, 36, 37], the sighal emanating from a simple
box-car spin density distribution along x, which is unity from x=-a fo aand 0 elsewhere, is
considered. Furthermore, two slice selection profiles, a perfectly uniform excitation from
—L/2 to L/2 and a more realistic Gaussian slice selection profile with a full width at half-
maximum of L ~ 2.35¢ are considered [22]. Discretized versions of the Fourier transform of
the nth gradient echo for the box-car distribution and the two different slice selections are
then evaluated by numerical integrations over x and z after multiplying by exp(£22 where Q
is the Fourier transform variable. A dwell time of DW= 24 M is introduced using a total of
M sampling points per gradient echo and the time is discretized with t=m DW(m=1, ...,
M) and subsequently /= (3n - 2)t + m DW. The following expressions for projections
along x of the box car distribution for gradient echo n under the two distinct slice select
conditions result:

M . .
B.hL Byh+~G(mDW —
FTn(Q):Z4exp(iQmDI’V+z'woh—R2h)Smw hL/2) sin((yBzh+~G(m 7))a)
vyB.h By h+yG(mDW — 1)

m=1

Equation [A.3a]

for the perfect slice profile and
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M .
. . sin((yBzh+yG(mDW — 7))a
FT,(2)= Y 2exp(iQmDW tiw,h—Ryh—(yB.ho)? 2) ((JB, h+77G(EnDW - T>)) )

m=1

Equation [A.3Db]

for the Gaussian profile. In these expressions, the FT variable €2 ranges from -1/ DW to
1/DW. 1f these calculations were repeated with a background gradient 5B, considered along
the phase encode axis instead of along x, then the summation would be over gradient
strength mAGy instead of time (/m DW) with AGy being the phase encode gradient
increment applied, for example, during the first dephasing period t. Assuming the same box

sin((yByh+yG(mDW — 7))a)
car spin density along y, the By h+~yG(mDW —7)  term in Equations [A.3a] and

sin((yByh+yGyT)a)
[A.3b] would be replaced with B, h+~G,r aterm completely similar in form

and effect as the corresponding term associated with By and thus having an identical
influence on projections along yas a function of gradient echo number n.

From Equations [A.3a] and [A.3b], we see that the in-plane background gradients are
entangled with the Fourier transform operation in a manner not observed with the slice
selection background gradient in these 2D FT imaging considerations, echoing results of
[24]. This fundamental difference is illustrated in Figure A.1 where we have numerically
evaluated projections of the box-car spin density as a function of gradient echo number n
using the Gaussian slice profile relation (Eq. [A.3b]). The simulated projections along the
frequency encoding axis in Figure A.1 were generated assuming a 20 cm wide object (a=
10cm) for the first 10 gradient echoes using an imaging gradient G = 0.04 Gaussicm, R, =
10 s71, M= 256 frequency encodes, T = 2 msand a nominal slice thickness of 0.5 cm with o
= 0.21 cm. The top plots show the decay with echo number when the background gradients,
both By and B,, are 1000 times smaller than G and effectively negligible with the signal
decays being governed by the irreversible relaxation rate /> of 10 s~1 via the mono-
exponential term exp(—/, (37— 2)t). The middle plots of Figure A.1 were generated with a
background gradient B, along the frequency encode axis being only 25 times smaller than G
and with a negligible B, gradient 1000 times smaller than G. In this case, the projections, n
=1 -8, are only somewhat corrupted compared to those with negligible B, (top row) but a
catastrophic loss of signal is observed with mainly the edges of the projections remaining for
n =9 and above. Such a loss of signal has been noted in the past as a consequence of shifting
the center of echoes to the edges of k-space, leading to the so-called “all or none” artifact
[38, 39]. Note also that prior to this catastrophic loss point (echoes 1 — 8), the object appears
slightly wider than the profiles in the top row due to the background gradient B, being in the
same direction as G. The lowest row in Figure A.1 shows projections for the case of a
negligible in-plane gradient B, 1000 times smaller than G but with a non-negligible
background gradient B, along the slice select direction only 25 times smaller than G. In this
case, the projections themselves are not corrupted and there is a more orderly decay with
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echo number n, albeit a faster decay than seen in the absence of background gradients (top
row). The decay in this case is easily shown to be governed by both the mono-exponential
term from the irreversible relaxation rate augmented with the Gaussian term in Equation [A.
3b] such that the decays with echo number follow a exp(=R»(37— 2)t - (YyBA(3n -
2)10)2/2) dependence. Decay rates for three different conditions of background gradients,
were shown in Figure A.1, as a function of distance, and in Figure A.2 are also shown as a
function of echo number (i.e. the top row of Figure A.1 and the blue line in Figure A.2
correspond to negligible gradients; the middle row of Figure A.1 and the green line in Figure
A.2 correspond to a gradient along the frequency encode direction; and the bottom row of
Figure A.1 and the red line in Figure A.1 correspond to a gradient along the slice direction,
as functions of distance and echo number, respectively).
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Effects of Different Background Gradients on
Projections along the Frequency Encode Direction

Negligible
Gradients

Gradient
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Frequency
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Figure A.1: Simulated projections along the frequency encoding axis, for three different
conditions of background gradients, as calculated with Equation [A.3b]. Top: Negligible B,
= By = G/1000. Middle: Along the frequency encode direction, By = G/25 and B, = G/1000.
Bottom: Along the slice direction, B, = G/25 and By = G/1000. Shown for echoesn=1t0 7,
G = 0.04 Gauss/cm, R, = 10 571, a = 10 cm, M = 256 frequency encodes, T =2 ms, and ¢ =
0.21 cm for nominal slice thickness of L ~ 0.5 cm.
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Effects of Different Background Gradients on

log(Magnitude)

the Decay Rate over Multiple Echoes
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Figure A. 2: The decay rate over multiple echoes of simulated projections, log(Signal) is
shown for three different conditions of background gradients, as calculated with Equation
[A.3b]. Negligible B,= By = G/1000 (blue); along the frequency encode direction, By =
G/25 and B, = G/1000 (green); along the slice direction, B, = G/25 and By = G/1000 (red).
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Figure 1.

ME & GAME
Fits

Biopsy
Results

Summary of the procedure. Pre-procedural mpMRI was used to determine biopsy locations.
Biopsy locations were transformed from pre-procedural to intra-procedural space, and
biopsy needles were guided to these locations. Prostate and muscle ROIs were delineated on
T2w images, and GRE signal decays were fitted to the ME and GAME models.
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Sample Data and Fits with ME and GAME

SSE ME/GAME =70
exp(—301t)
exp(—3t — 33 t2/2)

SSEME/GAME = 68
exp(—36t)
exp(—13t — 31 t%/2)

SSE ME/GAME = 112\
exp(—45t)
exp(—6t —41 t?/2)

SSEME/GAME = 1
exp(—10t)
exp(—10t — 0 t?/2)

Log Signal

arbitrary units

( ry ) o
0 45
(ms)

Figure 2.

e Voxel location
¢+ Measurements
=== ME fit

= GAME fit

Multi-gradient echo data as a function of echo time (In(S) vs. TE, black) and fits, on four
sample voxels on four patients (a—c): Sample voxels where GAME (shown in blue) has
higher information content relative to ME (shown in green) (d): As curvature decreases, o
approaches 0, and the models become equivalent (Red: voxel location, SSE: sum of squared

errors).
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Sample ROIs and ME and GAME Parameter Maps

= | R3, |[R; and |o

=> 1R}, 1R, and o
= T R3, |R; and 1o

Figure 3.
Sample anatomy, ME and GAME parameters (a) A T2W anatomical image is shown with

muscle (MU, green), biopsy target (blue), CG (yellow) and PZ (red) contours outlined, along
with maps of (b) Ro* (c) R, and (d) o obtained from ME and GAME fits to multi-echo data.
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Figure 4.
GAME provides higher information content compared to ME in various areas of the

prostate. The ratios of the GAME AlICc score to the ME AICc score are shown in six sample
patients (a—f), along with the matching GAME ¢ maps (g-1).
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Figure5.
Physical extent of improvements with GAME over ME further increases in regions where

R, is higher according to the ME model (as a fraction of the high R,™ ROI volume; Muscle,
CG, PZ values averaged across all patients). Sizes of the circles above the graph
approximately indicate the sizes of the ROIs under consideration: ROI sizes decrease with
increasing R,™ cutoff. The black filled portions within each circle indicate approximately the
fraction within each ROl where GAME retains higher information content: more of small
high R," ROIs benefit from GAME.
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Figure®6.

Fit parameters from ME and GAME (s™1) in normal muscle, CG and PZ tissues (mean +
SD), in ROIgame Versus ROlye. Ry™ was lower in ROlyg, Ry was lower and o was higher
in ROIgame (a—c). Scatter plots of R, versus R,”™ and o, overlaid with regression lines and

adjusted coefficients of determination (d—e).
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Field Gradients and GAME o

o vs. Field Gradients (FG) in ROI; ¢
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Figure7.

Macroscopic field inhomogeneities estimated from MGRE data helped identify regions
where high o did or did not overlap with high through-plane FGs. Field map estimates (Hz)
are shown for three consecutive slices: (a) inferior slice location (apex), (b) the slice of
interest (midgland), and (c) superior slice location (base). Phase unwrapping was performed.
Blank locations are areas of low GRE signal with extensive phase accumulation where the
field distribution is not known. (d) Magnitude of the through-plane FG across the slice of
interest (Hz/mm). (e) o (s™1) is shown in ROIgame (f) Anatomy (T2W TSE, with CG and
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PZ contours outlined). Black arrows point to areas of large o and large through-plane FGs,
while white arrows highlight areas of large o in the absence of large through-plane FGs. (g)
Scatter plots, regression lines and adjusted coefficients of determination, of in-plane and
through-plane FGs versus o. o is fairly high even when FG=0, remains stable with
increasing in-plane FGs, and increases with through-plane FG.
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Table 1

Serum PSA levels across all patients, and patients with benign, Gleason 3+3, Gleason 3+4, or Gleason 4+3
biopsy results (mean + standard deviation, range). PSA level differences between groups (benign, Gleason
3+3, 3+4 or 4+3) were not statistically significant (P> 0.05).

All 10.72 + 10.81 ng/mL (1.90 — 42.80)

Benign 11.10 + 11.15 ng/mL (1.90 — 42.80)
Gleason 3+3 7.28 +5.15 ng/mL (3.10 - 14.38)
Gleason 3+4 8.55 + 3.17 ng/mL (3.80 — 10.40)

Gleason 4+3  21.45 + 23.41 ng/mL (4.90 — 38.00)
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