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Abstract

Objectives—To explore associations between T1, T2 Magnetic Resonance Fingerprinting
(MRF) measurements and corresponding tissue compartment ratios (TCRs) on whole mount
histopathology of prostate cancer (PCa) and prostatitis.

Materials and Methods—A retrospective, IRB approved, HIPAA compliant cohort consisting
of 14 PCa patients who underwent 3T multi-parametric MRI along with T1, T2 MRF maps prior
to radical prostatectomy was used. Correspondences between whole mount specimens and MR,
MRF were manually established. Prostatitis, PCa and normal peripheral zone (PZ) regions of
interest (ROIs) on pathology were segmented for TCRs of epithelium, lumen, and stroma using
two U-net deep learning models. Corresponding ROIs were mapped to T2-weighted MRI(T2w),
apparent diffusion coefficient(ADC), T1 and T2 MRF maps. Their correlations with TCRs were
computed using Pearson’s correlation coefficient (/). Statistically significant differences in means
were assessed using one-way ANOVA.

Results—Statistically significant differences (p<0.01) in means of TCRs, T1, T2 MRF were
observed between PCa, prostatitis and normal PZ. A negative correlation was observed between
T1, T2 MRF and epithelium (R=-0.38, -0.44, p<0.05) of PCa. T1 MRF was correlated in opposite
directions with stroma of PCa and prostatitis (R = 0.35, —0.44, p<0.05). T2 MRF was positively
correlated with lumen of PCa and prostatitis (/#=0.57, 0.46, p<0.01). Mean T2 MRF showed
significant differences (p<0.01) between PCa and prostatitis across both transition zone (TZ) and
PZ while mean T1 MRF was significant (0=0.02) in TZ.

Conclusion—Significant associations between MRF (T1 in the TZ and T2 in the PZ) and tissue

compartments on corresponding histopathology were observed.

Keywords
Prostatic Neoplasms; Prostatitis; magnetic resonance imaging; Prostatectomy; Deep Learning

Introduction

Magnetic resonance fingerprinting (MRF) yields simultaneous and co-registered quantitative
T1 and T2 maps [1]. In MRF, the MR system parameters are allowed to vary in a
pseudorandom manner such that unique signal time-courses are produced for each
combination of tissue properties of interest. The time course in each pixel is matched to a
dictionary consisting of all possible ranges of signal evolutions, yielding the properties of
interest for each pixel [1].

Yu et. al. [2] have shown T1, T2 MRF along with echo-planar based apparent diffusion
coefficient (ADC) maps could distinguish cancerous and normal prostate in the peripheral
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zone with a near perfect separation. Panda et. al. have recently shown that these
measurements were significantly different between prostate cancer and prostatitis in the
peripheral[3] and transition zone[4], and show excellent diagnostic performance in
differentiating prostate cancer and non-cancer. However, a morphologic basis of MRF is
important to understand pathologic attributes driving the T1, T2 measurements [5].

Correlation of histopathology and MR imaging is vital for gaining deeper insights into the
characterization of prostate cancer on imaging. Previous studies [6—8] have explored
correlations between prostate multi-parametric MRI (mpMRI) and digitized histopathology
[7, 8]. Associations between ADC derived from diffusion weighted imaging (DWI1) [8-11],
between T2-weighted (T2w) [8, 9], dynamic contrast enhanced (DCE) imaging parameters
and tissue compartments including epithelium, lumen and stroma have also been studied.
However, there has been no study evaluating the associations between both T1 and T2
relaxation times with paired histopathology.

Being able to differentiate non-cancers from cancers may significantly improve
characterization of prostate cancer on imaging. While a few previous studies have shown
that mpMRI could potentially help in differentiating prostatitis and prostate cancer [12-14],
overlapping characteristics still exist on imaging [15-18]. Quantitative MRF can potentially
help in addressing these challenges as evidenced in recently published works [3, 4].
However, there is a need to evaluate the interpretability of these findings, specifically with
respect to corresponding histopathologic characteristics. Establishing a histo-morphometric
basis of MRF measurements for prostate cancer diagnosis would improve clinical adoption
of MRF and also potentially improve MRF acquisition. The rationale of this paper is to
explore and establish the histo-morphometric basis for MRF-based T1 and T2 relaxometry
measurements that have previously been shown to be strongly associated with prostate
cancer. These results could potentially help future studies on refining MRF acquisition and
aid in improving characterization of prostate cancer on imaging. To our knowledge, none of
the previous studies have explored differential correlations between quantitative T1, T2
maps and histopathology with respect to prostate cancer and prostatitis.

In this study, our goal is to establish a histo-morphometric basis that drive MRF-relaxometry
measurements for characterizing prostate cancer and prostatitis. We correlate histologic
parameters from deep learning based segmentations of tissue compartments on prostate
whole mount pathology with corresponding T1, T2 MRF maps. We explore these
associations within prostate cancer, prostatitis and normal peripheral zone (NPZ) regions of
interest (ROIs) delineated on pathology which are then mapped back on to corresponding
MRI and MRF via deformable co-registration. Since imaging characteristics of lesions
within the peripheral (PZ) and transition zone (TZ) on imaging are different[19], we also
explore the differences in associations between the zones as well.

Materials and Methods

This retrospective study was approved by the local institutional review board (IRB), is
Health Insurance Portability and Accountability Act (HIPAA) compliant and used
anonymized data stripped of any protected health information. From February 2014 to April
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2016, 133 patients (after informed consent for MRI with MRF) with suspicion of prostate
cancer underwent MR imaging with MR Fingerprinting on a 3T MRI scanner (Skyra,
Siemens, Erlangen, Germany) before 12-core trans-rectal ultrasound guided biopsy with/
without cognitive targeting. These patients were part of a previously published study [2] of
which N = 19 patients who underwent radical prostatectomy (RP) were identified and
included in this study. Patients with reconstruction artifacts, discordant pathology findings
including non-visible lesions on MRI, distorted whole mount slides, or scanning artifacts
were excluded and finally N = 14 patients were included in this study (Figure 1). The
median time difference between imaging and surgery was 3 months (range 0 — 14 months).

MRI, MRF protocol

Multi-parametric MRI protocol included acquisition of T2w (resolution: 0.6 x 0.6 mm., slice
thickness: 3 mm., TR/TE: 8600/103 ms., duration: 3.3 min.), DWI (resolution: 1.2 x 1.2
mm., slice thickness: 3 mm., TR/TE: 7900/88 ms., b-values: 50 — 1400 s/mm?, duration:
4.46 min.) along with ADC maps via pelvicphased array coil (Skyra, Siemens). Dynamic
contrast enhanced (DCE) was acquired but not used in this study. MRF was acquired by fast
imaging with steady-state precision [1] and quantitative T1 and T2 maps (resolution: 1.0 x
1.0 mm,, slice thickness: 5 mm., TR/TE: 13 — 15 ms., duration: 0.39 min. per slice) were
generated via software (MATLAB v.20xx, MathWorks Inc.), as detailed in previous work
[2]. The total acquisition time was about 40 minutes (including mpMRI and MRF). Details
of clinical parameters are provided in Table 1 and imaging parameters are summarized in the
supplementary material (Table S1).

T2w images were corrected for intensity drift related artifacts using a previously presented
method [20] that aligns histograms of voxel intensities, such that resultant intensities have a
tissue specific meaning. To enable alignment of ROIs, ADC maps were linearly interpolated
and up sampled to match the resolution of T2w. The linear interpolation affected the
resultant ADC values by <0.02 % and did not introduce any significant differences.

Digitized histopathology, annotations, and tissue compartment segmentation

Post-surgical prostate specimens were sliced at 5mm thickness and stained with hematoxylin
and eosin (H&E) for microscopic evaluation. Each slice was then digitized using a standard
brightfield optical microscope (Aperio Technologies) at a resolution of 20x. An experienced
pathologist delineated regions of interest (ROI) including prostate cancer, prostatitis and
normal peripheral zone (NPZ) on digitized whole mount (WM) sections using software
(Aperio ImageScope v12.0). The ROIs for PCa were drawn such that at least 90% of the
ROI was cancerous without benign/normal tissue. Chronic prostatitis was considered in this
study which is characterized by contiguous gland spaces meeting consecutive inflamed
glands with intra luminal neutrophils and intervening stromal lymphocytes. Since majority
of PCa lesions originate in the PZ, and most patients in the cohort being elderly, there was
significant benign prostatic hyperplasia resulting in a heterogeneous appearance of transition
zone. Therefore, normal prostate ROIs were identified within the peripheral zone. ROIs with
radius along the shortest axis < 3 mm were discarded as such small isolated lesions at the
micron scale could not be discerned at the MR scale.
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Tissue compartment segmentation involved identifying regions of epithelium, lumen, and
stroma within the ROI’s on WM. For this, two different U-net based deep learning models
were used — the first model was an epithelium-stroma segmentation model and the second
was a lumen segmentation model. Separate U-net segmentation models[21] were trained
since the first model used images at higher resolution (20x) than the second (5%).
Segmentation of three tissue compartments was achieved combining the result from two
different models. The tissue compartment segmentations were reviewed by the pathologist to
confirm the accuracy of segmentations. Additional details with respect to the training and
validation of these deep learning models are provided in the supplemental section.

For each ROl on WM, segmentations obtained from the two deep learning models were
integrated to generate tissue compartment maps. For pixels which were predicted positive by
both models, the lumen class was given precedence due to its relatively higher TPR (an
example is illustrated in Figure 2a). These maps were subsequently employed to estimate
tissue compartment ratios (TCRs) for epithelium, lumen, and stroma within the ROIs.

Registration between histopathology, MRl and MRF

An experienced radiologist (>9 years of experience in genitourinary radiology) and
pathologist (with >10 years of experience in prostate pathology) together identified the best
possible set of corresponding slices between T2w images and digitized WM. The mid-gland
region was considered for correspondence since intact WM at the apex and base were not
always available. Since the spacing and alignment of T2w images and WM slices may not
be coincide in all studies, a visual approach based on landmarks (urethra, presence of
nodules, peripheral zone, cancerous lesion) was adopted to determine the closest match. The
correspondence between MRI and MRF is straightforward and was determined by the
radiologist.

The ROIs corresponding to PCa, prostatitis and NPZ were delineated by the pathologist on
WM. These ROIs were mapped on to MRI and MRF via a 2-step registration process. Once
the slice correspondences between MR and histopathology were established, a deformable
registration was performed to align WM with T2w images. The mean dice similarity
coefficient (DSC) measuring the overlap of prostate boundary (delineated by the radiologist)
on T2w and pathology was 0.85 and the mean target registration error was 1.2 mm,
indicating a reasonably good mapping. The T2w and ADC were co-registered via a rigid
transformation and the ROl on T2w was mapped on to ADC. The ROIs on T2w and ADC
were verified by the radiologist and slightly adjusted if the ROI was not aligned with
corresponding suspicious region on MRI. Next, T2w and T2 MRF were aligned using
another deformable registration and using this learned transformation, the ROl from T2w
was mapped on to T2 MRF. ROIs were only mapped on T2 MRF maps, as these are
implicitly co-registered with T1 MRF maps and both T1 and T2 information can be obtained
simultaneously. All registrations were performed using a previously presented method [22]
that was implemented using the software Elastix [23].
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Statistical Analysis

Results

The distribution of imaging variables (T1, T2 MRF, ADC, T2w MRI) and TCRs within the
ROIs follow a continuous distribution. Therefore, to estimate the linear relationship between
MR measurements and TCRs, Pearson’s correlation coefficient (/) was computed. On the
other hand, the International Society of Urologic Pathology Prognostic Groups (IPG) is an
ordinal variable and therefore, the Spearman’s rank correlation (o) was used compute the
monotonic relationship between IPG and each of the imaging variables, TCRs. The
differences between mean MRI, MRF measurements, tissue compartments across IPGs,
prostatitis and NPZ ROls was examined using one-way analysis of variance (ANOVA) test
followed by multiple pair-wise comparisons using Tukey honest significant differences
(HSD) post-hoc test. Simple pair-wise comparisons were performed using the Wilcoxon
rank-sum test with p < 0.05 considered to be statistically significant. This is a non-
parametric test that assesses whether the distributions between two separate groups are
statistically significant. Statistical analyses were performed in MATLAB (v.2018a,
MathWorks Inc.) and R [24]. The ROIs obtained on MRI via mapping were eroded by 3
voxels (= 1.8 mm.) on MRI, and 2 voxels (= 2mm.) on MRF, to discard any noise arising
from artifacts at the boundary of ROIs.

Mean T1, T2 MRF and ADC were all statistically significant univariate predictors of PCa (N
= 33 lesions) compared to NPZ (N = 24 ROIs). A multi-variable logistic regression model
with T1, T2 MRF and ADC together resulted in AUC = 0.997 in distinguishing PCa and
NPZ. These observations are in line with previously published study by Yu et. al. [2], who
reported AUC = 0.99 in distinguishing PCa from NPZ with N = 109 lesions using T1, T2
MRF and ADC together. Patients in this study are a subset of those reported in the study by
Yu et. al.

Associations between MRF, tissue compartments, and IPG

From the set of A//= 14 patients, 33 cancerous, 23 prostatitis and 24 NPZ ROIs were
identified on histopathology and mapped on to MRI and MRF. Distribution of lesions
belonging to various ISUP Prognostic Groups (IPG) are summarized in Table 1. The tissue
compartment estimates within PCa, prostatitis and NPZ ROls along with mean T1, T2 MRF
measurements, ADC values, and T2w intensities are summarized in Table 2. All these
measurements were observed to be statistically significant (0 < 0.001) across IPGs,
prostatitis and NPZ on ANOVA. Multiple pair-wise comparisons are detailed in
Supplementary Table S2 which show that T1, T2 MRF and ADC measurement were
significantly different (p < 0.05) between PCa (across all IPGs) and NPZ.

Density of epithelium was observed to increase with IPG (o = 0.89) while that of lumen and
stroma decreased with IPG (p = —0.71 and —0.73). Tissue compartment ratios (TCR) of
epithelium and stroma in prostatitis were found to be similar to clinically insignificant PCa
(IPG = 1), however, were significantly different compared to NPZ (p < 0.05). MRF T2 and
ADC dropped (R =-0.39 and —0.56) with increasing IPG within the PCa ROIs. MRF T2
and ADC in prostatitis ROIs were observed to be higher than all PCa (including IPG = 1).
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T1 MRF measurements also followed a similar trend as T2 MRF, ADC however a statistical
significance was not observed. All of T1, T2 MRF and ADC measurements were
significantly higher in NPZ compared to PCa and prostatitis (Figure 4).

Correlations between MRF and tissue compartments within prostate cancer and prostatitis

ROIs

Significant correlations between TCRs and MRF measurements on imaging were observed
(Figure 3). T1 MRF was positively correlated with stroma for PCa (/= 0.35) and negatively
correlated for prostatitis (R = -0.44). T1 MRF was negatively correlated with epithelium for
PCa (R =-0.38) while no significant correlations were observed in prostatitis and with
lumen TCRs. There was a negative correlation of T2 MRF measurements with density of
epithelium (R = -0.44) and positive correlation with lumen (R = 0.57) for prostate cancer.
While T2 MRF was also positively correlated with lumen for prostatitis (R = 0.46), no
significant association was observed with epithelium in this case. ADC measurements were
negatively correlated to epithelial TCR and positively correlated to TCRs stroma and lumen
within the cancerous ROIs. However, no significant associations were observed for
prostatitis (provided in supplemental section).

Correlations between T1 MRF and stromal ratio were found to be in opposite directions for
prostate cancer and prostatitis (Figure 3). Significant differences (p < 0.01) were observed in
T2 MRF and ADC measurements between prostate cancer and prostatitis in both the
peripheral zone (PZ) and the transition zone (TZ) (Figure 4). T1 MRF measurements
showed significant differences between these two categories in the TZ.

Differences in MRF — tissue compartment associations in peripheral and transition zone
prostate cancer lesions

When controlled for their location in specific zones, stronger correlations between T2 MRF,
ADC and TCRs was observed within the PZ PCa lesions while T1 MRF showed higher
correlations with epithelium and stromal ratio within the TZ lesions. ADC was found to be
strongly correlated to the lumen ration within TZ PCa lesions. These results are summarized
in Table 3. With respect to prostatitis, significant correlations between TCRs and T1, T2
MRF were observed in the TZ while no significant correlations were observed in the PZ.

Discussion

The goal of this study was to establish associations between ground truth histopathology and
corresponding MRF measurements which could help facilitate a better understanding and
interpretability of the morphologic basis of the MRF parameters and potentially optimize
MRF acquisition towards discriminating specific pathologic presentations. In this study, we
explored associations between T1, T2 MRF and tissue compartment ratios (TCRs) within
regions of prostate cancer (PCa), prostatitis and normal peripheral zone (NPZ). A carefully
curated cohort of patients who underwent radical prostatectomy (RP) prior to MR
examination was used and whole mount sections of prostate post RP were co-registered with
in vivo MRI and MRF. The co-registration was used to define delineations of prostate cancer
(PCa), prostatitis and NPZ regions of interest (ROIs) on imaging, verified by an experienced
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radiologist and pathologist. Deep learning derived tissue compartment ratios (TCRs) of
epithelium, lumen, and stroma on histopathology were correlated with T1, T2 measurements
within corresponding ROIs on MRF.

Previous studies have investigated diagnostic performance of MRF and have shown that T1,
T2 and ADC measurements resulted in excellent separation between cancers and non-
cancers. Yu et. al. [2] have shown that T1, T2 MRF and ADC separated PCa from normal
prostate in the peripheral zone (PZ) with an AUC=0.99 on a dataset of N=109 lesions. Panda
et. al.[3] further explored and found that T1 and ADC together resulted in AUC=0.83 in
distinguishing PCa and prostatitis on a set of N=104 lesions in the PZ. In a separate study,
Panda et. al. [4] investigated N=75 lesions in the transition zone (TZ) and observed that T1
and ADC together resulted in an AUC=0.94 in separating cancers from non-cancers.

In this study, correlations assessed between MRF measurements and ISUP Prognostic
Groups (IPG) revealed that T2 MRF and ADC dropped with increasing IPG which is
consistent with previous results [7, 25, 26]. The epithelium ratio is significantly higher and
lumen ratio significantly lower in high grade lesions (IPG = 4,5) which results in restricted
diffusion in lumen and is reflected in reduction of T2 relaxation time and ADC [27].
Measurements of T1, T2 MRF and ADC were significantly different between PCa and NPZ
on ANOVA followed by multiple pair-wise comparisons. This indicates that healthy prostate
tissue has significantly higher measurements compared to PCa and prostatitis. These are also
illustrated in Figure 5. Mean T2 MRF and ADC were lower in cancer ROIs (including low
grade IPG = 1) compared to prostatitis which has also been shown in previous studies by
Panda et. al. [3, 4]. Prostatitis is characterized by the presence of lymphocytes in stroma and
intra-luminal neutrophils [28] which also tends to result in restriction of diffusion, however
this is lesser than that observed in PCa. These observations have been reported by earlier
studies [12, 29] and our results are in agreement.

Within PCa ROls, we observed that T2 MRF measurements decreased with rise in
epithelium and decline of lumen, which is in line with previously published literature [8, 11,
27]. T2 values are affected by free water and fluid [30] in the extracellular space which is
significantly reduced in PCa due to a high epithelial content and poorly formed glands. T1
MRF measurements decreased with rise in epithelium and reduction of stroma compared to
healthy prostate tissue as illustrated in Figure 5. The breakdown of glandular spaces that
contain fluid results in shorter T1 and this was also observed in a study by Busch et.al. [31]
which looked at T1 relaxation in ex vivo prostate tissue. We also computed correlations
between conventional MRI (T2w, ADC maps) and TCRs and our results were in agreement
with previous studies for PCa lesions, as shown in Table 4. Kwak et. al. (16) used the
Pearson’s correlation coefficient as used in our study and our results are in close agreement.
This provides a sanity check that despite differences in datasets and methods used to
segment tissue compartments, the correlations between prostate cancer MRI and pathology
remain similar.

For prostatitis, T2 MRF measurements reduced with decrease in lumen TCRs, similar to
what was observed for PCa. However, on histopathology, while prostatitis is characterized
by intraluminal neutrophils and glandular atrophy [32] PCa shows decreased luminal
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volume. We also observed that lower stromal TCR was associated with higher T1L MRF. In
our segmentation approach, lymphocytes were not categorized separately and regions with a
high concentration of infiltrating lymphocytes were segmented as epithelium. Therefore, a
lower stromal content could imply a higher concentration of lymphocytes, or inflammatory
cells, along with extracellular fluid in the /in vivotissue [14]. Taken together, this would
result in a higher T1 signal. However, further studies on a larger dataset are needed to gain
additional insights.

Significant differences between prostatitis and PCa have been observed in our study with
respect to ADC and T2 MRF. When individual prostate zones were considered, ADC and T2
MRF measurements were significantly different both in the peripheral (PZ) and transition
zone (TZ), while T1 MRF was significantly different in the TZ. These results are in
agreement with some of the recent studies by Panda et. al. [3, 4] which demonstrated that
T1, T2 MRF and ADC were significantly different between prostatitis and PCa. Results
using quantitative MRF measurements and ADC tend to indicate that they could potentially
be capturing morphologic differences between prostate cancer and prostatitis. Validation on
a larger cohort of patient studies will be conducted in the future to establish these findings.

When controlling for the spatial location of the disease, we observed correlations between
T1 MRF and TCRs were stronger and significant in the TZ (both PCa and prostatitis) while
those between T2 MRF and TCRs were stronger in the PZ. A number of earlier studies
including the Prostate Imaging Reporting and Data System version 2 (PIRADS v2)
guidelines [33], and radiomic signatures derived from MRI [19, 34] indicated that PZ and
TZ tumors tend to have different characteristics and this observation also held with respect
to MRF measurements.

Our study did have its limitations. The number of patients used in this study were limited
and from a single institution which may affect the robustness and generalizability of these
findings. Nevertheless, a majority of observations were in line with previous studies. Future
work will include validating these findings on a larger cohort across multiple scanners,
institutions and perform multiple comparisons. Co-registration of MRI, MRF and pathology
was based on slice correspondences that were manually established by a single radiologist
and pathologist which may be potentially biased. However, characteristics of cancer tissue
on pathology are well defined and ROIs on pathology were defined to contain > 90% of
cancerous tissue. Therefore, we anticipate a very minimal error rate on account of inter-
reader variations in this study. One of the possible ways to minimize this error in the future
is to employ an /n vivo imaging based mold for sectioning of whole mounts post-surgery[6]
and this is a part of our ongoing study. In this study, we have considered individual lesions
separately and there might be correlations between lesions from the same patient. However,
due consideration has been given such that clusters of lesion on pathology which would
appear as a single, continuous hypo-intense region on imaging were matched accordingly.
Segmentation of tissue compartments on pathology was limited to epithelium, lumen &
stroma and future work could include more detailed annotations [35], radiomic feature
characterization on pathology and training of sub-compartment models including
lymphocyte concentration, cytoplasm, macrophages to better characterize benign lesions.
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In conclusion, we observed significant correlations between tissue compartments on
pathology and T1, T2 MRF maps. Increase in epithelial density with IPG was reflected in
lower T2 MRF measurements and an inverse relationship was observed with respect to
density of lumen. Reduction in stromal content with rise in IPG was captured by T1 MRF
measurements. T2 MRF measurements showed differences between prostate cancer and
prostatitis and these trends were also observed with low grade prostate cancer and prostatitis.
The understanding gained in this study, of the histo-morphometric basis for differences in T1
and T2 relaxation times (as seen on MRF) between normal peripheral zone, prostatitis and
cancerous tissue, could play an important role in helping design strategies for future MRF
acquisitions. For instance, T1 and T2 MRF measurements could be combined with other MR
measurements, considering their differential correlations with tissue compartments, that may
further emphasize these tissue differences.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Key Points

Mean T2 MRF measurements and ADC within cancerous regions of interest
dropped with increasing ISUP prognostic groups (IPG).

Mean T1 and T2 MRF measurements were significantly different (p < 0.001)
across IPGs, prostatitis and normal peripheral zone (NPZ).

T2 MRF showed stronger correlations in peripheral zone while T1 MRF
showed stronger correlations in the transition zone with histopathology for
prostate cancer.
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n = 133 prostate cancer patients
with multi-parametric prostate MRI
and T1, T2 MRF maps

n = 19 patients who underwent RP

Page 14

———————————I

I Exclusion Criteria: [

____>|°

Lack of whole mount specimens I
from RP (n=1)

Non-availability of |
reconstructed MRF maps (n=1) |

n=33
Lesions identified

adenocarcinoma

l . Correspondence issues between [
I MRI — MRF — pathology |
n = 14 patients finally included in | sorrespondence ssues (n=a)
n=23
as prostate Lesions identified as
prostatitis

Figure 1:

Flowchart illustrating inclusion criteria for patients used in this study. RP: Radical
prostatectomy, MRF: Magnetic Resonance Fingerprinting
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(@)

U-Net 1

Segmented Tissue

H&E Image Deep Learning segmentation
B P g seg Compartments

(b) Pathology — MRI registration MRI — MRF registration

—-—— e - = —
———————

/

ROI mapped to MRI ROI mapped to MRI Deformed MRI with ROI ROI mapped to MRF

Figure 2:
(a) Tissue compartment segmentation on whole mount H&E stained digitized pathology

using two U-net deep learning models. The lumen segmentation model has precedence when
both the models are positive (an example is illustrated). (b) Schematic pipeline illustrating
the workflow adopted to register digitized whole mounts with T2w images and T2 MRF.
Prostate cancer and prostatitis ROIs delineated on pathology were mapped on to MRI and
MRF following the registration.
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Figure 3:

epithelium

Scatter plots of mean T1, T2 MRF with respect to tissue compartment ratios (TCRs) of
stroma, epithelium and lumen within prostate cancer and prostatitis regions of interest. An
asterisk is indicated next to correlation coefficient (/) to suggest statistical significance.
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Top row: Box plots illustrating statistically significant differences between prostate cancer
prostatitis and normal peripheral zone (NPZ) in terms of mean T1, T2 MRF and ADC
values, pair-wise along with ANOVA. Bottom row: Differences between prostate cancer and
prostatitis in terms of mean T1, T2 MRF and ADC. T2 MRF and ADC show significant
differences across peripheral (PZ) and transition zone (TZ) while T1 MRF is significantly
different in the TZ, between prostate cancer and prostatitis.
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Figure 5:
Row 1: Tissue compartment segmentations on clinically significant (IPG >1), insignificant

(IPG = 1), prostatitis and normal peripheral zone ROIs (purple epithelium, pink stroma and
green lumen). Row 2,3: T2WI and ADC containing mapped ROIs from pathology. Row 4,5:
T1, T2 MRF maps showing ROI mapped from T2WI. Mean values within the ROIs are
provided in the lower right corner for each image.
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Dataset Characteristics

Table 1:

Parameter Value
# patients 14
Mean age (range) in years 62 (54-74)
Mean PSA (range) in ng/mL | 9.4 (5.2-23.8)
# Prostate Cancer lesions 33
#inPZTZ 19, 14
ISUP Prognostic Group:
1 15
2 9
3 4
4 4
5 1
# Prostatitis lesions 23
#inPZ,TZ 9,14

PZ: Peripheral Zone; TZ: Transition Zone; PSA: Prostate Specific Antigen
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Table 2:

Page 20

Mean MRI (T2w, ADC), MRF (T1, T2), and Tissue Component Density Estimates within Prostate Cancer,
Prostatitis and normal peripheral zone (PZ) ROIs; correlations with IPG

Mean within ROIs ANOVA
Parameter Prostate Cancer (PCa), N = 33 Co_rrelation Prostatitis, N = Normal PZ, F statistic | p-value
IPG 1 IPG 2,3 | IPG 4,5 with IPGs 23 IM=24

% Epithelium | 0.32+0.05 | 0.470.12 | 0.69 +0.06 089* 0.35+0.07 0.24 £ 0.09 351 | <0.0001
% Lumen 0174003 | 0.14+0.04 | 0.08+0.03 —071* 0.18 £ 0.05 0.20 % 0.06 6.26 0.0002
% Stroma 048+0.1 | 04101 | 022+0.06 ~0.73* 0.46 £ 0.07 0.56+0.1 143 | <0.0001
Tow 133234 | 1292208 [ 1105 -0.23 140+376 21768 1375 | <0.0001
ADC Y33 | 78078 | 63611 -0.56 968 + 133 1372+ 233 4737 | <0.0001
T1 MRF 1643+ 115 | 1568+ 226 | 1528+ 178 -0.34 1690 + 154 1913 + 350 6.36 0.0002
T2 MRF 5476 | 53x153 | 38:08 ~0.39% 74£17.6 95+ 28 174 | <0.0001

*
Note: indicates statistical significance (p < 0.05)
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Table 3:

Correlation coefficients between quantitative MR and tissue compartments of prostate cancer lesions and
prostatitis within peripheral and transition zone
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Peripheral Zone (Npca = 19, np = 9) Transition Zone (Npca = 14, np = 14)
%epithelium  %stroma  %lumen  %epithelium  %stroma  %lumen
T1 MRF -0.36 0.17 0.3 056~ 046~ 0.42
Prostate Cancer T2 MRF —072% 052% 076~ 0.1 -0.1 0.1
ADC 06" 063" 0.23 -0.28 -0.1 087"
T1 MRF 03 -0.46 036 064" -0.44 —05*
Prostatitis T2 MRF 0.12 -0.45 0.54 -06" 0.56™ 02
ADC 0.05 0.08 -0.17 -04 0.19 0.5

*
Indicates statistical significance (p < 0.05); PCa: Prostate Cancer; P: Prostatitis
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Table 4:

Comparing correlations shown in previous works between T2w, ADC and tissue compartments on

histopathology

Our results Kwaket. al. Chatterjee et. al® Langer et. al. **

ADC - epithelium
ADC - lumen
ADC - stroma

T2WI - epithelium
T2WI - lumen
T2WI - stroma

-0.48 -0.56 -0.65 -0.50
0.37 0.47 0.68 0.57
0.37 0.30 0.35 0.13
-0.29 -0.39
0.40 0.36
0.16 0.18

*

- uses Spearman’s rank correlation

Hk
- uses mean slope
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