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Abstract. Recently, multi-parametric (MP) Magnetic Resonance (MR) Imaging
(T2-weighted, MR Spectroscopy (MRS), Diffusion-weighted (DWI)) has shown
great potential for evaluating the early effects of radiotherapy (RT) in the prostate.
In this work we present a framework for quantitatively combining MP-MRI mark-
ers in order to assess RT changes on a voxel-by-voxel basis. The suite of segmen-
tation, registration, feature extraction, and classifier tools presented in this work
will allow for identification of (a) residual disease, and (b) new foci of cancer
(local recurrence) within the prostate. Our scheme involves, (a) simultaneously
evaluating differences in pre-, post-RT MR imaging markers, and (b) intelligently
integrating and weighting the imaging marker changes obtained in (a) to generate
a combined MP-MRI difference map that can better quantify treatment specific
changes in the prostate. We demonstrate the applicability of our scheme in study-
ing intensity-modulated radiation therapy (IMRT)-related changes for a cohort
of 14 MP (T2w, MRS, DWI) prostate MRI patient datasets. In the first step, the
different MRI protocols from pre- and post-IMRT MRI scans are affinely regis-
tered (accounting for gland shrinkage), followed by automated segmentation of
the prostate capsule using an active shape model. Individual imaging marker dif-
ference maps are generated by calculating the differences of textural, metabolic,
and functional MRI marker attributes, pre- and post-RT, on a per-voxel basis.
These difference maps are then combined via an intelligent optimization scheme
to generate a combined weighted difference map, where higher difference values
on the map signify larger change (new foci of cancer), and low difference val-
ues signify no/small change post-RT. In the absence of histological ground truth
(surgical or biopsy), radiologist delineated CaP extent on pre-, and post-RT MRI
was employed as the ground truth for evaluating the accuracy of our scheme in
successfully identifying MP-MRI related disease changes post-RT. A mean area
under the receiver operating curve (AUC) of 73.2% was obtained via the weighted
MP-MRI map, when evaluated against expert delineated CaP extent on pre-, post-
RT MRI. The difference maps corresponding to the individual structural (T2w in-
tensities), functional (ADC intensities) and metabolic (choline, creatine) markers
yielded a corresponding mean AUC of 54.4%, 68.6% and 70.8%.
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1 Introduction

Prostate cancer (CaP) is the second leading cause of cancer related deaths amongst men
in United States with an estimated 217,730 new cases in 2010. Upto 25% of all CaP pa-
tients undergo some form of radiation therapy (RT) (e.g. intensity-modulated radiation
therapy (IMRT), proton beam therapy, brachytherapy) as treatment for clinically local-
ized disease1 Currently, differentiation between local or systemic recurrence of CaP
(which have radically different prognoses and treatment regimens) is only appreciable
on trans-rectal ultrasound, that too at a relatively advanced stage [1]. Early identification
of non-responders via the use of imaging will allow for modification of the therapy [1],
as well as provide clues about long-term patient outcome.

Recently, in-vivo multi-parametric (MP) Magnetic Resonance (MR) Imaging (MRI)
(T2-weighted, MR Spectroscopy (MRS), and Diffusion-weighted (DWI)) has shown
great potential in early identification of RT related changes in the prostate [2]
(Figure 1). Pucar et al. [1] showed that MP-MRI significantly improves identification
of CaP regions pre-, post-RT, compared to sextant biopsy and digital rectal examina-
tion. Similarly, in [3] an area under the receiver operating curve (AUC) of 0.79 was
obtained via qualitative examination of MP-MRI (T2w, MRS) in accurately identifying
new and recurrent disease post-RT. In another similar study [4], DWI when combined
with T2-w MRI was shown to significantly outperform T2w MRI alone, for accurately
predicting locally recurrent CaP post-RT. Successful treatment of CaP on T2w MRI,
post RT, is characterized by uniform T2w signal intensity without focal abnormalities,
while new or locally recurrent CaP is characterized by hypo-intense regions of smooth
texture [5] (Figure 1(d)). MRS shows an absence of citrate, as well as low metabolic
activity in cases of successful treatment (Figure 1(e), outlined in blue). New foci and
locally recurrent CaP on post-RT MRS is characterized by elevated levels of choline [5]
(Figure 1(e), outlined in red). Similarly, post-RT, DWI shows an overall increase in
apparent diffusion coefficient (ADC) values within the entire prostate when CaP is suc-
cessfully treated. Unchanged or decreased ADC values correspond to locally recurrent
CaP [6] (Figure 1(f)).

Visual examination of post-RT MRI for evaluating treatment related changes and
residual disease is usually associated with poor detection rates due to (a) diffuse T2w
signal intensity and indistinct zonal anatomy on T2w MRI [7], (b) adverse effects of
post-biopsy hemorrhage and hormonal therapy which in turn adversely affects identifi-
cation of metabolic peaks [8], and (c) significant gland shrinkage and distortion post-
RT [1]. Automated quantitative assessment of RT changes on a per voxel basis may thus
allow accurate and precise identification of (a) residual disease, and (b) new foci of can-
cer (local recurrence) within the prostate. Additionally, since each of the individual MR
imaging markers provide orthogonal information (structural, functional, metabolic),
a MP-MRI approach that can leverage multiple imaging channels could significantly
improve detection specificity and sensitivity.

While a number of sophisticated quantitative data integration strategies on pre-RT MP-
MRI have been proposed [9,10,11], one of the limitations of these strategies [9,10,11]
is that they naı̈vely concatenate/combine original feature representations to obtain the

1 American Cancer Society.
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Fig. 1. (a), (b), (c) show the pre-treatment imaging markers for T2w MRI, MRS and DWI respec-
tively, where (a) shows hypointense T2w MRI intensity regions (outlined in red) on a single T2w
MRI slice, (b) shows a typical MRS CaP spectrum characterized with elevated choline peak, and
(c) shows a DWI image with CaP outlined in red, defined by low ADC values. Figures 1(d), (e),
and (f) show the T2w MRI, MRS and DWI scenes post-RT where, (d) shows the corresponding
post RT T2w MRI slice with uniform signal intensities characterizing successful treatment, while
hypo intense CaP region is outlined in red, reflecting local disease recurrence, Similarly in (e)
the elevated choline peak appears to suggest local CaP recurrence within a single MR spectrum
(outlined in red), along with a spectrum showing low metabolic activity (outlined in blue) re-
flecting disappearance of disease. (f) shows CaP recurrence defined by low ADC and successful
treatment characterized by diffuse ADC values.

fused representation of MP-MRI data. A more intelligent approach to quantitatively fus-
ing orthogonal (complimentary) channels of information, is to optimally weight the con-
tributions of individual data streams for improved classification. Additionally, all of these
quantitative data integration strategies involving MP-MRI have purely been focussed on
pre-RT imaging alone. To the best of our knowledge, there does not exist any comput-
erized detection methods in the context of MP-MRI that can quantify changes on pre-,
post-RT for early determination of therapy effectiveness. A few major challenges asso-
ciated with developing such an automated scheme for pre-, post-RT evaluation include,
(a) developing elastic registration tools to deal with changes in shape and size of the
prostate gland pre-, post-RT, (b) accurate alignment of various MP imaging protocols
for computing voxel level absolute difference of the imaging markers (reflective of treat-
ment changes), and (c) optimized weighted quantitative integration of imaging marker
changes across MP-MRI.
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In this paper we present a novel MP quantitative data integration scheme for eval-
uating pre-, post-RT related changes, that, (1) provides a common framework across
pre-, post- patient studies via registration, segmentation and classification modules, to
overcome the aforementioned challenges associated with pre-, post- data alignment,
(2) accurately quantifies post-RT imaging marker changes (“hotspots”) on a per-voxel
level, on T2w MRI, MRS, and DWI, and (3) intelligently combines “changes in imaging
markers” across individual MP-MRI modalities for accurately assessing pre-, post-RT
changes (“hotspots”), identified as, (a) successful treatment (CaP on pre-RT, no CaP
on post-RT), (b) new CaP foci (no CaP on pre-RT, CaP on post-RT) and (c) local re-
currence (CaP on pre-RT, CaP on post-RT but in a different location relative to the site
of treatment). These treatment changes are captured by differences in imaging markers
across different imaging modalities (T2w, MRS, DWI), and are combined by optimally
weighting contributions of each MP-MRI modality based on their ability to accurately
capture post-RT changes.

The rest of the paper is organized as follows. In Section 2, a brief system overview
and description of the datasets employed in this work is provided. In Section 3, we de-
scribe our registration and segmentation modules for pre-, post-RT data alignment. De-
tailed description on generating a weighted multi-parametric difference map is provided
in Section 4. Results and discussion are presented in Section 5, followed by concluding
remarks in Section 6.

2 System Overview and Data Description

2.1 System Overview

Figure 2 presents an overview of our scheme illustrating the registration, segmentation,
quantification and integration modules. In Module 1, T2w MRI, MRS and DWI pre-,
post-treatment are brought into alignment using a spatially constrained 3-D affine reg-
istration scheme [12], that accounts for changes in overall shape and size of the prostate
pre-, and post-RT. Module 2 involves accurate delineation of the prostate region of in-
terest (ROI) on pre-, post-RT using a robust statistical shape model [13] that is able to
compensate for the loss of image resolution post-RT. In Module 3, a difference map is
generated for each of the individual T2w MRI, MRS and DWI protocols by taking an
absolute difference of the corresponding imaging markers pre-, post-RT MRI on a per-
voxel basis. The difference maps thus obtained on each of these imaging markers are
then intelligently weighted based on their respective ability in capturing treatment re-
lated changes to yield a weighted, combined MP-MRI imaging marker difference map
(Module 4).

2.2 Notation

We denote a pre-treatment T2w prostate MRI scene as C pre
t2 = (C, f pre

t2 ), where f pre
t2 (c)

is the associated intensity at every voxel location c on a 3D grid C. MRS data corre-
sponding to C pre

t2 is obtained at a much coarser resolution, such that multiple voxels
are located within a single MRS voxel. To obtain a voxel based MRS representation,
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Fig. 2. Flowchart of the new strategy showing different modules, registration (Module 1), seg-
mentation (Module 2), quantification of imaging markers (Module 3). The individual imaging
marker difference maps are integrated via a weighted combination scheme to yield an integrated
difference map, one that is more reflective of the disease specific changes, pre-, post, RT (Mod-
ule 4).

we linearly interpolate acquired MRS information to a T2w MRI voxel resolution, thus
yielding the corresponding spectral scene C pre

mrs = (C,Gpre), where Gpre(c) is the asso-
ciated MRS metabolic vector at every voxel c ∈ C (representing the concentrations of
different biochemicals, such as creatine, citrate, and choline). The DWI MRI scene is
similarly defined as C pre

adc = (C, f pre
adc), where f pre

adc(c) is the associated ADC intensity at
every voxel location c on a 3D grid C (interpolated to a T2w MRI voxel resolution).
Post-RT T2w MRI prostate image scene, ̂C post

t2 , is registered to C pre
t2 to yield the corre-

sponding registered T2w MRI scene (post-RT) as C post
t2 = (C, f post

t2 ). MRS information
(interpolated to T2w voxel resolution) is transformed to yield C post

mrs = (C,Gpost). DWI
image is similarly transformed to yield the corresponding registered DWI image as
C post

adc = (C, f post
adc ).

2.3 Data Description

A total of 14 in vivo endorectal MP-MRI patient datasets were acquired at the University
of California, San Francisco between 1998-2007. All patients underwent external beam
radiotherapy after initial MRI (1.5 Tesla, GE Signa, endorectal coil), with supplemen-
tary, neo-adjuvant hormonal therapy. Post-RT, patients were reimaged via MRI (3 Tesla,
GE Signa, endorectal coil). An expert spectroscopist labeled the spectral voxels as CaP
and benign on the MRI/MRS pre- and post-RT studies, which was used as surrogate
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ground truth labels for CaP extent. Five out of the 14 studies included T2w, MRS, and
ADC maps (from DWI), while the remaining 9 comprised MRS and T2w MRI alone.
A total of 51 slices from the 14 patient studies (with T2w MRI and MRS information,
acquired between 1998-2002) with CaP (pre-RT) constituted Dataset 1, and a total of
20 slices with CaP (pre-RT) from the 5 patients studies (with ADC, T2w and MRS in-
formation, acquired between 2002-2007) constituted Dataset 2. Based on the pre-, and
post-RT CaP label information, regions of definite treatment change (“hotspots”) were
defined on each of the 51 images for Dataset 1, and 20 images for Dataset 2. These
included regions of (1) successful treatment, (2) partially successful treatment, and (3)
local recurrence (detailed in Table 1).

3 Registration and Segmentation of Multi-Parametric MR
Imagery

3.1 Registration of Pre- and Post-treatment MR Imagery

Registration of C pre
t2 to ̂C post

t2 is uniquely complicated by (1) changes in the overall
shape and size of the prostate gland (which is known to shrink, post-RT [1]), (2) differ-
ing acquisition parameters, and (3) changes in imaging markers due to RT effects. We
attempt to address these challenges by employing a mutual information (MI) based 3D
registration scheme [12], comprising of following steps,

1. Post-RT MP-MRI data is first down-sampled to pre-RT image resolution. Bounding
boxes containing the prostate on C pre

t2 and ̂C post
t2 are then manually selected.

2. A spatially constrained MI similarity measure is used to drive the affine transfor-
mation of ̂C post

t2 onto C pre
t2 . Only those voxels of C pre

t2 and ̂C post
t2 that fall within the

bounding box (selected in Step 1) are considered in the calculation of MI (chosen
for its robustness to non-linear intensity relationships [12]).

3. A 3D affine transformation with 12 degrees of freedom, encoding rotation, transla-
tion, shear, and scale, is implemented (as presented in [12]) to accurately align the
prostate between C pre

t2 and ̂C post
t2 .

Alignment of T2w and ADC maps is done based on available voxel sizes and locations
(automatically extracted from DICOM headers). In the case of post-RT ADC maps,
the 3D transformation from Step 3 is applied to map all the data into the pre-treatment
coordinate frame C (associated with C pre

t2 ). However, alignment of T2w MRI and MRS
is done in 2D (since MRS, T2 are implicitly aligned pre-registration in 2D), by applying
the transformation obtained in Step 3 along the X and Y -direction to obtain C post

mrs .

3.2 Automated Segmentation of Prostate Capsule on T2w MRI Data

This module utilizes a novel, fully automated Active Shape Model (ASM) scheme for
delineation of the prostate capsule on in vivo T2w MR imagery [13]. This technique,
developed by our group and presented in [13], leverages multi-protocol data as follows,

1. First, a texture-based support vector machine (SVM) classifier is constructed to be
able to classify voxels within the prostate ROI.
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2. A single midgland slice is selected from each test study. Corresponding MRS data
is identified as either prostatic or extra-prostatic via a replicated k-means spec-
tral clustering scheme [13]. This yields a bounding box of spectra from within the
prostate.

3. The SVM classifier from Step 1 is used to identify prostatic voxels within the
bounding box identified in Step 2, resulting in a boundary initialization.

4. The ASM transforms a known mean shape of the prostate (detailed in [13]) to the
boundary initialization from Step 3, resulting in the gland capsule segmentation for
this slice.

5. This segmentation is extended to the base and apex to yield a delineation of the
prostate ROI (as described in [13]) on C pre

t2 , C post
t2 as well as on the ADC map.

4 Weighted Combination of Imaging Marker Difference Maps for
Identifying Treatment Related Changes Post-therapy

4.1 Feature Extraction for Individual T2, MRS and DWI Protocols

A difference map for each of the imaging markers, extracted from each of the individual
MR protocols (T2, MRS, DWI) is computed for every scene C , for every c ∈C as,

Δi = |C pre
i −C post

i |, (1)

where i ∈ {1,2, ...,n} is the imaging marker evaluated, C is the 3D image scene asso-
ciated with each imaging marker i, and n is the total number of imaging markers.
A. Structural (T2w): All T2w MRI images, pre-, post- RT, were first corrected for bias-
field and underwent intensity standardization [14]. A difference map (Δ1) is then calcu-
lated by taking an absolute difference (L1-norm) of T2w signal intensities across pre-,
post- RT image scenes at every c ∈C, using Equation 1.
B. Metabolic (MRS): Kurhanewicz et al [3] have suggested that ratios of area under
the choline (Ach), creatine (Acr) and citrate peaks (Acit ) are highly indicative of the
presence of CaP. However, only choline (Ach) and creatine (Acr) are considered post-RT,
due to the known absence of citrate [5]. We calculated Ach and Acr using a composite
trapezoidal rule within the pre-defined metabolic ranges on each spectrum, both pre-,
and post-RT. A ratio of Ach /Acr was recorded and used to obtain a difference map (Δ2)
by taking a L1 norm of Ach/Acr pre-, and post-RT as illustrated in Equation 1.

Table 1. Different RT outcomes with corresponding effects on CaP presence and extent

Treatment response Residual CaP
New CaP

Number of studies
occurrence

Successful treatment N N 5
Partially successful treatment Y N 3

Local recurrence
Y Y

6
N Y
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C. Functional (ADC): DWI images were corrected for bias field and intensity standard-
ized pre-, post-RT. Equation 1 is then employed to compute an ADC difference map
(Δ3) by taking an absolute difference of ADC signal intensities values across pre-, and
registered post- RT on a per voxel basis.

4.2 Generating a Combined Multi-Parametric Weighted Map

Individual difference maps (Δ1,Δ2,Δ3) obtained from T2w, MRS and DWI, allow for
quantification of the changes in imaging markers across each of the individual protocols.
A MP-MRI weighted map can thus be obtained by leveraging each of the different
marker difference maps as,

Cmap =
n

∑
i=1

αi ×Δi, (2)

where αi, i ∈ {1,2, ..,n} reflects the contribution of each of the individual n imaging
markers obtained via different MP-MRI protocols (T2w MRI, ADC, MRS) employed
simultaneously to accurately quantify treatment-specific changes on MP-MRI.

Optimization of Weights. Weights are obtained via a rigorous optimization of imaging
marker difference maps from a set of training images (D̃), and the learned weights are
then assigned to the test image to obtain D̂.

1. For each of the training images, D̃i, a binary mask, D̃θ
i , is created by thresholding

the intensity values between 0 and 1, such that D̃θ
i = D̃i ≥ θ for each i, i ∈ {1, ...n}.

2. Sensitivity and specificity values at each threshold θ ,θ ∈ [0,1] are recorded and
a receiver operating curve (ROC) is obtained for each D̃i, for each i, i ∈ {1, ...,n}.
Binary map at the operating point of the ROC curve D̃ν

i for each i is recorded,
where ν is the operating point of the ROC curve.

3. D̃ν
i is then used to create a MP-MRI map as, D̃map = ∑n

i=1 αi × D̃ν
i , where weights

are such that ∑n
i=1 αi = 1,αi ∈ [0,1].

4. Positive predictive value (Φ) is recorded for different values of αi, α ∈ [0,1] based
on the overlap of training MP-MRI image, D̃map, with respect to expert delineated
ground truth, DGT . The values of αi that maximize Φ in accurately identifying
treatment changes are obtained as:

{α̃1, ..., α̃n} = arg max
α1,...,αn

(Φ) (3)

5. The maximum likelihood estimate (MLE) of α̃i (mode of the distribution assuming
each α̃i is normally distributed) for each i, i ∈ {1, ...,n} across all training images,
α̂i, is then used to obtain the combined test image, D̂ = ∑n

i=1 α̂i × D̂i.

5 Results and Discussion

A leave-one-out cross validation strategy was used, where at each iteration, slices from
a single patient study were held out from testing, while the remaining slices were used
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for training. The cross-validation process was repeated until all slices from all patient
studies are evaluated. During each run of cross validation, test image, D̂, is evaluated via
ROC analysis for threshold θ ,θ ∈ [0,1] based on overlap of thresholded binary image
with respect to the expert delineated ground truth labels, DGT , on a per-voxel basis.

5.1 Experiment 1: Quantifying Changes in Individual Imaging Markers
Post-RT

Figure 3 shows scaled absolute difference images of T2w intensities (Figure 3(c), (i)),
ADC values (Figure 3(d), (j)), ch/cr metabolites (Figure 3(e), (k)), and weighted MP-
MRI maps (Figures 3(f), (l)) for single 2D slices from two different patient studies. The
results were evaluated based on the overlap of ground truth labels (“hotspots”) on a per-
voxel basis. CaP on pre-RT is outlined in magenta, while the CaP on post-RT is outlined
in black. Note that ADC (Figure 3(d), (j)) appears to identify more true positive regions
(RT-changes) as compared to T2w MRI (Figure 3(c), (i)) and MRS (Figure 3(e), (k)).
MRS (Figure 3(e), (k)) appears to pick fewer false positives associated with RT-related
changes, as compared to ADC (Figure 3(d), (j)), and T2w MRI (Figure 3(c), (i)) across
the two slices.

Table 3(a) shows the mean AUC and accuracy for Dataset 1 across 14 patient stud-
ies (with only T2w MRI and MRS data), while Table 3(b) shows the mean AUC and
accuracy obtained for Dataset 2 (with DWI, T2w MRI and MRS) for 5 patient studies,
obtained via a leave-one-out cross validation. It is worth noting that ADC difference
maps outperformed T2w MRI and MRS difference maps, with an AUC of 70.2%, com-
pared to 67.5% for MRS and 54.9% for T2w MRI, in accurately quantifying RT-related
changes. The qualitative and quantitative results presented in this work corroborate with
the findings in [6] which suggests that difference in ADC values might be an important
imaging marker in evaluating pre-, post-RT changes.

Table 2. Summary of qualitative changes in MP-MR imaging parameters pre- and post-RT, and
the corresponding quantitative features used in this work to characterize each of the marker dif-
ferences for different protocols

Pre-RT appearance Post-RT appearance

T2w
low T2w signal intensity Hypo-intense regions, smooth texture

in peripheral zone No change in residual CaP regions

MRS
elevated levels of choline (Ach)/creatine (Acr) Nearly absent Acit , polyamines in benign, CaP

reduced levels of citrate (Acit) Residual CaP has elevated Ach,Acr

DWI
significantly low ADC Increased ADC compared to pre-RT

compared to benign Residual CaP lower ADC compared to benign areas

5.2 Experiment 2: Quantifying Changes via Weighted Combination of MP-MRI

The results presented in Figure 3 and Table 3 suggest that MP-MRI map outperformed
each of the individual imaging marker differences (Δ1,Δ2,Δ3) across both the datasets,
in accurately quantifying treatment changes. The improved performance of combined



Weighted Multi-Parametric MRI for Evaluating RT Related Changes 89

(a) (b) (c)
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

(d) (e) (f)
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

(g) (h) (i)
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

(j) (k) (l)
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Fig. 3. (a), (g) show pre-RT T2w MRI image with the pre, post-RT CaP labels delineated in ma-
genta (pre-RT CaP) and black (post-RT CaP) respectively. (b), (h) demonstrate the corresponding
registered post-RT T2w MRI image with the segmented prostate region shown with the orange
boundary. (c), (i) correspond to the scaled absolute T2w MRI image intensity difference heat
maps. (d) and (j) show the corresponding difference heatmaps obtained by taking a difference
of ADC values pre-, post- RT. Similarly, (e) and (k) show the heatmaps for metabolic marker
Ach/Acr, and (f) and (l) show the corresponding weighted MP-MRI maps for two single slices
from two different patient studies.
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Table 3. Average AUC and accuracy obtained via leave-one-out cross validation for quantifying
pre-, post-RT changes, obtained from T2w image intensity map, ch/cr map, ADC difference map
and the weighted MP map for, (a) Dataset 1 (T2w MRI and MRS) over a total of 14 T2w MRI-
MRS studies and, (b) Dataset 2 (T2w, MRS and DWI) over a total of 5 patient studies. Note that
Dataset 2 which was acquired later compared to Dataset 1 used a more optimized set of MRI
protocols, resulting in superior image quality.

Method AUC Accuracy
T2w intensity map 49.6 ± 9.0 51.7 ± 7.0

ch/cr map 55.9 ± 20.0 55.2 ± 11.3
MP-MRI map 61.6 ± 7.5 63.0 ± 4.3

(a)

Method AUC Accuracy
T2w intensity map 54.4 ± 8.3 54.9 ± 7.8

ch/cr map 68.6 ± 10.3 67.5 ± 9.0
ADC map 70.8 ± 7.0 70.2 ± 10.2

MP-MRI map 73.2 ± 6.9 72.5 ± 8.0
(b)

MP-MRI map clearly indicates the efficacy of optimal weighted combination of imag-
ing markers in identifying treatment specific changes pre-, post RT. It is also interesting
to note that a much higher AUC was obtained for Dataset 2 (AUC = 73.2%), as com-
pared to Dataset 1 (AUC = 61.6%), when ADC was incorporated along with T2w MRI
and MRS to create the weighted MP-MRI map. This is not surprising as a number
of groups [2,4,15] have shown that that the inclusion of DWI in addition to the other
MRI protocols, significantly improves CaP detection. Since Dataset 2 only comprised 5
patient studies, AUC values obtained via MP-MRI were not found to be statistically sig-
nificantly different compared to AUC values obtained from DWI different maps using
a paired student t-test.

6 Concluding Remarks

We presented a novel data integration strategy which optimally weights contributions
from differences of individual imaging markers in accurately evaluating pre-, post-RT
prostate cancer via MP-MRI. Different MRI protocols from pre- and post-RT MRI
scans were first affinely registered, followed by automated segmentation of the prostate
capsule using an active shape model. Functional, structural, and metabolic difference
maps were then obtained individually using DWI, T2w, and MRS respectively, by tak-
ing a scaled absolute difference of the imaging markers pre-, post- RT. A combined
weighted MP-MRI map is then created by leveraging differences across multiple imag-
ing markers. Quantitative evaluation against expert delineated ground truth of treatment
changes, yielded a high AUC and accuracy for the weighted MP-MRI map as compared
to individual imaging markers. We believe that such an accurate per-voxel based quan-
titative evaluation of treatment changes pre-, post-RT will have a high clinical impact
in monitoring treatment effectiveness, and could be used to modify treatment regimen
early, in cases of studies with new foci or recurrence of CaP.

It is worth mentioning that differences in AUC across Dataset 1 and Dataset 2 were
observed mainly because Dataset 2 was acquired later compared to Dataset 1, and used
a more optimized set of MRI protocols, resulting in superior image quality. In future
work, we intend to apply an elastic registration scheme to more accurately align pre-,
post RT MP images and further extend this work for other treatment therapies such as
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proton-beam therapy and brachytheraphy. We also aim to incorporate additional MR
protocols (such as dynamic contrast enhanced (DCE) MRI) to further improve efficacy
of quantitative treatment evaluation using MP-MRI. The work presented here should
set the stage for ultimately developing image based predictors for early treatment re-
sponse and potentially long-term patient outcome. Additionally, the framework could
be applied in the context of clinical trials for evaluating the comparative effectiveness
of different prostate cancer treatment modalities.
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