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Summary

Multi-parametric magnetic resonance imaging (mpMRI), which combines traditional anatomic
and newer quantitative MRI methods, has been shown to result in improved voxel-wise
classification of prostate cancer as compared to any single MRI parameter. While these results are
promising, substantial heterogeneity in the mpMRI parameter values and voxel-wise prostate
cancer risk has been observed both between and within regions of the prostate. This suggests that
classification of prostate cancer can potentially be improved by incorporating structural
information into the classifier. In this paper, we propose a novel voxel-wise classifier of prostate
cancer that accounts for the anatomic structure of the prostate by Bayesian hierarchical modeling,
which can be combined with post-hoc spatial Gaussian kernel smoothing to account for residual
spatial correlation. Our proposed classifier results in significantly improved area under the ROC
curve (0.822 vs. 0.729, p < 0.001) and sensitivity corresponding to 90% specificity (0.599 vs.
0.429, p < 0.001), compared to a baseline model that does not account for the anatomic structure
of the prostate. Furthermore, the classifier can also be applied on voxels with missing mpMRI
parameters, resulting in similar performance, which is an important practical consideration that
cannot be easily accommodated using regression-based classifiers. In addition, our classifier
achieved high computational efficiency with a closed-form solution for the posterior predictive
cancer probability.
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1| INTRODUCTION

Multi-parametric magnetic resonance imaging (mpMRI), a combination of traditional
anatomic and newer quantitative MRI methods, is continuing to evolve as a valuable tool for
the detection of prostate cancer.1:2 Although the potential has been shown in the literature,
its application in clinical practice is limited due to the substantial variability of the standard
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radiological assessment.3 This variability persists even with the development of the Prostate
Imaging Reporting and Data System (PI-RADS) standard,*® as the standard is qualitative
and does not provide sufficient guidance on the combination of the results comprising an
mpMRI study. In contrast, quantitative predictive models provide user independent
predictions combining all parameters, and thus addressing the limitations of direct radiologic
interpretation. In the literature, various Computer Aided Detection (CAD) algorithms for the
voxel-wise prostate cancer classification utilizing mpMRI have been developed and
evaluated, including linear and nonlinear regressions, Clustering Methods, Support Vector
Machine, Ensemble learning and Naive Bayes.% 7:8.9.10, 11,1213 cAD algorithms utilizing
textural feature models (radiomics-based approaches) have also been discussed.14 15,16

Based on certain anatomic features, the prostate can be segmented into two main regions, the
peripheral zone (PZ), which refers to the sub-capsular portion of the posterior aspect of the
prostate gland that surrounds the distal urethra, and central gland (CG), which is comprised
of multiple structures including the transition, central, anterior fibromuscular, and
periurethral zones.17.18 The whole gland (WG) refers to the combination of the PZ and CG.

Previously, Metzger et al.1% developed an mpMRI model which generated a voxel-wise
composite biomarker score (CBS) for the classification of prostate cancer. The CBS model
linearly combined multiple mpMRI parameters and showed significantly improved prostate
cancer classification compared to using any single mpMRI parameter. An important finding
of their work is that, while combining multiple parameters improves classification, there is
substantial heterogeneity in the mpMRI parameters both within and between the PZ and CG
and, in addition, substantial variability exists in the cancer prevalence throughout the whole
prostate gland with a much higher prevalence observed in the PZ. In this sense, the region
(i.e. PZ or CG) meets the classic definition of a confounder, in that the region is associated
both with the predictors (mpMRI parameters) and the outcome (voxel-wise cancer
occurrence). This finding motivated the investigation of region-specific voxel-wise
classifiers, which demonstrated a benefit over a single WG model, but requires manually
guided region segmentation.

Previous authors have noted that the accuracy of voxel-wise classifiers for prostate cancer
could be improved by developing region-specific CAD algorithms, as compared to a single,
WG CAD algorithm that ignores differences between regions of the prostate.13: 20.21 |n
region-specific CAD, classifiers are built separately for different regions of the prostate.
However, this requires an additional step of region segmentation, which typically requires
manual guidance from clinicians with expertise. Although techniques for automatic
segmentation have been described,22:23 few publications have discussed how to generate a
fully automated classifier to model the anatomic structure of the prostate without the need
for an additional manually guided, region segmentation step.

In this paper, we propose a fully automated, voxel-wise classifier, which aims to improve
voxel-wise classification accuracy of prostate cancer to account for regional heterogeneity in
the mpMRI parameters and cancer risk without the need for manual segmentation. We will
present two approaches to accounting for the structure of the prostate in a voxel-wise
classifier: a region-specific model, which models the mpMRI parameters and cancer risk as
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a function of region and uses the 2-D coordinates to segment the prostate, and a model that
ignores the regions and directly models the mpMRI parameters and voxel-wise cancer risk
as a function of the 2-D coordinates. Simulation results and the application of our models to
the data from Metzger et al.1? indicate that both approaches improve the area under the ROC
curve (AUC) and sensitivity corresponding to 90% specificity (S90) relative to a baseline
model that does not account for the structure of the prostate. In addition, we applied a
Spatial Gaussian Kernel smoothing technique to the posterior predictive cancer probabilities
to account for potential residual spatial correlation, which also significantly improved AUC
and S90. Our proposed classifier is available in a closed-form, thus avoiding the need for
Markov chain Monte Carlo (MCMC), resulting in a computationally efficient classifier.

The remaining sections of the paper are organized as follows. In Section 2, we briefly
describe the data available for developing our multi-parametric classifier. In Section 3, we
present our analytic approach to developing a voxel-wise classifier that accounts for the
anatomic structure of the prostate. In Section 4, we present a simulation study evaluating the
impact of modeling regional heterogeneity on the performance of our classifier and, in
Section 5, we apply our classifier to the data discussed in Section 2. We conclude with a
discussion of the properties of our classifier and potential extensions in Section 6.

2 | DATAOVERVIEW ANDNOTATIONS

We begin by providing an overview of the data available for developing our classifier and
introduce the notation that will be used throughout the paper. The collection procedure of the
quantitative multi-parametric MRI and histology data used to train and test our classifier
have been previously described.1® Our data consists of 46 prostate slices obtained from 34
patients, with 2098 to 5756 voxels per slice. For simplicity, we randomly select one slice
from patients with multiple slices to avoid having to model correlation between slices from
the same subject. Figure 1 shows the image of an example slice of prostate segmented in the
CG and PZ.

Let AV be the total number of subjects, i.e. prostate slices, and 77;the number of voxels in slice
f,with /=1, ..., M. For voxel jin slice /, we observe an m x 1 vector of mpMRI parameters,
which we denote as yij = (Vji1, ---» Viim) T_MpMRI parameters available in our data set
include calculated T2 values, the apparent diffusion coefficient (ADC), and dynamic
contrast enhanced MRI (DCE-MRI) parameters, including, the area under the gadolinium
concentration time curve at 90 seconds (AUGC90), the forward volume transfer constant
(Kansy reflux rate constant (kep) and fractional extravascular extracellular space (V). Each
voxel also has a binary indicator of its cancer status derived from co-registered pathology
data,2* which we denote as cj Where ¢;;= 1 indicates cancer and ¢;;= 0 indicates noncancer.
This ground truth will be used for the training and evaluation of the cancer classifiers. In
addition, each voxel is identified by a set of location information k= {rj;, (aj; b}
including a binary indicator of region, 7; with 7;;= 1 indicating PZ and 7;;= 0 indicating CG,
and a standardized 2-D coordinate, (aj; b;), that has been re-scaled to have support (-1, 1) x
(-1, 1) with (0, 0) being the center of each slice.
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We denote the set of observed mpMRI parameters of all voxels as Y = {y;jl/=1, ..., N, j=1,
..., N}, and their corresponding cancer status as C={c;i/=1, ..., N, /=1, ..., m}.
Similarly, we denote the generic parameter set that provides the location information for the
voxels as K= {R, (A,B)}, where R={rjji=1, ..., N, j=1, ..., nj, and (A B) = {(aj; bj)l/=
1, ..., N j=1, ..., n} denote the corresponding region indicators and standardized 2-D
coordinates, respectively. Finally, we let Y*, C*and K" = {R", (A",B")} denote the mpMRI
parameters, cancer status and location information (including region indicators and
coordinates), respectively, for a new prostate slice for which voxel-wise classifications of
cancer status are desired. For each slice, missing mpMRI parameter values for individual
voxels can result from uncorrected motion between the separately acquired data sets used to
calculate T2, T1 or pharmacokinetics parameters.

3| METHODS

3.1 | Overview

In this section, we discuss the development of an mpMRI prostate cancer classifier that
accounts for the anatomic structure of the prostate. We first introduce a general Bayesian
modeling framework, which models the mpMRI parameters and cancer risk as a function of
the location in the prostate. Cancer predictions for future observations can be obtained using
Bayesian posterior predictive probabilities. Two models that incorporate location
information will be discussed: “Mregion”, which models the mpMRI parameters and cancer
risk by region of the prostate, and “Mcoord”, which models the mpMRI parameters and
cancer risk by voxel coordinates. Both approaches can be combined with post-hoc spatial
smoothing to account for residual spatial correlation and improve classification. A baseline
model will also be presented, which ignores the anatomic structure of the prostate and will
serve as a baseline for evaluating the gain in classification accuracy resulting from modeling
the mpMRI parameters and cancer risk as a function of location.

3.2 | General Model Framework

Here we present our general framework for developing a voxel-wise classifier that accounts
for heterogeneity in the mpMRI parameters and cancer risk as a function of location. We
developed our voxel-wise classifiers by modifying the framework proposed by Wang et al.
(2015), which generated region-wise classification for metastatic liver cancer.2®> Our basic
approach is to jointly model the mpMRI parameters Y and the corresponding cancer status C
conditional on the location information, and use Bayesian posterior predictive probabilities
conditional on the observed mpMRI parameters to predict the unknown cancer status for
voxels in a new prostate slice. This basic approach to Bayesian inference in the discriminant
analysis setting has been previously pursued by a number of authors.26: 27. 28, 29,30

First, note that the joint model for Y and C conditional on the location information can be
defined hierarchically as Y, K) = RY|C K)p(COK). The two components of the likelihood
are defined as follows. First, we assume that the y;;’s are independently distributed given the
cjjs and kj/'s:
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yy | C,'jv k,‘j ~ f(yy | 0(Cl~j, kij))’ (1)

where &(cj; kj) represents the set of model parameters, which are dependent on the cancer
status cj7and also location information 4j; The cancer status indicators, ¢;’s, are assumed to
be independent Bernoulli random variables with the voxel-wise cancer probability p(4j),
also a function of ;. That is: p(cik;) = p(kj) i (1 - p(k,-j))l‘cl'/'. The joint likelihood is
therefore:

n

N
F,C1K0C,K),ptk0) = [T TT {£0y 10, kippte;; 1 o). (2)
i=1j=1

Estimation is completed under the Bayesian paradigm. We specify a prior distribution for
A(C,K), while p(K) is estimated by an Empirical Bayesian (EB) approach. The cancer status
for voxels in a new slice can be predicted by Bayesian predictive probabilities conditional on
the observed mpMRI parameters. The voxel-wise posterior predictive cancer risk given y*
can be expressed as:

fO*,cF=11k"Y,CK)

p(c=1]y"kY,C.K) = . ,
Yoo ofOF = KLY, CK)

®

where fy”, ¢'|K",Y, C,K) is the joint posterior predictive distribution for (y*, ¢*) conditional
on the training data and the location information for the new voxel, K, given by:

o5 K Y, CK) = ff(y* | O™ KNFOCT, k) | Y, C.K)dO(Cc™, k) - p(c™ | k), (4)

and f6(c", K)|Y, C,K) is the posterior distribution for &c”, K):

(Y | 0(c*, k"), C, K)n(O(c", k™))

- -/
fOC k)| Y,C.K) = fY|C,K) ©

Here m(8(c", K)|C,K) denotes the prior distribution for &(¢", ), and the denominator in
(5), AYICK) = [ RY|&(C, K), CK)Yn(B(c", K))da(c", k), is the likelihood averaged over
the prior for &c”, K7).3!

3.3 | Regional Model (Mregion)

We propose our first model, “Mregion”, which models the mpMRI parameters and cancer
risk as a function of the binary indicator for region, R. In this case, the location information
K will refer to the regional information, &, and the two components of the joint likelihood

Stat Med. Author manuscript; available in PMC 2019 September 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Jinetal.

Page 6

are region-specific: Y, gR) = {Y|C.RA)p(GR). In addition, we model the probability that a
voxel is in either the PZ or CG as a function of its 2-D coordinates to avoid manually guided
segmentation of the prostate. In this case, the full hierarchical model can be expressed as

Y, ARA.B) = KY|CRNARMNRAB).

We first discuss the modeling framework assuming that /is known, and then the prediction
of R using the 2-D coordinates later in this subsection. With £ known, for {Y|C,R), we
assume that the yj;’s are independently distributed given the ¢;s and follow a multivariate
normal distribution:

i
Yij | Cijplij id %%‘A/(ﬂcij’ ry ch] rij)’ (6)

where the mean and covariance parameters . r and Z , are functions of the cancer status, c,
and the region, r. The set of model parameters in the multivariate normal distribution is then
Ecr = {Me,r Zcrle r€ {0, 1}}. Similarly, for the specification of /((R), the cancer status
indicators, ¢jj’s, are assumed to be independent Bernoulli random variables with the voxel-
wise probability of cancer, p, which is region-specific.

For the model parameters & in (6), we specify the prior distribution, (& ), as follows.
We assume a priori independence of cancer status and region, and, conditional on the cancer
status ¢ and region indicator 7, we assign conjugate priors for the mean i  and covariance
matrix Z¢ . In particular, for each combination of cand 7, we put a flat prior on the mean
Hc,r» and an independent inverse Wishart prior, W‘l(zc,r|6,§2cyr), on the covariance X . The
hyperparameters, §and Q¢ ,’s, are specified by setting 6= /m-1 to provide maximum
entropy, while Q , is determined by an EB approach, where Q.  is set equal to the
maximizer of the marginal likelihood, AY|C RQ., 6= m— 1). Rather than placing a prior
on pp, We instead estimate p,using an EB approach, as well, in which case ﬁ,equals the
sample mean of the ¢;/'s averaging over all prostate slices and voxels within region 7. This
allows us to maintain a closed-form solution for the posterior, avoiding MCMC and
decreasing the computational burden of our method.

Combining the likelihood and prior results in the following posterior distribution for & :

cer 2 L S, cer o
Pep Xy | YOAMT N, | T 72X WHE, | _Zln:-”w,s +9,,),
1=

. n:
i=1"

(™

where ¢, z€ {0, 1}, Y©' denotes the set of mpMRI parameters with cancer status cin region
Z, nf” denotes the number of voxels with cancer status ¢ in region z of slice / and the two

additional terms, y©" and S, are defined as:
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N n?’r
i c,r
~er izl j=17Yi (®)
- N c,r ’
Xi=1h

The posterior predictive density of the mpMRI parameters y* for a new voxel given cancer
status ¢" and region 7 can then be written as:

|
SIS

m N c>(< r*
, -5 om0 41
fO* | 55 Y,C,R) = 2x) 2 Z"l’— (10)

N C*r* Nc*r*
Y ng " +6,8°7 +Q
% N ot St rt , ’
(Y gt +6+1,8," +Q

~ k% ~
where §¢ " is defined as S® in (9) with the new voxel included, and /(5,Q) is the

normalizing constant in the probability density function of % ~1(Z|5,Q). Combining the
estimated cancer risk and the posterior predictive density of the mpMRI parameters results
in the predictive distribution of ¢ conditional ony”, 7, Y, Cand R:

p*=11rf0" " =1,"Y,CR
Zl=0p(c* =c|MfO* | =cr"Y, C,R)

where p(c” = 1|7) = p;* is the estimated cancer risk for region /.

The posterior predictive probability in (11) assumes that the region /s known. For our data,
the region annotation was conducted on the anatomic T2-weighted images using a
segmentation software (Segasist, Ontario, Canada) requiring manual guidance. Our objective
is to create a fully automated classifier, in which case this step must be avoided. Given the
consistency of the prostate anatomy across patients, a rough but automatic estimation of a
voxel’s regional location can be obtained by using standardized coordinates to estimate the
probability that a voxel is in the PZ or CG. This prediction can be performed in multiple
ways. Here we adopt an adaptive polynomial spline regression with a logistic likelihood.32
We estimate the vector of coefficients in the spline B.oorq by iterated weighted least squares
assuming the following regression model for p(r=1|a, b):
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logit(p(r =1 a,b)) = choord(a, DB oorar  (12)

where Xcoorg(& ) is the k1 vector of the basis functions for the coordinates (&, b)
determined by a model selection procedure (the details will be discussed in Section 4). This
provides the probability that a voxel is in the PZ or CG and is fully automated. Combining
(12) with (11) results in the posterior predictive probability of cancer for a new voxel
conditional ony* and (&", £):

1
p(c* =1]y*da*b*Y,C,R) = Z pc* =1y r=rY, C,Rp+r =r|a"b", (13)
r=0

T PN
* * g wy xcoord(a b8 coord > _ *ook : : H
where p(r" =1 |a",b") =e ,and p(¢ =1y, r =Y, C,R) is defined as in

(11). The resulting predictive probability is the weighted average of the posterior predictive
cancer risk for PZ and CG.

3.4 | Coordinate Model (Mcoord)

The Mregion model assumes that the distribution of the mpMRI parameters and the voxel-
wise cancer risk are heterogeneous across regions but constant within a region. However,
this model requires that region be predicted by coordinates to avoid manually guided
segmentation. An alternate approach is to ignore the region information and directly model
the distribution of the mpMRI parameters and the voxel-wise cancer risk as a function of the
2-D coordinates. We refer to this model as the “Mcoord” model. Here the location
information K'is summarized by the standardized 2-D coordinates, and the joint likelihood

becomes AY, JA,B) = RY|C,ABNJAB).

We again assume that the yjj’s are independently distributed random variables following a
multivariate normal distribution with mean and covariance parameters varying by cancer
status. As with Mregion, we also allow the mean parameter to vary as a function of the
location in the prostate, but, unlike Mregion, the mean in Mcoord is allowed to vary
gradually as a function of location. A multivariate adaptive polynomial spline regression33:32
is adopted to describe the coordinate based mean:

iid
y,‘j | C[j’ a,‘jv bij ~ ﬂ%‘/l/(ﬂcy(aua b,‘j), Ecij), (14)

T T
ll (a9b)=x (a“7b")7ﬂ >
cii iy Cii oy Cij

where Xcij (@j, bjj) denotes the a’c,-j x1 vector of basis functions for the coordinate (aj;, b,-j),,BCij
denotes the dc,-/-x mmatrix of the corresponding coefficients, with dcl-jthe number of basis
functions used for cancer status cj; Notice that, under this setting, the means of the
multivariate normal distributions are no longer constant, and the set of model parameters
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become & = (B Zc|c € {0, 1}). The cancer status indicators, ¢;’s, are still assumed to be
independent Bernoulli random variables. However, we now allow the cancer risk o(aj; ;) to
vary as a function of the coordinates (a;;, b;).

We assume a priori independence of &; given the value of ¢, and specify its prior distribution
as follows. We place a flat prior on the spline regression coefficient g and an inverse
Wishart prior on Z.. As in Section 3.3, the hyperparameter &§is set to/m— 1 to provide
maximum entropy, and Q. is determined by an EB approach where it is set equal to the
maximizer of the marginal likelihood AY|CA,BQ., 6= m - 1). As with the Mregion model,
we estimate the voxel-wise cancer risk using an EB approach to avoid having to implement
MCMC but, in this case, we use an adaptive polynomial spline,

logit(/)(al.j, bij)) = x;(aij, bij)ﬂ » where xy(aj; by) is the a), x 1 vector of basis functions of the

coordinate (aj; bj), and estimate the vector of regression parameters, B, using iterated
weighted least squares.

Combining the likelihood and prior results in the following updated posterior for 6;:

C
n.

i T B N ] ~ -
LY | Y~ /%/de(ﬁ |ﬂc Y z > xx ) xw (T, | D +6,8°+8,).(15)
=1

:1] i=1

where Y¢ denotes the set of mpMRI parmeters with cancer status ¢, M4, 4, represents an /m
x d matrix normal random variable, and »; the number of voxels with cancer status cin

slice 7. Here xg. denotes the X¢(a;;, bj) in (14), which is the vector of basis functions in the

spline regression. The two additional terms, Z and S, are defined as:

¢ -1
n;

N T 7 N ”i -
S Y| | X S| o
= i=1j=

i=1

~.

=

c
i

N
= Z foch Z Zyc <5 L (A7)

i=1j i=1j=1

The posterior predictive density of the mpMRI parameters for a new voxel y” given its
cancer status ¢" and coordinate (a", &) can then be written as:
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—1 —7

*
c
n.

l

m
FO* | ¢t a*,b*, Y, C,A,B) = 2n) 2|l

i

* *T

L‘* C*T (4 (4
xpag 1oxgx +1 (18)

M=

1j=1

N C* NC* ~
WYV nS +68° +2 )
(4
x 9

N * ~ %~
Y, _ni +6+1,8% +2 )

3
where x¢, denotes the vector of basis functions for the new voxel given its cancer status ¢,

~ K
and ¢ is defined as in (17) with the new voxel included. Combining the estimated cancer

risk and the posterior predictive density of the mpMRI parameters, the posterior predictive
cancer risk for a new voxel can be expressed as:

p(c* =1]a"b"fO" | * =1,a%b",¥,C,A,B)
Y _op(e =cld b f(y* | ¢ =c,a"b*Y,C,A,B)

pc*=1]y*a*b"Y,C,A,B) =

(19)

N A -
where p(c* =1|a*b")=e P ? is the estimated cancer risk at (a, ).
To evaluate the improvement of the Mregion and Mcoord models, we also considered an
Mbase model which ignores the location information, K. Details of Mbase can be found in
Section 1 of the Supplemental Material, but the resulting posterior distribution, posterior
predictive probability, and voxel-wise cancer classifier are equivalent to (7), (10) and (11),
respectively, except that the parameters in Mbase do not depend on the region information ~.
Comparing the classification accuracy of Mregion and Mcoord to Mbase allows us to
evaluate the benefit of modeling the anatomic structure of the prostate.

Table 1 summarizes the data components required to train and to obtain predictions for new
voxels using each model. For the Mbase model, which ignores the structure of the prostate,
voxel location information is not required to train the model or obtain predictions for new
voxels. In contrast, the Mregion and Mcoord models both require that standardized
coordinates are available to train the classifier and obtain predictions for future voxels. The
primary distinction is that the Mregion model requires that the prostate be manually
segmented to train the model, while the Mcoord models the parameters and voxel-wise
cancer risk as a function of the coordinates, directly, and does not. Finally, we note that
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segmentation is not required to obtain predictions using either model, which was one of our
primary objectives.

3.5 | Predictions for Voxels with Missing mpMRI Parameters

A common problem in mpMRI data is that some mpMRI parameters are missing due to
failed MRI parametric mapping, most frequently a result of uncorrected motion between or
within datasets. It is a practical problem that complicates the application of regression-based
classifiers. Implementing regression-based classifiers in the presence of missing data
requires that the missing mpMRI parameters be imputed. In the Bayesian case, however, we
simply integrate out the missing parameters from the joint predictive density of the mpMRI
parameters and cancer status:

Fope ¢ 1K%Y, C,K) = / FOipe Yoier ¢ 1KY, C.K)dyr.,  (20)

where y* = (y,, .y, and y>, and y. . denote the observed and missing mpMRI

parameters, respectively. In this case, voxel-wise predictions are obtained by replacing Ay’
¢, K'Y, CK)ywith £y | ¢*,k*,¥,C.K) in (11) and (19). In other words, if a voxel is

missing one or more mpMRI parameters, the voxel’s cancer status can still be predicted
using only the observed parameters. If a voxel is missing all mpMRI parameters, then its
cancer risk is estimated as a function of location in the prostate. This approach assumes
missing completely at random (MCAR),34 which is a strong and likely untrue assumption,
but we will show that this approach still results in reasonable predictions in our data.

3.6 | Spatial Gaussian Kernel Smoother and Msmooth

Throughout, we have assumed independent joint distributions for the mpMRI parameters
and cancer status across voxels. However, there is potential residual spatial correlation in the
data, and accounting for spatial correlation has the potential to improve our predictions.
Ideally, we would formally model the spatial correlation between voxels. However, formally
modeling the spatial correlation in our setting is not trivial due to the size of our data.3>-36
Instead, we combine our classifier with a spatial Gaussian-Kernal smoothing technique to
maintain computational efficiency. Here we adopt the Nadaraya-Watson estimator with
Gaussian kernel.37:38 |n this case, the smoothed voxel-wise predictive probability of cancer
at coordinate (a~;, b)) can be expressed as:

n
~ Zk*= l,k;éjKa(”(a*j’b*j) - (a*k7b*k)“2)p(a*k’b*k)
pla,pby )= 7 . (@D
*
T s Kolll@, by )= (@b I

where 7% denotes the number of voxels in the new prostate slice, ||-||, denotes Ly norm, K,
denotes the gaussian kernel with bandwidth o, and f(a«4, b+4) is the unsmoothed voxel-wise
predictive probability of cancer for voxel & The bandwidth o controls the contributions of
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the neighboring voxels determined by their distance from (a«; &), and is chosen by cross-
validation to maximize the average AUC. Notice that the predictive probabilities for the
voxels on the edges of a slide need an edge correction. This is realized by replacing the
denominator in (21) by the inverse of an edge correction term &(a-j, £+)), which is the
reciprocal of the kernel mass within the new prostate slice:

-1

e(a*j,b*j) = / k(v — (a*j’b*j)llz)dv , (22
veG

where G denotes the area within the new prostate slice. This spatial smoothing step was
implemented using the “spatstat” package in R.3°

4 | SIMULATION STUDIES

4.1 | Simulation Settings

We conducted a simulation study to evaluate the performance of our proposed classifiers
under different scenarios. For each realization of our simulation study, we simulated 34
training slices and 10 test slices. For each slice, a mask (i.e shape of the prostate slice,
including voxel-wise region indicators and 2-D spatial coordinates) was sampled with
replacement from the 46 slices in the real data set. Within a slice, voxel-wise mpMRI
parameters and binary cancer status indicators were simulated from the following model:

le | Cij’ rl,Nﬂ%‘/V(yy | ”ci].,r..’ Fc..,r..)’ (23)

y gy
¢ij= I(pij > 0.5) = I(qij > 0),

-1
qij =® (P,-j) = 5]07rij+ wij’
W~V N(O0,Cp, 7).

For the -th voxel in the ~th slice, cancer probability p;;was simulated by adding a spatial
random effect, wj; on the probit (which we denote as ®~1(")) of region-specific cancer
probability o, To allow the voxel-wise cancer probabilities pj’s, j=1, ..., njto be
spatially correlated, we assume that w; = (wy, Wp, ..., Wjp) T follows a multivariate normal
distribution with mean 0 and covariance matrix Ci(¢, o), i.e. we allow wjj's to be spatially
correlated, and the (j, X)-th entry of Ci(¢, o) (i.e. the spatial correlation between wjjand

) )
—Pya..—a )"+ Ob..—b ) . . . .
%e \/ i ke TR where o2 is the spatial variance and ¢ is

WiR) is Cp.0™); = o
the range of spatial correlation (large ¢ indicates stronger spatial correlation). The binary
cancer status, c¢j;, was set to be equal to 1 if pj;was greater than 0.5 and 0 if pj;was less than
or equal to 0.5. Finally, we assumed that the distribution of voxel-wise mpMRI parameters
yij varies between the PZ and CG, and between cancer and noncancer voxels, and simulated
yij conditional on the region indicator s;;and cancer indicator c;;
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To understand the impact of the magnitude of regional heterogeneity and spatial pattern on
the classification accuracy of the proposed models, we conducted simulations under
different settings of the magnitude of the regional heterogeneity, the spatial correlation and
the spatial variance. To vary the regional heterogeneity in the mpMRI parameters, we
assumed that the difference in the mean of mpMRI parameters between the PZ and CG was
either large (same magnitude as (Lc — Unc), i-€. the mean difference between cancer and

noncancer voxels), small (same magnitude as %(”c — kN 1€ half of the mean difference

between cancer and noncancer voxels), or none. For the regional heterogeneity in the voxel-
wise cancer probabilities, we varied the difference in cancer probability between PZ and
CG: we assumed that voxel-wise cancer probabilities in the CG were peog = 0.092, which is
the sample mean from real data, and set the difference in cancer probability between PZ and
CG to be 0.184, (large) 0.092 (small) or 0 (none). In addition, we also varied the spatial
variance (large: 0.8, small: 0.4 or little: 0.2) and the spatial correlation (strong: ¢ =5,
weaker: ¢ = 8 or little: ¢ = 12), which induced different levels of spatial correlation strength
among the simulated data.

We completed 1000 simulations under each setting of parameters. For each simulation, we
trained the classifiers using 34 training prostate slices, and evaluated the performance using
10 test slices. We summarized the classification accuracy of the various classifiers by
averaging the AUC across the 1000 simulated data sets. For each simulated data set, the
spatial smoothing kernel bandwidth was treated as a tuning parameter and selected by
Leave-one-out Cross Validation (LOOCV) to maximize the average AUC. The basis
functions for a spline regression were determined by stepwise model selection to minimize
the penalized residual sum of squares using the polymars algorithm.33

4.2 | Simulation Results

Figure 2 presents the AUC for the Mbase, Mregion, Mcoord and Msmooth models as a
function of the magnitude of regional heterogeneity under different patterns of spatial
variance and correlation (o2 and ¢). In the figure, the error bars represent the 95%
confidence intervals for the AUC, and the dots in the center of the bars are point estimates of
AUC. We first look at the impact of the magnitude of regional heterogeneity on the
performance of Mregion and Mcoord models. From each sub figure, we see that Mregion
and Mcoord have similar performance to the Mbase model when there is no regional
heterogeneity (i.e. when voxel-wise cancer probabilities and distribution of the mpMRI
parameters are the same in the PZ and CG), but that the Mregion and Mcoord models have
higher AUC than the Mbase in the presence of regional heterogeneity, which increases as the
difference between the regions increases. This agrees with our expectation that Mregion and
Mcoord can improve the classification accuracy of prostate cancer by accounting for the
regional heterogeneity in the mpMRI parameters and voxel-wise cancer risk. Next, we
consider the impact of spatial dependence on the relative performance of Mcoord and
Msmooth, which captures the improvement in AUC that results from the spatial Gaussian
kernel smoothing step. In the figures on the top left, where spatial correlation is stronger (¢
= 5) and spatial variance is larger (o = 0.8), the improvement in AUC from Mcoord to
Msmooth is large but decreases in the presence of weaker spatial correlation and smaller
spatial variance. When there is little spatial correlation (¢ = 12), we can see that spatial
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Gaussian kernel smoothing has little improvement in AUC but does not over-smooth to the
point of reducing the AUC relative to the Mbase model. Detailed simulation results can be
found in Table 1 of the Supplemental Material.

In addition, we also evaluated the spatial Gaussian kernel smoothing step under scenarios
with more complex patterns of spatial dependence. Specifically, we considered two
scenarios: (1) the data sets were simulated with ¢, the range parameter of spatial correlation,
varying by prostate slice, so that the spatial correlation pattern varies across prostate slices;
and (2) there is non-stationarity in the spatial correlation within each slice. To simulate data
under this second scenario, we varied the range of spatial correlation by the location in a
prostate slice. A detailed description of the simulation settings and results can be found in
Section 2 of the Supplemental Material. In summary, similar performance was observed in
these scenarios as was described above, except the improvement in classification accuracy
by the spatial smoothing step is lower than when data were generated assuming a constant,
stationary, spatial correlation structure for all slices.

5| APPLICATION
5.1 | Methods

We will evaluate the classification accuracy of the proposed models using the data described
in Section 2 to illustrate the benefit of accounting for the anatomic structure of the prostate
in our classifier. Metzger et al.19 developed two mpMRI classifiers: a whole gland (WG)
classifier, which included ADC, Ktrans, Kep and AUGC90, and a PZ-specific classifier, which
included T2 in place of K3, We evaluated different sets of parameters with the models
proposed in Section 3 and found that the combination of ADC, K", kg, andAUGC90
resulted in the optimal classification accuracy and, therefore, were used in all subsequent
modeling. Among the four mpMRI parameters, ADC values are approximately normally
distributed, while K", ke, and AUGC90 values were skewed and were log transformed
before analysis to achieve an approximately normal distribution.

We will evaluate the classification accuracy of the various classifiers by the ROC curve and
its summaries, including the AUC and S90. Summaries of the ROC curve were estimated
using LOOCYV to account for overfitting due to building and evaluating the model on the
same data set.#0:13 |n our case, LOOCV was completed on the subject/slice level, rather than
the voxel level due to correlation between voxels from the same subject. Estimates of the
AUC and S90 were obtained for each subject by applying a classifier trained using data from
all other subjects. Global estimates of AUC and S90 were obtained by averaging the subject-
specific estimates of AUC and S90. For each model, the number of basis functions in the
adaptive polynomial spline regression and the spatial smoothing kernel bandwidth were
treated as potential tuning parameters and selected by LOOCYV to maximize the average
AUC. The basis functions for spline regression were determined by stepwise model selection
to minimize the penalized residual sum of squares using the polymars algorithm.33 95%
Confidence intervals and p-values for all model comparisons were calculated using a
bootstrapping procedure that resampled cases, rather than voxels. Voxels were not resampled
within a slice in order to retain the spatial structure of the data. Confidence intervals were
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calculated using the percentile method. All results in Section 4.2 were obtained using 1000
resampled data sets.

5.2 | Results

Summaries of the classification accuracy of the Mbase, Mregion, Mcoord and Msmooth
models are presented in Table 2 and Figure 3. Table 2 presents the estimated AUC and S90
for the complete voxels (i.e. voxels with no missing mpMRI parameters) and for all voxels
(i.e. including voxels with missing mpMRI parameters). Figure 3 presents the ROC curves
for the complete voxels and for all voxels.

We first consider the results for the complete voxels and will then consider the performance
of our classifier for voxels with missing data. Results from the real data application support
our simulation results. Both Mregion and Mcoord significantly improved the AUC (p=
0.013 and p=0.011) and S90 (p=0.015 and p=0.012) relative to Mbase. The average AUC
and S90 for Mregion were 0.038 and 0.046 higher than Mbase, respectively. We note that
Mregion uses an automated procedure to segment the prostate into the PZ and CG. The
average AUC by LOOCYV for the automated segmentation in Mregion was 0.972, which
performed similar to Mregion applied assuming known, manually guided segmentation
(AUC: 0.767 vs. 0.763; S90: 0.475 vs. 0.476). Mcoord achieved similar performance,
resulting in an AUC and S90 that were 0.043 and 0.065 higher than Mbase, respectively.
Compared to Mregion, Mcoord achieved higher AUC (0.772 vs. 0.767) and S90 (0.494 vs.
0.475) but the differences were not significant (AUC, p = 0.413; S90, p = 0.320).

The additional step of spatial smoothing demonstrated significant improvement in
classification accuracy, as well. Here, Msmooth is obtained by combining Mcoord, which
performed better than Mcoord, with the spatial smoother discussed in Section 3.6. The
smoothing step resulted in significantly higher AUC and S90 compared to Mcoord (p =
0.001 and p < 0.001). The AUC and S90 for MSmooth were 0.050 and 0.105 higher than
Mcoord, respectively. This gain in AUC and S90 due to post-hoc spatial Gaussian kernel
smoothing is similar in magnitude to the improvement observed due to modeling the
anatomic structure of the prostate (i.e. comparing both Mregion and Mcoord to Mbase).
Overall, after modeling the anatomic structure of the prostate and conducting spatial
smoothing on the predicted cancer risk, the AUC and S90 for Msmooth were 0.093 (12.8%)
and 0.170 (39.6%) higher than Mbase, respectively (o <0.001 and p = 0.001).

From Table 2, we can compare the performance of our classifiers when applied to all voxels,
including voxels with missing parameters, to the complete case results. 8.553% of voxels
have at least one missing mpMRI parameter, most of which have one (3.915%) or three
(4.347%) parameters missing. Even with this substantial amount of missing data, the
estimated AUC and S90 when the classifier was applied to all voxels were similar to the
results observed for the complete case analysis (AUC, 0.818 vs. 0.822, p= 0.326; S90, 0.596
vs. 0.599, p=10.393).

Figure 4 presents heatmaps of the voxel-wise posterior predictive cancer probabilities for
three randomly selected prostate slices in our data. In general, we observe improved
classification moving from left to right. The Mbase predicted cancer probabilities are diffuse
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and sometimes fail to cover the tumor, while the Mregion and Mcoord have identified areas
with a high probability of cancer, and the overestimated cancer probabilities for the
remaining areas have been reduced. In addition, while the Mregion and Mcoord predicted
cancer probabilities are close, the Mcoord probability maps have more areas of deep red,
indicating a high probability of cancer, which overlap with the cancer regions in the ground
truth. Our final model, Msmooth, has further improved the classification by reducing the
sharp difference among neighboring voxels and clearly identifying the regions of cancer, as
compared to diffuse voxels with high probability of cancer.

Figure 5 presents a binary representation of classification accuracy and categorizes voxels as
a true positive, false positive, false negative and true negative using the probability cut-off
corresponding to 90% specificity. The area of true positives (i.e. the red regions) clearly
increases in size moving from left to right, with a corresponding decrease in the false
negatives (i.e. the blue regions). We also observe a decrease in false positives from left to
right (i.e. the yellow regions) and the random false-positive chunks are eliminated in the
figures for Msmooth. However, the maps do highlight the drawback of spatial smoothing, as
it has the potential to over smooth some areas in a prostate slice and create continuous false
positive areas adjacent to the predicted tumors. This is likely due to the use of a constant
spatial smoothing bandwidth across all prostate slices or local non-stationarity in the
underlying spatial process in some images. However, our simulation results presented in
Section 4.2 illustrate that, under both scenarios, the average voxel-wise classification
accuracy is improved by the spatial smoothing step.

For all models, we implement an EB approach to obtain a closed form for the posterior
cancer probabilities, which potentially comes at the price of reduced classification accuracy
relative to a fully Bayesian model that better captures the uncertainty of all model
parameters. To ensure that there is minimal loss in the classification accuracy of prostate
cancer, we also compared our proposed models, Mregion and Mcoord, with their fully
Bayesian versions. Specifically, for the fully Bayesian version of Mregion, we assume a
Unif(0, 1) prior on the prior cancer risk p(c"|7) in (11), and a flat prior on Beoorg in (12). In
addition, instead of estimating Q  in the inverse Wishart prior for Z; , in (6) by an EB
approach, we instead considered the commonly used specification of settingQ. = I, where
Iy is a mxmidentity matrix. For the fully Bayesian modeling of Mcoord, we assume a flat
prior on A in Section 3.4, the model coefficient of the logistic spline regression that
assumes that the prior cancer risk varies by 2-D coordinate. Similar to Mregion, we also
assume an inverse Wishart prior forZ;, with 6 = m— 1 andQ equal to Ip,.

We conducted the fully Bayesian approaches in JAGS using the R package “Rjags” with
5000 MCMC iterations after 2000 iterations for initial burn-in, and estimated the AUC and
S90 by LOOCV. For the Mregion model, the mean AUC is 0.766 for both empirical
Bayesian model and fully Bayesian model, while the mean S90 is 0.475 and 0.474,
respectively, for empirical Bayesian model and fully Bayesian model. Similarly, for the
Mcoord model, the mean AUC by LOOCYV is 0.770 and 0.772, and the mean S90 is 0.494
and 0.497, respectively, for empirical Bayesian model and fully Bayesian model. Our results
suggest that, at least for the data set considered, there is little cost in classification accuracy
associated with our EB approach relative to the fully Bayesian approach.
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6 | DISCUSSION

We proposed a Bayesian mpMRI classifier that improves the voxel-wise classification of
prostate cancer by accounting for the anatomic structure of the prostate. There is substantial
heterogeneity between regions of the prostate in both the mpMRI parameters and the voxel-
wise cancer risk, and exploiting this information improves the classification of prostate
cancer. Additionally, we account for the residual spatial correlation in the voxel-wise
predictive cancer probabilities by a spatial Gaussian kernel smoothing technique. Our
simulation results indicate that our proposed classifiers result in improved classification
accuracy relative to a baseline model that does not account for the structure of the prostate.
Similarly, in an application of our proposed models to the data described in Section 2, our
final model, Msmooth, resulted in a 0.093 (12.8%) improvement in the AUC and a 0.170
(39.6%) improvement in the S90 compared to the baseline model.

An important advantage of our proposed classifier is its computational efficiency. The
classifiers were developed in the Bayesian paradigm, which typically requires MCMC
methods to obtain an approximation to the posterior distribution. We are able to avoid
MCMC by estimating nuisance parameters using an EB approach that allows us to derive
closed-form solutions for the voxel-wise cancer predictions. This results in a substantial
reduction in the computational burden of our classifier compared to a fully Bayesian
analysis, but with minimal loss of classification accuracy. For our data, it took approximately
4.76 seconds on average for Msmooth, our final model, to conduct voxel-wise cancer
classification for a new prostate slice with 3467 voxels using R parallel computing with 15
cores. For comparison, a fully Bayesian version implemented in JAGS with 5000 draws was
138 times slower, with no improvement in the classification accuracy.

An additional advantage of our classifier is that cancer classifications for voxels with
missing mpMRI parameters are available without the need for an imputation step. Applying
the classifier to voxels with missing mpMRI resulted in only a slight decrease in AUC and
S90 relative to the complete case analysis. Missing parameters were observed for 8.553% of
voxels in our data, which highlights the practical importance of obtaining predictions for
voxels with missing parameters. However, direct application of our classifier to voxels with
missing parameters relies on an assumption of MCAR, which is unlikely to be true but
resulted in reasonable classification accuracy in our data. Modeling the missing data
mechanism can potentially result in higher classification accuracy by allowing us to leverage
information found in the missing data process, therefore will be one of our future
considerations.

Our final model, which includes ADC, K", kg, and AUGC90, was selected by comparing
the AUC for models with different combinations of the mpMRI parameters and identifying
the combination that maximized the average AUC by LOOCV. As a result, the mpMRI
parameter T2, which is commonly used for prostate cancer detection, was not included in
the model. However, several combinations that include T2 demonstrated similar
performance and can not be ruled-out as significantly worse than our final model. Further
work is needed to identify the optimal approach to model selection in our current
framework. Alternately, Bayesian model averaging could be used in the place of model
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selection, with the model weights a function of 2-D location, as the optimal combination of
parameters could potentially depend on the location within the prostate.

Our proposed classifier utilizes a hierarchical modeling framework that allows us to
incorporate further structural complexity in terms of the mpMRI parameters and voxel-wise
cancer risk. We exploited this flexibility to account for the anatomic structure of the prostate
in the current models, but this framework could be extended to account for other features of
the data, as well. For example, we observed strong, subject-specific shifts from the overall
mean for the mpMRI parameters. In principle, this could be accommodated in our modeling
framework by including random effects into the likelihood but additional work is needed to
understand the practical implications of this approach. In this paper, we focused our model
development on 2-D slices due to technical limitations that currently prevent 3-D co-
registration of the MRI and pathology data sets. However, our method could be easily
extended to 3-D by replacing the 2-D splines with3D splines,*1: 4243 and the computation
time should scale linearly by the number of voxels in the image.

Currently, our classifier utilizes an ad hoc Spatial Gaussian Kernal Smoothing step to
account for the spatial dependence, which was shown in Section 5.2 to result in substantial
improvement in the classification accuracy. Accounting for spatial dependence in the data
can also be achieved by assigning spatially correlated priors on p(c*|a*, &) in the Bayesian
hierarchical modeling framework, which induces spatial correlation through a pre-specified
covariance function. However, this results in two problems. First, the spatial model fitting
will involve inversion of 34 covariance matrices (one for each slice), each of which is of
high dimensionality ranging from 2098 by 2098 to 5756 by 5756, thus making the model
computationally infeasible for our data. Second, specifying spatial structure on the voxel-
wise cancer probabilities leads to intractable posterior distributions, which would require
MCMC sampling to approximate the posterior distributions and result in a loss of
computational efficiency, which is a strength of our proposed method. However, we do think
that more sophisticated modeling of the complex spatial structure via non-stationary spatial
processes has the potential to improve our classifier but we leave this task for future
research.

7 | SOFTWARE

The R code for implementing our simulations is available for download at https://
github.com/Jin93/R-code-for-voxel-wise-classifiers-of-prostate-cancer-with-mpMRI1-2018.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1.
Manually guided segmentation of the T2-weighted anatomic images showing the prostate

capsule (green curve) with the blue curve demarcating the division between the peripheral
zone (PZ) and central gland (CG). Histopathologically identified cancer is indicated in the
PZ and CG by the solid and broken green arrows, respectively.
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magnitudes of regional heterogeneity under different settings of o2 (spatial variance) and ¢

(range of spatial correlation).
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Average ROC curves by LOOCV evaluating the classification accuracy of the proposed
models using complete voxels (“complete case” data set, on the left) and all voxels (“all
case” data set, on the right). The dashed lines overlaying the ROC curves indicate the S90

values.
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FIGURE 4.
Maps of three representative prostate slices: ground truth (column 1, red regions represent

the registered areas of cancer), heatmaps of predicted cancer probabilities for Mbase,
Mregion, Mcoord and Msmooth, respectively (column 2-5, where warmer color represents
higher predicted cancer probability, and the color was scaled by the range of the predicted
cancer probabilities, separately for each prostate slice).
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FIGURE 5.

Maps of three representative prostate slices: ground truth (column 1), maps of binary cancer
classification using the S90 threshold for Mbase, Mregion, Mcoord and Msmooth,
respectively (column 2-5).
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