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ABSTRACT

Recently, in vivo Magnetic Resonance Imaging (MRI) and Magnetic Resonance Spectroscopy (MRS) have
emerged as promising new modalities to aid in prostate cancer (CaP) detection. MRI provides anatomic and
structural information of the prostate while MRS provides functional data pertaining to biochemical concentra-
tions of metabolites such as creatine, choline and citrate. We have previously presented a hierarchical clustering
scheme for CaP detection on in vivo prostate MRS and have recently developed a computer-aided method for
CaP detection on in vivo prostate MRI. In this paper we present a scheme to develop a meta-classifier to detect
CaP in vivo via quantitative integration of multimodal prostate MRS and MRI by use of non-linear dimension-
ality reduction (NLDR) methods including spectral clustering and locally linear embedding (LLE). Quantitative
integration of multimodal image data (MRI and PET) involves the concatenation of image intensities following
image registration. However data integration is non-trivial when the individual modalities include spectral and
image intensity data. A significant contribution of this paper is a novel scheme for quantitative combination
of multimodal MRI and MRS prostate data via machine learning methods. We propose a data combination
solution wherein we project the feature spaces (image intensities and spectral data) associated with each of the
modalities into a lower dimensional embedding space via NLDR. These methods preserve the relationships be-
tween the objects from the original high dimensional into the reduced low dimensional space. Since the original
spectral and image intensity data are divorced from their original physical meaning in the reduced dimensional
space, data at the same spatial location can be integrated by concatenating the respective embedding vectors.
Unsupervised consensus clustering is then used to partition objects into different classes in the combined MRS
and MRI embedding space. Quantitative results of our multimodal computer-aided diagnosis scheme on 16 sets
of patient data obtained from the ACRIN trial, for which corresponding histological ground truth for spatial
extent of CaP is known, show a marginally higher sensitivity, specificity, and positive predictive value compared
to corresponding CAD results with the individual modalities.

Keywords: Magnetic Resonance Imaging (MRI), Magnetic Resonance Spectroscopy (MRS), prostate cancer,
automated detection, computer aided diagnosis, combination schemes, multimodal integration

1. INTRODUCTION

Prostatic adenocarcinoma (CaP) is the second leading cause of cancer related deaths among males in America,
with an estimated 220,000 new cases every year (Source: American Cancer Society). The current standard for
detection of CaP is transrectal ultrasound (TRUS) guided symmetrical needle biopsy for patients previously
diagnosed with high prostate specific antigen (PSA) levels.1 Recently, Magnetic Resonance Imaging (MRI) has
emerged as a promising new modality for possible early detection of CaP in vivo.2 While in vivo endorectal 1.5
Tesla (T) MR imaging of the prostate has allowed for greater discrimination between benign and cancerous pro-
static structures as compared to ultrasound, it has been unable to detect small foci of carcinoma contributing to
a relatively low specificity.2 To overcome these problems, Magnetic Resonance Spectroscopic (MRS) Imaging has

Contact : Anant Madabhushi, E-mail: anantm@rci.rutgers.edu, Telephone: 1 732 445 4500 x6213



emerged as a possible complement to structural MR imaging for potential screening of CaP. While MRI provides
structural information from within the prostate, MRS provides metabolic information about the biochemical
markers (choline, creatine, citrate) of the prostate. Variations in the concentrations of these biochemicals could
indicate the presence of CaP. It has been suggested that the integration of MRS and MRI could potentially
improve specificity and sensitivity for screening of CaP, compared to what might be obtainable from MRI or
MRS alone.3

Recently researchers have been developing computer-aided diagnosis (CAD) methods for CaP detection on
MRI and MRS alone. In [4] we presented a novel supervised CAD scheme for detection of CaP from 4 T ex vivo
prostate MRI. A multi-attribute classifier trained via CaP extent on MRI determined from corresponding whole
mount histology specimens was used to generate a likelihood scene in which the intensity at every spatial location
corresponded to the probability of CaP being present. Chan et al.5 presented a multichannel statistical classifier,
which used multi-protocol 1.5 T in vivo MRI to generate a statistical probability map CaP occurrence within
the prostate. Pels et al.6 have worked on the quantification of prostate MRS by model based time fitting and
frequency domain analysis. However, automated peak finding algorithms suffer from problems associated with
the noisy data which worsens when a large baseline is present along with low signal to noise ratio. McKnight et
al.7 have looked at z-score (ratio of difference between population mean and individual score to the population
standard deviation) analysis as an automated technique for quantitative assessment of 3D MRSI data for glioma.
In [8] our group has presented an automated scheme for detection of prostate cancer using in vivo MRS data
alone which applied hierarchical clustering and manifold learning to successfully differentiate between cancerous
and non-cancerous regions in the prostate.

In this paper, we present an unsupervised meta-classifier scheme for detection of suspicious regions within 1.5
T endorectal in vivo prostate MR by quantitative integration of MRS and MRI data at every spatial location in
the image. We believe our work is the first attempt to integrate MRS and MRI prostate data in a quantitative
manner for CaP detection. Previous related work has focused on the manual examination of the modalities
individually and combining the results of such findings to arrive at a consensual decision about the severity
and extent of CaP.9 Note that quantitative integration of heterogeneous modalities such as MRS and MRI
involving combining physically disparate sources such as image intensities and spectra is a challenging problem.
Multimodal data image integration (PET and MRI10) involves simple concatenation of image intensities following
registration. As an example consider a multimodal MR scene C, where for every location c we have spectral
and image information. Let S(c) denote the spectral MRS feature vector at every location c and let f(c) denote
the associated intensity value for this location on the corresponding MRI image. Building a meta-classifier for
CaP detection by concatenating S(c) and f(c) together at location c is not a solution owing to (i) different
dimensionalities of S(c) and f(c) and (ii) the difference in physical meaning of S(c) and f(c).

By means of non-linear dimensionality reduction (NLDR), we attempt to overcome the heterogeneity of these
differing sets of information as well as inherent non-linearities within this data11 which are not taken into account
by linear dimensionality reduction schemes such as principal component analysis (PCA). We make use of graph
embedding12 (GE) and locally linear embedding13 (LLE) to project the individual high dimensional MRI and
spectral features into a lower dimensional embedding space. To improve discriminability between CaP and benign
regions on the prostate we extract a large number of texture features from MRI. This feature space will form a
texture feature vector F (c) at every location c. The spectral vector S(c) and texture feature vector F (c) will each
form a high dimensional feature space at every location c in a given multimodal scene C. By using NLDR we
attempt to preserve class and object relationships from these high dimensional feature spaces in their resultant
lower dimensional embedding spaces. On account of the aforementioned reasons, physically combining S(c) and
F (c) in the high dimensional space is not feasible; we aim to integrate S(c) and F (c) in a lower dimensional
embedding space where S(c) and F (c) are now represented by their corresponding embedding vectors XS(c)
and XF (c). Note that since XS(c) and XF (c) represent embedding co-ordinates which are divorced from any
physical meaning they can be reconciled into an integrated feature vector XF,S(c) and thus be used to build
a MRI, MRS meta-classifier for CaP detection. In order to analyze the result of integrating multimodal MR
data as compared to using the individual modalities, we apply unsupervised consensus k-means clustering14 to
partition all the spatial locations c ∈ C into cancerous, benign, or other tissue classes based on the corresponding
XF (c), XS(c), XF,S(c) values. This scheme was applied for CaP detection on a total of 16 in vivo prostate MRI
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Figure 1. (a) A 2D section from a MR scene with the corresponding spectral grid overlaid in yellow. (b) Corresponding
MR spectra at each cell in the spectral grid in (a) are shown. Representative cancerous (red) and non-cancerous (blue)
spectra are highlighted in each of the 2 images.

and MRS datasets. Ground truth estimates of CaP on partial whole mount histological sections were available
which were used to define CaP location on MRI which was then used for quantitative evaluation. Our results
suggest that the MRS, MRI meta-classifier XF,S(c) provides higher CaP detection, sensitivity, and specificity
compared to the individual modalities (XF (c) and XS(c)).

The rest of this paper is organized as follows. In Section 2 we present the system overview. Section 3 describes
the methods for MRS and MRI feature extraction, followed by the methodology for multimodal data integration
and unsupervised classification in Section 4. Results of quantitative and qualitative evaluation of our scheme are
presented in Section 5 and our concluding remarks in Section 6.

2. SYSTEM OVERVIEW

2.1 Data Description and Notation

A total of 16 1.5 T in vivo endorectal MRI and MRS studies were obtained from the American College of
Radiology Imaging Network (ACRIN) multi-site prostate trial∗. For each patient, MR data (T2 imaging protocol)
was acquired prior to radical prostatectomy. Following resection, the gland was quartered and stained. These
sections were then manually examined for CaP to constitute the ground truth on histology. CaP locations on
MRI were then manually obtained as will be described in Section 2.2.

...
MRS 

metavoxel MRI voxels

ĉ ∈ Ĉĉ ∈ Ĉ c ∈ Cc ∈ C

Figure 2. Figure showing the relationship between MRS metavoxels and MRI voxels. The spectral grid Ĉ comprised of
28 metavoxels has been overlaid on an MR slice and is shown in white. Note the region outlined in red on Ĉ corresponds
to the area occupied by a metavoxel ĉ ∈ Ĉ, but will contain multiple MRI voxels c ∈ C.

We define a 3D MRI scene C = (C, f) where C is a set of spatial locations ci ∈ C, i ∈ {1, . . . , |C|}, |C| is the
cardinality of any set C and f(c) is a function that assigns an intensity value to every c ∈ C. We define a 3D
spectral scene as Ĉ = (Ĉ, Ĝ), where Ĉ is a 3D grid of metavoxels superposed on C. For every spatial location ĉî ∈

Ĉ, î ∈ {1, . . . , |Ĉ|}, there is an associated 256-dimensional valued spectral vector Ĝ(ĉî) = [ĝv(ĉî)|v ∈ {1, . . . , 256}]
where ĝv(ĉî) represents the concentration of different biochemicals (such as creatine, citrate, and choline). Figure
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1 shows a representative MR image with the MRS grid Ĉ overlaid in yellow and the MRS spectra for locations
within this grid. Representative cancerous and non-cancerous spectra are highlighted in red and blue respectively
on each of the images. Figure 2 shows the relationship between the MR spectral metavoxel ĉ and MR image
voxel c. Note that the distance between any two adjacent metavoxels ĉî, ĉĵ ∈ Ĉ, ‖ ĉî− ĉĵ ‖2, (where ‖ · ‖2 denotes
the L2 norm) is roughly 16 times the distance between any two adjacent spatial voxels ci, cj ∈ C.

2.2 Determination of Approximate Ground Truth for CaP on MRI, MRS

Partial ground truth for the CaP extent on MR studies in the ACRIN database is available in the form of approx-
imate sextant locations and sizes for each study. We have previously developed an algorithm for registration of
ex vivo MRI and whole-mount histological (WMH) images15 for accurate mapping of spatial extent of CaP from
WMH sections onto MRI. However most of the histology data in the ACRIN study are not WMH, but partial
gland sections which are difficult to reconstitute. Hence the CaP ground truth estimate on the MRI sections is
obtained in the following manner. The MR image of the prostate is visually divided into two lateral compart-
ments: Left (L) and Right (R); and further divided into 3 regions longitudinally: Base (B), Midgland (M) and
Apex (A). Presence of CaP (potential cancer space) has previously been determined in one or more of these six
locations: Left Base (LB), Left Midgland (LM), Left Apex (LA), Right Base (RB), Right Midgland (RM), and
Right Apex (RA) via manual mapping of CaP from histology onto the corresponding MRI sections. The maxi-
mum diameter of the tumor is also recorded in each of the 6 candidate locations and is denoted as MaxDiameter.
We calculated the number of possible cancer metavoxels as: No. of candidate slices ×

⌈

MaxDiameter2

∆x̂∆ŷ

⌉

, where

∆x̂,∆ŷ refer to the dimensions of the metavoxel ĉ ∈ Ĉ in the X and Y dimensions. Note that the exact spatial
location of these metavoxels on a particular slice is not available, only the size and sextant within which it occurs.
This potential cancer space nonetheless serves as a basis for performing a semi-quantitative evaluation of our
CAD scheme.8

2.3 Brief outline of Experimental Design

As illustrated in Figure 3 our methodology comprises 4 main modules:
Module 1: MRS Feature Extraction
The high dimensional spectral feature vector Ĝ(ĉ) is non-linearly projected into lower dimensional space via
NLDR methods to form the low dimensional embedding of MRS data Ỹ (ĉ). The MRS embedding space forms
one input to the data integration module.

Module 2: MRI Feature extraction
Texture features previously shown to be able to differentiate between cancerous and non-cancerous regions4 are
used to extract a large texture feature space F̂(ĉ) at every location ĉ. We use the consensus embedding method
to project the data F̂(ĉ) into embedding space. This novel scheme combines embeddings of multiple feature
subspaces of the MRI feature data to achieve a more stable embedding solution. The consensus MRI embedding
space X̃(ĉ) forms the second input to the data integration module.

Module 3: Integration of MRI and MRS
A consolidated embedding vector Ẽ(ĉ) for each ĉ ∈ Ĉ is created by concatenating embedding coordinates Ỹ (ĉ)
and X̃(ĉ).

Module 4: Classification of integrated MRS and MRI feature spaces via consensus clustering
Unsupervised consensus clustering14 is applied to partition all objects ĉ ∈ Ĉ into one of 3 classes. The clustering
scheme is applied individually to X̃(ĉ), Ỹ (ĉ), and Ẽ(ĉ). The cluster with the largest overlap (sensitivity and
specificity) with respect to the potential cancer space is identified as the CaP class.

3. FEATURE EXTRACTION METHODS FOR MRS AND MRI

3.1 MRS Feature Extraction

Most automated MRS classification schemes are based on calculating ratios of the discriminatory peaks (choline/
creatine) in MRS which involve processes of peak detection and noise suppression. Application of such methods
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Figure 3. Flowchart showing different system components and overall organization.

to prostate MRS is complicated due to poor signal quality and noise issues. Instead we consider the MR spectrum
in its totality. The 256-point MRS spectrum Ĝ(ĉ) associated with every metavoxel ĉ ∈ Ĉ is non-linearly projected
into a lower dimensional space using two NLDR methods, φ ∈ {GE,LLE} to calculate the MRS embedding
vector Ỹφ(ĉ) associated with every ĉ ∈ Ĉ, which now represents the MRS feature vector at ĉ ∈ Ĉ.

3.1.1 Graph Embedding

The aim of graph embedding12 is to find an embedding vector YGE(ĉ),∀ĉ ∈ Ĉ such that the relative ordering of the
distances between objects in the high dimensional feature space is preserved in lower dimensional space. Thus,

if locations ĉî, ĉĵ ∈ Ĉ, î, ĵ ∈
{

1, . . . , |Ĉ|
}

are close in high dimensional feature space, then ||YGE(ĉî) − YGE(ĉĵ)||2

should be small, where ||.||2 represents the Euclidean norm. However this is only true if the distances between
all ĉî, ĉĵ ∈ Ĉ are preserved in the low dimensional mapping of the data. To compute the optimal embedding, we

first define a matrix WGE ∈ ℜ|Ĉ|×|Ĉ|, representing the adjacency between all objects ĉ ∈ Ĉ in high-dimensional
feature space. For all ĉî, ĉĵ ∈ Ĉ,WGE is defined as

WGE (̂i, ĵ) = e−||F(ĉî)−F(ĉĵ)||2 ,∀ĉî, ĉĵ ∈ Ĉ, î, ĵ ∈
{

1, . . . , |Ĉ|
}

. (1)

YGE(ĉ) is then obtained from the maximization of the function:

E(YGE) = 2γ × tr

[

YGE(D −WGE)YT

GE

YGEDYT
GE

]

, (2)

where tr is the trace operator, YGE = [YGE(ĉ1̂), YGE(ĉ2̂), . . . , YGE(ĉn̂)] , n = |Ĉ| and γ = n− 1. Additionally, D is

a diagonal matrix where for all ĉ ∈ Ĉ, the diagonal element is defined as D(̂i, î) =
∑

ĵWGE (̂i, ĵ). The embedding
space is defined by the Eigenvectors corresponding to the smallest β Eigenvalues of (D −WGE) YGE = λDWGE.

The matrix YGE ∈ ℜ|Ĉ|×β of the first β Eigenvectors is constructed, and ∀ĉî ∈ Ĉ, YGE(ĉî) is defined as row î of

YGE. YGE(ĉî) is therefore a vector consisting of element number î from each of the first β Eigenvectors which
represents the β-dimensional Cartesian coordinates.



3.1.2 Locally Linear Embedding (LLE)

LLE13 operates by assuming that objects in a neighborhood of a feature space are locally linear. Consider
the set of feature vectors F = {F (ĉ1̂) ,F (ĉ2̂) , . . . ,F (ĉn̂)}, n = |Ĉ|. We wish to map the set F to the set

Y = {YLLE (ĉ1̂) , YLLE (ĉ2̂) , . . . , YLLE (ĉn̂)} of embedding co-ordinates. For all objects ĉ ∈ Ĉ, LLE maps the
feature vector F (ĉ) to the embedding vector YLLE(ĉ). Let {ĉηî(1), . . . , ĉηî(k)} be the k nearest neighbors of ĉî
where ηî(k) is the index of the kth neighbor of ĉî in Ĉ. The feature vector F (ĉî) and its k nearest neighbors
(kNN), {F

(

ĉηî(1)
)

,F
(

ĉηî(2)
)

, . . . ,F
(

ĉηî(k)
)

} are assumed to lie on a patch of the manifold that is local linearly,
allowing us to use Euclidean distances between the neighbors. Each F (ĉî) can then be approximated by a
weighted sum of its kNN. The optimal reconstruction weights are given by the sparse matrix WLLE (subject to
the constraint

∑

ĵWLLE (̂i, ĵ) = 1) that minimizes

S1 (WLLE) =

n
∑

î=1

∥

∥

∥

∥

∥

∥

F (ĉî) −
k

∑

ĵ=1

WLLE

(

î, ηî(ĵ)
)

F
(

ĉηî(ĵ)

)

∥

∥

∥

∥

∥

∥

2

. (3)

Having determined the weighting matrix WLLE, the next step is to find a low-dimensional representation of the
points in F that preserves this weighting. Thus, for each F (ĉî) approximated as the weighted combination of
its kNN, its projection YLLE (ĉî) will be the weighted combination of the projections of these same kNN. The
optimal YLLE in the least squares sense minimizes

S2 (YLLE) =

n
∑

î=1

∥

∥

∥

∥

∥

∥

YLLE (ĉî) −
n

∑

ĵ=1

WLLE

(

î, ĵ
)

YLLE

(

ĉĵ

)

∥

∥

∥

∥

∥

∥

2

= tr
(

YLLELY
T

LLE

)

, (4)

where tr is the trace operator, YLLE = [YLLE (ĉ1̂) , YLLE (ĉ2̂) , . . . , YLLE (ĉn̂)], L = (I −WLLE)
(

I −WT

LLE

)

and I is
the identity matrix. The minimization of (4) subject to the constraint YLLEY

T

LLE
=I (a normalization constraint

that prevents the solution YLLE ≡ 0) is an Eigenvalue problem whose solutions are the Eigenvectors of the
Laplacian matrix L. Since the rank of L is n−1 the first Eigenvector is ignored and the second smallest Eigenvector
represents the best one-dimensional projection of all the samples. The best two-dimensional projection is given
by the eigenvectors with the second and third smallest eigenvalues, and so forth.

3.2 MRI Feature Extraction

3.2.1 Texture Representation of CaP on MRI

Over 350 3D texture feature scenes corresponding to three different texture classes were extracted from each MRI
scene. These feature representations were chosen since they have been demonstrated to be able to discriminate
between the cancer and non-cancer classes.4 We calculated the feature scenes Fu = (C, fu) for each C by applying
the feature operators Φu, u ∈ {1, . . . , 373} within a local neighborhood associated with every c ∈ C. Hence fu(c)
is the feature value associated with feature operator Φu at voxel c. We can hence define a feature vector associated
with each c ∈ C as F(c) = [fu(c)|u ∈ {1, . . . , 373}]. We define a κ-neighborhood centered on ci ∈ C as Nκ(ci)
where ∀cj ∈ Nκ(ci), ‖ cj − ci ‖≤ κ, i, j ∈ {1, . . . , |C|}, ci /∈ Nκ(ci). We similarly define a κ-neighborhood Nκ(ĉî)

for ĉî ∈ Ĉ where for all cj ∈ Nκ(ĉî), ‖ cj − ĉî ‖≤ κ, î ∈ {1, . . . , |Ĉ|}, j ∈ {1, . . . , |C|}, ĉî 6= ĉî. Based on our

definitions in Section 2.1, we can similarly define a feature attribute for each metavoxel ĉ ∈ Ĉ as the median
f̂u(ĉî) = MEDIANca∈Nκ(ĉ

î
)
[fu(ca)] , a ∈ {1, . . . , |C|}, î ∈ {1, . . . , |Ĉ|}. The corresponding feature vector is then

given as F̂(ĉ) = [f̂u(ĉ)|u ∈ {1, . . . , 373}],∀ĉ ∈ Ĉ as earlier.

1. Gradient Features: Gradient features are calculated using steerable and non-steerable linear gradient
operators. Eleven non-steerable gradient features were obtained using Sobel, Kirsch and standard derivative
operations. Gabor gradient operators4 comprising the steerable class of gradient calculations were defined
for every c ∈ C where c = (x, y, z),

fu(c) =
1

2
3
2σXσY σZ

e
−1
2 [ x2

σX
2 + y2

σY
2 + z2

σZ
2 ]

cos(2πωx), (5)
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Figure 4. (a) A 2D section from C, and corresponding 2D sections from feature scenes Fu for, (b) Gabor (θ = π

3
, λ = −1,

κ = 5) (c) first order statistical (range, κ = 3), and (d) second order statistical (Haralick energy, κ = 3, G = 64, d = 1).

where ω is the frequency of a sinusoidal plane wave along the X-axis, and σX , σY , and σZ are the space
constraints of the Gaussian envelope along the X, Y , and Z directions respectively. The orientation of the
filter, θ, is affected by the coordinate transformations: x′ = r(x cos θ + y sin θ), y′ = r(−x sin θ + y cos θ)
and z′ = r(z), where r is the scaling factor. These were computed within the sliding window neighborhood
Nκ. Gabor gradient features were calculated at 13 scales (r ∈ {− π

16 ,−
π

8
√

2
, . . . , π16}), 6 orientations (θ ∈

{0, π6 ,
π
3 ,

π
2 ,

2π
3 , 5π

6 }) and 3 window sizes (κ ∈ {3, 5, 7}). Figure 4(b) shows a feature image extracted by
applying a Gabor operator (θ = π

3 , r = − π√
2
, κ = 5) on a 2D section from C (Figure 4(a)).

2. First Order Statistical Features: Four first order statistical features for 3 different window sizes were
calculated. They included the mean, median, standard deviation, and range for the gray values of pixels
within the sliding window neighborhood Nκ, κ ∈ {3, 5, 7}. Figure 4(c) shows a feature image obtained via
application of a first order statistical operator (range, κ = 3) for the MRI section shown in Figure 4(a).

3. Second Order Statistical Features: To calculate the second order statistical (Haralick) feature scenes,
we compute a M ×M co-occurrence matrix Pd,c,κ associated with Nκ(c), where M is the maximum gray
scale intensity in C. The value at any location [m1,m2] in Pd,c,κ, where m1,m2 ∈ {1, . . . ,M}, represents
the frequency with which two distinct voxels ci, cj ∈ Nκ(c), i, j ∈ {1, . . . , |C|} with associated image
intensities f(ci) = m1, f(cj) = m2 are separated by distance d. A total of 13 Haralick features including
energy, entropy, inertia, contrast, correlation, sum average, sum variance, sum entropy, difference average,
difference variance, difference entropy, local homogeneity and average deviation were extracted at every
voxel c ∈ C, based on Pd,c,κ, for κ ∈ {3, 5, 7}, d = 1 and M ∈ {64, 128, 256}. Figure 4(d) shows a feature
image (energy) extracted from the co-occurrence matrix (κ = 3, G = 64, d = 1).

3.2.2 Consensus Embedding for Feature Extraction

We require a lower dimensional embedding that models the true nature of the underlying manifold that is
described in high dimensional space. Varying the feature subspaces of the high dimensional manifold and the
parameters (e.g. the number of k nearest neighbors in LLE) associated with NLDR methods achieves multiple
embeddings which individually model relationships between objects. We hence propose a novel method to
obtain a stable low dimensional data representation which integrates estimates of object adjacency from multiple
lower dimensional representations of the data. We generate multiple embeddings Xφ,α(ĉ) for ĉ ∈ Ĉ, based on

feature subspaces Fα(ĉ) ⊆ F̂(ĉ), α ∈ {1, . . . , B} using the NLDR schemes φ ∈ {GE,LLE} described earlier.
Each embedding Xφ,α will hence represent adjacencies between metavoxels ĉî, ĉĵ ∈ Ĉ based on the feature
subspace Fα. Thus ||Xφ,α(ĉî) −Xφ,α(ĉĵ)||2 will vary as a function of Fα. To represent the true adjacency and

class relationship between ĉî, ĉĵ ∈ Ĉ we need to combine the multiple embeddings Xφ,α. A confusion matrix

Wφ,α ∈ ℜ|Ĉ|×|Ĉ| based on representing the adjacency between any two metavoxels at locations ĉî, ĉĵ ∈ Ĉ in the
lower dimensional embedding representation Xφ,α is first calculated as:

Wφ,α(̂i, ĵ) =
∥

∥

∥
Xφ,α(ĉî) −Xφ,α(ĉĵ)

∥

∥

∥

2
, (6)

where ĉî, ĉĵ ∈ Ĉ, î, ĵ ∈ {1, . . . , |Ĉ|}, φ ∈ {GE,LLE}, α ∈ {1, . . . , B}. The confusion matrix Wφ,α will hence
represent the relationships between the metavoxels in each of the B embedding spaces Xφ,α, obtained via



Fα, α ∈ {1, . . . , B}. We can average these metavoxel adjacencies as

W̃φ(̂i, ĵ) =
1

B

∑

α

Wφ,α(̂i, ĵ),∀î, ĵ ∈ {1, . . . , |Ĉ|}, (7)

where W̃φ(̂i, ĵ) represents the average distance in the reduced dimensional space over B feature sets Fα between

the metavoxels at locations ĉî, ĉĵ ∈ Ĉ. Since it is not guaranteed every Fα will reflect the true class relationship

between ĉî, ĉĵ ∈ Ĉ, our assumption is that the average object adjacency W̃φ is a truer representation of the

true embedding distance between ĉî, ĉĵ . Multidimensional scaling16 (MDS) is applied to W̃φ to achieve the

final combined embedding X̃φ. MDS is implemented as a linear method that preserves the Euclidean geometry

between each pair of metavoxels at ĉî, ĉĵ ∈ Ĉ. This is done by finding optimal positions for the data points
ĉî, ĉĵ in lower-dimensional space through minimization of the least squares error in the input pairwise Euclidean

distances in W̃φ. The result is lower dimensional embedding vector for the MRI feature space X̃φ(ĉ),∀ĉ ∈ Ĉ,
and φ ∈ {GE,LLE}.

4. DATA INTEGRATION AND CLASSIFICATION

4.1 Multimodal Data Integration of MRI and MRS

Owing to the physical differences in the MRS and MRI features the MRS, MRI meta-classifier is created in
the joint MRI and MRS embedding space where the physicality of the object features has been removed. Thus
while it was not possible to physically concatenate the MRS and MRI features in the original high dimensional
space, a direct concatenation of the MRI and MRS embedding coordinates can be done since objects ĉî and ĉĵ
that are adjacent in X̃ and Ỹ should also be adjacent in the combined embedding space. The integration of
the embedding spaces is predicated on the fact that they are identically scaled. A combined embedding vector
Ẽφ(ĉ) = [X̃φ(ĉ), Ỹφ(ĉ)] is obtained at each ĉ ∈ Ĉ by direct concatenation of X̃φ(ĉ) and Ỹφ(ĉ). For every ĉ ∈ Ĉ,

X̃φ(ĉ) ∈ ℜ1×β and Ỹφ(ĉ) ∈ ℜ1×β , we have Ẽφ(ĉ) ∈ ℜ1×2β where β is the number of Eigenvectors calculated
in projecting the data via NLDR. Figure 5 shows the result of visualizing the embedding vectors on the MR
image. Each spatial location ĉ ∈ Ĉ in Figures 5(a), (b), (c) is represented by the 3 principal Eigenvalues in
X̃GE(ĉ), ỸGE(ĉ), and ẼGE(ĉ) respectively. The Eigenvalues have been appropriately scaled so that they can be
displayed as RGB values. The images reveal at least 3 distinct regions via this embedding visualization. The
NLDR method used was Graph Embedding (GE).

4.2 Consensus k-means clustering for final classification

We now have the 3 vectors associated with each metavoxel ĉ ∈ Ĉ, specifically (i) the lower dimensional embedding
obtained from MRI data [X̃φ(ĉ)], (ii) the lower dimensional embedding obtained from MRS data [Ỹφ(ĉ)] and

(iii) the integrated lower dimensional embedding [Ẽφ(ĉ)]. To overcome the instability associated with centroid
based clustering algorithms, we generate multiple weak clusterings Z1

ψ,φ,t
, Z2

ψ,φ,t
, Z3

ψ,φ,t
, t ∈ {0, . . . , T} by repeated

(a) (b) (c)

Figure 5. Visualization of embedding values at every metavoxel location ĉ superposed on a 2D section of C using (a)
X̃GE(ĉ) via consensus embedding, (b) ỸGE(ĉ) via Graph Embedding (c) ẼGE(ĉ) via embedding space integration. Note
that at every ĉ ∈ Ĉ in Figures 5(a)-(c) the RGB colormap represents the magnitude of the 3 dominant embedding (Eigen)
vectors at that location.



application of k-means clustering on each of the low dimensional manifolds ψ ∈ {X̃, Ỹ , Ẽ} each calculated using
NLDR methods φ ∈ {GE,LLE} for all ĉ ∈ Ĉ. Each cluster Z̃ψ,φ is a set of objects which has been assigned
the same class label by the k-means clustering algorithm. As the number of elements in each cluster tends
to change for each such iteration of k-means, we calculate a co-association matrix Hψ,φ with the underlying
assumption that metavoxels belonging to a natural cluster are very likely to be co-located in the same cluster for
each iteration. Co-occurrences of pairs of metavoxels ĉî, ĉĵ in the same cluster Zψ,φ,t are hence taken as votes for

their association. Zψ,φ(̂i, ĵ) thus represents the number of times ĉî, ĉĵ ∈ Ĉ were found in the same cluster over

T iterations. If Zψ,φ(̂i, ĵ) = T then there is a high probability that ĉî, ĉĵ do indeed belong to the same cluster.

We apply MDS16 to Hψ,φ followed by a final unsupervised classification using k-means, to obtain the final stable

clusters Z̃1
ψ,φ
, Z̃2

ψ,φ
, Z̃3

ψ,φ
for each of ψ ∈ {X̃, Ỹ , Ẽ} and φ ∈ {GE,LLE}.

5. RESULTS

5.1 Qualitative Results

Our scheme was applied on 16 1.5 T datasets at metavoxel resolution (Ĉ). We compare the results from
consensus clustering of the lower dimensional embedding from the individual modalities (X̃φ(ĉ) and Ỹφ(ĉ)) with

the embeddings created via our data combination scheme (Ẽφ(ĉ)). Figure 6 shows representative results of
applying our scheme to MR data, while using graph embedding (GE) as the NLDR method in each case. Each
row in this figure corresponds to a different dataset and the different class labels obtained via clustering are
represented via different colors (red, green, and blue). The first column in Figure 6 shows the potential cancer
space shaded with a translucent red on a 2D section from C (Figures 6(a) and (e)). Figures 6(b) and (f) show
the labels for objects clustered into Z̃1

X̃,GE
, Z̃2

X̃,GE
, Z̃3

X̃,GE
(from classifying the consensus embedding X̃GE(ĉ) of

the MRI feature vector F̂(ĉ)) plotted back onto the MR slice. Figures 6(c) and (g) show the labels for objects in
Z̃1
Ỹ ,GE

, Z̃2
Ỹ ,GE

, Z̃3
Ỹ ,GE

(from classifying the embedding ỸGE(ĉ) of the MRS feature vector Ĝ(ĉ)) similarly plotted

onto the same slice. The labels for objects clustered into Z̃1
Ẽ,GE

, Z̃2
Ẽ,GE

, Z̃3
Ẽ,GE

(from the classifying the integrated

embedding vector ẼGE(ĉ)) are plotted onto the slice in different colors in Figures 6(d) and (h). Figure 7 similarly
shows representative results of applying this scheme to MR data, while using LLE as the NLDR method in each

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 6. (a) and (e) show the location of potential cancer space (at metavoxel resolution) shaded in a translucent red on
a 2D slice from C. This is followed by the results of shading the section with different colors (red, blue and green) based
on the labels of the objects in clusters: (b) and (f) Z̃1

X̃,GE
, Z̃2

X̃,GE
, Z̃3

X̃,GE
(based on the MRI embedding space X̃GE(ĉ)) (c)

and (g) Z̃1

Ỹ ,GE
, Z̃2

Ỹ ,GE
, Z̃3

Ỹ ,GE
(based on the MRS embedding space ỸGE(ĉ)) (d) and (h) Z̃1

Ẽ,GE
, Z̃2

Ẽ,GE
, Z̃3

Ẽ,GE
(based on

the integrated embedding space ẼGE(ĉ)). In each case, the NLDR method used was GE and the labels were obtained via
unsupervised classification (consensus clustering). For each of the result images the red region was found to correspond
most closely to the potential cancer space in (a) and (e) respectively.



(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 7. (a) and (e) show the location of potential cancer space (at metavoxel resolution) shaded in a translucent red on a
2D slice from C. This is followed by the results of shading the section with different colors (red, blue and green) based on
the labels of the objects in clusters: (b) and (f) Z̃1

X̃,LLE
, Z̃2

X̃,LLE
, Z̃3

X̃,LLE
(based on the MRI embedding space X̃LLE(ĉ))

(c) and (g) Z̃1

Ỹ ,LLE
, Z̃2

Ỹ ,LLE
, Z̃3

Ỹ ,LLE
(based on the MRS embedding space ỸLLE(ĉ)) (d) and (h) Z̃1

Ẽ,LLE
, Z̃2

Ẽ,LLE
, Z̃3

Ẽ,LLE

(based on the integrated embedding space ẼLLE(ĉ)). In each case, the NLDR method used was LLE and the labels were
obtained via unsupervised classification (consensus clustering). For each of the result images the red region was found to
correspond most closely to the potential cancer space in (a) and (e) respectively.

case. In both sets of results, the region labeled red was found to correspond most closely to the potential cancer
space (Figures 6(a) and (e), 7(a) and (e)). The integration of the information from the modalities can be seen
by the integration of labels from Z̃1−3

X̃,GE
(ĉ) and Z̃1−3

Ỹ ,GE
(ĉ) in the labels in Z̃1−3

Ẽ,GE
(ĉ).

5.2 Quantitative Results

We have already determined the counts of metavoxels lying in the potential cancer space for each dataset (as
described in Section 2.2) at the metavoxel resolution. The counts of the metavoxels in each of the clusters
Z̃1
ψ,φ
, Z̃2

ψ,φ
, Z̃3

ψ,φ
, ψ ∈ {X̃, Ỹ , Ẽ}, φ ∈ {GE,LLE} are compared with this ground truth value. Sensitivity, speci-

ficity and positive predictive values (PPV) for each of Z̃1
ψ,φ
, Z̃2

ψ,φ
, Z̃3

ψ,φ
are obtained. The cluster with the highest

sensitivity, specificity and PPV is identified as the cancer class. These results are then averaged over 16 datasets
and have been summarized in Table 1. The results appear to suggest that integration of MRI and MRS performs
marginally better or comparably to MRS or MRI alone. Possible reasons that more obvious differences were not
observed may have to do with the lack of precise ground truth data for CaP extent on MRI. Note that LLE shows
a high sensitivity in each case as compared to using graph embedding, but that GE shows a higher specificity
and PPV.

Sensitivity Specificity PPV
GE LLE GE LLE GE LLE

MRI data [X̃φ(ĉ)] 81.58 82.77 89.90 82.30 78.70 71.64

MRS data [Ỹφ(ĉ)] 84.80 88.60 86.50 83.30 75.50 71.28

Embeddings combined [Ẽφ(ĉ)] 87.00 87.90 84.30 83.90 72.64 73.12

Table 1. CaP detection sensitivity, specificity and PPV at the metavoxel resolution averaged over 16 1.5 T MRS/MRI
datasets using LLE and GE.



6. CONCLUDING REMARKS

In this paper we have presented a presented a powerful clinical application for computer-aided diagnosis scheme
for detection of CaP on multimodal in vivo prostate MRI and MRS data. The primary contribution of this paper
is the development of a meta-classifier based on quantitative integration of 1.5 Tesla in vivo prostate MRS and
MRI data via non-linear dimensionality reduction. Over 350 3D texture features were extracted and analyzed
from each MRI scene. MRS features were obtained by non-linearly projecting the spectral data via schemes such
as graph embedding and locally linear embedding. Since direct integration of the spectral and image intensity
data is note possible in the original feature space owing to differences in physical meaning of MRS and MRI data,
our integration scheme involves data combination in the reduced dimensional embedding space. The MRI and
MRS features are individually projected into the reduced dimensional space and the low dimensional embedding
coordinates for the MRS and MRI data are concatenated and used to drive the meta-classifier. Unsupervised
classification via consensus clustering was performed on each of MRI, MRS, and MRS+MRI data in the reduced
dimensional embedding space. We qualitatively and quantitatively evaluated our scheme for 16 1.5 T MRI
and MRS datasets. Our novel multimodal integration scheme for detection of CaP on 1.5 T in vivo prostate
MR demonstrated an average sensitivity of close to 87% and an average specificity of nearly 84% at metavoxel
resolution. In most cases marginally higher or comparable performance was observed by integrating the MRS,
MRI data compared to the MRI or MRS data alone. We working toward extensively evaluating our system on
a larger cohort of datasets and on obtaining a more precise ground truth map of CaP extent on MRI for a more
rigorous evaluation of our scheme.

ACKNOWLEDGMENTS

This work was possible due to grants from the Coulter Foundation (WHCF4-29349,WHCF 4-29368), the Busch
Biomedical Award, the Cancer Institute of New Jersey, the New Jersey Commission on Cancer Research and
the National Cancer Institute (R21CA127186-01, R03CA128081-01). The authors would like to acknowledge the
ACRIN trial for having provided the data used in this study. They would also like to thank Dr. James Monaco
and Jonathan Chappelow for useful discussions held on the subject.

REFERENCES

1. W. Catalona, D. Smith, T. Ratliff, K. Dodds, D. Coplen, J. Yuan, J. Petros, and G. Andriole, “Measurement
of Prostate-Specific Antigen in serum as a Screening Test for Prostate Cancer,” New England Journal of
Medicine 324(17), pp. 1156–1161, 1991.

2. M. Schiebler, M. Schnall, H. Pollack, R. Lenkinski, J. Tomaszewski, A. Wein, R. Whittington, W. Rauschn-
ing, and H. Kressel, “Current role of MR Imaging in Staging of Adenocarcinoma of the Prostate,” Radiol-
ogy 189(2), pp. 339–352, 1993.

3. P. Carroll, F. Coakley, and J. Kurhanewicz, “Magnetic Resonance Imaging and Spectroscopy of Prostate
Cancer,” Reviews in Urology 8(1), pp. S4–S10, 2006.

4. A. Madabhushi, M. Feldman, D. Metaxas, J. Tomaszeweski, and D. Chute, “Automated Detection of
Prostatic Adenocarcinoma from High-Resolution Ex Vivo MRI,” IEEE Transactions on Medical Imag-
ing 24(12), pp. 1611–1625, 2005.

5. I. Chan, W. Wells, R. Mulkern, S. Haker, J. Zhang, K. Zou, S. Maier, and C. Tempany, “Detection of
Prostate Cancer by Integration of Line-scan Diffusion, T2-mapping and T2-weighted Magnetic Resonance
Imaging; a Multichannel Statistical Classifier,” Medical Physics 30(9), pp. 2390–2398, 2003.

6. P. Pels, E. Ozturk-Isik, M. Swanson, L. Vanhamme, J. Kurhanewicz, S. Nelson, and S. Van Huffel, “Quan-
tification of Prostate MRSI Data by Model-Based Time Domain fitting and Frequency Domain Analysis,”
NMR in Biomedicine 19, pp. 188–197, 2006.

7. T. McKnight, S. Noworolski, D. Vigneron, and S. Nelson, “An Automated Technique for the Quantitative
Assessment of 3D-MRSI Data from Patients with Glioma,” Journal of Magnetic Resonance Imaging 13,
pp. 167–77, 2001.

8. P. Tiwari, A. Madabhushi, and M. Rosen, “Manifold Learning and Hierarchical Unsupervised Clustering for
Detection of Prostate Cancer from Magnetic Resonance Spectroscopy (MRS),” in Medical Image Computing
and Computer-Assisted Intervention (MICCAI 2007), 4792, pp. 278–286, 2007.



9. M. Hasumi, K. Suzuki, A. Taketomi, H. Matsui, T. Yamamoto, K. Ito, K. Kurokawa, J. Aoki, K. Endo,
and H. Yamanaka, “The combination of multi-voxel MR Spectroscopy with MR Imaging to improve the
diagnostic accuracy for localization of prostate cancer,” Anticancer Research 23(5), pp. 4223–4227, 2003.

10. V. Braun, S. Dempf, R. Tomczak, A. Wunderlich, R. Weller, and H. Richter, “Multimodal cranial neuron-
avigation: direct integration of functional magnetic resonance imaging and positron emission tomography
data: technical note.,” Neurosurgery 48(5), pp. 1178–81, 2001.

11. G. Lee, C. Rodriguez, and A. Madabhushi, “An Empirical Comparison of Dimensionality Reduction Methods
for Classifying Gene and Protein Expression Datasets,” in Bioinformatics Research and Applications (ISBRA
2007), 4463, pp. 170–181, 2007.

12. J. Shi and J. Malik, “Normalized Cuts and Image Segmentation,” IEEE Transactions on Pattern Analysis
and Machine Intelligence 22(8), pp. 888–905, 2000.

13. S. Roweis and L. Saul, “Nonlinear Dimensionality Reduction by Locally Linear Embedding,” Sci-
ence 290(5500), pp. 2323–2326, 2000.

14. A. Fred and A. Jain, “Combining Multiple Clusterings Using Evidence Accumulation,” IEEE Transactions
on Pattern Analysis and Machine Intelligence 27(6), pp. 835–850, 2005.

15. J. Chappelow, A. Madabhushi, M. Rosen, J. Tomaszeweski, and M. Feldman, “Multimodal Image Registra-
tion of ex vivo 4 Tesla Prostate MRI with Whole Mount Histology for Cancer Detection,” in Proceedings of
SPIE Medical Imaging (SPIE 2007), 6512, pp. S1–S12, 2007.

16. J. Venna and S. Kaski, “Local multidimensional scaling,” Neural Networks 19(6), pp. 889–899, 2006.


