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ABSTRACT

Dynamic contrast enhanced (DCE) MRI has emerged as a promising new imaging modality for breast cancer
screening. Currently, radiologists evaluate breast lesions based on qualitative description of lesion morphology
and contrast uptake proﬁles. However, the subjectivity associated with qualitative description of breast lesions
on DCE-MRI introduces a high degree of inter-observer variability. In addition, the high sensitivity of MRI
results in poor speciﬁcity and thus a high rate of biopsies on benign lesions. Computer aided diagnosis (CAD)
methods have been previously proposed for breast MRI, but research in the ﬁeld is far from comprehensive. Most
previous work has focused on either quantifying morphological attributes used by radiologists, characterizing
lesion intensity proﬁles which reﬂect uptake of contrast dye, or characterizing lesion texture. While there has
been much debate on the relative importance of the diﬀerent classes of features (e.g., morphological, textural,
and kinetic), comprehensive quantitative comparisons between the diﬀerent lesion attributes have been rare.
In addition, although kinetic signal enhancement curves may give insight into the underlying physiology of the
lesion, signal intensity is susceptible to MRI acquisition artifacts such as bias ﬁeld and intensity non-standardness.
In this paper, we introduce a novel lesion feature that we call the kinetic texture feature, which we demonstrate
to be superior compared to the lesion intensity proﬁle dynamics. Our hypothesis is that since lesion intensity is
susceptible to artifacts, lesion texture changes better reﬂect lesion class (benign or malignant). In this paper,
we quantitatively demonstrate the superiority of kinetic texture features for lesion classiﬁcation on 18 breast
DCE-MRI studies compared to over 500 diﬀerent morphological, kinetic intensity, and lesion texture features.
In conjunction with linear and non-linear dimensionality reduction methods, a support vector machine (SVM)
classiﬁer yielded classiﬁcation accuracy and positive predictive values of 78% and 86% with kinetic texture
features compared to 78% and 73% with morphological features and 72% and 83% with textural features,
respectively.
Keywords: Methods: classiﬁcation and classiﬁer design, computer-aided diagnosis; Modalities: magnetic resonance; Diagnostic Task: diagnosis

1. INTRODUCTION
Breast cancer is the second leading cause of cancer-related deaths in women. According to the American Cancer
Society, there were approximately 178,000 new cases of invasive breast cancer in 2007 in the United States
alone. However, early detection, diagnosis, and treatment of breast cancer can reduce the chances of death
by 15-30%. X-ray mammography continues to be the primary modality for breast cancer screening, but the
American Cancer Society revised their MRI screening guidelines in 2007 to speciﬁcally include women with a
20 to 25 percent increased lifetime risk, including family history of breast and ovarian cancers or a history of
prior treatment for Hodgkin’s disease.1 These changes have increased the frequency with which MRI is and will
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be used for screening of breast cancer. To meet the needs of increased rates of MR imaging for breast cancer
screening and diagnosis, a breast MRI lexicon was developed by adapting the existing Breast Imaging and Data
Reporting System (BI-RADS) lexicon that is used by radiologists for qualitative descriptions of breast lesions
on mammography, but only moderate inter-observer agreement was found.2 Clearly, quantiﬁable, accurate, and
reliable methods for assessing breast lesions using MRI are necessary.
In ﬁeld of breast cancer diagnosis as well as in other disease processes, CAD systems can be used to highlight
regions of interest on the image, quantify lesion characteristics, and render a diagnosis regarding lesion type. In
accordance with breast MRI being a relatively new component of clinical breast cancer diagnosis, the CAD literature in the ﬁeld of breast MRI is sparse compared to that of mammography or breast ultrasound. Radiologists
agree that both morphological and kinetic attributes are important for distinguishing benign from malignant
breast lesions on MRI.2–4 Morphologic attributes aim to quantify lesion margin characteristics typically described
by radiologists using the breast MRI lexicon.2 Although CAD schemes focus on morphology and kinetics in combination as well,5, 6 they rarely incorporate texture, which has been shown to be useful in classiﬁcation of lesions
on various imaging modalities.7–9 Furthermore, Chen et al.8 have also previously described the successful use
of textural feature sets in breast MRI.
Recently, attempts have been made to quantify classify breast lesions in terms of dynamic contrast enhancement. The two most widely used methods for quantifying such data are the pharmacokinetic model approach10
and the three time point empirical model.11 The pharmacokinetic model is widely accepted in most contrast
enhanced imaging disciplines and is based on a mathematical model that describes the velocity of blood ﬂow
as it traverses the arterial and capillary circulations and subsequent diﬀusion through the breast tissue.10 The
theory behind this is to physiologically describe the vascularity and tissue consistency of the patient’s lesion and
to compare those characteristics to other lesions, both benign and malignant. Signal intensity within the lesion
is derived from the DCE-MRI images and transformed from a signal intensity space into a concentration space,
which more accurately describes the physiology observed in the images. In the second method, semiquantitative
measures are used to evaluate signal intensity changes, such as time to peak intensity, rate of washout, and
signal enhancement ratio, which is usually deﬁned as the ratio of contrast uptake to washout. These measures
capture those characteristics of the kinetic enhancement curves that the radiologists qualitatively describe in the
diagnostic radiology report.
Both methods of evaluating contrast enhancement are reasonably eﬀective, and as a result, both methods
continue to be subjects of much research.4, 11 However, the inherent nonlinearity of the MRI data and the image
non-standardness created by intensity drift that occurs during image acquisition introduce inaccuracies to a
numeric representation of any MRI based purely on signal intensity.12, 13 Nonlinearity of MRI images is manifest
in the appearance of areas of hyperintensity in regions of the tissue proximal to the receiver coil used for image
acquisition, and the signal hyperintensity tends to progressively decrease as the distance from the coil increases.
This phenomenon can be observed in Figure 1(a). Note that the enhancement in the upper right corner of
the image is not solely due to contrast dye enhancement, but is also a result of bias ﬁeld inhomogeneity. Image
nonstandardness occurs due to MRI scanner signal intensity optimization for each image acquisition. This results
in varying signal intensity scales for image acquisition, even within the same MRI study. Figure 1(b) shows a
plot of intensity histograms of non-enhancing breast tissue from the same MRI slice for the three postcontrast
time points within the same DCE-MRI study. Drift is clearly observable in the lack of alignment between
intensity histograms. Despite being well documented and even observed in this dataset, these artifacts are not
typically corrected prior to analysis of kinetic curves for lesion classiﬁcation. For these reasons, an alternate
representation of the intensity space may be more robust to some of the artifacts to which signal intensity is
typically sensitive, thereby yielding more consistent representations across the contrast enhancement time series
and improved discriminability in lesion classiﬁcation.
In addition to its advantages over signal intensity measures, texture dynamics (second order intensity statistics) may still be more discriminatory than ﬁrst order intensity statistics (i.e., signal intensity), even if the
aforementioned artifacts were corrected in the signal enhancement images. This theory is supported by the fact
that previous work has shown texture features (e.g., steerable ﬁrst order statistics such as Gabor ﬁlters, nonsteerable ﬁrst order statistics such as grey level features, and second order statistics such as Haralick features)
to not only be useful in discrimination of lesion types in other pathologies such as prostate cancer,14 but also in
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(a)

(b)

Figure 1. Illustrations of MRI artifacts. (a)Image showing the result of bias field. Note the high intensity at the top of
the breast, where the coil interfaces with the skin. (b) Histogram illustrating the phenomenon of drift. This shows the
intensity histograms of the same image during the postcontrast time points of a nonenhancing section of the tissue. One
would expect the signal intensity to remain similar in distribution, but a shift is seen in the histograms.

image registration, where the above artifacts are often a great obstacle to overcome in MRI image registration.15
As such, the primary motivations and contributions of this paper are the following:
• Novel kinetic texture features that are more robust to MR intensity artifacts and therefore have improved
discriminability between breast lesion types compared to signal intensity proﬁle features; and
• A quantitative comparison between kinetic texture features and over 500 morphological, signal intensity,
and lesion texture features to determine the relative importance of individual feature types in breast lesion
classiﬁcation.
The remainder of this paper is organized as follows: In Section 2, we provide a description of the data used
in this study and the notational convention adopted. In Section 3, we describe our feature extraction schemes,
and in Section 4, we provide details on the use of dimensionality reduction and a classiﬁer ensemble to determine
the relative importance of the lesion attributes. Quantitative and qualitative results are presented in Section 5
with concluding remarks and future directions presented in Section 6.

2. DATA DESCRIPTION
T1 sagittal images were obtained at one time point pre-contrast and three time points postcontrast at both the
Hospital at the University of Pennsylvania and Robert Wood Johnson University Hospital according to each
hospitals’ respective clinical breast cancer screening MRI protocol for 18 patients with mammograms showing
lesions suspicious for cancer. Lesions were identiﬁed on MRI by expert radiologists and diagnosis was conﬁrmed
by histopathology. The benign lesion class contains 9 lesions (4 ﬁbroadenomas, 5 ﬁbrocystic changes), and the
malignant lesion class contains 9 invasive ductal carcinomas.

3. FEATURE EXTRACTION
In this section, the methods for extracting the following feature types is described:
1. Kinetic Signal Intensity features and Kinetic Textural features (both based on the T1 DCE-MRI);
2. Precontrast Textural Features (based on the T1 image before contrast injection); and
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3. Morphological Features (based on the contour created by expert manual segmentation).
Expert manual segmentations were obtained for each lesion on each slice of the MRI volume of a lesion. 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.16 We deﬁne a 3D MR scene C = (C, f ) where C is a set of spatial
locations c ∈ C, and f (c) is a function that assigns an intensity value to every c ∈ C. The pre-contrast
scene is denoted as C 0 = (C, f 0 ) and subsequent post-contrast scenes as C 1 , C 2 , C 3 . Coregistration of all scenes
C t , t ∈ {0, . . . , 3} for each study were veriﬁed via the COFEMI scheme.15

3.1 Dynamic Contrast-Enhancement Features
3.1.1 Kinetic Signal Intensity Features
These features are computed as the coeﬃcients [a3 , a2 , a1 , a0 ] of a third order polynomial obtained from ﬁtting
a curve in a least-squares sense to the signal intensity contrast enhancement curves. Hence, for each c in C 0 ,
C 1 , C 2 , C 3 , a third order curve is ﬁtted as:
f t (c) = a3 t3 + a2 t2 + a1 t + a0 ,

(1)

where t ∈ {0, . . . , 3} and c ∈ C. Note that f t (c) represents the signal intensity at each spatial location, c ∈ C,
across the pre- and post-contrast MRI scenes.
3.1.2 Kinetic Texture Features
The Gabor, ﬁrst order statistical, and second order statistical features are computed at each time point for each
voxel in the lesion. Then, each modal value is plotted over time such that a kinetic texture curve is created,
which is analogous to the one created for signal intensity. A third order polynomial is then ﬁtted to this curve
to characterize its shape, deﬁning four associated coeﬃcients, and the equation in this case is:
γu (t) = pu,3 t3 + pu,2 t2 + pu,1 t + pu,0 .

(2)

where γu (t) = MODE [fut (d)] is the set of pixels corresponding to the lesion area and where MODE refers to
d∈L

the modal operator. [pu,3 , pu,2 , pu,1 , pu,0 ], is the feature vector, describing the texture feature as a function of
time. The Precontrast Textural Features are deﬁned as the modal texture values for each feature described above
before contrast injection (t=0). Figure 2 shows examples of the feature maps that would be typically used to
calculate the kinetic coeﬃcients for a malignant lesion, a ﬁbroadenoma, and ﬁbrocystic changes. In Figure 2, one
can visually appreciate the subtle diﬀerences in texture between each time point that would allow quantiﬁcation
of diﬀerences between various lesion types.
A. 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 operators14 comprising the steerable class of gradient calculations were deﬁned for
every location c ∈ C where c = (x, y, z),
fu (c) =
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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 square window neighborhood, Nκ (c) associated with
every voxel location c ∈ C and centered on c; c ∈
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B. 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, 8}.
C. Second Order Statistical Features To calculate the second order statistical (Haralick) feature scenes,
we compute a G × G co-occurrence matrix Pd,c,κ associated with Nκ (ci ), where G is the maximum gray scale
intensity in C. The value at any location [g1 , g2 ] in Pd,c,κ , where g1 , g2 ∈ {1, . . . , M }, represents the frequency
with which two distinct voxels ci , cj ∈ Nκ (c), i, j ∈ {1, . . . , |C|} with associated image intensities f (ci ) = g1 ,
f (cj ) = g2 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 G ∈ {64, 128, 256}.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

Figure 2. Sample images showing various morphologies as defined by the segmentation boundaries. An example of the
texture kinetics of (a-e) a malignant lesion; (f-j) a lesion showing fibrocystic changes, and (k-o) a fibroadenoma are shown.
The lesions show (from left to right) the full precontrast image (a,f,k) and the second order energy texture maps for the
precontrast (b,g,l) and subsequent 3 postcontrast time points (c-e,h-j,m-o). Note the changes in texture at each time
point within a single lesion.

3.2 Morphological Features
The segmentation performed by the radiologist deﬁnes the boundary of the lesion, where the boundary points, B,
are a subset of the voxels contained in the lesion L ⊂ C. 2D morphological features that calculate the following
based on Green’s theorem where the centroid coordinates c̄ = (x̄, ȳ) are calculated using the boundary, B, of the
lesion as deﬁned by the radiologist. Figure 3 shows examples of 3 diﬀerent lesion boundaries that are used in
this analysis. From the centroid and area values, the following features are computed:17
1. Area overlap ratio: The area enclosed by B divided by the area of the smallest circle enclosing B.
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2. Average distance ratio: Ratio of average distance to maximum distance from the centroid of B:

1
c̄ − d
|B|
d∈B

(4)

max[c̄ − d]
d∈B

where  ·  is the L2 norm.
3. Standard deviation of distance ratio: For each d ∈ B, compute the distance ratio:
fd,γ (d) =

d − c̄
.
max[d − c̄]

(5)

d∈B

Standard deviation of distance ratio is then deﬁned as STD [fd,γ (d)], where STD refers to the standard
d∈B

deviation function.
4. Variance of distance ratio: [STD fd,γ (d)]2 ,
d∈B

5. Perimeter ratio: The ratio of estimated length of B to the true length B. Estimated length is computed
using linear interpolation between 5-10 points, depending on the number of points on B, that are sampled
at equal intervals from B. True length is computed using all points lying on B.
6. Compactness: The true length of B squared divided by the area enclosed by B.
7. Smoothness: For points dv−1 , dv , and dv+1 on B, where dv−1 is immediately adjacent and counter-clockwise
to point dv and point dv+1 is immediately adjacent and clockwise from point dv ,
Sdv = |d(dv , c̄) −

[d(dv−1 , c̄) + d(dv+1 , c̄)]
|,
2

where d(dv , c̄) is the Euclidean distance between dv and c̄. Smoothness is deﬁned as

(a)

(b)

(6)

dv ∈B

Sdv .

(c)

Figure 3. Sample images showing various morphologies as defined by the segmentation boundaries. Figure 3(a) shows
a malignant lesion; figure 3(b) shows a lesion with fibrocystic changes, and figure 3(c) shows a fibroadenoma. Note the
variation in the contour between the three lesions.
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4. FEATURE RANKING VIA SUPPORT VECTOR MACHINE CLASSIFIER
4.1 Dimensionality Reduction
For each of the 18 lesions in the dataset, there is an associated 507-dimensional feature vector. Since the number
of features is much greater than the number of samples in the dataset, the dimensionality of the feature space
must be reduced in order to perform classiﬁcation. The dimensionality reduction methods used were Principal
Component Analysis (PCA) and Locally Linear Embedding (LLE).
A. Principal Components Analysis (PCA) PCA18 is widely used to visualize high-dimensional data
and discern relationships by ﬁnding orthogonal axes that contain the greatest amount of variance in the data.
These orthogonal eigenvectors corresponding to the largest eigenvalues are called ‘principal components’ and are
obtained in the following manner. Each data point c ∈ C is ﬁrst centered by subtracting the mean of all the
features for each observation c from its original feature value fu (c) as shown in Equation 7.
1
fu (c),
n i=1
n

fu (c) = fu (c) −

(7)

for u ∈ {1, 2, ..., M }. From feature values f˜u (c) for each c ∈ C, a new n x M matrix Y is constructed. The
matrix Y is then decomposed into corresponding singular values as shown in Equation 8.
Y = U λV T ,

(8)

where via singular value decomposition, an n x n diagonal matrix λ containing the eigenvalues of the principal
components and an m x n left singular matrix U and M x n matrix V are obtained. The eigenvalues in λ
P CA
, w ∈ {1, 2, ..., m} in matrix V T and are used to rank
represent the amount of variance for each eigenvector gw
the corresponding eigenvectors in the order of greatest variance. Thus, the ﬁrst m eigenvectors are obtained, as
they contain the most variance in the data while the remaining eigenvectors are discarded so each data sample
c ∈ C is now described by an m-dimensional embedding vector GP CA (c).

B. Locally Linear Embedding (LLE) LLE19 operates by assuming that objects in a neighborhood of a feature space are locally linear. Consider the set of feature vectors F = {F (c1 ) , F (c2 ) , . . . , F (cn )}, n = |C|, where
F(ci ) = [fu (ci )|u ∈ {1, . . . , |C|}. We wish to map the set F to the set X = {XLLE (c1 ) , XLLE (c2 ) , . . . , XLLE (cn )}
of embedding co-ordinates. For all objects c ∈ C, LLE maps the feature vector F (c) to the embedding vector
XLLE (c). Let {cηi (1) , . . . , cηi (k) } be the k nearest neighbors of ci where ηi (k) is the index of the location of the
k th neighbor
 of
 ci in C, where
 i ∈ {1, . . . , |C|}. The feature vector F (ci ) and its k nearest neighbors (kNN),
{F cηi (1) , F cηi (2) , . . . , F cηi (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 (ci ) 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
j WLLE (i, j) = 1) that minimizes



|C| 
k





F (ci ) −

S1 (WLLE ) =
W
(i,
η
(j))
F
c
(9)
LLE
i
ηi (j)  .


i=1 
j=1
2

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 (ci ) approximated as the weighted combination of
its kNN, its projection XLLE (ci ) will be the weighted combination of the projections of these same kNN. The
optimal XLLE in the least squares sense minimizes



|C| 
|C|






T

(10)
S2 (XLLE ) =
WLLE (i, j) XLLE (cj )
 = tr XLLE LXLLE ,
XLLE (ci ) −

i=1 
j=1
2
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T
and
where tr is the trace operator, XLLE = {XLLE (c1 ) , XLLE (c2 ) , . . . , XLLE (cn )}, E = (I − XLLE ) I − XLLE
T
I is the identity matrix. The minimization of (10) subject to the constraint XLLE XLLE
= I (a normalization
constraint that prevents the solution XLLE ≡ 0) is an eigenvalue problem whose solutions are the eigenvectors of
the Laplacian matrix E. Since the rank of E 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.

4.2 Support Vector Machine (SVM)
SVM methods were applied to evaluate the ability of each feature class (morphology, texture, kinetic texture
and kinetic signal intensity) to classify each lesion as benign or malignant. The classiﬁer contained two stages:
(a) training and (b) testing. The low dimensional eigenvalues obtained by individually projecting features
corresponding to each of the 4 classes were used as inputs to the classiﬁer. From the training data, a hyperplane
is created in the eigenspace obtained via PCA or LLE that optimally separates the data into benign and malignant
lesion classes.
Given a set of labeled training data from two distinct classes, an SVM will project the data into a high
dimensional space constructed by a kernel function, Ψ, operating on the training data. Testing data are then
classiﬁed according to where they fall in relation to the hyperplane when operated on by the same kernel function
Ψ. The objects of each class that lie closest to this hyperplane are the “support vectors.” The general form of
the SVM classiﬁer is:20
Ns

V(x) =
ξτ yτ Ψ(x, xτ ) + b,
(11)
τ =1

where x is the input training data, xτ , τ ∈ {1, 2, · · · , Ns } denotes the support vectors, y ∈ {−1, 1} as the
training labels, Ψ(·, ·) is a positive, deﬁnite, symmetric kernel function, b is a bias obtained from the training
set to maximize the distance between the support vectors, and ξ is a model parameter chosen to maximize the
objective function:
Ns
Ns

1 
ξτ −
ξτ ξρ yτ yρ Ψ.
(12)
∆(ξ) =
2 τ,ρ=1
τ =1
The kernel function Ψ(·, ·) deﬁnes the nature of the decision hyperplane. A common kernel called the radial
basis function (RBF) was used in this study. The parameters ρ and b are found through empirical training and
testing of the classiﬁer.
The eﬃcacy of the feature set is then evaluated based on the ability of the feature set to correctly classify
each lesion, using the remaining lesions in the dataset as the training set.16, 21 Both accuracy of classiﬁcation
and positive predictive value (PPV) are calculated for each feature set using both PCA and LLE. Accuracy is
deﬁned as (tp + tn)/(tp+tn+fp+fn) and positive predictive value (PPV) is deﬁned as tp/(tp+fp), where tp is
the number of true positives, tn is the number of true negatives, fp is the number of false positives, and fn is the
number of false negatives.

5. RESULTS
5.1 Qualitative Results
5.1.1 Comparison of Kinetic Curves
For comparison purposes, the DCE Intensity and the Gradient Texture feature from the First Order Statistical
Texture Feature set were plotted as a function of time for ﬁve of the nine benign lesions and ﬁve of the nine
malignant lesions (see Figures 4(a), 4(d) and Figures 4(b), 4(e), respectively). The same datasets were plotted
in both instances. The benign datasets showed greater similarity within the benign lesion class on the Gradient
Texture plot compared to the DCE Intensity plot. This suggests that the texture feature kinetics may reveal
intraclass similarity better than DCE signal intensity kinetics. In addition, when comparing benign lesions and
malignant lesions on the same plot (Figure 4(c), 4(f)), Gradient Texture appears to reveal a greater diﬀerence
between benign and malignant lesions while simultaneously revealing the same increase in intra-class similarity.
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This result has promising implications in lesions classiﬁcation, particularly in clustering schema used for classiﬁcation. The clustering trend was also present when the dimensionality reduction methods, PCA and LLE, were
applied to the various feature sets and then in combination.

Figure 4. Signal intensity (a-c) and kinetic texture feature (d-f) plotted over the course of contrast administration. Time=0
is precontrast; progression along the Time axis denotes postcontrast time points.

5.1.2 Comparison of Low-dimensional Embedding Plots
Figure 5 shows projections of the reduced feature space for many of the feature types studied. The X, Y, and
Z axes of the three-dimensional plots each represent the eigenvalues of the reduced feature space. Because the
dimensionality reduction methods are used to preserve relationships between data in the 507-dimensional feature
space, proximity of two objects in the reduced feature space represents similarity in the unreduced feature space,
so two lesions that are close to one another on the three dimensional plot have similar features in the unreduced
feature space. As we observed in the kinetic data plots, greater separation between malignant and benign lesions
and greater clustering of within-class lesions is observed in the morphology plot (Figure 5(a)) and the two kinetic
feature types shown (Figures 5(c) and 5(d)). This process was also repeated using LLE (not shown).

5.2 Quantitative Results
Table 1 shows the accuracy and PPV results obtained with a support vector machine classiﬁer for morphological,
kinetic (signal intensity), kinetic textural, steerable ﬁlters (Gabor), ﬁrst order statistical texture (Grey), second
order statistical texture(Haralick), and all features (as a concatenated feature vector). By using PCA, morphological and kinetic textural features performed best, both with an accuracy of 78%, and positive predicitve values
(PPV) of 73% and 86%, respectively. When LLE was used, baseline second order statistical (Haralick) features
and kinetic textural features performed best, both with accuracy values of 72% and PPV values of 83%.
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Figure 5. Reduced feature space plots, showing dimensionality reduction results using PCA for various feature types:
(a) Morphological Features, (b) Signal Intensity, (c) Kinetic Texture using First Order Statistical Features, (d) Kinetic
Texture using Gradient Features, (e) Gabor Features, (f) First Order Statistical Features, (g) Second Order Statistical
Features, (h )All Features. Blue dots each represent a benign lesion in the dataset; red dots each represent a malignant
lesion in the dataset.

DR
Method

PCA

Table 1: SVM Evaluation of the Feature Subsets
Feature Set
Accuracy PPV
DR
Feature Set
(%)
(%)
Method
Morphological
78
73
Morphological
Kinetic
67
71
Kinetic
Kinetic Textural
78
86
Kinetic Textural
Gabor
72
75
LLE
Gabor
1st Order Statistical 57
57
1st Order Statistical
2nd Order Statistical 72
83
2nd Order Statistical

Accuracy
(%)
61
61
72
78
56
72

PPV
(%)
55
56
83
50
55
83

6. CONCLUDING REMARKS
In this paper we presented a novel image feature called the kinetic texture feature to distinguish between malignant
and benign lesions on breast DCE-MRI. We evaluated this feature against kinetic signal intensity features
which are currently employed by most breast MRI radiologists and against several hundred other textural and
morphological attributes in distinguishing between benign and malignant lesions on 18 breast lesions as imaged
using DCE-MRI. Our primary ﬁndings were:
• Kinetic texture appears to outperform kinetic signal intensity, suggesting it may be more robust to MRI
artifacts such as bias ﬁeld and non-standardness.
• Kinetic texture appears to perform better than morphological features, suggesting its potential clinical use
and relevance in building an integrated breast DCE-MRI CAD technique.
It is recognized by the authors that these ﬁndings come from a limited dataset, and future work must include a
larger sample size. In addition, a feature pruning analysis should be performed to parse out any suspected poor
classiﬁers that might be overrepresented in some of the feature sets, decreasing those features sets’ performance.
We believe this work is an important component of building a comprehensive CAD system, comprising features
from morphological, textural, and kinetic classes.
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