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Abstract. The ability to predict response to neoadjuvant chemother-
apy for women diagnosed with breast cancer, either before or early on in
treatment, is critical to judicious patient selection and tailoring the treat-
ment regimen. In this paper we investigate the role of kinetic features
derived from breast DCE-MRI images for predicting treatment response.
We present a set of kinetic statistics that differ significantly (p < 0.05)
between complete responders and non-responders as assessed from imag-
ing exams done prior to the treatment. Based on these features we learn
a leave-one-out SVM classifier that performs with AUC=0.91 under the
ROC curve. These findings suggest that DCE-MRI kinetic statistics can
be used to improve candidate patient selection even before the start of
the neoadjuvant treatment.
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1 Introduction
Use of neoadjuvant chemotherapy in women diagnosed with primary breast can-
cer is gaining considerable acceptance. It has been reported that neoadjuvant
chemotherapy gives high clinical response of up to 70-98%, and can result in a
pathologically complete response in 3-34% of patients, [1-4]. On the other hand,
it has also been reported that 2-30% of patients may not benefit clinically or
pathologically [5]. As a result, the ability to distinguish between highly respon-
sive and non-responsive patients is of critical importance for making treatment
choices. Particularly, non-responsive patients, if detected early on, can avoid un-
necessary side-effects and can be routed to alternative therapies that may be
more effective [5]. Traditionally, therapy response is evaluated by morphological,
clinical, and histopathological assessment. Imaging modalities such as computed
tomography (CT) and magnetic resonance imaging (MRI) are used to assess tu-
mor response primarily on the basis of tumor size reduction. A notable criterion
for therapy response assessment is the Response Evaluation Criterion in Solid
Tumors (RECIST) [6]. However, volumetric changes in the tumor due to therapy
tend to appear quite late in the course of the treatment. A response as assessed
by a reduction in tumor size can cause considerable delay in giving the appro-
priate treatment to non-responsive patients. As a result devising methods for
predicting early therapy response has been an active area of research in recent
years.
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Among the work on early prediction of therapy response, Ah-See et al. [7]
have reported correlations between changes in DCE-MRI kinetic parameters
(primarily the rate coefficient, Ktrans) and the final neoadjuvant chemotherapy
response. However, the changes in kinetic parameters in the study presented in
[7] had a predictive value after two cycles of neoadjuvant treatment. Moreover,
the estimation of Ktrans, that measures the degree of endothelial permeability,
involves a series of assumptions and models derived from the pharmacokinetics
of the contrast agent distribution [8]. This leads to different estimates of the
parameter due to different underlying assumptions [9], making its estimate less
robust. More recently Loo et al. [10] have explored the kinetics and morphology of
contrast uptake for predicting a patient’s response to neoadjuvant chemotherapy.
However, like [7] the approach in [10] also becomes predictive at least after
two cycles of chemotherapy treatment which, is also the case for other recent
research reports [11]. In this paper, to further investigate the role of imaging
as a biomarker for early response in treatment, we address the following two
important questions:

(a) Whether imaging biomarkers can help predict therapy response before the
commencement of the first cycle of neoadjuvant chemotherapy;

(b) Whether DCE-MRI kinetic features derived without modeling assumptions
have enough predictive power to predict a priori response.

In order to answer the above we explore the kinetic inhomogeneities of the tu-
mor. Specifically we suggest partitioning the tumor pixels into sets based on the
similarity of their kinetic behavior (Section 3). We show that within these pixel
partitions, the statistics of basic kinetic features (peak enhancement, wash-in-
slope, wash-out-slope) differ significantly (p < 0.05) between the categories of
complete responders and non-responders (Section 5). This analysis is based on
breast DCE-MRI images captured prior to the treatment. We demonstrate that
a support vector machine (SVM) classifier based on these kinetic statistics and
using leave-one-out cross validation can predict complete versus non-complete
responders with an AUC of 0.91 under the ROC curve (Section 5). These findings
suggest that non-model based DCE-MRI kinetic statistics could serve as poten-
tial imaging biomarkers for predicting response to neoadjuvant chemotherapy
even before the initiation of treatment.

We begin with a brief review of non-model based DCE-MRI kinetic features:

2 DCE-MRI kinetic features
Typically, DCE-MRI acquisition includes a pre-contrast image (captured prior to
the injection of a contrast agent) and a number of post contrast images, captured
at different time points after the injection of the agent. A usual way to quantify
the enhancement pattern is to compute percentage enhancements relative to
the pre-contrast image, [12]. By computing the relative enhancement on a pixel
by pixel basis we can achieve pixel-wise maps of the contrast enhancement.
For a particular pixel, the enhancement plotted as a function of time provides
the kinetic curve. As reported in the literature (e.g., [13]), a number of basic
features can be computed from this kinetic curve, inlcuding peak enhancement
(PE), time to peak (TTP), wash-in-slope (WIS), wash-out-slope (WOS). Figure
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1(a) illustrates these features for a single pixel. From these, we can derive a rich
kinetic feature set by computing the pixel-wise map for each feature as depicted
in Figure 1(b).

Fig. 1. (a) Illustration of basic kinetic features for a single pixel. (b) Pixel wise maps

Fig. 2. Illustration of kinetic pixel partitioning for two post contrast time points. (a)
Segmented lesion, (b) Set 1 pixels highlighted in yellow, (c) Set 2 pixels highlighted in
blue

3 Kinetic partitioning of feature maps
The feature maps shown in Figure 1(b) can be partitioned into different sets
based on their kinetic behavior. One way to better interpret the kinetic in-
homogeneity is to divide the feature maps into clusters of homogeneity. Here
we suggest partitioning the pixels based on their time-to-peak (TTP) value.
This step partitions the pixels into as many sets as the number of post-contrast
time points. As a result, set i consists of the pixels that achieve their peak en-
hancement at the i-th post contrast time point. In Figure 2, we illustrate these
partitions for two post contrast time points.

3.1 Partition-wise kinetic statistics

LetM be the pixel partitioning such thatMk represents the membership map-
ping of pixel k to its respective set. Based on this partition we may derive the
following set-wise statistics:
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• Posterior probability of observing Set i given the partition M:

P(Set = i|M) =
1

N

N∑
k=1

δ(Mk = i) . (1)

where δ(Mk = i) is an indicator function that equals 1 when Mk = i, and zero
otherwise. N is the total number of pixels. These N pixels may come from an
arbitrarily shaped segmentation mask specifying the lesion.

• Mean value of feature map j for Set i:

µ(i, j) =

∑N
k=1 fj(k).δ(Mk = i)∑N

k=1 δ(Mk = i)
. (2)

where fj(k) is the value of the j-th feature map for k-th pixel, and the feature
map can be any of those shown in Figure 1(b).

• Variance of feature map j for Set i:

σ2(i, j) =

∑N
k=1(fj(k)− µ(i, j))2.δ(Mk = i)∑N

k=1 δ(Mk = i)
. (3)

Based on the above definitions, m pixel partitions and n feature maps would
result into a total of m(2n+1) features. We aim to investigate the utility of these
partition-wise kinetic statistics for the task of predicting response to neoadjuvant
therapy.

4 Dataset
The study population consisted of a subset of patients enrolled in a multi-site
trial of imaging biomarkers in neoadjuvant breast cancer therapy. The subset
population consisted of 15 patients: 8 complete responders and 7 non-responders.
All patients presented with biopsy-proven T2-3 stage tumors. The patients un-
derwent standard neoadjuvant chemotherapy, which at the time of the study
consisted of four cycles of adriamycin/cytoxan, followed by four cycles of tax-
otere. Local IRB approval was obtained prior to the study, and signed informed
consent was obtained in all patients prior to enrollment. Core biopsy and serum
samples were collected at comparable times to the MRI scans and obtained
pre-treatment, (between 24 and 96 hours after the start of treatment), between
treatment regimens (optional) and pre-surgery. Only pre-treatment imaging was
used in the analysis presented in this paper. The treatment response and 3 year
disease free survival data were collected.

MRI was performed on a 1.5T scanner (Siemens, Sonata c©, Erlangen, Ger-
many). Imaging included sagittal T1-weighted 3D volumetric imaging before
and after administration of gadodiamide injection (Omniscan c©, GEHealthcare).
Imaging parameters were as follows: FOV 18-20 cm, matrix 512 × 256 (inter-
polated to 512 × 512), slice thickness 2mm, TR 27.0, TE 4.76, flip angle 45◦.
Pre-gadodiamide imaging was performed followed by immediate post-gadolinium
images (at 2 minutes) and delayed post-gadodiamide images (at 7 minutes).

For each patient we selected the DCE-MRI exam done prior to the com-
mencement of the treatment. Lesions were segmented in a semi-automated way
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by seeding an active contour snake [14]. For feature extraction the most repre-
sentative slice in an image sequence was chosen as a slice for which the lesion
area was maximized. Given a representative slice we computed the kinetic statis-
tics defined in Section 3. For this dataset we had two post-contrast time points
and based on the TTP values the pixels were partitioned into two sets (m = 2).
Within these partitions we computed statistics for three feature maps (n = 3)
i.e., PE, WIS, and WOS. This resulted in m(2n+ 1) = 14 kinetic statistics. We
also computed the following morphological features: tumor ellipticity [15], tumor
circularity [16] (both being measures of shape irregularity), tumor area, and tu-
mor perimeter. In all we had 14 kinetic features and 4 morphological features.

5 Classification experiments

Univariate feature analysis: To analyze the features described above we first
performed a t-test analysis using leave-one-out cross validation. For each cross
validation fold, we selected the features that differed significantly (p < 0.05)
between the categories of complete responders and non-responders. In total, 12
out of the 14 kinetic features were selected, which persisted through all leave-
one-out cycles. None of the morphological features was selected in any cross-
validation fold. Box-plots for the 12 significant kinetic features are given in Figure
3. The ROCs for individual feature classifiers with respective AUCs are given in
Figure 4 (AUCs range from 0.78 to 0.86). The univariate classification was based
on simple thresholding on individual feature values. This analysis suggests that
partition based kinetic statistics potentially possess univariate discriminatory
power to distinguish between responders and non-responders from their pre-
treatment images.

Multivariate classification: Based on the 12 significant kinetic features se-
lected as a result of the univariate analysis we trained a leave-one-out linear
SVM classifier. The SVM classifier was able to distinguish between responders
and non-responders with an AUC=0.91 under the ROC curve (Figure 5), im-
proving on the best univariate classifier reported above (AUC: 0.86).

6 Discussion
In this paper we have demonstrated that the statistics derived from the kinetic
partitioning of DCE-MRI feature maps (peak enhancement, wash-in-slope, and
wash-out-slope) are significant predictors of response to neoadjuvant chemother-
apy. We have shown that these statistics have predictive power even when derived
from a DCE-MRI exam done prior to the commencement of the treatment. This
ability can help in selecting the patients that are expected to benefit the most
from the treatment, while routing the anticipated non-responders to alternative
therapies without the unnecessary exposure to neoadjuvant treatment. More-
over the kinetic statistics presented here are computed without any modeling
assumptions.

Compared to the kinetic features, morphological descriptors demonstrated
poor performance. In this paper we have focused on images captured before the
treatment begins. As such our results suggest that those morphological features
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Fig. 3. Box plots for kinetic features that differed significantly (t-test, p < 0.05)
between the categories. The y-axis shows the respective feature following the nota-
tion of Equations 1–3. e.g. µ(1, PE) represents the mean feature map value of peak-
enhancement for Set 1 pixels.

Fig. 4. ROC curves for univariate classifiers.
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Fig. 5. ROC curves for the multivariate classifier.

fail when presented with the task of predicting therapy response based on a
single snapshot of pre-treatment imaging. As the treatment progresses, changes
in the morphology during the actual treatment process, rather than the a priori
imaging on which we focus on this paper, can represent a measure of response
as has been explored in other studies.

Two limitations of the current work must be noted. First, although promis-
ing, our analysis has been done on a relatively small dataset (15 patients) and
therefore larger studies are warranted to confirm generalizability of our findings.
Second, the features are currently extracted from a representative 2D slice of the
primary lesion. Kinetic partitioning of the entire 3D volume of the lesion could
potentially lead to richer statistics that may further improve the prediction of
therapy response in the future.
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