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Abstract. In clinical contexts with very limited annotated data, such as
breast cancer diagnosis, training state-of-the art deep neural networks is
not feasible. As a solution, we transfer parameters of networks pretrained
on natural RGB images to malignancy classification of breast lesions in
dynamic contrast-enhanced MR images.
Since DCE-MR images comprise several contrasts and timepoints, a di-
rect finetuning of pretrained networks expecting three input channels is
not possible. Based on the hypothesis that a subset of the acquired image
data is sufficient for a computer-aided diagnosis, we provide an exper-
imental comparison of all possible subsets of MR image contrasts and
determine the best combination for malignancy classification. A subset
of images acquired at three timepoints of dynamic T1-weighted images
which closely corresponds to human interpretation performs best with
an AUC of 0.839.

1 Introduction

Despite decades of mammographic screening and significant advances in the field
of targeted therapies, breast cancer is still the second most prevalent cause of
cancer deaths in women [1]. Currently, dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI) is the most accurate diagnostic tool for breast
cancer diagnosis [2,3]. With the ever expanding workload for radiologists and
lack of medical experts, the inherent risk of human error is increasing. It can be
expected that the amount of image data will increase in the future, which will
further aggravate this condition. Following the significant improvements in image
classification by deep neural networks, the transfer of such algorithms to radio-
logical images is a desirable goal. However, for most medical image classification
problems only a limited amount of training data is available. One possible solu-
tion is a two-step transfer learning approach: In the first step, a neural network
is trained on a classification problem, for which a large dataset for training is
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available. After that, the network is finetuned to the problem at hand for which
only a limited amount of training data is present. The potential of this approach
has already been demonstrated by automated classification of RGB images of
skin lesions with human-level performance [4]. However, when diagnosis is based
on modalities such as CT or MRI, a different number of channels, i.e. contrasts,
sequences or timepoints, may be present that is often not equal to the number
of channels in the dataset the network is pretrained on (usually three). A setting
that suffers from that problem is DCE-MRI of the breast: Clinical acquisition
protocols usually consist of T2-weighted and DCE T1-weighted images at several
timepoints constituting seven channels in total. For a transfer learning setting,
this raises the question which subset of three channels is most suitable for a
transfer learning classification of lesions.

In [5], Jäger et al. classified breast lesion malignancy based on diffusion
weighted MR images and a custom network architecture that was trained from
scratch. A comparison of transfer learning and training from scratch for medical
image data was presented in [6] showing comparable results for transfer learn-
ing and training from scratch for several medical image classification problems.
Transfer learning based on DCE-MRI has been demonstrated to successfully
classify breast lesions into mass and non-mass types in [7] and malignant/benign
in [8,9].

Our contribution in this work is twofold: Firstly, we propose a transfer learn-
ing approach with which breast lesion malignancy can be classified with a state
of the art ResNet architecture and limited amount of training data. Secondly,
we provide an experimental comparison of all possible subsets of image con-
trasts/timepoints to determine the set that is most informative for a deep learn-
ing algorithm to classify breast lesion malignancy based on DCE-MR images.

2 Materials and Methods

2.1 Dataset

Images were acquired between 2010 and 2017 at the University Hospital Aachen
(Germany) utilizing a 1.5 T Scanner (Achieva; Philips Medical Systems, Best,
The Netherlands). The protocol consists of the following sequences: T2-weighted
turbo spin-echo sequence (acquisition matrix 512 × 512, spacing 0.6 mm, slice
thickness 3.5 mm), coronal T1-weighted turbo spin-echo sequence and an axial
two-dimensional multisection gradient-echo dynamic series (acquisition matrix
512 × 512, spacing 0.6 mm, slice thickness 3.5 mm). DCE T1-weighted images
were acquired at 5 time points, where the first acquisition was performed before
injection of 0.1 mmol of gadobutrol per kilogram of body weight (Gadovist;
Bayer, Leverkusen, Germany). Subsequent postcontrast images were acquired
every 90 s respectively. The first post-contrast image was subtracted from the
pre-contrast image to determine a “fat-suppressed” representation of the images.
This acquisition protocol leads to seven 3D images that are exemplified in Fig. 1.

All lesions were segmented manually and reviewed by a radiologist with 12
years of training using a custom software based on MeVisLab. Our dataset com-
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prises 309 subjects and 688 lesions, where 311 lesions are malignant and 388
lesions are benign based on histology. If no histology was available, lesion malig-
nancy was determined based on 12 month follow-up.

(a) T1pre (b) T1post1 (c) T1post2 (d) T1post3 (e) T1post4 (f) Sub (g) T2

Fig. 1. Contrasts of an example patch depicting an invasive carcinoma.

2.2 Preprocessing

Voxels in clinical-routine DCE-MR images are highly anisotropic with a high ax-
ial resolution and low in-plane resolution due to high slice thickness. Thus, most
image information is contained in the axial plane. For this reason, we extracted
axial patches based on bounding boxes around the manually annotated contours.
Bounding box centers were determined by the center of mass of the segmentation
mask and the patch size was set to 50×50. This approach has the advantage of
incorporating the lesion context, such as enhancement of surrounding tissue, into
the feature extraction. Patches that contained annotations from several lesions
were removed from the dataset. The particular patch size is a tradeoff between
the amount of context information that is included and the number of patches
that needs to be omitted because they contain several lesions. It was not op-
timized in this work. Overall 1881 valid patches were extracted where 796 and
1085 patches originate from malignant and benign lesions, respectively.

MR image intensities are not necessarily on the same scale, especially if the
images originate from seven years of clinical routine. To facilitate a quantitative
comparison, image intensities were adjusted: First, a bias field correction was
performed on all T1- and T2-weighted images using N4ITK [10]. Image intensi-
ties were then rescaled to a fixed range ensuring that the CNN can operate on
the same scale across different images.

2.3 Transfer Learning

As a network architecture we chose ResNet34 [11], which we pretrained on the
ImageNet [12] dataset. The key idea of the ResNet architecture are residual
blocks, in which an identity connection is added parallel to stacked nonlinear
layers. This improves gradient flow through the network during backpropaga-
tion allowing to train very deep models. Before feeding breast lesion patches to
the network, the dataset was augmented using random rotations and flipping.
Moreover, image mean and standard deviations were adjusted and dimensions
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were resized to 224×224 pixels to leverage the features learned during training on
ImageNet. In the ResNet34 architecture, the final classification layer was adapted
to our binary classification problem. During finetuning on DCE-MRI data, all
layers are trained simultaneously using cross entropy loss. We employed stochas-
tic gradient descent using a momentum of 0.9 and with a decaying learning rate
starting at 0.001 and decreasing with a factor of 0.05 every 7 epochs.

3 Results

In order to determine the best set of image contrasts, all 35 combinations of
three image contrasts are evaluated in a 10 fold cross validation scheme. In each
fold, patches are split into training, validation and test set such that patches
from a single patient are included in either training or validation or test set
exclusively. All experiments were implemented using PyTorch and were executed
on a workstation equipped with Intel Core i7-6400K processor and Nvidia GTX
1070 GPU.

To obtain per-lesion predictions from per-slice classifier outputs, we aggre-
gated the subsequent predictions by taking the maximum probability of malig-
nancy of all corresponding slices. Reported AUCs, sensitivities and specificities
are based on an arbitrary cutoff of 0.5. The classification performance for the
ten best performing contrast combinations in terms of AUC is given in Table 3.
The best result is achieved by the set comprising T1pre, T1post3 and sub, which
yields an AUC of 0.839.

Contrast AUC Sensitivity Specificity Accuracy

T1pre, T1post3, sub 0.839 0.853 0.825 0.834

T1post3, T1post4, sub 0.834 0.830 0.838 0.836

T1pre, T1post2, T1post3 0.832 0.835 0.829 0.831

T1pre, T1post1, T1post3 0.826 0.830 0.821 0.824

T1pre, T1post1, T1post2 0.823 0.821 0.825 0.824

T1post2, T1post3, sub 0.815 0.830 0.800 0.809

T1post1, T1post4, sub 0.813 0.835 0.791 0.805

T2, T1pre, sub 0.808 0.807 0.808 0.808

T2, T1post4, sub 0.803 0.807 0.800 0.802

T2, T1post2, sub 0.802 0.803 0.802 0.802

Table 1. Cross validated classification performance for ten best contrast combinations
sorted by AUC.

Computation times for training a single cross validation fold based on the pre-
trained network was 180 seconds. Prediction for a single patch can be performed
in 300 milliseconds.
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4 Discussion

We presented a transfer learning approach for malignancy classification of breast
lesions based on DCE-MRI and assessed the best performing combinations of
contrasts. DCE-MRI is largely based on contrast agent kinetics, i.e. uptake of
contrast agent and slope characteristics (persistent, plateau, washout) of the
signal intensity in enhancing tissue over time [2]. Common slope characteristics
are sketched in Fig. 2.

Fig. 2. Contrast agent enhancement kinetics.
The yellow dotted line indicates the acquisition
time of the first image after bolus injection.

The top performing combinations all incorporate several timepoints of the dy-
namic images which is comparable to “sampling” the kinetic curve. Thus, we can
conclude that the CNN extracts features that describe contrast agent kinetics.
This is in line with clinical diagnostics, as contrast agent kinetics is exactly the
feature that is deemed most important for malignancy classification in dynamic
breast MRI by experienced radiologists [2,3]. However, for humans not only the
dynamic image stack but also the T2 image is important because it includes im-
portant structural information about masses. For the CNN on the other hand,
the T2 image is less important than the set of dynamic images that capture
enhancement kinetics.

When considering the results from Table 3, it is important to note that the
continuous classifier output was thresholded arbitrarily at 0.5 to yield a binary
prediction. The threshold is a tradeoff between sensitivity and specificity and
was not tuned.

Our work has several limitations: Despite being relatively large compared
to other studies related to breast cancer diagnosis, our dataset is small for a
network architecture with many parameters such as ResNet. Moreover, patches
containing several lesions were omitted.

A direct comparison with other works that classified breast lesion malig-
nancy is difficult because the imaging protocols differ and the resulting accura-
cies depend heavily on the chosen set of malignant and benign lesions. In [5],
an AUC > 0.9 was achieved based on diffusion weighted MR images and a cus-
tom network architecture. In future work, other approaches for representation of
contrast agent kinetics in DCE-MRI will be investigated. For example, 1×1 con-
volutions across several timepoints may enhance exploitation of spatiotemporal
properties of DCE-MRI data.
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5 Conclusion

In this work, we addressed the problem of automated breast lesion malignancy
classification based on DCE-MRI. Since state-of-the art deep learning algorithms
require large amounts of training data, we trained our network on a large amount
of RGB images and finetuned the network parameters according to our problem.
In a set of experiments we showed that classification based on a subset of MR
images that captures the contrast agent kinetics yields best performance.
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