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Abstract

Breast cancer is among the leading causes of death in women. Aiming at reducing the number
of casualties, breast screening programs have been implemented to diagnose asymptomatic
cancers due to the correlation of higher survival rates with earlier tumour detection. Although
these programs are normally based on mammography, magnetic resonance imaging (MRI)
is recommended for patients at high-risk. The interpretation of such MRI volumes is time-
consuming and prone to inter-observer variability, leading to missed cancers and a relatively
high number of false positives provoking unnecessary biopsies. Consequently, computer-
aided diagnosis systems are being designed to help improve the efficiency and the diagnosis
outcomes of radiologists in breast screening programs.

Traditional automated breast screening systems are based on a two-stage pipeline con-
sisting of the localization of suspicious regions of interest (ROIs) and their classification
to perform the diagnosis (i.e. decide about their malignancy). This process is typically
ineffective due to the usual expensive inference involved in the exhaustive search for ROIs
and the employment of non-optimal hand-crafted features in both stages. These issues have
been partially addressed with the introduction of deep learning methods that unfortunately
need large strongly annotated training datasets (voxel-wise labelling of each lesion), which
tend to be expensive to acquire. Alternatively, the use of weakly labelled datasets (i.e
volume-level labels) allows diagnosis to become a supervised classification problem, where
a malignancy probability is estimated after examining the entire volume. However, large
weakly labelled training sets are still required. Additionally, to facilitate the adoption of such
weakly trained systems in clinical practice, it is desirable that they are capable of providing
the localization of lesions that justifies the automatically produced diagnosis for the whole
volume. Nonetheless, current methods lack the precision required for the problem of weakly
supervised lesion detection.

Motivated by these limitations, we propose a number of methods that address these
deficiencies. First, we propose two strongly supervised deep learning approaches that
not only can be trained with relatively small datasets, but are efficient in the localization
of suspicious tissue. In particular, we propose: 1) the global minimization of an energy
functional containing information from the semantic segmentation produced by a deep
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learning model for lesion segmentation, and 2) a reinforcement learning model for suspicious
region detection. Diagnosis is performed by classifying suspicious regions yielded by the
reinforcement learning model.

Second, aiming to reduce the burden associated to strongly annotating datasets, we
propose a novel training methodology to improve the diagnosis performance on systems
trained with weakly labelled datasets that contain a relatively small number of training
samples. We further propose a novel 1-class saliency detector to automatically localize
lesions associated with the diagnosis outcome of this model. Finally, we present a comparison
between both of our proposed approaches for diagnosis and lesion detection.

Experiments show that whole volume analysis with weakly labelled datasets achieves
better performance for malignancy diagnosis than the strongly supervised methods. However,
strongly supervised methods show better accuracy for lesion detection.
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Chapter 1

Introduction

Breast cancer is one of the most dangerous pathologies affecting women[1–4] across the
world, regardless of how developed the country is [5–7]. For example, in countries such as
Spain and Australia it is the most commonly diagnosed tumour in women [8, 9] and it is
the most deadly cancer in Spain [10] and the second in Australia [9]. It is estimated that of
all new breast cancer cases and deaths for 2018, 99% occur in females as opposed to 1% in
males [1].

Several studies have shown that a key factor to reduce mortality from breast cancer is the
early diagnosis of tumours [7, 11–16], as higher survival rates are correlated with the detection
of small size tumours. Aiming at localizing small tumours, healthcare institutions [9, 17–
21] are implementing breast screening programs focusing on the finding and diagnosis of
asymptomatic lesions [22, 23] through different imaging modalities.

These population-based screening programs are generally based on mammography [9,
17, 21, 24]. However, the sensitivity of such screening process tends to decrease for the
diagnosis of women with denser breast tissue [25–28] because dense tissue appears with a
similar intensity to tumours in mammography [29, 30]. High risk patients for breast cancer
(those whose first or second degree relatives have suffered from breast cancer or women
with the BRCA1 or BRCA2 gene mutations [31, 32]) are recommended to begin screening
programs at an earlier age [31, 33]. Nonetheless, younger women tend to have denser breast
tissue [25, 29], limiting the effectiveness of mammography. As a result, women at high-risk
are recommended magnetic resonance imaging (MRI) exams [31, 34–37] that can increase
the sensitivity of the screening process [22, 35, 38]. If MRI is not suitable, additional
screening with ultrasound can be recommended [37, 39], but ultrasound tends to have a low
positive predictive value (i.e. the probability that a positive diagnosis is a true positive is
low) [28]. The most common MRI modality for such assessment is dynamically contrast-
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Fig. 1.1 Pre-hoc pipeline for breast screening from DCE-MRI. In the first stage, suspicious
regions, possibly including malignant and benign lesions as well as false positive detections,
are localized in the image. In the second stage, the suspicious ROIs are classified to obtain a
malignancy score for the diagnosis of the breast DCE-MRI volume.

enhanced MRI (DCE-MRI) [32, 40–42], but other modalities such as DWI or T2-weighted
are also used to improve the diagnosis accuracy [43–46].

The reading of DCE-MRI images consists of analysing a sequence of 3D volumes
acquired over time. Interpreting such a large amount of data is tedious [42, 47] and time
consuming [48], resulting in observer errors [47, 49, 50] and inter-reader variability [51–55].
Similarly to mammography [56–60], computer-aided diagnosis (CAD) systems can interpret
breast DCE-MRI data as a second reader to aid radiologists [61, 62]. Studies have shown
that the use of CAD systems for breast MRI analysis can increase the sensitivity [53, 63]
and specificity [64–68] of the diagnosis, as well as increasing the efficiency in image
interpretation [47, 63, 69]. However, designing such CAD systems to aid radiologists in the
diagnostic process is challenging due to the large variability in the location, morphology [47,
70], size [70, 71], contrast enhancement patterns [50, 72, 73], and the low signal-to-noise
ratio [74] present in lesions.

Traditional fully automated CAD systems [14, 75] tackled the problem of breast cancer
diagnosis from DCE-MRI following a pre-hoc approach, where the problem of diagnosis
is split into two consecutive stages: 1) the detection of suspicious regions, representing the
benign and malignant lesions, followed by 2) the classification of these lesions into malignant
or not malignant. The classification probabilities of suspicious regions present in each breast
are then combined to produce the probability that such breast contains a malignant lesion.
See Fig. 1.1 for a diagram of the pre-hoc pipeline.

This traditional pre-hoc pipeline suffers from two main deficiencies: the sub-optimality
of hand-crafted features used for the detection and classification steps, and the high computa-
tional complexity of the search approaches used for lesion detection, such as the exhaustive
search [75], or the mean-shift clustering [14]. These limitations can be addressed with deep
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Fig. 1.2 Example of volume annotations. Left column is one slice of a DCE-MRI volume.
Middle column corresponds to its strong annotation, i.e. the voxelwise labelling of each
lesion together with the characterization of each lesion. Right column corresponds to its
weak annotation, i.e the volume-level characterization of the volume in the left column. First,
second and third rows correspond to a malignant, benign and healthy cases respectively.

learning methods [76–79]. For instance, the running time complexity for lesion detection
can be reduced with the use of attention models [80] (note that [80] is a contribution of
this thesis) or by efficiently computing a segmentation map [81]. The sub-optimality of
hand-crafted features can also be overcome with deep learning methods that automatically
learn the optimal features for the detection and classification problems [81, 82].

Despite the improvements brought by deep learning methods, typical pre-hoc methods
remained sub-optimal due to the independent optimization of each of the detection and
classification stages. The joint optimisation of detection and classification models has been
explored by computer vision researchers [83–85], and could, in principle, be applied in
medical image analysis. However, the successful application of these methods requires large
datasets with strong annotations [83–86], which are generally unavailable for medical image
analysis applications, and in particular for breast MRI analysis.

Strongly annotated datasets, i.e. the voxelwise labelling of each lesion (see Fig. 1.2 for
examples of types of annotations), are costly to obtain. Even with the use of semi-automated
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annotation tools (e.g., region growing algorithms) that can be used to reduce the time needed
for an annotator, expert interaction is still required to trace the segmentation maps [14]. In
addition, such datasets are inevitably noisy due to two main reasons. Firstly, the delineation
of the lesion boundary on an MRI image can only be done with a limited degree of certainty,
even when this is done by an expert annotator. Secondly, the characterization of each lesion
into benign or malignant can introduce additional noise into the annotation because each
lesion can be assigned a wrong label. For example, in breasts where multiple lesions are
present, only the most suspicious is normally confirmed with a biopsy, whereas the labels
for the rest of the lesions are inferred by the radiologist inspecting the volumes, leading to
possible wrong annotations given the variability present in lesions. Consequently, strongly
annotated datasets to train detection and classification models should be used considering the
fact that they are likely to be noisy and relatively small.

On the other hand, weakly annotated datasets, i.e. datasets where annotations are at the
volume level (see Fig. 1.2 for examples of this type of annotation), are cheap to obtain and are
less noisy, resulting in more reliable and larger training sets. The less amount of noise stems
from the facts that such datasets no longer contain lesion delineations, and that breast-level
classification labels are represented by the characterization of the most suspicious lesion in
the breast: a breast is labelled malignant if it contains at least one malignant lesion, benign if
it contains only benign lesions or healthy if there are no lesions. As the most suspicious lesion
in each breast volume is labelled according to a biopsy, the amount of noise in the labels is
likely to be reduced. The workload needed to annotate breast volumes is also reduced as
there is no need for the voxelwise annotation of each lesion and the desired weak labels are
normally available from Picture Archiving and Communication Systems (PACS) in hospitals

Post-hoc CAD systems [87, 88] benefit from weakly annotated datasets and perform the
diagnosis based on the classification of the entire breast volume, which is important given
tumours can generate appearance and structural changes in the whole breast [89]. Diagnosis
in post-hoc CAD systems can accurately be solved with state-of-the-art classification models
based on deep learning methodologies [90–92], where the main advantage lies in the end-
to-end training with weakly labelled training sets. However, two main drawbacks arise: 1)
the need of large datasets to train such classifiers to accurately perform diagnosis, and 2) the
lack of lesion localization output to explain the malignancy decision of the classifier [93],
which is critical to facilitate the translation of such system into clinical practice [94–96]. See
Fig. 1.3 for a diagram of the post-hoc pipeline.

In this thesis, we firstly propose a pre-hoc CAD system that has a more efficient inference
runtime complexity for its lesion localization stage, compared to its competitors. In addition,
we show that our proposed pre-hoc CAD system can be trained with relatively small strongly
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Fig. 1.3 Post-hoc pipeline for breast screening from DCE-MRI. Conversely to the pre-hoc
pipeline, firstly diagnosis is performed by analysing the whole breast volume. If the outcome
of the diagnosis is positive, malignant lesions are localized in the input volume to provide an
interpretation of the diagnosis.

annotated breast DCE-MRI datasets [80, 97]. Secondly, we develop a post-hoc CAD system
that can perform a relatively accurate diagnosis after being trained from a small weakly
annotated DCE-MRI dataset [98] and localize lesions that explain such diagnosis [99].
Finally, we provide a systematic comparison between our proposed pre-hoc and post-hoc
CAD systems for the problem of breast cancer diagnosis and malignant lesion localization
from breast MRI.

We evaluate our methods in a dataset containing DCE-MRI volumes of 117 patients.
Results show that our post-hoc CAD system trained with a small weakly labelled dataset
achieves an AUC of 0.91, setting the new state-of-the-art performance for breast cancer
diagnosis from breast DCE-MRI. The post-hoc system additionally can competitively localize
malignant lesions, although the pre-hoc localization methods trained with strong annotations
yield better performance for malignant lesion localization.

1.1 Motivation

Fully automated CAD systems for breast screening from DCE-MRI traditionally followed a
pre-hoc approach based the localization of suspicious lesions and their subsequent classifi-
cation. Although the inefficiencies of this pipeline could be addressed with the application
of state-of-the-art computer vision techniques [83–85] that can be trained end-to-end to
perform the diagnosis, they are not suitable to analyse breast DCE-MRI volumes because
of the large strongly annotated datasets they require. Such impediment led us to design two
lesion localization methodologies that can be trained with small strongly annotated training
sets. In addition, we also address the inefficient inference time for the lesion detection
approach [80, 97]. Firstly, we propose an efficient lesion segmentation approach that can be
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applied after the detection step and that can significantly improve the segmentation accuracy.
Secondly, we propose an attention model for lesion detection that is able to detect lesions at
a state-of-the-art (SOTA) accuracy while significantly reducing inference times. Detected
lesions with the proposed attention model [80] are classified with a SOTA classifier [90] to
build the complete pre-hoc system. Diagnosis is performed by combining the probability of
malignancy of each detected region in the breast [100].

Post-hoc CAD systems perform the diagnosis by analysing the whole breast volume,
where the main advantage lies in the use of weakly labelled datasets during the training phase,
which can reduce the effort in the preparation of training sets and reduce the noise present in
the annotations. However, to be able to achieve a relatively successful performance, post-hoc
systems require large training datasets that are not readily available for breast DCE-MRI
analysis. Such issue motivated us to design a new training approach for the diagnosis module
of post-hoc systems that is capable of performing state-of-the-art diagnosis when trained
from small weakly labelled training sets [98].

One of the main difficulties of the adoption of post-hoc CAD systems for breast cancer
screening lies in the absence of a method that can explain their diagnosis decision. In our
set-up, the positive diagnosis of a breast as malignant is accompanied by the localization
of the malignant lesions that can explain such diagnosis. Consequently, we propose a 1-
class saliency detector [99] that localizes malignant lesions in positively classified breast
DCE-MRI volumes to interpret the decisions of post-hoc approaches.

The proposed pre-hoc and post-hoc approaches solve the problem of performing breast
diagnosis and malignant lesion localization with different pipelines that have different
annotations requirements. However, there is no comparison between approaches when
applied to solve each of the problems. In order to fill this gap, and using the methods
proposed in this thesis, we present a systematic comparison between pre-hoc and post-hoc
approaches for breast cancer diagnosis from DCE-MRI [100].

1.2 Contributions

The contributions of the thesis lie in the development of pre-hoc and post-hoc approaches for
breast screening from DCE-MRI CAD systems and their systematic comparison regarding
their diagnosis and lesion localization performance.

In terms of pre-hoc CAD systems, we focus on reducing the inference time of the
suspicious region localization phase:

1. We present a globally optimal lesion segmentation methodology that can be applied
after any detection algorithm. We propose the global minimization of an energy that
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incorporates a segmentation prior from a deep learning model. Our method achieves
the best results in the field at a significant smaller inference time [97]. See Chapter 3
for more details

2. We develop an attention model that significantly reduces the inference time while main-
taining state-of-the-art accuracy for the lesion detection phase of pre-hoc systems [80].
Based on deep reinforcement learning, the model learns how to evolve a large initial
bounding box until it tightly finds a lesion. See Chapter 4 for more details.

In terms of the post-hoc CAD systems:

3. We propose a training scheme for diagnosis systems based on the analysis of the whole
volume and that can be trained from small weakly annotated breast DCE-MRI datasets.
Our proposed method, based on meta-training with curriculum learning, establishes a
new state-of-the-art performance for this problem, improving over several previous
baselines [98].See Chapter 5 for more details.

4. We present a 1-class saliency detector to interpret the classification decisions of post-
hoc diagnosis systems. Our proposed method assures that detected regions in the
volume correspond to malignant lesions in positively classified breast DCE-MRI
volumes. Experiments show that we establish a new state-of-the-art accuracy for
the problem of weakly supervised lesion detection from breast DCE-MRI [99]. See
Chapter 6 for more details.

Finally, due to the developments in 1–4, and in particular the advances proposed to mature
the post-hoc systems, we propose a systematic comparison between both pipelines for breast
DCE-MRI CAD systems:

5. We compare the diagnosis and lesion localization performance of pre-hoc and post-
hoc CAD systems under the same dataset and evaluation metrics. We select the
systems described in this thesis as representatives for pre-hoc and post-hoc approaches.
Results show that the post-hoc system trained from a weakly labelled dataset achieve
better diagnosis performance. However, the pre-hoc approach localize lesions more
accurately [100], possibly benefiting from the strong annotations used during the
training phase . See Chapter 7 for more details.

1.3 Outline

The thesis is organised as follows:
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• Chapter 2 includes the literature review discussing pre-hoc and post-hoc approaches
for CAD systems.

• Chapter 3 introduces a globally optimal lesion segmentation method to significantly
improve the accuracy and reduce the inference time of lesion segmentation methods in
pre-hoc CAD systems trained from small breast DCE-MRI datasets.

• Chapter 4 introduces an attention model to significantly reduce the inference time
while maintaining the accuracy of the lesion detection step of pre-hoc systems trained
from small breast DCE-MRI datasets.

• Chapter 5 introduces a novel training method to improve the training of post-hoc
diagnosis methods trained from small weakly labelled breast DCE-MRI datasets.

• Chapter 6 develops a 1-class saliency detector to localize lesions in positively classified
breast DCE-MRI volumes, interpreting the decisions provided by the model presented
in Chapter 5.

• Chapter 7 presents a comparison in terms of lesion detection and diagnosis performance
between pre-hoc and post-hoc CAD systems for breast screening from DCE-MRI.

• Chapter 8 concludes the thesis and summarizes its contributions. It also presents the
limitations of this study and future research directions.
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Chapter 2

Literature Review

CAD systems can be grouped into pre-hoc or post-hoc systems depending on the order of the
stages of their diagnosis pipeline. Pre-hoc methods generally involve a first stage that detects
suspicions regions and a second stage that classifies those regions. Post-hoc methods, on the
other hand, reverse these stages. They firstly classify the whole volume for its diagnosis, and
secondly localise the malignant lesions if the input volume is positively. We review pre-hoc
and post-hoc approaches in Sec. 2.1 and Sec. 2.2 respectively. Sec. 2.3 motivates the need
for a comparison between both pipelines. Finally, Sec. 2.4 summarizes the literature review
of the thesis.

2.1 Pre-Hoc Systems

Pre-hoc approaches perform diagnosis in two sequential stages. Firstly, region(s) of interest
(ROIs) are localized in the input volume. In this context, localization can be interpreted
as a detection task, where the aim is to place a bounding box as tightly as possible around
the lesions, or as a segmentation task, where the aim is to estimate the contour of the
lesion. Secondly, previously localized ROIs are classified into true positives or false positive
detections to perform diagnosis. Since suspicious regions localized in the first step will
include malignant and benign lesions and possibly false positive localizations that correspond
to normal tissue, the classification step of breast screening systems will distinguish malignant
lesions (considered positive) from false positives and benign lesions (considered negative).

Initial CAD systems aided radiologists in the diagnosis of manually detected suspicious
ROIs by displaying measurements of hand-crafted features based on contrast enhance-
ment [45, 93, 101–103]. CAD systems evolved to perform the automated classification of
manually or semi-automatically localized ROIs to estimate the probability of malignancy for
each ROI. The localization of ROIs was performed either with manual detection [104, 105],
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manual segmentation [68], or semi-automated segmentation [106–116] methods based on the
interaction of the system with a radiologist that is in charge of placing a seed on a suspicious
area of enhancement or selecting an initial ROI that contains the lesion as the initialization
for the lesion segmentation algorithm. Hand-crafted features such as:

• Morphology and/or dynamic and/or texture [65, 68, 104, 107, 109–117]

• Pharmacokinetic [108]

• Multifractal [105]

• Texture from wavelet transforms [118]

• Radiomics [119]

were computed from each each ROI and used to characterise it to perform its classification
and compute its probability of malignancy using methods such as:

• Support vector machines [68, 105, 110, 112, 113, 119]

• Random Forests [110, 112, 114–116]

• Artificial neural networks [65, 120]

• Logistic regression [108, 109, 111]

• Linear discriminant analysis. [118]

We refer the reader to [121] for a systematic review of types of features and classifiers
used for the classification of lesions from breast DCE-MRI.

Research interests shifted from semi-automated to fully automated pre-hoc systems [14,
67, 75, 122] that include the automated localization of lesions. The main idea behind automat-
ing the full pipeline is that reducing user intervention is important to minimize the amount
of ROIs that have to be processed [123]. Initial automated lesion localization strategies
relied on methods such as thresholding based on the enhancement [67, 124] that could not
capture the variability present in lesions. More complex strategies involved the extraction
of hand-designed features with computationally expensive lesion localization strategies
such as exhaustive search [75, 122, 125] or unsupervised clustering followed by structured
learning [126]. The classification of automatically localized ROIs into positive or negative
diagnosis was performed by characterizing each ROI with region-wise hand-designed fea-
tures that were used by classifiers such as neural networks [67], random forests [14, 75] or
naive Bayes [122] to estimate the diagnosis.
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The fully automated methods mentioned above suffer from: 1) the expensive compu-
tational resources required by the complex strategies used to localize suspicious regions,
2) the sub-optimality of hand-designed features that are employed in both localization and
classification stages, and 3) the lack of optimality of the full diagnosis pipeline due to the
independent optimization of each of the detection and classification stages. The introduction
of recently developed deep learning methods in medical image analysis [127, 128] can help
overcome these limitations [129].

Two main ideas can improve the efficiency of the localization step: attention models [130]
that can focus on the relevant areas of the image, and the rapid computation of lesion segmen-
tations maps. Both of these approaches have been explored for breast lesion localization from
DCE-MRI: Maicas et al. [80] employed an attention model based on deep reinforcement
learning to detect lesions (note that this work [80] is a contribution of this thesis), and
Dalmics et al. [81] and Zhang et al. [131] compute the segmentation of lesions using a
U-net [132].

There are other deep learning methods developed by the computer vision community
that could be applied to find the segmentation maps of breast lesions from DCE-MRI. For
example, fully convolutional networks [133], its medical image extension V-net [134] that
uses the Dice coefficient as the loss function, or the inclusion of a shape prior in deep learning
models for segmentation [135–137] have shown to produce accurate results. However, the
use of such methods is challenging for breast lesion segmentation from DCE-MRI due to the
small training sets available for breast DCE-MRI analysis and the large amount of training
data required by these methods. The limitation of the size of the dataset has been addressed
by Zhao et al. [138], where a patch based training was explored before training the model
with the shape prior as explained by Zheng [135].

Feature sub-optimality due to the use of hand-crafted features has been addressed for
both the localization and diagnosis stages of pre-hoc systems. Regarding the localization
step, feature sub-optimality has been tackled by doing exhaustive search with a deep model
trained to distinguish whether each patch of the image belongs to a lesion [139]. Deep
learning methods have also been explored for the diagnosis of lesions from breast DCE-MRI,
allowing the learning of optimal features to classify previously localized lesions [81, 82, 140].
Although the training of these models from scratch has been shown to be relatively successful
for breast lesion classification from DCE-MRI [81, 82, 140], it is worth noting that the use of
transfer learning has been suggested to improve the performance of medical image analysis
deep models [141, 142]. In particular, the use of pre-trained models may be interesting for
the classification of lesions from breast DCE-MRI because they can improve the accuracy of
models where not enough training data is available. However, evidence provided by Amit
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et al. [143] showed a better performance of a model trained from scratch compared to a
pre-trained model.

Despite the individual optimality of each stage of the diagnosis process [81], the optimal-
ity of the end-to-end pipeline for diagnosis is not assured. Recent state-of-the-art computer
vision methods that have proposed end-to-end training of the localization and classification
stages, and thus their joint optimization, could potentially address this issue. For example,
Faster R-CNN [83] (and its extension Mask R-CNN [85]) and Yolo [84] methods propose
the joint optimization of localization and classification steps of pre-hoc systems. The main
difference between Faster R-CNN and Yolo methods is that while Faster R-CNN methods
are based on the classification bounding boxes of different aspect ratios at each location,
Yolo regresses ROIs bounding box locations and outputs their class probabilities. Similarly,
another scheme proposes the joint optimization of the subsequent steps of detection, seg-
mentation and classification [144] for instance segmentation and classification. Although
these approaches are relatively successful in terms of classification accuracy and inference
time, their application is challenging for some medical image analysis problems due the
large amount of strongly annotated training data needed to achieve good performance in the
test data. For example, the application of Faster R-CNN has been shown to be successful
when a large training set was available [86, 145], but challenging for relatively small training
sets [146].

Aiming to reduce the burden of the large amount of strong annotations required to
successfully train deep models, the medical image analysis community is also exploring
semi-supervised learning methods [147–150] that can combine strongly annotated samples
with other weakly labelled samples. Two main techniques have been proposed to incorporate
weakly supervised data into the training process: 1) the modification of the loss function
employed depending on the type of annotation of each sample [148, 149], and 2) the proposal
of training a deep model in a two-stage process using alternative updates [151] or based
on expectation maximization [147, 150]. However, although these methods can reduce the
number of strongly annotated samples required for training, still relatively large datasets
(which are currently not available for breast DCE-MRI) are needed to successfully train the
methods [149].

2.2 Post-Hoc Systems

Post-hoc systems reverse the order of the stages of the pre-hoc pipeline (see Fig. 2.1 for a
block diagram of pre-hoc and post-hoc pipelines). Initially, the system performs diagnosis by
analysing the entire volume, possibly considering the information from tissue surrounding

12



2.2 Post-Hoc Systems

Fig. 2.1 Block diagram of pre-hoc and post-hoc pipelines for breast screening from DCE-
MRI. Pre-hoc systems localize suspicious regions in the input volume. These regions are
subsequently classified to perform diagnosis. On the contrary, post-hoc systems initially
perform diagnosis based on the whole breast volume and, if the outcome is positive, malignant
lesions are localized in the input volume.

the lesions (not only from lesions as in pre-hoc approach) that may be relevant to assess
malignancy [89]. If the outcome of the diagnosis is positive, the system proceeds to localize
the malignant regions in the image that can explain such positive diagnosis. Conversely
to pre-hoc models, post-hoc approaches are based on the training with weakly annotated
datasets, reducing the burden of the voxelwise annotation of each lesion present in the dataset.

The diagnosis stage is formulated as a classical supervised image classification problem,
and thus the model can be optimally trained and implemented using standard computer vision
classification architectures [78, 90, 152–155]. For example, Wang et al. [87], Rajpurkar [156]
et al. and Gundel et al. [157] based their work in such well studied models. Alternatively,
Geras et al. [158] argued that standard computer vision models are not suitable for medical
image analysis because images have to be heavily downsampled, loosing important details.
In their work, they proposed a multi-view deep learning model to combine information from
several high-resolution views obtained at a single mammogram exam . Similarly to Geras
et al. [158], other contributions [159, 160] focused on extending standard models to solve
particular medical image analysis problems. For instance, Yao et al. [159] proposed to train
a system by using information that can be extracted from the dependencies among the labels
in the training set. Guan et al. [160] proposed a method such that the classification of the
whole volume is guided by a deep learning model that functions as an attention model.

The diagnosis methods described above are becoming widely employed due the increasing
availability of large weakly labelled datasets [87, 145, 158, 161–166] that have the potential
to allow for a robust modelling of deep learning classifiers. Unfortunately, even though
such large datasets are available for some medical image analysis problems, they are not
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available for breast screening from DCE-MRI. In order to improve the learning from smaller
datasets, Zhu et al. [91] presented a deep multiple instance learning framework to fine-
tune a pre-trained model, while Xue et al. [92] suggested multitasking to train a model in
different but related tasks such that the training of each task benefits from the training of
the others. Although results from the methods above [91, 92] show improved performance
(when compared with classic machine learning training approaches), they still need relatively
large training datasets.

A key limitation for the deployment of post-hoc diagnosis systems in medical practice lies
in the need for localizing the relevant regions in the volume that led to the diagnosis. Such
visualization of relevant regions can make the system more intelligible for radiologists and
facilitate the adoption of post-hoc systems in the clinical workflow. For example, in breast
screening from DCE-MRI, a positive diagnosis should be accompanied by the localization of
the malignant lesion(s) present in the volume. However, this is a challenging problem due to
the absence of lesion localization ground truth in the training phase.

The interpretation of deep learning models, where the aim is to detect the visual class
that is relevant for the output of a classification stage, is receiving substantial attention by
the computer vision community. A relevant early approach is the class activation maps
(CAM) [167] proposed by Zhou et al., where authors weighted the activations involved in
the classification decision to produce a low resolution visualization of the regions involved in
the classification of the image. This idea inspired the medical image analysis community
in several contributions [87, 156, 168–170]. However, even though this approach worked
reasonably well when visual classes did not contain large variability in shape and appearance,
and the size of the target class is relatively large, it lacks the precision required for tumour
detection from breast DCE-MRI because of the low resolution of the feature maps employed.

Several approaches try to alleviate the inner limitation of the low resolution of CAMs. For
example, Guided Grad-CAM [171] and Respond-CAM [172] proposed to use the gradient
of the target class with respect to a particular layer of the model, Cai et al. [173] and Yao
et al. [174] considered information of the deep model at different resolutions, and Dubost
et al. [175] proposed to generate a high resolution attention map based on regressing the
number of lesions. Although these approaches improve the resolution with respect to CAMs,
we argue that such methods are not suitable for the problem of lesion detection from breast
DCE-MRI due to two reasons: 1) if the diagnosis is negative, there should be no regions
detected in the volume, and 2) there is no guarantee that the detected regions represent lesions,
as the model might be learning other features that are not clinically relevant. An interesting
approach towards satisfying these conditions can by inspired by Dabkowski and Gal [176],
where the computer vision classes that should be localized in the image are explicitly defined.
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2.3 Evaluation - Comparison Pre-Hoc and Post-Hoc Ap-
proaches

The pre-hoc and post-hoc approaches presented in Sec. 2.1 and Sec. 2.2 represent two
different pipelines with different annotations requirements for malignancy diagnosis and
malignant lesion localisation. However, establishing a comparison between both types of
pipelines to determine their suitability for the problem of breast screening from DCE-MRI
is not straightforward due to [100]: 1) the use of private breast DCE-MRI datasets that
prevent methods from sharing the same training, validation and testing data splits for a
fair comparison, 2) the criterion to establish whether a lesion assigned a BI-RADS = 3 is
understood as a benign or as a malignant lesion [75], 3) the decision of whether to manually
remove false positive detections corresponding to normal tissue from the diagnosis stage [14]
of pre-hoc systems, and 4) the different overlap criterion adopted to establish whether a
detected region is a true positive. For example, previous works [75, 126] define a detection
to be true positive if at least one pixel is detected, but we believe that such criterion should be
more ambitious, requiring at least a minimum Dice coefficient of 0.2 between the detected
region and the ground truth [80, 97, 99, 100].

2.4 Conclusion

Initial fully automated pre-hoc CAD systems for breast screening from DCE-MRI [75, 126]
suffered from the computationally expensive lesion localization strategies and the sub-
optimal hand-crafted features employed for both lesion localization and classification stages.
Both limitations can be addressed with deep learning methodologies that can speed-up the
inference time as well as computing optimal features for each of the stages [81]. However,
such methodologies remain sub-optimal for volume diagnosis since optimal detection does
not assure optimal classification. Diagnosis optimality following a pre-hoc pipeline could
be achieved with state-of-the-art computer vision methods [83, 84, 86], where localization
and classification are trained end-to-end, but these methods require large strongly annotated
datasets that are not available for breast DCE-MRI.

On the other hand, post-hoc systems [87, 91, 92] can be optimally trained for breast
volume diagnosis using weakly labelled datasets. However, large datasets are required to
successfully train a classifier to achieve a relatively accurate diagnosis. Additionally, aiming
to provide an interpretation of the diagnosis, post-hoc models should provide the localization
of malignant lesions in cases where the system outputs a positive diagnosis for breast cancer.
Although some methods have been proposed [172, 173, 175] by the computer vision and
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medical image analysis communities, none of them can guarantee that localized regions
represent lesions.

In this thesis, we firstly propose to reduce the inference time requirements of the lesion
localization stage in pre-hoc systems by proposing:

1. an attention model for lesion detection that progressively focuses on lesions in a breast
DCE-MRI volume [80], and

2. a globally optimal segmentation algorithm that includes a shape prior from a deep
learning model [97].

Secondly, we focus on post-hoc systems and propose:

3. the design of a novel method for training post-hoc diagnosis systems from small weakly
labelled datasets [98], and

4. a 1-class weakly-supervised saliency detector designed for localizing lesions in pos-
itively diagnosed volumes [99], where we aim to associate the positive diagnosis to
breast containing lesions.

Finally, given the improvements in 1–4 above, we propose a systematic comparison be-
tween our proposed pre-hoc and post-hoc systems for breast screening from DCE-MRI [100],
addressing the difficulties explained in the Sec. 2.3.
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Chapter 3

Globally Optimal Breast Mass
Segmentation from DCE-MRI Using
Deep Semantic Segmentation as Shape
Prior

The work contained in this chapter has been published as the following paper:

Gabriel Maicas, Gustavo Carneiro, Andrew P. Bradley. Globally optimal breast mass
segmentation from DCE-MRI using deep semantic segmentation as shape prior. IEEE Inter-
national Symposium on Biomedical Imaging (ISBI), 2017.1 Oral Presentation.

DOI: https://doi.org/10.1109/ISBI.2017.7950525

1We refer to mass and non-mass-like lesions throughout the paper, not just masses
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GLOBALLY OPTIMAL BREAST MASS SEGMENTATION FROM DCE-MRI USING
DEEP SEMANTIC SEGMENTATION AS SHAPE PRIOR

Gabriel Maicas† Gustavo Carneiro† Andrew P. Bradley? ∗

† ACVT, School of Computer Science, The University of Adelaide
? School of ITEE, The University of Queensland

ABSTRACT

We introduce a new fully automated breast mass segmentation
method from dynamic contrast-enhanced magnetic resonance imag-
ing (DCE-MRI). The method is based on globally optimal inference
in a continuous space (GOCS) using a shape prior computed from
a semantic segmentation produced by a deep learning (DL) model.
We propose this approach because the limited amount of annotated
training samples does not allow the implementation of a robust DL
model that could produce accurate segmentation results on its own.
Furthermore, GOCS does not need precise initialisation compared to
locally optimal methods on a continuous space (e.g., Mumford-Shah
based level set methods); also, GOCS has smaller memory complex-
ity compared to globally optimal inference on a discrete space (e.g.,
graph cuts). Experimental results show that the proposed method
produces the current state-of-the-art mass segmentation (from DCE-
MRI) results, achieving a mean Dice coefficient of 0.77 for the test
set.

Index Terms— breast cancer, deep learning, energy-based
segmentation, shape prior, breast mass segmentation, breast MRI,
global optimization.

1. INTRODUCTION

Breast screening based on dynamically contrast-enhanced magnetic
resonance imaging (DCE-MRI) is particularly useful for patients
with dense breasts [1], given that for this cohort, DCE-MRI allows
an increase in sensitivity, compared to mammograms [2, 3]. Due
to the necessity of interpreting 4D images (3D volumes over time),
analysing DCE-MRI images is a complex task that requires medical
expertise and is prone to large inter-user reading variability. As a
result, computer assisted detection (CAD) systems are being devel-
oped to assist radiologists in this task [4]. The analysis used in these
systems can be divided into the detection, segmentation and classifi-
cation of masses where the main contribution of this paper lies in the
segmentation of masses. Furthermore, we also propose a novel mul-
timodal detection approach to allow the implementation of a fully
automated segmentation methodology.

The particular problem of mass segmentation is challenging due
to the variable size, appearance and shape of tumours [5], and the
relatively low signal to noise ratio of the masses in DCE-MRI. In
addition, fully automated methodologies need to address the usually
inaccurate alignment of the initial region of interest (ROI) for the
segmentation. State-of-the-art segmentation methods mostly rely on

∗This work was partially supported by the Australian Research Coun-
cil’s Discovery Projects funding scheme (project DP140102794). Prof.
Bradley is the recipient of an Australian Research Council Future Fellow-
ship(FT110100623)

the development of hand-crafted features [6, 7] and methods based
on globally optimal inference on a discrete space [7].

In this paper, we propose GOCS-DLP, a new breast mass seg-
mentation methodology from DCE-MRI based on globally optimal
inference on a continuous space that relies on a shape prior based
on the semantic segmentation computed from a deep learning (DL)
model (see Fig. 1). The method is inspired by a recent work [8] that
explores locally optimal inference on continuous space and uses a
shape prior based on the semantic segmentation computed from a
DL model for the problem of left ventricle segmentation from MRI.
We extend this method with the use of globally optimal inference,
which shows robustness to the initialisation of the inference pro-
cess [9]. Compared to the work by Cremers et al. [9], the main
novelty lies in the use of a DL model as a shape prior. In order to
make the segmentation fully automated, we extend the breast mass
detection methodology (from mammograms) proposed by Dhungel
et al. [10] with a model that is formed by a cascade of multimodal
deep learning classifiers. While we employ DCE-MRI for segmen-
tation, we combine T1-weighted, T2-weighted and DCE-MRI for
detection .

We test our proposed methodology using a breast multimodal
MRI dataset, containing 117 cases, with 141 annotated masses, with
46 being benign and 95 malignant, where 58 patients are for train-
ing and 59 for testing. We compare, in terms of the mean Dice co-
efficient (D̄), the segmentation results produced by our proposed
method (D̄ = 0.77) with several baselines: globally optimal in-
ference on a discrete space [7] (GODS) (D̄ = 0.74), globally op-
timal inference on a continuous space without a DL shape prior
(GOCS-MS) (D̄ = 0.73), locally optimal inference on a continu-
ous space using DL shape priors [8] (LOCS) (D̄ = 0.62), and se-
mantic segmentation from convolutional neural network (CNN) [11]
(D̄ = 0.68). These results show that our method is significantly
more accurate than the competition for the fully automated problem
(i.e. using automated mass detection) and for the semi-automated
problem (i.e., with manual mass detection).

1.1. Literature Review

The segmentation of breast masses from DCE-MRI has been ad-
dressed in several ways. Jayender et al. [6] use hand-crafted fea-
tures in a voxel-wise classification, where the disadvantage lies in
the relatively poor segmentation accuracy produced due to the lack
of a shape model that can smooth the result, which is an issue that
also affects region-growing segmentation methods [12]. Relying on
hand-crafted features is another issue of the method above [6], which
has recently been addressed by the computer vision community with
the use of deep learning models that automatically learn features for
particular classification/regression tasks [13]. More accurate results
can be obtained with segmentation methods based on global infer-
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Fig. 1. Breast mass segmentation from DCE-MRI using a global
minimisation on a continuous space based on the following energy
functional terms: DL (CNN) prior [11], mean shape and the terms
inherited from the piece-wise constant Mumford Shah [19] model
(PCMS).

ence on discrete spaces [7] (i.e., graph cut [14]), which has high
memory complexity that is circumvented with the use of techniques
to reduce the number of graph nodes (e.g., superpixels [15]).

Deep learning models have been explored for semantic segmen-
tation [11], which in general need large amounts of annotated train-
ing data and produce relatively poor results in terms of segmentation
accuracy due to the lack of shape models. The use of shape prior
models within deep learning [16] has addressed the accuracy issue
at the expense of complex learning methods that require even larger
annotated training sets. Given that in medical image analysis it is
rare to come across problems with large annotated training sets, re-
cent developments focus on the use of the shape produced by deep
learning models as a weak shape prior that is combined with other
segmentation cues, such as: strong edges, homogeneous grey-value
intensities, contour smoothness, etc. In essence, this involves the
combination of level set methods [17] and deep learning shape pri-
ors, which has been recently studied for the problem of left ventricle
segmentation from MRI [8]; here the issue is the strong dependence
on an accurate intialisation because level set produces a locally opti-
mal segmentation result. Level set optimisation problems have been
relaxed [18] to transform it into globally optimal inference, which in
turn has been adapted to work with (non-deep learning) shape pri-
ors [9]. Therefore, the main novelty of our paper is the combination
of the globally optimal inference on continuous space with the use
of a deep learning-based shape prior.

For the mass detection problem, we extend the methodology
proposed by Dhungel at al. [10], which consists of a cascade of deep
learning and random forest classifiers (where the random forest clas-
sifiers use hand-crafted features) to detect masses on mammograms.
This methodology currently holds the state-of-the-art results in a few
publicly available mammogram datasets. Our proposed extension re-
duces the complexity of Dhungel at al.’s approach [10] by reducing
the number of cascade stages and avoids the use of hand-designed
features by automatically learning features with DL. Furthermore,
similarly to [7], we also consider a multimodal approach for mass
detection.

2. METHODOLOGY

In this section we explain the deep learning model used to pro-
duce the shape prior, the globally optimal inference on a continu-
ous space that uses this deep learning shape prior, and the breast
mass detection approach. Hereafter, let D = {vi,yi}|D|i=1 be the
annotated dataset, where each DCE-MRI volume is represented by
v : Ω ⊂ R3 → [0, 1] (where mass-like voxels have values closer
to 1) and the corresponding breast mass annotation is denoted by
y : Ω ⊂ R3 → {0, 1}, where 0 represents background and mass is

denoted by 1.

2.1. Deep Learning Model

The deep learning shape prior is produced by a convolutional neu-
ral network (CNN) that outputs a semantic segmentation [11] of the
breast mass from a DCE-MRI. The CNN is defined by:

f(v, θ) = y∗,CNN = fout ◦ fL ◦ ... ◦ f2 ◦ f1(v(0)), (1)

where v(0) = v (i.e., the original DCE-MRI volume), ◦ denotes the
composition operator, y∗,CNN ∈ [0, 1], and θ represents the CNN
parameters (i.e., weights and biases). Note from (1) that the output
y∗,CNN estimates a binary map with the mass segmentation. Each
layer in (1) contains a set of filters, defined by

v(l) = fl(v(l − 1)) = σ(W>
l v(l − 1) + βl), (2)

where σ(.) represents a non-linearity [13], and the convolutional fil-
ters are represented by the weight matrix Wl and bias vector βl. The
modelling of the CNN is performed with a supervised learning pro-
cess, where the goal is to approximate the annotation by minimising
the following per-pixel binomial logistic loss:

L =

|D|∑

i=1

∑

x∈Ω

log
(

1 + e(−yi(x)×y
∗,CNN
i (x))

)
, (3)

where x indexes the volume lattice Ω.

2.2. Globally Optimal Inference on a Continuous Space using a
Deep Learning Shape Prior

The locally optimal inference on a continuous space (i.e., level
set method [17]) can denote the segmentation function in various
ways [18], such as the zero level set of a signed distance func-
tion, or as one of the two regions of a binary function. We assume
the latter representation, with the level set function denoted by
ũ : Ω → {0, 1}, where the final segmentation is obtained with
y∗,LO = ũ, where LO stands for local optimisation. The en-
ergy functional of our approach extends the piece-wise constant
Mumford-Shah (PCMS) [19] (Fig. 2):

E(ũ) =β

∫

Ω

(ȳ(x)− ũ(x))2dx + α

∫

Ω

(y∗,CNN (x)− ũ(x))2dx+

λ

∫

Ω

(v(x)− ũ(x))2dx + |∇ũ(x)|
(4)

where ȳ(x) = 1
|D|
∑|D|

i=1 yi(x) represents the mean shape prior [9]
at position x ∈ Ω, y∗,CNN (.) denotes the DL shape prior from
(1). While the role of the DL shape prior is to capture mass vari-
ability, the mean shape prior attemps to constrain its translation and
scale. Finally, the last two terms (from PCMS) penalise differences
between v and ũ and large segmentation perimeters. The minimisa-
tion of the energy functional in (4) finds the steady state solution of
the gradient flow by iteratively computing the solution of the equa-
tion ∂ũ

∂t
= − ∂E

∂ũ
, where the ∂E

∂u
denotes the Gâteaux derivative of

E(ũ).
The energy functional proposed in (4) is not convex because al-

though the functional E(ũ) is convex, the domain of optimisation
is a non-convex set of functions. Following the approach by Chan
et al. [18], we relax ũ : Ω → {0, 1} to u : Ω → [0, 1] so it can
represent a convex set of functions (i.e., the domain of optimisation

Globally Optimal Breast Mass Segmentation from DCE-MRI Using Deep Semantic
Segmentation as Shape Prior
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Fig. 2. Energy functional terms of the proposed method: shape prior
from the CNN semantic segmentation (1), PCMS appearance and
shape terms, and mean shape from training annotations. The final
segmentation is estimated with a global inference on a continuous
space.

is now convex), and as a result transform (4) into a convex optimi-
sation problem. Theorem 1 in [18] assures the existence, but not
uniqueness, of a global minimiser of the original problem reached
by thresholding u(.):

y∗,GO = 1Σ(x), with Σ = {x ∈ Ω | u(x) > τ}, (5)

where τ ∈ [0, 1] and 1Σ(x) denotes an indicator function that re-
turns 1 if x ∈ Σ. Therefore, the inference based on the minimisation
of E(u) represents a globally optimal inference in the continuous
space, where the main advantage lies in the use of arbitrary initiali-
sation.

2.3. Breast Mass Detection based on a Cascade of Deep Learn-
ing Models

Initial mass regions are found automatically. Firstly, we follow [7]
to obtain the breast region in the volume by applying Hayton’s algo-
rithm [20]. Then, the mass detection method extends the approach
proposed by Dhungel at al. [10] that finds breast masses in mam-
mograms. The proposed approach consists of a cascade of CNNs
(1), where the first stage is a pixel-wise detection of mass candi-
dates, using as input the 3-D data of the different MRI modalities:
T1-weighted, T2-weighted and DCE-MRI. The second stage uses
connected component analysis to merge the mass candidate voxels
to form region candidates. Finally, these region candidates are fed
into a cascade of two CNNs that process those candidates sequen-
tially. The activations from the last layer of each CNN are concate-
nated and passed into a random forest classifier [21] to produce a
final region classification. This approach improves Dhungel et al.’s
approach [10] by reducing the complexity of the cascade in terms of
the number of stages and by including multimodal image data.

3. EXPERIMENTS

This section introduces the dataset and experimental setup, the meth-
ods used in the comparison, the details of our proposed method, and
the results.

3.1. Dataset

The dataset used to assess the accuracy of our methodology contains
breast MRI studies of 117 patients, where the mean age is 48 ± 12
with age range between 22 and 84 years. Three image modalities
are used in this study: DCE-MRI scans for segmentation and ROI
detection, and T1-weighted anatomical and T2-weighted anatomi-
cal scans for ROI detection only. All images were acquired on a
1.5T GE Signa HDxt scanner, with the patient in prone position.

T1-weighted anatomical volumes acqusition was performed axially
(acquisition matrix of 512 × 512) and without fat suppression. T2-
weighted anatomical volumes were obtained axially (acquisition ma-
trix of 320 × 224) and with fat suppression. In order to obtain the
DCE-MRI volumes, four or five volumes were acquired axially with
fat suppression. The first (pre-contrast) volume is obtained before
a contrast agent is injected to the patient. Then, several acquisi-
tions are obtained at different time points (post-contrast volumes),
where subtraction volumes are obtained by subtracting pre-contrast
and post-contrast volumes. The acquisition matrix is 360x360 for
these DCE-MRI volumes. All images for each patient are registered
to the first post-contrast volume. There is at least one breast mass
present in each DCE-MRI study, where the total number of masses
is 141 (46 benign and 95 malignant) that were cyto- or histopathol-
ogy confirmed. All masses were annotated by a radiographer using
a region growing algorithm on the subtraction volumes [22].

The dataset was randomly divided into training and testing sets.
In contrast to [7], where the training and testing data consisted of 35
(41 lesions) and 85 patients (93 lesions) respectively, our training set
contains studies from 58 patients, with 72 lesions (23 benign and
49 malignant), and testing has the studies from 59 patients, with
69 lesions (23 benign and 46 malignant). Segmentation accuracy is
assessed with the mean and median Dice coefficient on the training
and testing sets.

3.2. Experimental Setup

We evaluate our segmentation methodology on the first subtraction
image of DCE-MRI. As the initial ROI, we use both automated (as
explained in Sec 2.3) and manual detection. A lesion is correctly
detected when the Dice coefficient between the manual annotation
and the ROI is at least 0.4, yielding a true positive rate (TPR) of 0.85
at 3.66 false positive regions per patient. T1-weighted, T2-weighted
and the first two subtraction volumes are used for all deep learning
models during the detection phase. In the case of the manual set-up,
the initial region is the bounding box of the ground truth augmented
by three voxels in each direction.

For the segmentation baseline methods, we use the results of the
globally optimal inference on a discrete space (GODS) method [7]
that holds the current state-of-the-art results for the dataset above.
We re-implemented the locally optimal inference on a continuous
space (LOCS) [8] that uses a DL shape prior model on a distance reg-
ularised level set method [23]. In addition, we also implemented the
segmentation for globally optimal inference on a continuous space
with a mean shape prior (GOCS-MS) [9]. Finally, we also imple-
mented the CNN semantic segmentation [11] for comparison.

For our methodology, we use the training set to estimate the
mean shape ȳ in (4), the weights and biases of the CNN in (1), and
the weights of the terms in the energy functional (4). The CNN con-
sists of 3 convolutional layers, with linear activation functions, and
an output layer with two channels of size 30 × 25 × 18 represent-
ing the probability of background (channel 1) or mass (channel 2).
This fixed output size requires that the annotations are resized to fit
that output layer during training. The first layer has 10 filters of
size 5 × 5 × 3, while the second and third layers contain 20 filters
of size 3 × 3 × 3. The learning rate is 0.1 and the input layer is
a volume of size 30 × 25 × 18, where the input volume is resized
with cubic interpolation to fit this input layer. The CNN structure
and its weights and biases in (1) are estimated using exclusively the
training set, which is sub-divided into training (with 45 patients, con-
taining 57 lesions) and validation (with 13 patients and 15 lesions)
sets, for model selection. We augment the training data by flipping
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Mean Dice Median Dice
Train Test Train Test Detection Inference Time

GOCS-DLP(Ours) 0.80 ± 0.11 0.77 ± 0.14 0.82 0.82 Auto 7.78 ± 20.69 s
GOCS-DLP(Ours) 0.79 ± 0.13 0.77 ± 0.13 0.81 0.80 Manual 5.95 ± 18.07 s

GODS [7] - 0.74 ± 0.12 - 0.76 Auto -
LOCS [8] 0.64 ± 0.16 0.62 ± 0.15 0.65 0.64 Auto 14.37 ± 41.15 s
LOCS [8] 0.61 ± 0.15 0.59 ± 0.17 0.64 0.61 Manual 12.90 ± 28.13 s

GOCS-MS [9] 0.76 ± 0.18 0.73 ± 0.21 0.81 0.79 Auto 7.61 ± 21.44 s
GOCS-MS [9] 0.75 ± 0.18 0.72 ± 0.22 0.80 0.79 Manual 5.83 ± 15.02 s

CNN 0.69 ± 0.16 0.68 ± 0.19 0.70 0.74 Auto 0.12 ± 0.16 s
CNN 0.66 ± 0.16 0.66 ± 0.18 0.68 0.69 Manual 0.11 ± 0.03 s

Table 1. Mean, median and standard deviation for training/testing
Dice coefficients and inference time (per lesion) for each methodol-
ogy.

ROIs in each of the three possible axes. Finally, the weights in the
energy functional in (4) are estimated (using the training set) over
a grid of possible values for each term, where the estimated values
are λ = 55, α = 2.5, β = 1.5. We label our approach as glob-
ally optimal inference on a continuous space using DL shape prior
(GOCS-DLP). Note that for the LOCS and GOCS-MS method, we
run a similar method to estimate these weights.

For the inference of GOCS-DLP, GOCS-MS and LOCS the ini-
tial segmentation consists of a rectangular centered prism of 90%
of the ROI volume. When the optimisation process has converged,
we threshold the solution of the relaxed problem at the value of
τ = 0.75 as defined in (5).

The same training, validation and testing sets are employed to
automatically detect masses. For the first stage, we use a three-scale
CNN. The network architecture in every scale is composed of 4 con-
volutional layers, a fully connected layer and a softmax operation to
normalize probabilities of being normal and mass tissue. The multi-
scale CNN produces an average of 30 false positive ROIs per image.
Such candidates are fed into a cascade of two CNNs, each containing
two convolutional - max pooling layers, two convolutional layers, a
fully connected layer and a softmax layer. Activations from both last
layers are concatenated together to form the input to a random forest
classifier to produce the final classification.

3.3. Results

We compare our proposed GOCS-DLP with GODS, LOCS, GOCS-
MS, and the CNN semantic segmentation for the training and testing
sets in Table 1, where the last column refers to the average time em-
ployed for the segmentation of one lesion. We measure the statistical
significance of the results for both automated and manual detection
in Table 1 with the Wilcoxon signed-rank test, and the results from
the proposed GOCS-DLP are significant compared to all others, as-
suming a significance level of 0.01. In particular, p-values of fully
automated GOCS-DLP with respect to fully automated GODS and
GOCS-MS are 0.0081 and 0.0005 respectively. Fig.3 shows exam-
ples of mass segmentations achieved with our proposed GOCS-DLP
after an automated detection.

4. DISCUSSION AND CONCLUSION

The experimental resuts show that the segmentation accuracy pro-
duced by our proposed GOCS-DLP is significantly better (p <
0.01) than the baselines GODS, LOCS and GOCS-MS and CNN
semantic segmentation for the problem of breast mass segmentation
from DCE-MRI. Note that the segmentation accuracy using the
manual ROI detection is not better than its automated counterpart
because masses that are not automatically detected are not passed

Fig. 3. Examples of mass segmentations produced by our proposed
GOCS-DLP. GODS results not available

to the segmentation stage, and these masses turn out to be the most
challenging ones to be segmented.

In Sec. 1, we hypothesise that the semantic segmentation from
CNN would not be robust enough because of the small training set,
and the evidence in Table 1 provides support for that hypothesis. Ta-
ble 1 also shows that the inclusion of the DL shape prior significantly
improves the quality of the segmentation (GOCS-DLP vs GOCS-
MS). However, we expect that for large training sets, the CNN alone
will be able to produce accurate segmentation on its own. In addi-
tion, one of the advantages of globally optimal inference compared
to the locally optimal inference is the independence with respect to
the initialisation: global methods produce significantly better seg-
mentation than the local method. This advantage is particularly ef-
fective to avoid large errors in segmentation after an automated de-
tection of the lesion, which might yield a misaligned ROI. In fact,
even a more precise initialisation (the bounding box of the manual
annotation) for LOCS does not achieve an accurate segmentation
(D̄ = 0.68 for the test set) compared to the global methods.

The inference time in Table 1 shows that the global methods
converge much faster. Note that the large variability in the inference
time is due to the variation of shape and size of masses. Even though
we do not have the training and inference time results for GODS [7],
the comparison in terms of “Mean Dice Test” and “Median Dice
Test” shows evidence of the disadvantage of using superpixels to
decrease the memory complexity that implicitly assumes appearance
homogeneity, which may not be correct for this problem. Finally, the
visual results in Fig. 3 show that our proposed GOCS-DLP produces
quite precise segmentation results for different types of masses.

In this work, we introduce a new segmentation method that com-
bines global inference in the continuous space with deep learning
for the problem of breast mass segmentation from DCE-MRI. Our
results show a significant improvement over the state-of-art for this
problem, where we also present results produced by several base-
line methods based on DL alone, discrete global optimisation and
continuous global optimisation. We intend to apply the proposed
methodology in other medical imaging segmentation problems.

Globally Optimal Breast Mass Segmentation from DCE-MRI Using Deep Semantic
Segmentation as Shape Prior
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Abstract. We present a novel methodology for the automated detection
of breast lesions from dynamic contrast-enhanced magnetic resonance
volumes (DCE-MRI). Our method, based on deep reinforcement learn-
ing, significantly reduces the inference time for lesion detection compared
to an exhaustive search, while retaining state-of-art accuracy.
This speed-up is achieved via an attention mechanism that progressively
focuses the search for a lesion (or lesions) on the appropriate region(s)
of the input volume. The attention mechanism is implemented by train-
ing an artificial agent to learn a search policy, which is then exploited
during inference. Specifically, we extend the deep Q-network approach,
previously demonstrated on simpler problems such as anatomical land-
mark detection, in order to detect lesions that have a significant variation
in shape, appearance, location and size. We demonstrate our results on
a dataset containing 117 DCE-MRI volumes, validating run-time and
accuracy of lesion detection.

Keywords: deep Q-learning, Q-net, reinforcement learning, breast le-
sion detection, magnetic resonance imaging

1 Introduction
Breast cancer is amongst the most commonly diagnosed cancers in women [1, 2].
Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) represents
one of the most effective imaging techniques for monitoring younger, high-risk
women, who typically have dense breasts that show poor contrast in mammog-
raphy [3]. DCE-MRI is also useful during surgical planning once a suspicious
lesion is found on a mammogram [3]. The first stage in the analysis of these 4D
(3D over time) DCE-MRI volumes consists of the localisation of breast lesions.
This is a challenging task given the high dimensionality the data (4 volumes each
containing 512× 512× 128 voxels), the low signal to noise ratio of the dynamic
sequence and the variable size and shape of breast lesions (see Fig. 1). Therefore,
a computer-aided detection (CAD) system that automatically localises breast le-
sions in DCE-MRI data would be a useful tool to facilitate radiologists. However,
the high dimensionality of DCE-MRI requires computationally efficient methods
for lesion detection to be developed to be viable for practical use.
? Supported by Australian Research Council through grants DP140102794,
CE140100016 and FL130100102.
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Fig. 1: Example of the detection process of breast lesions from DCE-MRI with DQN.
Depth transformation are not shown for simplicity.

Current approaches to lesion detection in DCE-MRI rely on extracting hand-
crafted features [4, 5] and exhaustive search mechanisms [4–6] in order to handle
the variability in lesion appearance, shape, location and size. These methods are
both computationally complex and potentially sub-optimal, resulting in false
alarms and missed detections. Similar issues in the detection of visual objects
have motivated the computer vision community to develop efficient detectors [7,
8], like the Faster R-CNN [7]. However, these models need large annotated train-
ing sets making their application in medical image analysis (MIA) challenging [9].
Alternatively, Caicedo and Lazebnik [8] have recently proposed the use of a deep
Q-network (DQN) [10] for efficient object detection that allows us to deal with
the limited amount of data. Its adaptation to MIA applications has to overcome
two additional obstacles: 1) the extension from visual object classes (e.g., ani-
mals, cars, etc.) to objects in medical images, such as tumours, which tend to
have weaker consistency in terms of shape, appearance, location, background
and size; and 2) the high dimensionality of medical images, which presents prac-
tical challenges with respect to the DQN training process [10]. Ghesu et al. [11]
have recently adapted DQN [10] to anatomical landmark detection, but did not
address the obstacles mentioned above because the visual classes used in their
work have consistent patterns and are extracted from fixed small-size regions of
the medical images.

Here, we introduce a novel algorithm for breast lesion detection from DCE-
MRI inspired by a previously proposed DQN [10, 8]. Our main goal is the re-
duction of run time complexity without a reduction in detection accuracy. The
proposed approach comprises an artificial agent that automatically learns a pol-
icy, describing how to iteratively modify the focus of attention (via translation
and scale) from an initial large bounding box to a smaller bounding box con-
taining a lesion, if it exists (see Fig. 2). To this end, the agent constructs a deep
learning feature representation of the current bounding box, which is used by the
DQN to decide on the next action, i.e., either to translate or scale the current
bounding box or to trigger the end of the search process. Our methodology is
the first DQN [10] that can detect such visually challenging objects. In addi-
tion, unlike [11] that uses a fixed small-size bounding box, our DQN utilises a
variable-size bounding box. We evaluate our methodology on a dataset of 117
patients (58 for training and 59 for testing). Results show that our methodology
achieves a similar detection accuracy compared to the state of the art [6, 5], but
with significantly reduced run times.
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Table 1: Summary of results from previous approaches.
Evaluation Criteria Time

Vignati at al. [12] 0.89 TPR @ 12.00 FPI 7.00 min
Renz et al. [13] 0.96 Sensitivity @ 0.75 Specificity -
Gubern-Merida et al. [4] 0.89 TPR @ 4.00 FPI -
McClymont et al. [5] 1.00 TPR @ 4.50 FPI O(60)min
Maicas et al. [6] 0.80 TPR @ 2.80 FPI 2.74 min

2 Literature Review
Automated approaches for breast lesion detection from DCE-MRI are typically
based on exhaustive search methods and hand-designed features [12, 13, 4, 5].
Vignati at al. [12] proposed a method that thresholds an intensity normalised
DCE-MRI to detect voxel candidates that are merged to form lesion candidates,
from which hand-designed region and kinetic features are used in the classi-
fication process. As shown in Tab. 1, this method has low accuracy that can
be explained by the fact that this method makes strong assumptions about
the role of DCE-MRI intensity and does not utilise texture, shape, location
and size features. Renz et al. [13] extended Vignati at al.’s work [12] with the
use of additional hand-designed morphological and dynamical features, show-
ing more competitive results (see Tab. 1). Further improvements were obtained
by Gubern-Merida et al. [4], with the addition of shape and appearance hand-
designed features, as shown in Tab. 1. The run-time complexity of the approaches
above can be summarised by the mean running time (per volume) shown by Vi-
gnati at al.’s work [12] in Tab. 1, which is likely the most efficient of these three
approaches [12, 13, 4]. McClymont et al. [5] extended the methods above with
the unsupervised voxel clustering for the initial detection of lesion candidates,
followed by a structured output learning approach that detects and segments
lesions simultaneously. This approach significantly improves the detection ac-
curacy, but at a substantial increase in computational cost (see Tab. 1). The
multi-scale deep learning cascade approach [6] reduced the run-time complexity,
allowed the extraction of optimal and efficient features, and had a competitive
detection accuracy as shown in Tab. 1.

There are two important issues regarding previously proposed approaches:
the absence of a common dataset to evaluate different methodologies and the
lack of a consistent lesion detection criterion. Whereas detections in [12, 13] were
visually inspected by a radiologist, [4, 5] considered a lesion detected if a (single)
voxel in the ground truth was detected. In [6] a more precise criterion (minimum
Dice coefficient of 0.2 between ground truth and candidate bounding box) was
used - in the experiment, we adopt this Dice > 0.2 criterion and use the same
dataset as a few previous studies [5, 6].

3 Methodology
In this section, we first define the dataset, then the training and inference stages
of our proposed methodology, shown in Fig. 2.
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Fig. 2: Block diagram of the proposed detection system.

3.1 Dataset

The data is represented by a set of 3D breast scans D =
{(

x, t, {s(j)}Mj=1

)
i

}|D|
i=1

,
where each ,x, t : Ω → R denotes the first DCE-MRI subtraction volume and
the T1-weighted anatomical volume, respectively, with Ω ∈ R3 representing the
volume lattice of size w × h× d; s(j) : Ω → {0, 1} represents the annotation for
the jth lesion present, with s(j)(ω) = 1 indicating presence of lesion at voxel
ω ∈ Ω. The entire dataset is patient-wise split such that the mutually exclusive
training and testing datasets are represented by T ,U ⊂ D, where T ⋃U = D.

3.2 Training

The proposed DQN [10] model is trained via interactions with the DCE-MRI
dataset through a sequence of observations, actions and rewards. Each observa-
tion is represented by o = f(x(b)), where b = [bx, by, bz, bw, bh, bd] ∈ R6 (where
bx, by, bz represent the top-left-front corner and bw, bh, bd denotes the lower-right-
back corner of the bounding box) indexes the input DCE-MRI data x, and f(.)
denotes a deep residual network (ResNet) [14, 15], defined below. Each action
is denoted by a ∈ A = {l+x , l−x , l+y , l−y , l+z , l−z , s+, s−, w}, where l, s, w represent
translation, scale and trigger actions, with the subscripts x, y, z denoting the
horizontal, vertical or depth translation, and superscripts +,− meaning posi-
tive or negative translation and up or down scaling. The reward when the agent
chooses the action a = w to move from o to o′ is defined by:

r(o, a,o′) :=

{
+η, if d(o′, s) ≥ τw
−η, otherwise

, (1)

where d(.) is the Dice coefficient between a map formed by the bounding box
o = f(x(b)) and the segmentation map s, η = 10 and τw = 0.2 (these values
have been empirically defined - for instance, we found that increasing η to 10.0
from 3.0 used in [8] helped triggering when finding a lesion). For the remaining
of the actions in A \ {w}, the rewards are defined by:

r(o, a,o′) := sign(d(o′, s)− d(o, s)). (2)

The training process models a DQN that maximises cumulative future re-
wards with the approximation of the following action-value function: Q∗(o, a) =

31



Title Suppressed Due to Excessive Length 5

maxπ E[rt + γrt+1 + γ2rt+2 + ... | ot = o, at = a, π], where rt denotes the re-
ward at time step t, γ represents a discount factor per time step, and π is the
behaviour policy. This action-value function is modelled by a DQN Q(o, a, θ),
where θ denotes the network weights. The training of Q(o, a, θ) is based on ex-
perience replay memory and the target network [10]. Experience replay uses a
dataset Et = {e1, ..., et} built with the agent’s experiences et = (ot, at, rt,ot+1),
and the target network with parameters θ−i computes the target values for the
DQN updates, where the values θ−i are held fixed and updated periodically. The
loss function for modelling Q(o, a, θ) minimises the mean-squared error of the
Bellman equation, as in:

Li(θi) = E(o,a,r,o′)∼U(E)

[(
r + γmax

a′
Q(o′, a′; θ−i )−Q(o, a; θi)

)2]
. (3)

In the training process, we follow an ε-greedy strategy to balance exploration
and exploitation: with probability ε, the agent explores, and with probability
1-ε, it will follow the current policy π (exploitation) for training time step t. At
the beginning of the training, we set ε = 1 (i.e., pure exploration), and decrease
ε as the training progresses (i.e., increase exploitation). Furthermore, we follow
a modified guided exploration: with probability κ, the agent will select a random
action and with probability 1−κ, it will select an action that produces a positive
reward. This modifies the guided exploration in [8] by adding randomness to the
process, aiming to improve generalisation. Finally, the ResNet [14, 15], which
produces the observation o = x(b), is trained to decide whether a random
bounding box b contains a lesion. A training sample is labelled as positive if
d(o, sj) ≥ τw, and negative, otherwise. It is important to notice that this way
of labelling random training samples can provide a large and balanced training
set, extracted at several locations and scales, that is essential to train the large
capacity ResNet [14, 15]. In addition, this way of representing the bounding box
means that we are able to process varying-size input bounding box, which is an
advantage compared to [11].

3.3 Inference
The trained DQN model is parameterised by θ∗ learned in (3) and is defined
by a multi-layer perceptron [8] that outputs the action-value function for the
observation o. The action to follow from the current observation is defined by:

a∗ = argmax
a

Q(o, a, θ∗). (4)

Finally, given that the number and location of lesions are unknown in a test
DCE-MRI, this inference is initialised with different bounding boxes at several
locations, and it runs until it either finds the lesion (with the selection of the
trigger action), or runs for a maximum number of 20 steps.

4 Experiments
The database used to assess our proposed methodology contains DCE-MRI and
T1-weighted anatomical datasets from 117 patients [5]. For the DCE-MRI, the
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first volume was acquired before contrast agent injection (pre-contrast), and the
remaining volumes were acquired after contrast agent injection. Here we use only
one volume represented by the first subtraction from DCE-MRI: the first post-
contrast volume minus pre-contrast volume. The T1-weighted anatomical is used
only to extract the breast region from the initial volume [5], as a pre-processing
stage. The training set contains 58 patients annotated with 72 lesions, and the
testing set has 59 patients and 69 lesions to allow a fair comparison with [6].
The detection accuracy is assessed by the proportion of true positives (TPR)
detected in the training and testing sets as a function of the number of false
positives per image (FPI), where a candidate lesion is assumed to be a true
positive if the Dice coefficient between the candidate lesion bounding box and
the ground truth annotation bounding box is at least 0.2 [16]. We also measure
the running time of the detection process using the following computer: CPU:
Intel Core i7 with 12 GB of RAM and a GPU Nvidia Titan X 12 GB.

The pre-processing stage of our methodology consists of the extraction
of each breast region (from T1-weighted) [5], and separate each breast into a
resized volume of (100 × 100 × 50) voxels. For training, we select breast region
volumes that contain at least one lesion, but if a breast volume has more than
one lesion, one of them is randomly selected to train the agent. For testing,
a breast may contain none, one or multiple lesions. The observation o used
by DQN is produced by a ResNet [14] containing five residual blocks. The
input to the ResNet is fixed at (100 × 100 × 50) voxels.We extract 16K patches
(8K positives and 8K negatives) from the training set to train the ResNet to
classify a bounding box as positive or negative for a lesion, where a bounding
box is labelled as positive if the Dice coefficient between the lesion candidate and
the ground truth annotation is at least 0.6. This ResNet provides a fixed size
representation for o of size 2304 (extracted before the last convolutional layer).

The DQN is represented by a multilayer perceptron with two layers, each
containing 512 nodes, that outputs nine actions: six translations (by one third
of the size of the corresponding dimension), two scales (by one sixth in all di-
mensions) and a trigger (see Sec. 3.2). For training this DQN, the agent starts
an episode with a centred bounding box occupying 75% of the breast region vol-
ume. The experience replay memory E contains 10K experiences, from which 100
mini-batch samples are drawn to minimise the loss (3). The DQN is trained with
Adam, using a learning rate of 1×10−6, and the target network is updated after
running one episode per volume of the training set. For the ε-greedy strategy
(Sec. 3.2), ε decreases linearly from 1 to 0.1 in 300 epochs, and during explo-
ration,the balance between random exploration and modified guided exploration
is given by κ = 0.5. During inference, the agent follows the policy in (4), where
for every breast region volume, it starts at a centred bounding box that covers
75% of the volume. Then it starts at each of the eight non-overlapping (50,50,25)
bounding boxes corresponding to each of the corners. Finally, it is initialised at
another four (50,50,25) bounding boxes centred at the intersections of the pre-
vious bounding boxes. The agent is allowed a maximum number of 20 steps to
trigger, otherwise, no lesion is detected.
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4.1 Results
We compare the training and testing results of our proposed DQN with the multi-
scale cascade [6] and structured output approach [5] in the Table in Figure 3. In
addition, we show the Free Response Operating Characteristic (FROC) curve in
Fig. 3 comparing our approach (using a varying number of initialisations that
lead to different TPR and FPI values) with the multi-scale cascade [6]. Finally,
we show examples of the detections produced by our method in Fig. 4.
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DQN (Ours) 0.80 3.2 92± 21s
Ms-C [6] 0.80 2.8 164± 137s
SL [5] 1.00 4.50 O(60) m

Fig. 3: FROC curve showing TPR vs FPI and run times for DQN and the multi-scale
cascade [6] (left) TPR, FPR and mean inference time per case (i.e. per patient) for
each method (right). Note run time for Ms-C is constant over the FPI range.

We use a paired t-test to estimate the significance of the inference times
between our approach and the multi-scale cascade [6], giving p ≤ 9× 10−5.

5 Discussion and Conclusion
We have presented a DQN method for lesion detection from DCE-MRI that
shows similar accuracy to state of the art approaches, but with significantly re-
ducing detection times. Given that we did not attempt any code optimisation,
we believe that the run times have the potential for further improvement. For
example, inference uses several initialisations (up to 13), which could be run in
parallel as they are independent, decreasing detection time by a factor of 10. The
main bottleneck of our approach is the volume resizing stage that transforms the
current bounding box to fit the ResNet input - currently representing 90% of
the inference time. A limitation of this work is that we do not have an action
to change the aspect ratio of the bounding box, which may improve detection of
small elongated lesions. Finally, during training, we noted that the most impor-
tant parameter to achieve good generalisation is the balance between exploration
and exploitation. We observed that the best generalisation was achieved when
ε = 0.5 (i.e. half of the actions correspond to exploration and half to exploita-
tion of the current policy). Future research will improve run-time performance
via learning smarter search strategies. For instance, we would like to avoid re-
visiting regions that have already been determined to be free from lesions with
high probability. At present we rely on the training data to discourage such
moves, but there may be more explicit constraints to explore. We would like to
acknowledge NVIDIA for providing the GPU used in this work.
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Fig. 4: Examples of detected breast lesions. Cyan boxes indicate the ground truth, red
boxes detections produced by our proposed method and yellow false positive detections.
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Abstract. The training of medical image analysis systems using ma-
chine learning approaches follows a common script: collect and annotate
a large dataset, train the classifier on the training set, and test it on a
hold-out test set. This process bears no direct resemblance with radiolo-
gist training, which is based on solving a series of tasks of increasing dif-
ficulty, where each task involves the use of significantly smaller datasets
than those used in machine learning. In this paper, we propose a novel
training approach inspired by how radiologists are trained. In particular,
we explore the use of meta-training that models a classifier based on a
series of tasks. Tasks are selected using teacher-student curriculum learn-
ing, where each task consists of simple classification problems contain-
ing small training sets. We hypothesize that our proposed meta-training
approach can be used to pre-train medical image analysis models. This
hypothesis is tested on the automatic breast screening classification from
DCE-MRI trained with weakly labeled datasets. The classification per-
formance achieved by our approach is shown to be the best in the field for
that application, compared to state of art baseline approaches: DenseNet,
multiple instance learning and multi-task learning.-

Keywords: meta-learning, curriculum learning, multi-task training, breast
image analysis, breast screening, magnetic resonance imaging.

1 Introduction
Radiologists are exceptionally trained specialists who play a crucial role inter-
preting and assisting other doctors and specialists in diagnosing and treating
diseases. Their training program typically requires the trainee to solve tasks
of increasing difficulty [1], where each task contains a relatively small number
of "training images". Such a program bears little resemblance to the training
of medical image analysis systems based on machine learning that are mod-
eled to solve narrowly defined, but complex classification problems [2], requiring
large training sets. Once trained, these models cannot be easily adapted to new
problems – they must be re-trained with new large training sets. The use of
pre-trained models [3] as a way of initializing a model is the first step towards

? Supported by Australian Research Council through grants DP180103232,
CE140100016 and FL130100102.
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a more similar approach to the training program of radiologists. However, pre-
training does not train a model to be able to learn new tasks – instead it is a
"trick" to improve convergence and generalization. Meanwhile, machine learn-
ing researchers have developed more effective learning to learn approaches [4]
– such approaches are motivated by the ability of humans to learn new tasks
quickly and with limited "training sets". The optimization in such approaches
penalizes classification loss and inefficient learning on new tasks (i.e., classifica-
tion problems) by using a training scheme that continuously samples new tasks,
mimicking the human training process. Our hypothesis is that medical machine
learning methods could benefit from such an radiologist’s style training process.

In this paper, we introduce an improved model agnostic meta-learning [4]
(MAML) as a way of pre-training a classifier. The training process maximizes
the ability of the classifier to adapt to new tasks using relatively small training
sets. We also propose a technical innovation for MAML [4], by replacing the
random task selection with teacher-student curriculum learning as an improved
way for selecting tasks [5]. This task selection process is based on the model’s
performance on the tasks, trying to mimic radiologists’ training. Our improved
MAML is tested on weakly-supervised breast screening from DCE-MRI, where
samples are globally annotated with classes (i.e. volume-level labels): no find-
ings, benign lesions and malignant lesions, but these samples do not have lesion
delineations. Note that the use of weakly-labeled datasets is becoming increas-
ingly important for medical image analysis as this is the data available in clinical
practice [2].

We test our proposed approach on a dataset of dynamic contrast enhanced
MRI for the breast screening classification. Results show that our proposed ap-
proach improves the area under the ROC curve (AUC), outperforming baselines
such as DenseNet [6], which holds the state-of-the-art (SOTA) for many classi-
fication problems; multiple-instance learning [7], which holds SOTA for breast
screening in mammography; and multi-task learning [8]. Our learning approach
produces an AUC of 0.90, which is better than the best result from the baseline
methods that achieves an AUC of 0.85.

2 Literature Review
Breast screening from DCE-MRI aims at early detection of breast cancer in
women at high-risk [9]. Currently, this screening process is mostly done manu-
ally, where its success depends on the radiologist’s abilities [10]. An automated
breast screening system working as a second reader can help radiologists reduce
variability and increase the sensitivity and specificity of their readings. Tradi-
tionally, such systems rely on classifiers trained with large-scale strongly labeled
datasets (i.e., containing lesion delineation and global classification) [11–15]. The
non-scalability of this process (due to costs related to the annotation process)
motivated the development of learning methods that can use weakly-labeled
training sets [7] (i.e., samples contain only global classification). However, these
methods still follow traditional machine learning approaches, which means that
they still need large-scale training sets, even when the model has been pre-trained
from other classification problems [3].

Contrasting with traditional machine learning algorithms, humans excel at
learning new skills and new "classification" problems, where new learning tasks
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often require fewer training samples than the ones before. This learning to learn
ability has inspired the development of a new generation of machine learning
algorithms. For example, multi-task learning uses an optimization function that
is trained to simultaneously minimize the loss of several different, but related
classification problems [8], helping the regularization of the training procedure.
Nevertheless, multi-task learning does not address the issue of making a model
effective at learning new classification problems with small datasets. This issue
is addressed by meta-learning [4], which has been designed to solve the few-shot
learning problem, where the classifier is trained to train for new classification
problems with previously unseen classes containing a small number of images.
In meta-learning for few-shot classification, the model is meta-trained to solve
classification problems for many randomly sampled tasks (i.e., the tasks are not
fixed as in multi-task learning). Then the model is meta-tested by classifying
unseen classes after being able to adapt using few training images of such unseen
classes.

We explore the potential to improve the meta-learning process using a more
useful (i.e., non random) task sampling procedure. For example, formulating
the task sampling as a multi-armed bandit problem has been shown to produce
faster convergence and better generalization [16]. Similarly, Matiisen et al. [5]
proposed a new form of curriculum learning [17] that selects new tasks based not
on their performance but on their performance improvement. However, these task
sampling approaches have been applied in traditional machine learning problems,
such as supervised and reinforcement learning problems, which means that our
proposed application of curriculum learning for task selection in meta-learning
is novel, to the best of our knowledge 1.

3 Methodology
Our methodology consists of three stages (see Fig. 1). We first meta-train the
model using different tasks (each containing relatively small training sets) to find
a good initialization that is then used to train the model for the breast screening
task (i.e., the healthy and benign versus malignant task). The inference is
performed using previously unseen test data. Below, we define the dataset and
describe each stage.

3.1 Dataset

Let the dataset be represented by D = {(vi, ti, bi, di, yi)}|D|i=1 where v : Ω → R is
the first subtraction DCE-MRI volume (Ω denotes the volume lattice), t : Ω → R
is the T1-weighted volume, b ∈ {left, right} indicates if this is the left or right
breast of the patient, di ∈ N denotes patient identification, and y ∈ Y = {0, 1, 2}
is the volume label (yi = 2: breast contains a malignant lesion, yi = 1 : breast
contains at least one benign and no malignant findings, and yi = 0 : no findings).
We divide D using the patient identification into the training set T , validation
set V and testing set S, with no overlap between these sets.
1 While writing the final draft of this paper, we noticed a recent approach by Sharma
et al. [18]. However, they sample tasks for the problem of multi-task learning. In
addition, sampling tasks is not based on the improvement of performance, but tasks
where the performance is worse.
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Fig. 1: The model is first meta-trained using several tasks containing relatively small
training sets. The meta-trained model is then used to initialize the usual training
process for breast screening (i.e., healthy and benign versus malignant). The probability
of malignancy is estimated from a forward pass during the inference process.

For the meta-training phase, we use the meta-training set defined by {Dj}5j=1
where each meta-set Dj ⊆ T contains the relevant volumes for the classification
task Kj , defined as follows: 1) K1 classifies volumes that contain any findings
(benign or malignant); 2) K2 discriminates between volumes with no findings
and malignant findings; 3) K3 discriminates between volumes with no findings
and benign findings; 4) K4 discriminates volumes with benign findings against
malignant findings; and 5) K5 addresses breast screening, i.e. finding volumes
that contain malignant findings.

3.2 Model

We meta-train a model across a number of tasks so that it can be quickly
trained to new unseen tasks from few images, or fine-tuned to become more
effective at one of the tasks used in the meta-training phase. See algorithm 1 for
an overview of the methodology.

Algorithm 1 Overview of the meta-training procedure
1: procedure Meta-train({K1 . . .K5}, {D1 . . .D5}, model fθ)
2: Initialise model parameters θ
3: for m = 1 to M do . Meta-update Loop
4: Create meta-batch Km by sampling |Km| tasks from {K1 . . .K5}
5: for each task Kj ∈ Km do
6: Adapt model with (1) using samples from Dj . Adaptation
7: Update model parameters with (2) . Meta-update

Let fθ be the model parameterized by θ. For each meta update, the model
adapts to the multiple tasks using the meta-batch set Km. The tasks included
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in Km are sampled according to one of the methods described below in Sec. 3.3.
For each task Kj ∈ Km, we sample from Dj a training set Dtrj and a valida-
tion set Dvalj with N tr and Nval volumes, respectively. The model parameter θ
adaptation is performed with the following gradient descent at time step t:

θ
′(t)
j = θ(t) − α

∂LKj
(
fθ(t)

(
Dtrj
))

∂θ
, (1)

where α denotes the adaptation learning rate, and LKj
(
fθ
(
Dtrj
))

is the cross-
entropy loss to train for the classification task Kj . Finally, given the adapted
models f

θ
′(t)
j

for each task Kj ∈ Km, the model parameter θ is meta-updated

from the error on the validation volumes Dvalj of the task w.r.t. the initial pa-
rameters θ(t):

θ(t+1) = θ(t) − β
∑

Kj∈Km

∂LKj
(
f
θ
′(t)
j

(
Dvalj

))

∂θ
, (2)

where β denotes the meta-learning rate. In summary, the meta-training phase
consists of updating the parameters of the model based on the error in validation
images after being adapted to a task using few images. This is equivalent to the
following optimization:

min
θ

∑

Kj∈Km
LKjfθ′(t)j

(Dvalj ) = min
θ

∑

Kj∈Km
LKj

(
f
θ(t)−α

∂LKj (fθ(t)(D
tr
j ))

∂θ

(Dvalj )

)

(3)
The resulting model fθ obtained after the completion of the meta-training

process is then fine-tuned using the cross entropy loss for the breast screening
binary classification problem. This process consists of the training phase, where
we use the training set T for training and validation set V for model selection.
The final model is tested during the inference phase by feeding testing volumes
from S through the network to estimate their probability of malignancy.

3.3 Task Sampling

The sampling process to select |K| tasks from
⋃5
j=1Kj (step 4 of Alg. 1) is

currently based on random sampling [4]. However, we consider this to be a cru-
cial step in that algorithm, and therefore propose four sampling methods for
step 4 of Alg. 1. In particular, we study the following sampling methods: 1)
Random: randomly sample all tasks with replacement [4]; 2) All-task: sample
all |K| = 5 tasks exactly once; 3) Teacher-Student Curriculum Learning
(CL) [5]: sample tasks that can achieve a higher improvement on their per-
formance. This is formalized by a partially observable Markov decision process
(POMDP) parametrized by the state, which is the current parameter vector θ(t);
the next action to perform, which is the task Kj to train on; the observation
OKj , consisting of the AUC improvement after adapting the parameters from
θ(t) to θ′(t) for task Kj ; and the reward RKj , which is computed from the AUC
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Baseline AUC
DenseNet [6] 0.83
MIL [7] 0.85
Multi-task [8] 0.85

Table 1: Baseline AUC
for classifiers trained on
breast screening.

AUC per sampling method
Model |K| Random All-task MAB CL
BSML 3 0.86 N/A 0.88 0.90
BSML 5 0.85 0.89 0.89 0.90
BSML-NS 4 0.85 0.88 0.87 0.89

Table 2: AUC for our proposed models depending on
the meta-batch size and task sampling methods and
trained for breast screening.

improvement of the current observation OKj minus the AUC improvement ob-
tained from the last time the task Kj was sampled. The goal of the sampling
algorithm is to maximize the score of all tasks, which is solved based on re-
inforcement learning using Thompson sampling. More specifically, a buffer Bj
stores the last B rewards for task Kj , and at sampling time, a recent reward is
randomly chosen from each of the buffers Bj . The next task for the meta-training
is the one associated with the buffer that produced the highest absolute valued
recent reward. This procedure chooses to lean a task until its improvement stabi-
lizes, and then different tasks will be sampled and so on. Note that by sampling
according to the absolute value, tasks where the performance is decreasing will
tend to be sampled again; and 4) Multi-armed bandit (MAB) [16]: sample
in the same way as the CL approach above, but the observation OKj is stored
in the buffer instead of the reward RKj . Also, the next task is selected based on
the highest valued recent observation (not its absolute value).

4 Experiments and Results
We assess our methodology on a breast DCE-MRI dataset containing 117 pa-
tients, divided into a training set with 45 patients, a validation with 13 and a
test set with 59 patients [19, 15]. Each sample for each patient in this dataset
contains T1-weighted and dynamically-contrast enhanced MRI volumes. Given
the current interest in decreasing the number of scans [12, 15], only the first
subtraction volume is used. Although all patients contain at least one lesion
(benign or malignant, confirmed by biopsy), not all breasts contain lesions. The
T1-weighted volume is only used to automatically segment and extract the left
and right breasts into volumes of size 100 × 100 × 50 [15] and assign separate
labels to them, where the label of a breast can be "no-finding", "malignant" (if
it contains at least one malignant lesion), or "benign" (if all lesions are benign).
All evaluations below are based on the area under the ROC curve (AUC).

The model fθ, implemented in 3D, is based on the DenseNet [6], which cur-
rently holds the best classification performance in several computer vision appli-
cations. The model architecture and hyper-parameters are selected based on the
highest AUC for the breast screening problem in the validation set. The archi-
tecture is composed of five dense blocks of two dense layers each and is trained
with a learning rate of 0.01 and a batch size of 2 volumes. For our proposed
methodology (labeled as BSML), the number of meta-updates is M = 3000, the
meta-learning rate β = 0.001, the number of training and validation volumes
selected for task Kj from the meta-set Dj is N tr = Nval = 4, the number of
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(a) (b) (c) (d)

Fig. 2: Classification examples. Image (2a) shows a correct negative classification of
a volume containing a benign lesion, images (2b) and (2c) show a correct positive
classification of a volume containing a malignant lesion, and image (2d) shows an false
negative classification of a volume containing a small malignant lesion.

gradient descent updates is 5, and the adaptation learning rate α = 0.1. We
check the influence of the meta-batch size |K| ∈ {3, 5}. Also, we evaluate the
influence of all task sampling approaches listed in Sec. 3.3. Finally, we also run
experiments to check the performance of our model when the task of breast
screening is not used for meta-training (BSML-NS). This means that the train-
ing process has to learn an unseen task starting from the initialization achieved
in the meta-training step. In this case, we use |K| = 4 and test the influence of
the different task sampling approaches.

Our proposed model is compared against the following baselines: 1) aDenseNet
trained for the breast screening binary task; 2) the pre-trained DenseNet (1) fine-
tuned using a multiple-instance learning framework(MIL) [7] – this approach
holds the SOTA for the breast screening problem in mammography; and 3) a
DenseNet trained with a multi-task loss [8] using the 5 tasks defined in sec. 3.1.

Tables 1 and 2 contain the AUC for baselines and experiments detailed above.
Figure 2 shows examples of the classification produced by our methodology.

5 Discussion and Conclusion
We presented a methodology to train medical image analysis systems that tries
to mimic the process of training a radiologist. This is achieved by meta-training
the model with several tasks containing small meta-training sets, followed by a
subsequent training to solve the particular problem of interest. We established a
new SOTA for the weakly supervised breast screening problem when compared
to several baselines such as DenseNet [6], a multi-task trained DenseNet [8] and
a DenseNet fine-tunned in a MIL framework [7]. Note that the MIL setup does
not achieve a large improvement as reported in the original paper [7]. We believe
that this is due to the use of DenseNet, which tends to show better classification
results than Alexnet [7]. Also, it is worth mentioning that our proposed method
has not shown any false positive classification in the test set.

As reflected in the experiments, the sampling of the tasks to meta-train is
an important step of our proposed methodology. In particular, the CL sampling
showed more accurate classification than random sampling, which yields similar
results to the baselines. The MAB sampling improved over random selection,
but it is still not as competitive as curriculum learning. We conjecture that
sampling according to the best performance (i.e., MAB) keeps selecting more
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often the tasks that produce the highest reward, while CL samples tasks with
a larger margin for improvement because they can achieve a larger slope in
the learning curve. Consequently, CL aims at improving the reward for ALL
tasks. Also, the meta-batch size does not appear to have much influence in the
results. Furthermore, the BLML-NS results in Tab. 2 show that our proposed
methodology can be successfully trained for breast screening even when this
task is not included in the meta-training phase. In particular, notice that the
AUC is competitive, being 1 point smaller than our best result (that includes
breast screening in meta-training), but between 4 and 6 points better than the
baselines.
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Chapter 6

Model Agnostic Saliency for Weakly
Supervised Lesion Detection from Breast
DCE-MRI
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ABSTRACT
There is a heated debate on how to interpret the decisions

provided by deep learning models (DLM), where the main
approaches rely on the visualization of salient regions to
interpret the DLM classification process. However, these
approaches generally fail to satisfy three conditions for the
problem of lesion detection from medical images: 1) for
images with lesions, all salient regions should represent
lesions, 2) for images containing no lesions, no salient
region should be produced,and 3) lesions are generally small
with relatively smooth borders. We propose a new model-
agnostic paradigm to interpret DLM classification decisions
supported by a novel definition of saliency that incorporates
the conditions above. Our model-agnostic 1-class saliency
detector (MASD) is tested on weakly supervised breast
lesion detection from DCE-MRI, achieving state-of-the-art
detection accuracy when compared to current visualization
methods.

Index Terms— saliency, weakly supervised detection,
model interpretability, diagnosis explanation, breast lesion
localization, breast magnetic resonance imaging.

1. INTRODUCTION
There is growing debate concerning the interpretation of

classifications made by deep learning models (DLM) [1],
particularly in medical diagnosis systems that can directly
influence treatment decisions [2]. The clinical acceptance of
DLMs depends, among other factors, on a reliable explana-
tion of the model outcomes [3]. A popular approach that can
”explain” DLM predictions relies on a salient region detec-
tor [4]. Such weakly supervised DLMs are trained to perform
binary classification (negative: no lesion, positive: lesions)
and produce salient regions that are assumed to highlight
the regions responsible for the positive classification [4].
However, this assumption is unwarranted for two reasons.
For positive classifications, there is no guarantee that salient
regions represent lesions, and for negative volumes, salient
regions have an unclear meaning. We argue that these issues
stem from the fact that saliency is poorly defined for weakly
supervised DLMs, where the training set contains images

∗Supported by Australian Research Council through grants
DP180103232, CE140100016 and FL130100102.

with global annotations (i.e image-level labels), but no lesion
delineation.

We propose a new paradigm for explaining DLM clas-
sifications supported by a novel saliency definition for the
problem of lesion detection. We define saliency as an image
region that is responsible for a positive classification as
opposed to previous saliency definition that was simply
assumed to be active image regions during classification.
Our new model-agnostic 1-class saliency detector (MASD)
is explicitly trained to detect lesions from volumes that have
been classified by a separate DLM (see Fig. 1 - note that
MASD is independent of the DLM classifier, which is the
reason why we call it model-agnostic). This goal is achieved
by explicitly defining salient regions as follows: 1) they
only appear when the volume in positively classified; 2)
they have a small area and a relatively smooth boundary; 3)
when used to mask a positively classified volume, it remains
positively classified; and 4) when the inverted salient regions
are used to mask a positively classified volume, it becomes
negatively classified. The design of MASD is adapted from
recent saliency detectors [5], [6] to become a 1-class saliency
detector by incorporating our saliency definition above. We
test our approach on two weakly supervised lesion detection
problems from breast dynamic contrast-enhanced magnetic
resonance volumes (DCE-MRI): 1) (benign and malignant)
lesion detection, and 2) malignant lesion detection. We show
that our results are more accurate than the ones produced
by the following state-of-the-art (SOTA) saliency detectors:
CAM [7], a popular approach for weakly supervised detec-
tion; Grad-CAM and Guided-GRAD-CAM [8], which are
two extensions that improve upon CAM.

2. LITERATURE REVIEW
DCE-MRI is recommended as a complementary imag-

ing modality for screening patients at high-risk for breast
cancer [9]. Computer-aided detection methods have been
designed [10], [11], [12], [13] and trained with strong (voxel-
wise) annotations to assist radiologists. As strong annota-
tions are time consuming and noisy, this approach does
not scale to the large datasets necessary for deep learning
systems. An alternative approach is to use the large weakly
labeled datasets that are more readily available. The main
challenge behind this approach is the requirement that the

Model Agnostic Saliency for Weakly Supervised Lesion Detection from Breast
DCE-MRI
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Fig. 1: During inference (a), the weakly trained DLM produces a classification for the presence of a breast lesion – if the
classification is positive, our proposed MASD outputs a saliency map that highlights the regions containing lesions. The
training for volumes containing lesions in (b) is based on a loss function that penalizes: 1) saliency maps that are not smooth
and contain large regions, 2) negative classification from the input volume filtered by the saliency map, and 3) positive
classifications from the input volume filtered by the inverse of the saliency map. The training process for volumes that do
not contain lesions penalizes the presence of any active region in the saliency map.

classifier should not only classify the case, but also highlight
the region containing the lesion for the positive cases.

The medical imaging community has addressed this chal-
lenge by exploring saliency detectors [14], [15]. These
approaches are based on highlighting regions of an image
that are involved in the classification of each visual class by
looking at the activations [7]. However, they do not work
well when searching for tumors in breast DCE-MRI (given
their inconsistency in shape and appearance [16]). Other
approaches addressed these issues [17], [8], but none of them
consider the major weakness of such saliency detection – the
assumption that salient regions represent lesions.

Dabkowski and Gal [5] extended the work by Fong et
al. [6] by guaranteeing that salient regions represented the
visual class associated with the classification by explicitly
defining saliency. They introduced a saliency loss function
that finds a saliency mask such that: 1) the classification
confidence is not perturbed when the image is masked and 2)
the classification confidence is reduced when masked image
regions are removed. However, there is no definition for
tumors and lesions that address the characteristics of saliency
in medical images. We propose a 1-class saliency detector
that is able to interpret the classification of breast DCE-MRI
volumes to detect lesions. Our main contribution lies on the
explicit definition of saliency based on the definition of a
breast lesion that then allows the definition of an appropriate
loss function.

3. METHODOLOGY

3.1. Dataset
The DCE-MRI dataset is defined by D ={(
xi, ti, {s(j)i }Si

j=1, bi, yi

)}N
i=1

, where ti : Ω → R
represents the T1-weighted volume (with Ω being the volume
lattice), xi : Ω→ R denotes the DCE-MRI first subtraction
volume, the segmentation map s(j) : Ω→ {0, 1} is a binary
volume indicating the presence or absence of lesion at each
voxel for one of patient i’s Si lesions (note that we use this

Fig. 2: MASD model diagram.

annotation only for testing our approach – not for training),
bi ∈ {left, right} indicates if this is the left or right breast of
the patient, and yi ∈ Y = {0, 1, 2} denotes the breast label
(yi = 2: breast contains a malignant lesion, yi = 1 : breast
contains at least one benign and no malignant findings,
and yi = 0 : no findings). We consider two scenarios: 1)
lesion detection, where labels y ∈ {1, 2} are joined into
the positive class, and y = 0 represents the negative class;
and 2) malignant lesion detection, where labels y ∈ {0, 1}
are joined into the negative class, and y = 2 represents the
positive class. We divide D in a patient wise manner into
training, validation and testing with no overlap between sets.

3.2. Model Agnostic 1-class Saliency Detector (MASD)
Our proposed MASD model adapts the saliency detector

of Dabkowski and Gal [5] to work as a 1-class detector.
The saliency detector in [5] uses a encoder-decoder structure
with skip connections. The encoder is fixed and trained
to produce the classification of the input image, and the
decoder generates a mask of the same size of the input and
is trained with a loss function that implements the saliency
loss described in the last paragraph of Sec. 2. In [5], the
encoder and decoder are connected through a class selector
at the lowest resolution, indicating the visual classes of the
salient regions.

Our model (see Fig. 2) uses a similar structure but
with no class selector. The encoder consists of a four-
block DenseNet [18] trained for the corresponding weakly
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supervised classification problem. The decoder consists of
four blocks, with each block comprising a feature map resize,
a convolution layer, a batch normalization layer and ReLU
activation [19] – the decoder outputs the saliency mask
m : Ω → [0, 1]. Our contribution lies in the removal of the
class selector and modification of the loss function to become
a 1-class saliency detector that produces salient regions with
the lesion properties defined in Sec 1 (2nd paragraph). The
loss function used during training for each sample i is:

`i(m) =λ1`TV (m) + λ2`A(m)− yiλ3`P (m,xi)

+ yiλ4`D(1−m,xi),
(1)

where `TV (m) denotes the total variation of the mask and
encourages detected regions to be relatively smooth, `A(m)
computes the area of salient regions and penalizes large
regions in the mask, `P (m,xi) = logP (y = 1|φ(m,x))
aims to maximize the positive classification when the input
volume is masked with the saliency mask (i.e. φ(m,x)), and
`D(1 −m,xi) = P (y = 1|φ(1 −m,x)) aims to minimize
the positive classification when the regions of the mask are
removed from the volume. The loss function (1) is designed
for the model to become a 1-class saliency detector and
respond only to a single class (i.e lesions). It minimizes the
number and area of regions in both negative and positive
volumes and masks only positive volumes (avoiding the class
selector), which are the ones containing salient regions. Note
that yi = 0 switches off `P and `D losses so that volumes
classified as negative will not produce any salient regions.

During inference, the saliency mask is generated with a
forward pass of the whole architecture, and we threshold
the output mask m and form m(τ) : Ω → {0, 1}, such that
m

(τ)
ijk = 1, if mijk > τ , and m

(τ)
ijk = 0, otherwise.

4. EXPERIMENTS AND RESULTS
The dataset used to assess MASD contains 117 DCE-

MRI and T1-weighted volumes (one DCE-MRI and one
T1-weighted volume per patient) [12], [11]. The training,
validation and test set contain 45, 13, and 59 patients [11]
respectively. The number of lesions for each of the above sets
is 57 (38 malignant (m) and 19 benign (b)), 15 (11 m and
4 b), and 69 (46 m and 23 b). The T1-weighted volume is
used to automatically extract the left and right breasts into
separate volumes of 100 × 100 × 50 voxels [11], and the
DCE-MRI volume is used for the classification and lesion
detection approaches.

For the MASD model, the localization is performed only
on positively classified samples, defined by a probability of
being positive higher than the equal error rate (EER) of the
classifier. Note that EER is computed using the validation
set. We perform experiments on the two problems defined in
Sec. 3.1: lesion detection and malignant lesion detection.
We train a DenseNet as the base classifier for each of the
problems. The parameters, estimated with the validation set
using grid search, in (1) are λ1 = 0.1, λ2 = 2, λ3 = 0.3, and
λ4 = 2 for lesion detection and λ1 = 0.1, λ2 = 3, λ3 = 1,
and λ4 = 2.5 for malignant lesion detection problem. We

evaluate our methodology in terms of true positive rate
(TPR) and the number of false positive detections (FPD)
per patient, which are plotted as a free response operating
characteristic curve (FROC) (obtained by thresholding the
mask produced by MASD at different values in [0, 1]). For
each of the two problems above, we present results for two
different scenarios: 1) All: the TPRs are computed using the
total number of lesions (problem 1: lesion detection) and
the total number of malignant lesions (problem 2: malignant
lesion detection) in the dataset, and the FPDs per patient
rates are computed using the total number of patients with
lesions (problem 1), and the number of patients that have
malignant lesions (problem 2); and 2) C+: the TPRs and
FPDs are computed as above, but we disregard all volumes
classified as negative by the DenseNet classifier. The second
scenario above isolates the performance of MASD, which
is the main contribution of this paper. A true positive is
considered to be a detection if it has Dice ≥ 0.2 [11].
Finally, we provide a comparison with current SOTA weakly
supervised region detectors: CAM [7], GRAD-CAM [8] and
Guided-Grad-CAM [8].

Figure 3 shows the FROC curves for each of the problems
detailed above, and Fig. 4 shows MASD results for the lesion
detection problem in test images.
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Fig. 3: FROC curves showing TPR vs FPD for lesion
detection (Top) and malignant lesion detection (Bottom)
for the All (solid curves) and C+ (dashed) experiments.

The results in Fig. 3 show that our proposed MASD
approach is more accurate for both problems of lesion

Model Agnostic Saliency for Weakly Supervised Lesion Detection from Breast
DCE-MRI
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(a) (b) (c)

Fig. 4: Detections obtained with MASD for lesion detection.
Red boxes mark true positive detections, yellow boxes false
positive detections, and cyan the ground truth boxes.

and malignant lesion detection than current SOTA saliency
visualization methods [7], [8], where only Guided-Grad-
CAM [8] achieves a relatively competitive result. We believe
that the reason behind this Guided-Grad-Cam result lies in
the use of guided backpropagation that enables it to capture
the fine details of the salient regions, but the mistakes
made in low resolution are also carried over, increasing
the FPD. Using the DenseNet classification result to filter
out the negatively classified samples, all methods present
slightly improved FROC curves, where the TPR curve tends
to be consistently higher for the same rates of FPDs per
patient. Compared to strongly supervised lesion detection
approaches [11], [12], which show a TPR=0.8 for FPD=3
and TPR=0.9 for FPD=4, the MASD approach still has room
for improvement – for instance, a TPR=0.8 happens only at
FPD=8. We conjecture that more competitive results can be
achieved with significantly larger datasets, but the empirical
confirmation of this supposition is left for future work.

We tested the influence of each term in the loss function
(1) and we found that the terms that produced the largest
variation in our results were `D(.) and `A(.) because they
allowed a significant reduction in the number and size of
salient regions. The `TV (.) and `P (.) terms mainly influ-
enced the lesion detection problem by increasing the FPDs.

5. CONCLUSION

We proposed MASD, a model agnostic 1-class saliency
detector that can localize lesions in weakly supervised clas-
sification problems from breast DCE-MRI. By designing a
loss function that explicitly incorporates terms that define a
lesion (e.g. size, masked volume classification performance,
absence in negative images), we demonstrate that the de-
tected salient regions are more likely to represent the lesions
that explain the decision process of deep learning classifiers.
We believe that explaining the decision process of weakly-
supervised classifiers will become a dominating aspect in
the field because it is likely that doctors will require an
explanation that can justify a DLM classification [3].
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Chapter 7

Pre and Post-hoc Diagnosis and
Interpretation of Malignancy from
Breast DCE-MRI

The work contained in this chapter is under review as the following paper:

Gabriel Maicas, Andrew P. Bradley, Jacinto C. Nascimento, Ian Reid, Gustavo Carneiro.
Pre and Post-hoc Diagnosis and Interpretation of Malignancy from Breast DCE-MRI. Under
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Abstract

We propose a new method for breast cancer screening from DCE-MRI based
on a post-hoc approach that is trained using weakly annotated data (i.e.,
labels are available only at the image level without any lesion delineation).
Our proposed post-hoc method automatically diagnosis the whole volume
and, for positive cases, it localizes the malignant lesions that led to such
diagnosis. Conversely, traditional approaches follow a pre-hoc approach that
initially localises suspicious areas that are subsequently classified to establish
the breast malignancy – this approach is trained using strongly annotated
data (i.e., it needs a delineation and classification of all lesions in an image).
Another goal of this paper is to establish the advantages and disadvantages of
both approaches when applied to breast screening from DCE-MRI. Relying
on experiments on a breast DCE-MRI dataset that contains scans of 117
patients, our results show that the post-hoc method is more accurate for
diagnosing the whole volume per patient, achieving an AUC of 0.91, while
the pre-hoc method achieves an AUC of 0.81. However, the performance for
localising the malignant lesions remains challenging for the post-hoc method
due to the weakly labelled dataset employed during training.
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1. Introduction

Breast cancer is amongst the most diagnosed cancers (AIHW, 2007; Siegel
et al., 2017) affecting women worldwide (DeSantis et al., 2015; Torre et al.,
2015). One of the most effective ways of increasing the survival rate for this
disease is based on early detection (Saadatmand et al., 2015; Welch et al.,
2016). Screening programs aim to provide such early detection by diagnos-
ing at-risk, asymptomatic patients, allowing for an early intervention and
treatment. The most widely employed image modality for population-based
breast screening is mammography. High risk patients are also recommended
to undergo screening with dynamically contrast enhanced magnetic resonance
imaging (DCE-MRI) (Mainiero et al., 2017; Smith et al., 2017). DCE-MRI
is known to increase the sensitivity, compared to mammography, especially
in young patients that have denser breasts (Kriege et al., 2004).

However, the diagnosis and interpretation of DCE-MRI is a challenging
and time consuming task that involves the interpretation of large amounts
of data (Behrens et al., 2007) and is prone to high inter-observer variabil-
ity (Grimm et al., 2015; Lehman et al., 2013). Computer-aided diagnosis
(CAD) systems are designed to reduce the analysis time (Gubern-Mérida
et al., 2016; Wood, 2005), increase sensitivity (Vreemann et al., 2018) and
specificity (Meinel et al., 2007), and serve as a second (automated) reader (Shi-
mauchi et al., 2011). Designing such systems is challenging due to the vari-
ability in location, appearance (Levman et al., 2009), size and shape (Song
et al., 2016), and the low signal-to-noise ratio (Kousi et al., 2015) of lesions.
In general, such CAD systems can be categorised as pre-hoc or post-hoc,
depending on how the processing stages are organised, as explained below.

Fully automated pre-hoc CAD methods for breast screening (Amit et al.,
2017b; Dalmış et al., 2018; Gubern-Mérida et al., 2015) from DCE-MRI com-
pute the confidence score of malignancy of a breast using the following two-
stage sequential approach: 1) detection of suspicious lesions, and 2) classifica-
tion of the detected lesions. During detection (i.e., first stage), the algorithm
localises benign and malignant lesions, and possibly false positive detections,
in the image, which are then classified as malignant or non-malignant in the
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(a) (b) (c)

Figure 1: Example of a DCE-MRI breast image and annotation types. Image (1a) shows
a slice of a breast DCE-MRI volume. Image (1b) shows the same slice with the strong
annotations: lesion delineation classification as malignant. Image (1c) shows the weak
annotation (i.e., whole image) of the same breast volume as malignant.

second stage. Four important challenges arise with this pre-hoc approach.
Firstly, the modelling of the detector requires strong labels, i.e., precise voxel-
wise annotation of lesions (see Fig. 1 for an example of different types of anno-
tations). Strong annotation is expensive because it requires experts to label a
relatively large number of training volumes; in addition, given the difficulties
involved in such manual labelling process, this annotation may contain noise
(this happens partly because experts are generally not trained to provide
such precise annotations in regular practice). Secondly, the classifier may be
trained using incorrect manually annotated lesion class labels. Such manual
annotation is usually produced by biopsy analysis, but if there are benign
and malignant lesions jointly present in the same breast, this analysis may
not determine the correct association. Thirdly, apart from rare exceptions
that need large annotated training sets (Ribli et al., 2018), pre-hoc diagnosis
systems are generally trained in a two-stage process (Gubern-Mérida et al.,
2015; Mcclymont, 2015). This pipeline is not the optimal way to maximise
classification diagnosis performance because the final classification depends
on the detection, but the detection optimality does not warrant classification
optimality. Finally, the fourth challenge is that the classification accuracy is
limited by the detector performance, where it is impossible for the classifier
to recover from a missing lesion detection because it can not be classified.

An alternative approach that is starting to gain traction (Esteva et al.,
2017; Maicas et al., 2018a; Wang et al., 2017a) reverses these stages. The
first stage aims to classify the whole breast scan directly, followed by a second
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stage that localizes regions in the scan that can explain the classification
– for instance, if the first stage outputs a malignant diagnosis, then the

second stage aims to find malignant lesions in the scan. We term this a
post-hoc approach. This approach is of special interest for the problem of
breast screening from DCE-MRI because the whole-scan diagnosis can, for
example, analyse regions other than lesions that may contain relevant infor-
mation for the diagnosis (Kostopoulos et al., 2017). The main advantage of
these systems compared to pre-hoc systems is the possibility of using scan-
level labels (referred to as weak labels in the rest of the paper). Such labels
are already present in many Picture Archiving and Communication Systems
(PACS) or can be automatically extracted from radiology reports (Wang
et al., 2017a), eliminating almost completely the effort needed for the man-
ual annotation described above for the pre-hoc approach. Also, the use of
scan-level labels overcomes the limitations in annotations required by pre-
hoc approaches. Firstly, there is no need for lesion delineation avoiding such
costly process. Secondly, the incorrect labelling of lesions explained above is
reduced as the most likely lesion to be malignant is biopsied and therefore
the label is more likely to be correct –there is no need to associate labels
with lesions). The main challenge of post-hoc systems resides in highlighting
the scan regions that can justify a particular classification (e.g., in the case
of a malignant classification, it is expected that the regions represent the
malignant areas of the scan), given that such manual annotation is not avail-
able. This challenge is important for the deployment of post-hoc systems in
clinical practice (Caruana et al., 2015).

In this paper, we propose a new post-hoc method and a systematic com-
parison between pre-hoc and post-hoc approaches for breast screening from
DCE-MRI. We aim to answer the following research questions: 1) which
approach should be chosen if the goal is to optimally classify a whole scan
in terms of malignant or non-malignant findings, and 2) how accurate is
the localisation of malignant lesions produced by post-hoc approaches when
compared with the localisation of malignant lesions produced by pre-hoc
methods. The pre-hoc system considered in this paper is based on our re-
cent detection model (Maicas et al., 2017b) that achieves state-of-the-art
(SOTA) lesion localisation, while reducing the inference time needed by tra-
ditional exhaustive search methods. For the post-hoc system, we rely on our
recently proposed approach based on meta-learning (Maicas et al., 2018a)
that holds the SOTA performance for the problem of breast screening from
DCE-MRI. Decision interpretation is based on our recent 1-class saliency de-

4

63



tector (Maicas et al., 2018b), especially designed for the weakly supervised
lesion localisation problem after performing volume diagnosis. See Fig. 2 for
an overview of the pre-hoc and post-hoc pipelines.

Experiments on a breast DCE-MRI dataset containing 117 patients and
141 lesions show that the post-hoc system achieves better malignancy clas-
sification accuracy than the pre-hoc method. In terms of lesion localisation,
the post-hoc approach shows less accurate performance compared to the pre-
hoc system, which we infer that is mostly due to the weak annotation used
in the training phase of the post-hoc method.

Figure 2: Pre-hoc and post-hoc approaches for breast screening. a) The pre-hoc approach
first localises lesions in the input breast volume (e.g., detections in orange), and then these
lesions are classified to decide about their malignancy (e.g., red indicates positive and blue
means negative malignancy classification). Finally, the breast volume is diagnosed accord-
ing to the classification scores of the lesions. b) The post-hoc approach first diagnoses the
input breast volume (e.g., red means positive malignancy classification). If the diagnosis
is positive, then malignant lesions are localised in the breast (e.g., detections in orange).

2. Literature Review

2.1. Pre-hoc Approaches

Pre-hoc approaches are assumed to contain two sequential stages: 1)
detection of regions of interest (ROI) containing suspicious tissue, and 2)

5

Pre and Post-hoc Diagnosis and Interpretation of Malignancy from Breast DCE-MRI

64



classification of ROIs into malignant or not malignant (benign and/or false
positive) tissue.

Traditional pre-hoc approaches for breast screening from breast DCE-
MRI were based on manual (Agner et al., 2014; Gallego-Ortiz and Martel,
2015; Mus et al., 2017; Soares et al., 2013) or semi-automated (Chen et al.,
2006; Dalmış et al., 2016; Meinel et al., 2007; Milenković et al., 2017; Platel
et al., 2014) ROI detection. In addition, the classification in these traditional
approaches was based on support vector machine (SVM), random forest, or
artificial neural network models, using hand-designed features (e.g., dynamic,
morphological, textural or multifractal) (Dalmış et al., 2016; Meinel et al.,
2007; Milenković et al., 2017; Platel et al., 2014).

Aiming at reducing user intervention to reduce the number of ROIs (Liu
et al., 2017), pre-hoc systems evolved to be fully automated. Such automated
pre-hoc approaches generally employed an exhaustive search method or clus-
tering to detect ROIs in the scan using hand-designed features (Gubern-
Mérida et al., 2015; Mcclymont, 2015; Renz et al., 2012; Wang et al., 2014).
The classification of ROIs into false positive, benign or malignant findings
is then performed with a new set of hand-designed features extracted from
the ROIs (Gubern-Mérida et al., 2015; Mcclymont, 2015; Renz et al., 2012;
Wang et al., 2014). These fully automated methods generally suffer from
two issues: 1) the sub-optimality of hand-designed features needed at both
ROI localization and ROI classification, and 2) the high computational cost
of the exhaustive search to detect ROIs.

Both limitations have been addressed after the introduction of deep learn-
ing methodologies (Krizhevsky et al., 2012) in the field of medical image
analysis. Initially, feature sub-optimality was addressed either for ROI de-
tection (Maicas et al., 2017a,b) or classification (Amit et al., 2017a,b; Rasti
et al., 2017), but it was recently solved for both detection and classifica-
tion (Dalmış et al., 2018). Dalmış et al. (2018) also reduced the inference
time of the exhaustive search by directly computing a segmentation map
from the scan using a U-net (Ronneberger et al., 2015).

Although each step of the pipeline has been individually optimized, there
is no guarantee that the full pipeline is optimal in terms of classification
accuracy. This was addressed with the formation of large datasets that has
enabled the use of SOTA one-stage detection and classification computer vi-
sion techniques, such as Faster R-CNN (Ren et al., 2015) or Mask RCNN (He
et al., 2017). The main advantage of these methods lies in the optimality of
the end-to-end training, effectively merging the detection and classification
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tasks (Dalmış et al., 2018). For example, Ribli et al. (2018) applied Faster
R-CNN to detect tumours from mammograms and they showed that this ap-
proach is quite efficient in terms of inference time. However, Faster R-CNN
generalises poorly, which means that the training set must contain a large
annotated set of ROIs and, at the same time, be rich enough to comprise
all possible lesion variations. Besides the need for large datasets, which are
difficult to acquire for DCE-MRI breast screening, these systems suffer from
the need for strong annotations (i.e., the accurate delineation of the lesions).
Li et al. (2018) partially addressed this issue by developing a semi-supervised
system, alleviating the need of lesion annotations. However, a large number
of annotated images (880) is still required to train the system.

2.2. Post-hoc Approaches

Post-hoc systems aim to overcome the need for strong annotations by
training models with only scan-level labels (i.e., weak labels). This is es-
pecially useful for the problem of breast screening, where the analysis of
adjacent regions to lesions may be important (Kostopoulos et al., 2017). In
addition, the classification accuracy of post-hoc systems are not constrained
by the lesion detection, which is the case in pre-hoc systems.

Several post-hoc systems have been proposed (Wang et al., 2017a; Zhu
et al., 2017). For instance, Wang et al. (2017a) use a deep learning model to
produce classification scores from whole scans and Zhu et al. (2017) propose a
deep multiple instance learning. However, these approaches still require large
datasets to achieve good performance. This issue was addressed by Maicas
et al. (2018a), who proposed a new meta-learning methodology to learn from
a small number of annotated training images. Their work established a new
SOTA classification accuracy for breast screening from DCE-MRI.

The main challenge for post-hoc models arises from the fact that they
do not use manually annotated ROIs for training, which makes the ROI
localisation (and delineation) a hard task. Such ROI localisation is important
for explaining the classification made by the CAD system in clinical settings
(e.g., for a scan classified as malignant, doctors are likely to know where the
lesions are located). Solving this lesion localisation problem is a research
problem that is being actively investigated in the field (Dubost et al., 2017;
Feng et al., 2017; Maicas et al., 2018b; Wang et al., 2017b; Yang et al.,
2017). The approach proposed by Maicas et al. (2018b) achieves SOTA
detection performance by properly defining saliency for the problem of weakly
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supervised lesion localisation, which assures that salient regions represent
malignant lesions in the image.

However, the literature does not provide any studies comparing pre and
post-hoc diagnosis approaches. The main reason for this absence of com-
parison among the methods described in this literature review is that such
analysis is not straightforward due to (Maicas et al., 2017b): 1) the lack of
publicly available datasets that can be used to compare new approaches to the
current state-of-the-art, 2) the criteria to decide if an ROI is a true positive
detection, and 3) the criteria to decide if lesions labelled as the challenging
BIRADS=3 should be included into the benign category (Gubern-Mérida
et al., 2015). In addition, not all assessments of pre-hoc fully automated
methodologies consider false positives in the diagnostic stage as they only
differentiate between benign and malignant (Mcclymont, 2015). We pro-
pose to compare both types of automated approaches for the problem of
breast screening from breast DCE-MRI. With the use of a common dataset
and well-defined criteria to satisfy the issues described above, we investigate
which approach performs better for breast diagnosis and lesion localisation.

3. Methods

This section provides a formal description of the dataset in Sec. 3.1, the
pre-hoc method in Sec. 3.2, and the post-hoc approach in Sec. 3.3.

3.1. Dataset

Let D =
{(

bi,xi, ti, {s(j)i }Mj=1, {l
(j)
i }Mj=1,yi

)
i

}
i∈{1,...,|D|},bi∈{left,right}

denote the 3D DCE-

MRI dataset, where bi ∈ {left, right} specifies the left or right breast of the ith

patient; xi, ti : Ω → R represent the first 3D DCE-MRI subtraction volume
and the T1-weighted MRI volume used for preprocessing, respectively, with
Ω ∈ R3 representing the volume lattice of size w × h× d; s

(j)
i : Ω→ {0, 1} is

the voxelwise annotation of the jth lesion present in the breast bi (s
(j)
i (ω) = 1

indicates the presence of lesion in voxel ω ∈ Ω, and s
(j)
i (ω) = 0 denotes the

absence of lesion); {l(j)i }Mj=1 ∈ {0, 1} indicates the classification of lesion j as
benign or malignant, respectively; and yi is a scan-level label with the follow-
ing values: yi = 0 if there is no lesion in breast bi, yi = 1 if all the lesion(s)
in breast bi are benign or yi = 2 if there is at least one malignant lesion.
The dataset is patient-wise split into train T , validation V and test U sets,
such that images of each patient only belong to one of the sets. Note that the
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voxelwise lesion annotations {s(j)i }Mj=1 and {l(j)i }Mj=1 are not employed during
the training of the post-hoc system – they are only used to train and test
the pre-hoc system and in the quantification of the results for both systems.
Finally, the motivation behind the use of the first subtraction image x lies
in the reduction of cost and time for image acquisition and analysis (Gilbert
and Selamoglu, 2018; Mango et al., 2015).

3.2. Pre-hoc Method

Our proposed pre-hoc approach is based on the following steps:

1. Lesion detection (Sec. 3.2.1): an attention mechanism based on deep
reinforcement learning (DRL) (Mnih et al., 2015) searches for lesions
using a method that analyses large portions of the breast volume and
iteratively focuses the search on the appropriate regions of the input
volume.

2. Lesion diagnosis (Sec. 3.2.2): a state-of-the-art deep learning classi-
fier (Huang et al., 2017) analyses the lesions detected in the previous
step in order to classify them as malignant or non-malignant (note that
non-malignant regions are represented by benign lesions or normal tis-
sue, i.e. false positive detections). The confidence score of malignancy
for the breast volume is defined as the maximum probability of malig-
nancy among the detected lesions.

3.2.1. Lesion Detection

We propose an attention model that is capable of reducing the infer-
ence time of previous methods for lesion detection (Gubern-Mérida et al.,
2015; McClymont et al., 2014) in pre-hoc systems. This attention mecha-
nism searches for lesions by progressively transforming relatively large initial
bounding volumes (BV) (i.e. sub-regions of the MRI volume) into smaller
regions containing a more focused view of potential lesions (Maicas et al.,
2017b). The transformation process is guided by a policy π that indicates
how to optimally change the current BV to detect a lesion. The policy is
represented by a deep neural network, called deep Q-net (DQN), that re-
ceives as input an embedding vector o ∈ RO of the current BV and outputs
a measurement (i.e., the Q-value (Q)), representing the optimality associated
with each of the possible transformations to find a lesion. See Figure 3 for a
block diagram of this process. The aim of the learning phase is to model such
policy, i.e., find the optimal parameters of the DQN. The inference exploits
the policy to detect the lesions present in a breast DCE-MRI volume
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Figure 3: Overview of the proposed lesion detection method. The bounding volume of the
current observation is extracted from the input breast volume and fed to the 3D ResNet
to obtain the embedding of the observation. The embedding is then forwarded through
the Q-net to obtain the Q-values for each of the actions.

The training process of the DQN follows that of a traditional Markov
Decision Process (MDP), which models a sequence of decisions to accomplish
a goal from an initial state. At every time step, the current BV, represented
by the observations o, will be transformed by an action a, yielding a reward
r – this reward indicates the effectiveness of the the chosen transformation
for detecting a lesion. The goal is to learn what actions should be applied to
transform the current observation to another one with larger Dice coefficient
measured with respect to the target lesion. In an MDP set-up, this translates
into choosing the action that maximizes the expected sum of discounted
future rewards (Mnih et al., 2015): Rt =

∑T
t′=t γ

t′−trt′ , where γ ∈ (0, 1) is a
discount factor.

Let Q?(o, a) be the optimal Action-Value Function representing the ex-
pected sum of discounted future rewards by choosing action a to transform
the observation o. The optimal Action-Value function follows the policy π,
as in:

Q?(o, a) = max
π

E[Rt|ot = o, at = a, π]. (1)

Intuitively, Q?(.) represents the quality of performing the action a given the
current observation o to achieve the final goal. Therefore, the goal of the
training process is to learn Q?(.), which maximizes the commutative sum of
expected discounted rewards.

The optimalQ?(o, a) can be computed iteratively using the Bellman equa-
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tion and the Q-Learning algorithm (Sutton and Barto, 1998):

Qi+1(ot, at) = Eot+1

[
rt + γmax

at+1

Q(ot+1, at+1)|ot, at
]
. (2)

However, since it is impractical to compute Q(ot, at) due to the large size
of the observation-action space, a DQN function approximator, represented
by Q(o, a,θ), can be used. The weights θ of the DQN Q(ot, at,θt) can be
learned by minimizing the mean square error of the Bellman equation:

L(θt) = E(ot,at,rt,ot+1) ∼ U(E)
[(
rt + γmax

at+1

Q(ot+1, at+1;θ
−
t )

︸ ︷︷ ︸
target

−Q(ot, at;θt)
)2]

,

(3)

where θt are the parameters of the DQN at iteration t, θ−t are the weights
of the target network (defined below) used to compute the target value at
iteration t, and U(E) is a batch of experiences uniformly sampled from the
experience replay memory Et (also defined below). The target network is
used to compute the target values for each update of the weights of the
DQN. The architecture of this target network is the same as that of the
DQN and its parameters θ−t contain the weights of the DQN at a previous
iteration of the optimization process. The weights θ−t are updated after
every iteration through the entire training set from the parameters θt at
the iteration t − 1 and maintained constant between updates: θ−t = θt−1.
The experience-replay memory Et = {e1, ..., et} stores previous experiences
denoted by et = {ot, at, rt,ot+1}, where each et is collected at time step t by
choosing the action at to transform from ot into ot+1, yielding the reward
rt. We describe in the next paragraphs how to obtain the observations, to
choose the actions and to compute the reward function.

The embedding o of the current BV is computed as:

o = fResNet(x(b), θResNet) (4)

where b = [bx, by, bz, bw, bh, bd] ∈ R6 is a bounding volume, with the triplets
(bx, by, bz) and (bw, bh, bd) denoting the top-left-front and the lower-right-back
corners of the bounding volume, respectively; the DCE-MRI data is repre-
sented by x; and fResNet(.) represents a 3D Residual Network (ResNet) (He
et al., 2016). The training of the 3D ResNet in (4) relies on a binary loss
function that differentiates between input bounding volumes with and with-
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out lesions. The dataset to train this 3D ResNet is built by sampling random
BVs that are labelled as positive if the Dice Coefficient with a ground truth
lesion is larger than 0.6, and negative otherwise. Note that the training of the
3D ResNet with a potentially infinite number of BVs from different scales,
sizes and locations allows us to obtain a rich collection of BVs without the
need for a large training set.

The setA = {l+x , l−x , l+y , l−y , l+z , l−z , s+, s−, w} represents the actions to mod-
ify the current BV, where {l, s, w} represent the translation, scale and trig-
ger (to terminate the search for lesions) actions, respectively; the subscripts
{x, y, z} denote the horizontal, vertical and depth translation, and the super-
scripts {+,−} represent the positive/negative translation or up/down scal-
ing.

The reward function depends on the improvement in the lesion localisa-
tion process after selecting a specific action. For action a ∈ A \ {w}, we
measure the improvement in terms of the variation of the Dice coefficient
after applying action a to transform the observation ot to ot+1:

r(ot, a,ot+1) = sign(d(ot+1, s)− d(ot, s)), (5)

where d(.) is the Dice coefficient between the bounding volume o and the
ground truth s. The intuition behind (5) is that the reward is positive if the
Dice coefficient from observation ot to observation ot+1 increases, and the
reward is negative otherwise. The quantization in (5) avoids a deterioration of
the training convergence due to small changes in d(.) (Caicedo and Lazebnik,
2015).

The reward for the trigger action, a = w, is defined as:

r(ot, a,ot+1) =

{
+η if d(ot+1, s) ≥ τw

−η otherwise
(6)

where η > 1 encourages the trigger action to finalize the search for lesions
if the Dice coefficient with the ground truth s is larger than a pre-defined
threshold τw.

Actions during the training process are selected according to a modified ε-
greedy strategy to balance exploration and exploitation (Maicas et al., 2017b):
with probability ε, a random action will be explored, and with probability
1− ε, the action will be chosen from the current policy. During exploration,
with probability κ, a random action is selected, and with probability 1−κ, a
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random action from the actions that will produce a positive reward is selected.
During exploitation, the action is selected according to the current policy:
at = arg maxat Q(ot, at;θt). The training process starts with ε = 1, which
decreases linearly, transitioning from pure exploration to mostly exploitation
following the current policy as the model learns to detect lesions.

During inference, we exploit the learned policy to detect lesions. In prac-
tice, we propose several initial bounding volumes covering different relatively
large portions of the DCE-MRI volume. Each initialization is processed inde-
pendently and is iteratively transformed according to the action a?t indicated
by the optimal action-value function:

a?t = arg max
at

Q(ot, at;θ
?). (7)

where θ? represents the parameter vector of the trained DQN model learned
with (3).

We define the set of detected lesions as Dpre = {Dprei }|D
pre|

i=1 , where Dprei

represents the ith bounding volume, when the trigger action is selected to stop
the inference process. If the trigger action is not selected after 20 iterations,
the search for a lesion is stopped yielding no detection.

3.2.2. Lesion diagnosis

The detected lesions in Dpre, formed during the lesion localization stage,
are classified in terms of their malignancy. This binary classification is per-
formed with a 3D DenseNet (Huang et al., 2017), trained using the detections
from the training set to differentiate normal tissue and benign lesions (i.e.,
negative diagnoses) from malignant lesions (positive diagnosis). During in-
ference, each detection Dprei is fed through the 3D DenseNet to obtain its
probability of malignancy. Finally, the confidence score of malignancy of
a breast is defined as the maximum of the malignancy probabilities com-
puted from all the detected regions in such breast. The confidence score of
malignancy for the breast volume with no detections is set to zero.

3.3. Post-hoc Method

Our proposed post-hoc approach is characterised by the following steps:

1. Diagnosis (Sec. 3.3.1): the classifier outputs the probability that a
breast DCE-MRI volume contains a malignant lesion. Given the small
training dataset, the model is first meta-trained with a teacher-student
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curriculum learning strategy to learn to solve several tasks. Then, the
classifier is fine-tuned to solve the breast screening diagnosis task.

2. Lesion Localization (Sec. 3.3.2): the detector is weakly-trained to
localise malignant lesions on breast DCE-MRI volumes that have been
positively classified in the diagnosis stage above. This lesion localisa-
tion process can be used to interpret the decision from the diagnosis
stage.

3.3.1. Breast Volume Diagnosis

Meta-training aims to learn a model that can solve new given tasks (clas-
sification problems) as opposed to traditional classifiers that solve a specific
classification problem. Traditionally, models for solving new tasks have been
achieved by fine-tuning pre-trained models (Tajbakhsh et al., 2016). How-
ever, these pre-trained models are rarely available for 3D volumes and large
datasets are still required. These limitations can be overcome by including a
meta-training phase before training, where the model is presented with sev-
eral classification tasks that need to be solved, where each task has a small
training set. Eventually, the model learns to solve new tasks that contain
small training sets.

As noted in our previous work (Maicas et al., 2018a), the order in which to
present classification tasks during meta-training influences the ability of the
model to solve new tasks. Therefore, we propose to use the teacher-student
curriculum learning strategy (Matiisen et al., 2017) that has been shown to
outperform other strategies (Maicas et al., 2018a).

We propose to meta-train the model to solve several related classification
tasks, each containing a relatively small number of training images instead of
training a classifier to distinguish volumes with any malignant findings from
others containing no malignant lesions. Firstly, during the meta-training
phase, our model learns to solve different tasks that are formed from our
breast DCE-MRI datasets. The tasks to be presented to the model are se-
lected via the teacher-student curriculum learning strategy and contain a
small training set. Secondly, the training phase is similar to that of any
traditional classifier and solves the breast screening task using the samples
available from the training set. The difference in our approach lies in the
employment of the meta-trained model as the initialization for the train-
ing process. As a result, when the meta-trained model is fine-tuned on the
breast screening task with the small training set, it is able to efficiently
and effectively classify previously unseen volumes containing malignant find-
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ings (Maicas et al., 2018a). Finally, the inference phase (or breast diagnosis)
consists of feeding the input volumes to the classifier to estimate the proba-
bility that they contain a malignant finding. See Figure 4 for an overview of
the volume diagnosis process.

Figure 4: Volume diagnosis process. Firstly, the model is meta-trained on several related
classification tasks. Secondly, the model is trained in the breast screening task. Finally,
the model is tested on the breast screening task.

During meta-training, the model is meta-trained to solve the following
five classification tasks:

1. K1 : findings (lesions) versus no findings,

2. K2 : malignant findings versus no findings,

3. K3 : benign findings versus no findings,

4. K4 : benign findings versus malignant findings,

5. K5 : malignant findings versus no malignant findings (i.e., breast screen-
ing).

Let K = ∪5i=1Ki, where each task Ki is associated with a dataset Di that
contains the volumes from the training set that are relevant for the task Ki.
We define the meta-training set D = ∪5i=1Di.

Let the model to be meta-trained be defined by gθ and the meta-update
step be indexed by t. For each meta-update, a meta-batch Kt of tasks is
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sampled and contains |Kt| tasks from K (see bellow for a description of the
task sampling method). For each of the tasks Kj ∈ Kt, N = N tr + N val

volume-label samples are sampled from the corresponding meta-training set
Dj to form Dtrj . Let Dtrj contain N tr samples that will be used as training
set and Dvalj contain N val samples that will be used as validation set during
the tth meta-update for the jth task.

For every task Kj ∈ Kt in the meta-batch, the model is trained with Dtrj
to adapt to the task by performing several gradient descent updates. For
simplicity, the adaptation of the model with one gradient descent update is
defined by:

θ
′(t)
j = θ(t) − α∂LKj

(
gθ(t)

(
Dtrj
))

∂θ
, (8)

where θ(t) are the parameters of the model at meta-iteration t, LKj
(gθ(t)

(
Dtrj
)
)

is the cross-entropy loss computed from Dtrj for task Kj, α is the learning rate

for model adaptation, and θ
′(t)
j are the adapted parameters after performing

model adaptation for task Kj.
The adapted models g

θ
′(t)
j

are subsequently evaluated with the validation

pairs Dvalj of the corresponding task. The loss produced by the validation set
on each of the tasks is used to compute the meta-gradient associated to each
task. Finally, the model parameters θ are updated using the average of the
meta-gradients associated to each of the tasks in the meta-batch:

θ(t+1) = θ(t) − β
∑

Kj∈Km

∂LKj

(
g
θ
′(t)
j

(
Dvalj

))

∂θ
, (9)

where β is the meta-learning rate and LKj

(
g
θ
′(t)
j

(
Dvalj

))
is the cross entropy

loss of the validation volumes in Dvalj for task Kj. This procedure is repeated
for M meta-iterations, as shown in Alg. 1.

The breast screening training process is initialised by the meta-trained
model. Using the entire training set T , the model adapts to the breast
screening task by performing several gradient descent updates, similarly to
the training of a traditional deep learning classifier. We use the validation
set V for model selection. The inference of the model is similar to that of
any standard classifier and consists of feeding the testing volume through
the network to obtain the probability of malignancy of each of the input
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Algorithm 1 Overview of the meta-training procedure presented in (Maicas
et al., 2018a)

procedure Meta-train({K1 . . .K5}, {D1 . . .D5}, model gθ)
Initialise parameters θ from gθ
for t = 1 to T do

Sample meta-batch Kt by sampling |Kt| tasks from {K1 . . .K5}
for each task Kj ∈ meta-batch Kt do

Adapt model using (8) with samples from Dtrj
Evaluate adapted model using with samples from Dvalj

Meta-update model parameters with (9)

volumes. The confidence score of malignancy corresponds to the probability
of malignant output by the classifier.

During the meta-learning process, the task sampling process to form
a meta-batch of tasks depends on the past observed performance improve-
ments of the model in each of the tasks. This has been shown to outperform
other alternative approaches (Maicas et al., 2018a). A partially observable
Markov decision process (POMDP) solved using reinforcement learning with
Thompson Sampling can model such an approach. A POMDP is charac-
terized by observations, actions, and rewards. In our set-up, we define an
observation OKj

as the variation in the area under the receiving operating

characteristic curve (AUC) of the adapted model θ
′(t)
j compared to the initial

AUC before the model θ(t) was adapted to the task Kj ∈ Kt – in both cases,
the AUC is measured using the sampled validation set Dvalj . The actions cor-
respond to sampling a particular task. The reward is defined as the difference
between the current and previous observations during the last time that the
task was sampled. The goal is to decide which action to apply, i.e. which task
should be sampled for the next meta-training iteration. We use Thompson
sampling to decide the next task to be sampled, which allows us to balance
between sampling new tasks, and sampling tasks for which the improvement
of performance is currently higher (similar to the exploration-exploitation
dilemma in reinforcement learning) (Matiisen et al., 2017).

Let Bj be a buffer of recent rewards for task Kj – this buffer stores the last
B rewards for this task. To perform Thompson sampling, a random recent
reward RBj ∈ Bj is uniformly sampled. The next task Kj to be included in
the meta-batch Kt of iteration t is selected with j = arg maxi |RBi |. This
process is repeated for |Kt| times to form Kt. The intuition behind this is
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that for tasks where performance is increasing rapidly (i.e. yielding higher
rewards) they will be sampled more frequently until mastered (i.e. the reward
will tend to zero as the variation in AUC after adaptation will tend to be
smaller in consecutive iterations). Then, a different task will be sampled more
frequently. However, if the model reduces the performance in the previously
mastered task, it will be sampled again more frequently because the absolute
value of the reward will tend to be higher again.

3.3.2. Malignant Region Localization

A breast volume is diagnosed as malignant in the previous step if its
confidence score of malignancy is higher than the equal error rate (EER) of
the proposed classifier on the validation set. The EER as threshold is chosen
to avoid any preference between sensitivity and specificity. For positively
classified volumes, we aim to generate a saliency map represented by a binary
mask indicating the localization of lesions that can explain the decision made
by the classifier; while for negatively classified volumes, no salient region is
produced. Therefore, we propose a 1-class saliency detector (Maicas et al.,
2018b) that has been specifically designed to satisfy these conditions.

Our 1-class saliency detector is modelled with a weakly-supervised train-
ing process to detect salient regions in positively classified volumes, where
these regions denote malignant lesions. The detector follows an encoder-
decoder architecture that generates a mask m : Ω → [0, 1] of the same size
as the input volume, where this mask localizes the most salient regions of the
input volume that are involved in the positive classification. The encoder is
the classifier from Sec. 3.3.1, which produces the diagnosis. The decoder up-
samples the output from the encoder to the original resolution from the lowest
resolution feature maps by concatenating four blocks of feature map resize,
convolution layer, batch normalization layer and ReLU activation (Zeiler and
Fergus, 2014). Skip connections are used to connect corresponding layers of
the same resolution in the encoder and decoder. During training, the param-
eters of the encoder are fixed and the parameters of the decoder are updated
using the gradient corresponding to the following loss for each volume xi:

`i(m) = λ1`TV (m) + λ2`A(m)− yiλ3`P (m,xi) + yiλ4`D(1−m,xi), (10)

where `TV measures the total variation of the mask forcing the boundary of
salient regions to be relatively smooth, `A measures the area of the salient
regions and aims to reduce the total area of regions, `P measures the con-
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fidence in the classification of the input volume xi masked with m, and `D
measures the confidence in the classification of the input volume xi masked
with the inverse of the generated mask, i.e (1−m).

By training the mask generator model with the loss function (10), there
is an explicit relationship between saliency and malignant lesions (Maicas
et al., 2018b). By setting yi = 0 for negative volumes, they are forced to
have no salient regions. For positives volumes, salient regions are forced to
have the following characteristics: 1) be small and smooth, 2) when used to
mask the input volume, the classification result is positive; and 3) when its
inverse is used to mask the input volume, the classification result is negative.
During inference, volumes diagnosed as positive are fed forward through
the decoder to produce a mask, where each voxel has values in [0, 1]. This
mask is thresholded at ζ to obtain the malignant lesions.

4. Experiments

In this section, we describe the dataset and experimental set-up used
to assess the proposed methods for the problems of breast screening and
malignant lesion detection.

4.1. Dataset

Our methods are evaluated with a dataset containing MRI scans from
117 patients. The dataset is patient-wise split into training, validation and
test sets using the same split as previous approaches (Maicas et al., 2017b,
2018a,b). The training set contains scans from 45 patients, where these scans
show 38 malignant lesions and 19 benign lesions – the scans also show that 29
of the patients have at least one malignant lesion while 16 only have benign
lesion(s). The validation set has scans from 13 patients, with 11 malignant
and 4 benign lesions – these scans show that 9 of the patients have at least
one malignant lesion while 4 patients have only benign lesion(s). The test
set contains scans from 59 patients, with 46 malignant and 23 benign lesions
– the scans show that 37 of the patients have at least one malignant lesion
while 22 have only benign lesion(s). The characterization of each lesion was
confirmed with a biopsy. Every patient has at least one lesion, but not every
breast contains lesions. There are 42, 13, and 58 breasts with no lesions in
the training, validation and testing sets, respectively. Likewise, 18, 4, and
22 breasts contain only benign lesions (i.e. are considered “benign”) and
30, 9, and 38 contain at least one malignant lesions (i.e. are considered
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“malignant”). For the breast screening problem, “Malignant” breasts are
considered positive while “benign” and breasts with no lesions are considered
negative. The MRI dataset (McClymont et al., 2014) contains T1-weighted
and two dynamic contrast enhanced (pre-contrast and first post-contrast)
volumes for each patient acquired with a 1.5 Tesla GE Signa HDxt scanner.
The T1-weighted anatomical volumes were acquired without fat suppression
and with an acquisition matrix of 512×512. The DCE-MRI images are based
on T1-weighted volumes with fat suppression, with an acquisition matrix of
360 × 360 and a slice thickness of 1 mm. Firstly, a pre-contrast volume
was acquired before a contrast agent was injected. The first post-contrast
volume was acquired after a delay of 45 seconds after the acquisition of the
pre-contrast. The first subtraction volume is formed by subtracting the pre-
contrast volume to the first post-contrast volume. Both T1-weighted and
DCE-MRI were acquired axially.

The dataset was preprocessed using the T1-weighted volume to segment
the breast region from the chest wall using Hayton’s method (Hayton et al.,
1997; McClymont et al., 2014). This involves removing the pectoral muscle
which may produce false positive detections. In addition, The breast region
was divided into left and right breasts by splitting the volume in halves, as
the breast region was initially centred. Each breast volume was resized to a
size of 100 × 100 × 50 voxels. Note that we operate the proposed methods
breast-wise.

4.2. Experimental Set-up

The aim of the experiments is to assess our pre-hoc and post-hoc ap-
proaches in terms of their performance for diagnosing malignancy and localis-
ing malignant lesions from breast DCE-MRI. Firstly, we individually evaluate
the components of our proposed pre-hoc and post-hoc methods. Secondly, we
compare the performance of both approaches in terms of diagnosis accuracy
and malignant lesion localisation. Note that in every localisation evaluation
we consider a region to be true positive if the Dice coefficient measured be-
tween a candidate region and the ground truth lesion is at least 0.2 (Maicas
et al., 2017b, 2018b).

4.2.1. Pre-hoc System

The lesion detection step in the pre-hoc approach is evaluated in terms of
the free response operating characteristic (FROC) curve measured patient-
wisely (as in previous detection works (Gubern-Mérida et al., 2015; Maicas
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et al., 2017b, 2018b)), which compares the true positive rate (TPR) against
the number of false positive detections per patient (FPP). We also measure
the inference time in a computer with the following configuration: Intel Core
i7, 12 GB of RAM and a GPU Nvidia Titan X 12 GB. As in previous diag-
nosis work (Maicas et al., 2017b), the diagnosis step in the pre-hoc method
is evaluated in terms of the area under the receiving operation characteris-
tic curve (AUC), which compares true positive diagnosis rate against false
positive diagnosis rate. The AUC is measured breast-wise in two different
scenarios: 1) all the breasts in the testing set are considered, and 2) only
breasts with at least one detected region are considered.

The lesion detection uses a 3D ResNet trained from scratch with ran-
dom bounding volumes sampled from the training volumes. More specifi-
cally, we sample 8000 positive and 8000 negative patches that are resized
to 100 × 100 × 50 (the input size to the 3D ResNet). The choice of the
input size of the ResNet is 100 × 100 × 50 so that every lesion is visible –
some tiny lesions disappear at finer resolutions. The architecture of the 3D
ResNet (He et al., 2016) comprises 5 Residual Blocks (Huang et al., 2016),
each of them preceded by a convolutional layer. After the last residual block,
the model contains two additional convolutional layers and a fully connected
(FC) layer. The embedding of the observation “o” is the output of the second
to last convolutional layer, before the FC layer and it has 2304 dimensions.

The DQN is a 2-layer multi-layer perceptron, with each layer containing
512 nodes. It outputs the Q-value for 9 actions: translation by one third
of the size of the observation in the positive or negative direction on each
of the dimensions (i.e. 6 actions), scaling by one sixth of the size of the
observation and is applied in every dimension (i.e. 2 actions) and the trigger
action. The reward value for the trigger action has been empirically defined
as η = 10 if τw = 0.2 (i.e., the Dice coefficient is at least 0.2 during the
trigger action), and the discount factor is γ = 0.9. The DQN is trained with
batches of 100 experiences from the experience replay memory E , which can
store 10000 experiences. We use Adam optimizer (Kingma and Ba, 2014)
with a learning rate of 10−6.

During training, the model is initialized with one centred large observa-
tion covering 75% of the input breast volume. During inference, the lesion
detection algorithm is launched from 13 different initializations in order to
increase the chances of finding all possible lesions present in a breast. In ad-
dition to the same initialization used during training, eight initializations are
placed in each of the eight 50×50×25 corner volumes, and four 50×50×25
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initializations are placed centred between the previous 8 initializations. The
balance between exploration and exploitation during training is given by ε,
which decreases linearly from ε = 1 to ε = 0.1 after 300 epochs, and by
κ = 0.5.

Detected regions are resized to 24× 24× 12, which is the median value of
the size of all detections in the training set. The lesion diagnosis uses a 3D
DenseNet (Huang et al., 2017) composed of three dense blocks of two dense
layers each. Each dense layer comprises a batch normalization, ReLu and a
convolutional layer. In the particular DenseNet implementation used in this
paper, we use a compression of 0.5 and a growth rate of 6. Global average
pooling of 6× 6× 3 is applied after the last dense block and before the fully
connected layer. The DenseNet is optimized with stochastic gradient descent
with a learning rate of 0.01. The dataset used to train the 3D DenseNet is
composed of all detections obtained from the training set. Model selection is
performed using the detections from the validation set based on the breast-
wise AUC for breast screening. Note that detections that correspond to
malignant lesions are labelled as positive while detections that correspond to
benign lesions or false positives are labelled as negative

4.2.2. Post-hoc System

The diagnosis step in the post-hoc approach is evaluated with the breast-
wise AUC. The malignant lesion localization step in the post-hoc approach is
evaluated in terms of FROC curve patient-wise under two different scenarios:
1) all the patients in the test set are considered to compute the FROC (A),
and 2) only the number of patients that had at least one breast diagnosed
as malignant (+), such that the performance of the 1-class saliency detector
can be isolated.

The breast volume diagnosis meta-training algorithm uses as the underly-
ing model a 3D DenseNet (Huang et al., 2017). The architecture was decided
based on the optimization of a 3D DenseNet (trained with the training set
T ) to achieve the best results for the breast screening task on the validation
set V and consists of 5 dense blocks with 2 dense layers each. Each dense
layer comprises a batch normalization, ReLu and convolutional layer, where
compression was 0.5 and growth rate 6. No data augmentation or dropout
were used since they did not improve the performance of this 3D model. For
meta-training, the learning rate is α = 0.01 and the meta-learning rate is
β = 0.001. The number of gradient descent steps during adaptation is 5
and the number of meta-iterations is M = 3000. The meta-batch size con-
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Inference Time Per Patient
DQN ( 13 Initializations ) 92± 21s
MS-SL 164± 137s
Cascade O(60)min

Table 1: Inference time per patient of our proposed pre-hoc detection method (DQN
using 13 initializations per breast), the MS-SL (mean-shift structured learning), and the
multi-scale cascade baselines.

tained |Kt| = 5 tasks, where each task had N tr = 4 samples for training and
N val = 4 for validation. Each buffer Bj stored 40 recent rewards.

The localisation of malignant lesions in positively classified volumes
is achieved by thresholding the generated saliency map at ζ = 0.8 – this
threshold was decided based on the detection performance in the validation
set. The parameters for training the 1-class saliency detector in (10) are:
λ1 = 0.1, λ2 = 3, λ3 = 1, and λ4 = 2.5.

4.2.3. Comparison Between Pre- and Post-Hoc

Using the set-up described above for pre-hoc and post-hoc approaches,
we compare the performance of both methods. We evaluate diagnosis breast-
wisely and patient-wisely in terms of the area under the receiving operation
characteristic curve (AUC). We also evaluate the performance of malignant
lesion localisation for each approach patient-wisely using the FROC curve as
in previous works (Gubern-Mérida et al., 2015; Maicas et al., 2017b, 2018b).
Note that the TPR for malignant lesion localization breast-wisely is the same
as patient-wisely, while the FPR breast-wisely is the same as the one for
patient-wisely divided by two. For the post-hoc method, we also plot the
two scenarios (A) and (+), explained above.

4.2.4. Experimental Results for the Pre-hoc System

We compare the performance of our lesion detection step against an
improved version of exhaustive search, namely a multi-scale cascade based
on deep learning features (Maicas et al., 2017a), and a mean-shift clustering
method followed by structured learning (McClymont et al., 2014) (note that
only one operating point is available for this approach), which is evaluated
on the same dataset using a different training and testing data split. Figure 5
shows the FROC curve with the detection results and Table 1 contains the
inference times per patient needed by each of the methods.
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Figure 5: FROC curve per patient for for the lesion detection step of our pre-hoc method,
labelled as DQN, where the information in brackets refers to the number of initialisations
per breast used during the inference process. MS-SL refers to the mean-shift structured
learning approach, and Cascade denotes the multi-scale cascade method based on deep
learning features.

The diagnosis of breast volumes, based on the classification of the de-
tected regions, achieves an AUC of 0.85, if all volumes in the test dataset are
considered.

4.2.5. Experimental Results for the Post-hoc System

We evaluate the performance of our post-hoc diagnosis against three
state-of-the-art classifiers. The first baseline is the 3D DenseNet (Huang
et al., 2017) that has been optimized to solve the breast screening problem
(as explained in Sec. 4.2.2). The second baseline is the same 3D DenseNet
fine-tuned using a multiple instance learning (MIL) set-up (Zhu et al., 2017),
which holds the state-of-the-art for the breast screening problem from mam-
mography. Finally, we compare against a 3D DenseNet trained from scratch
using multi-task learning (Xue et al., 2018), such that the model is jointly
trained to solve all the tasks defined in Sec. 3.3.1. See Table 2 for the AUC
diagnosis results.

Our 1-class saliency detector specially designed to detect malignant
lesions in positively classified volumes is compared against the following
baselines: CAM (Zhou et al., 2016), and Grad-CAM and Guided Grad-
CAM (Selvaraju et al., 2017). Figure 6 shows the FROC curves for our
proposed methods and baselines in each of the two scenarios (A) and (+).
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Baseline AUC
Meta-Training(Ours) 0.90
Multi-task (Xue et al., 2018) 0.85
MIL (Zhu et al., 2017) 0.85
DenseNet (Huang et al., 2017) 0.83

Table 2: Breast-wise AUC for diagnosis in post-hoc systems. Our proposed post-hoc
diagnosis method based on meta-training is labelled as Meta-Training, while the baseline
based on multiple instance learning is labelled as MIL and the one based on multi-task
learning is denoted as Multi-task.

Pre-Hoc Post-Hoc
Breast-wise 0.85 0.90
Patient-wise 0.81 0.91

Table 3: AUC comparing the diagnosis performance between pre-hoc and post-hoc mea-
sured breast-wise and patient-wise.

4.2.6. Experimental Results for the Comparison Between Pre- and Post-Hoc

Table 3 contains the AUC for the malignancy diagnosis measured breast-
wise and patient-wise for the pre-hoc and post-hoc approaches. Figure 7
shows the ROC curves used in the computation of the AUC in Table 3.
Figure 8 shows the FROC curves for malignant lesion detection of pre-hoc and
post-hoc ( (A) and (+) ) methods. Figures 9 , 10, and 11 display examples of
breast diagnosis and lesion localizations obtained from the proposed pre-hoc
and post-hoc methods, where both methods correctly performed diagnosis
(Fig. 9), only the pre-hoc method correctly diagnosed the breast (Fig. 10),
and only the post-hoc method correctly diagnosed the breast (Fig. 11).

5. Discussion

The localization step in the pre-hoc method achieves similar accuracy to
the baseline methods. As shown in Figure 5, the TPR and FPR directly
depends on the number of initializations used by the reinforcement learning
algorithm. In addition, the performance of our localization step is very simi-
lar to the baseline based on a multi-scale cascade using exhaustive search with
deep features. However, multi-scale cascade (164s) and clustering+structure
learning (several hours) methods require large inference times compared to
our attention model (92s) as shown in Table 1.
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Figure 6: Patient-wise FROC curves for post-hoc malignant lesion detection, where our
method is denoted as 1-Class Saliency. Baselines are denoted as CAM (Zhou et al., 2016),
and Grad-CAM and Guided Grad-CAM (Selvaraju et al., 2017). For each method, we
present two scenarios: (A) all the volumes in the test set are considered to compute the
FROC, and (+) only positively classified volumes are considered.

The post-hoc diagnosis step improves over several baseline methods, as
shown in Table 2. These baseline methods are based on a DenseNet (Huang
et al., 2017), specifically optimised for the breast screening classification,
and on extensions derived from multiple instance learning (Zhu et al., 2017)
and multi-task learning (Xue et al., 2018). These results show that meta-
training the model to solve tasks with small training sets is an important step
to improve the learning of methods when only small datasets are available.
Baseline approaches (Huang et al., 2017; Xue et al., 2018) only show a limited
improvement over the DenseNet baseline.

The localization step in our post-hoc method benefits from our definition
of saliency, as shown in Figure. 6. In contrast, baseline methods show acti-
vations that do not correlate well with the target classification. In addition,
baseline methods, such as CAM (Zhou et al., 2016) and Grad-Cam (Selvaraju
et al., 2017), suffer from the low resolution of the activation feature maps,
despite the improvement achieved by Guided Grad-Cam (Selvaraju et al.,
2017). Measuring results only on positively classified volumes ( (+) curves in
Figure 6) discounts the mistakes made by the diagnosis step and provides an
evaluation that isolates the lesion detection ( (A) curves in Figure 6). Note
that there is no straightforward comparison between the localization steps
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Figure 7: ROC curves for malignancy diagnosis of pre-hoc and post-hoc full pipelines
measures breast and patient-wise.

in post-hoc methodologies (that only detects malignant lesions) and the lo-
calization step in pre-hoc methodologies (that detects benign and malignant
lesions). Such malignant lesion detection comparison only makes sense in
terms of the full pre-hoc and post-hoc pipelines, which is detailed below.

In terms of the full pipeline, we observe in Table 3 and Figure 7 that
the post-hoc system has a higher classification AUC than the pre-hoc for
breast screening from breast DCE-MRI. The difference between these two
methods is higher when measured patient-wise compared to breast-wise. It
seems reasonable to think that the reason behind such discrepancy is an
effect of the missed detections in pre-hoc. In difficult (small and low contrast
lesions) cases with missed detections, the confidence score of malignancy of a
breast is considered 0. While this effect is smaller when the AUC is measured
breast-wise (as there are 118 samples of breasts), it is larger when measured
patient-wise (59 samples of patients). Furthermore, the better results of
the post-hoc method suggest that the analysis of the whole image allows
it to find indications for malignancy that are located in other areas of the
image (Kostopoulos et al., 2017).

Regarding the localization of malignant lesions, the pre-hoc system achieves
better accuracy, compared with the post-hoc. This suggests that the strong
annotations used to train the pre-hoc method gives it an advantage for the
localisation of lesions, when compared with the weak annotation used to train
the post-hoc approach. This issue is exemplified in Figure 9 (Row 1), where
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Figure 8: Patient-wise FROC curve for malignant lesion detection of pre-hoc and post-hoc
full pipeline methods. For the post-hoc method, we present two scenarios the two scenarios
(A) and (+)

although both approaches present a correct diagnosis, the post-hoc method
yields a higher number of false positive malignant lesion detections. A simi-
lar behaviour can be seen in Figure 10 (Row 2), where the post-hoc produces
an incorrect diagnosis and additionally yields two false positive detections.
In addition, the detection step for the pre-hoc system is mainly designed to
achieve good performance when only a small training set is available. On the
contrary, the malignant lesion localization step in the post-hoc approach is
not particularly focused on being able to perform well from a small dataset.
This difference in design focus is likely to be influencing the detection results
too. Finally, it is worth noting that the FROC for the post-hoc approach
(Post-hoc (A) curve in Fig. 8) is affected by the diagnosis process. However,
if we remove the effect of the diagnosis step and consider the performance
of malignant lesion localization in positively classified volumes, we observe a
closer performance compared to the pre-hoc method, even though the post-
hoc system is trained with weak annotations.

6. Limitations and Future Work

The main limitation of our work comes from the small dataset available.
In addition to a larger test set, we aim to increase our dataset to include
patients where no lesions are found in order to better recreate the scenario
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(a) (b) (c)

(d) (e) (f)

Figure 9: Example of two correct diagnosis by both pre-hoc and post-hoc full pipeline
methods. Left column is the ground truth, middle column is the result of the pre-hoc
method and right column is the result of the post-hoc method. Red image frames indicate
malignant diagnosis, green frames indicate non-malignant diagnosis. Detections in red
indicates TP malignant detections, yellow detections indicate FP malignant detections,
detections in green indicate benign lesions. First row: pre-hoc and post-hoc correct
positive diagnosis with the malignant lesion detected. Second row: pre-hoc and post-
hoc correct negative diagnosis where the pre-hoc method correctly classified as negative a
detected benign lesion and the post-hoc method did not localize any malignant lesion

of a screening population. Ideally, this dataset will contain scanners from
different vendors too. Another limitation of this work involves the lack of
cross-validation experiments. This decision is justified to allow a fair com-
parison with other works (Maicas et al., 2017a,b, 2018a,b; McClymont et al.,
2014) on the same dataset.

Future work involves the improvement of the malignant lesion localiza-
tion in post-hoc methodologies by designing a new method specifically for
the small training set available. We believe that the Lesion localization step
in pre-hoc approaches could also be improved in terms of inference time and
accuracy. As noted in (Maicas et al., 2017b), improvements in running time
can be achieved by running the different initializations of the detection al-
gorithm in parallel and by optimizing the resizing operation of the current
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(a) (b) (c)

(d) (e) (f)

Figure 10: Example of two correct diagnosis by the pre-hoc system, but wrongly diagnosed
by the post-hoc method. Left column is the ground truth, middle column is the result of the
pre-hoc method and right column is the result of the post-hoc method. Red image frames
indicate malignant diagnosis, green frames indicate non-malignant diagnosis. Detections in
red indicate TP malignant detections, yellow detections indicate FP malignant detections,
detection in blue indicates a ROI detection correctly classified as negative (non-malignant).
First row: correct positive diagnosis by the pre-hoc method with the malignant lesion
correctly detected but incorrect non-malignant diagnosis by the post-hoc method. Second
row: correct negative diagnosis by the pre-hoc method, but incorrect positive diagnosis
by the post-hoc system – yielding the potential malignant regions in the rectangles shown
in yellow.

bounding volume. In addition, the use of a U-net (Ronneberger et al., 2015)
would allow the implementation of a faster segmentation map maintaining
the detection accuracy. Finally, it would be interesting to design a method
that could diagnose based on the combined analysis of MRI and mammog-
raphy.

7. Conclusion

We introduced and compared two different approaches for breast screen-
ing from breast DCE-MRI: pre-hoc and post-hoc methods. The pre-hoc
method localizes suspicious regions (benign and malignant lesions) using an
attention model based on deep reinforcement learning. Detected regions
were subsequently classified into malignant or non-malignant lesions using
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(a) (b) (c)

(d) (e) (f)

Figure 11: Example of two incorrect diagnosis by the pre-hoc, but correctly diagnosed
by the post-hoc method. Left column is the ground truth, middle column is the result
of the pre-hoc method and right column is the result of the post-hoc method. Red im-
age frames indicate malignant diagnosis, green frames indicate non-malignant diagnosis.
Detections in red indicate TP malignant detections, yellow detections indicate FP malig-
nant detections, detection in green indicates a benign ROI detection. First Row: the
pre-hoc system incorrectly diagnoses as negative, while post-hoc system correctly diag-
noses as positive and yields the malignant lesion. Second row: the post-hoc method
correctly diagnoses as negative, but pre-hoc incorrectly diagnoses as positive due to the
wrong positive classification of a detected lesion

a 3D DenseNet. The post-hoc method diagnoses a DCE-MRI breast vol-
ume using a classifier that, before being trained to solve the breast screening
task, has been meta-trained to solve several breast-related tasks where only
small training sets are available. Malignant regions are then localized with a
1-class saliency detector specifically designed for post-hoc systems that per-
form diagnosis. Results showed that the post-hoc method can achieve better
performance for malignancy diagnosis, whereas the pre-hoc method could
more precisely localize malignant lesions. However, this improvement of the
pre-hoc detection method relies on the employment of strong annotations
during the training process. On the other hand, post-hoc methods only use
weak labels during the training phase and outperforms pre-hoc methods in
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diagnosis, which is the main aim of a breast screening system. In conclu-
sion, we believe that future research should focus on the development and
improvement of post-hoc diagnosis methods.
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Dalmış, M.U., Vreemann, S., Kooi, T., Mann, R.M., Karssemeijer, N.,
Gubern-Mérida, A., 2018. Fully automated detection of breast cancer
in screening mri using convolutional neural networks. Journal of Medical
Imaging 5, 014502.

DeSantis, C.E., Bray, F., Ferlay, J., Lortet-Tieulent, J., Anderson, B.O.,
Jemal, A., 2015. International variation in female breast cancer incidence
and mortality rates. Cancer Epidemiology and Prevention Biomarkers 24,
1495–1506.

Dubost, F., Bortsova, G., Adams, H., Ikram, A., Niessen, W.J., Vernooij, M.,
De Bruijne, M., 2017. Gp-unet: Lesion detection from weak labels with
a 3d regression network, in: International Conference on Medical Image
Computing and Computer-Assisted Intervention, Springer. pp. 214–221.

Esteva, A., Kuprel, B., Novoa, R.A., Ko, J., Swetter, S.M., Blau, H.M.,
Thrun, S., 2017. Dermatologist-level classification of skin cancer with deep
neural networks. Nature .

Feng, X., Yang, J., Laine, A.F., Angelini, E.D., 2017. Discriminative local-
ization in cnns for weakly-supervised segmentation of pulmonary nodules,
in: International Conference on Medical Image Computing and Computer-
Assisted Intervention, Springer. pp. 568–576.

Gallego-Ortiz, C., Martel, A.L., 2015. Improving the accuracy of computer-
aided diagnosis for breast mr imaging by differentiating between mass and
nonmass lesions. Radiology 278, 679–688.

Gilbert, F., Selamoglu, A., 2018. Personalised screening: is this the way
forward? Clinical radiology 73, 327–333.

Grimm, L.J., Anderson, A.L., Baker, J.A., Johnson, K.S., Walsh, R., Yoon,
S.C., Ghate, S.V., 2015. Interobserver variability between breast imagers

33

Pre and Post-hoc Diagnosis and Interpretation of Malignancy from Breast DCE-MRI

92



using the fifth edition of the bi-rads mri lexicon. American Journal of
Roentgenology 204, 1120–1124.

Gubern-Mérida, A., Mart́ı, R., Melendez, J., Hauth, J.L., Mann, R.M.,
Karssemeijer, N., Platel, B., 2015. Automated localization of breast cancer
in dce-mri. Medical image analysis 20, 265–274.

Gubern-Mérida, A., Vreemann, S., Mart́ı, R., Melendez, J., Lardenoije, S.,
Mann, R.M., Karssemeijer, N., Platel, B., 2016. Automated detection
of breast cancer in false-negative screening mri studies from women at
increased risk. European journal of radiology 85, 472–479.

Hayton, P., Brady, M., Tarassenko, L., Moore, N., 1997. Analysis of dynamic
mr breast images using a model of contrast enhancement. Medical image
analysis 1, 207–224.

He, K., Gkioxari, G., Dollár, P., Girshick, R., 2017. Mask r-cnn, in: Com-
puter Vision (ICCV), 2017 IEEE International Conference on, IEEE. pp.
2980–2988.

He, K., Zhang, X., Ren, S., Sun, J., 2016. Deep residual learning for image
recognition, in: Proceedings of the IEEE conference on computer vision
and pattern recognition, pp. 770–778.

Huang, G., Liu, Z., van der Maaten, L., Weinberger, K.Q., 2017. Densely
connected convolutional networks, in: Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pp. 4700–4708.

Huang, G., Sun, Y., Liu, Z., Sedra, D., Weinberger, K.Q., 2016. Deep net-
works with stochastic depth, in: European Conference on Computer Vi-
sion, Springer. pp. 646–661.

Kingma, D., Ba, J., 2014. Adam: A method for stochastic optimization.
arXiv preprint arXiv:1412.6980 .

Kostopoulos, S.A., Vassiou, K.G., Lavdas, E.N., Cavouras, D.A., Kalatzis,
I.K., Asvestas, P.A., Arvanitis, D.L., Fezoulidis, I.V., Glotsos, D.T., 2017.
Computer-based automated estimation of breast vascularity and correla-
tion with breast cancer in dce-mri images. Magnetic resonance imaging
35, 39–45.

34

93



Kousi, E., Borri, M., Dean, J., Panek, R., Scurr, E., Leach, M.O., Schmidt,
M.A., 2015. Quality assurance in mri breast screening: comparing signal-
to-noise ratio in dynamic contrast-enhanced imaging protocols. Physics in
Medicine & Biology 61, 37.

Kriege, M., Brekelmans, C.T., Boetes, C., Besnard, P.E., Zonderland, H.M.,
Obdeijn, I.M., Manoliu, R.A., Kok, T., Peterse, H., Tilanus-Linthorst,
M.M., et al., 2004. Efficacy of mri and mammography for breast-cancer
screening in women with a familial or genetic predisposition. New England
Journal of Medicine 351, 427–437.

Krizhevsky, A., Sutskever, I., Hinton, G.E., 2012. Imagenet classification
with deep convolutional neural networks, in: Advances in neural informa-
tion processing systems, pp. 1097–1105.

Lehman, C.D., Blume, J.D., DeMartini, W.B., Hylton, N.M., Herman, B.,
Schnall, M.D., 2013. Accuracy and interpretation time of computer-aided
detection among novice and experienced breast mri readers. American
Journal of Roentgenology 200, W683–W689.

Levman, J.E., Causer, P., Warner, E., Martel, A.L., 2009. Effect of the
enhancement threshold on the computer-aided detection of breast cancer
using mri. Academic radiology 16, 1064–1069.

Li, Z., Wang, C., Han, M., Xue, Y., Wei, W., Li, L.J., Fei-Fei, L., 2018.
Thoracic disease identification and localization with limited supervision,
in: Proceedings of the IEEE conference on computer vision and pattern
recognition.

Liu, H., Zheng, Y., Liang, D., Tang, P., Ren, F., Zhang, L., Zhao, Z., 2017.
Total variation based dce-mri decomposition by separating lesion from
background for time-intensity curve estimation. Medical physics 44, 2321–
2331.

Maicas, G., Bradley, A.P., Nascimento, J.C., Reid, I., Carneiro, G., 2018a.
Training medical image analysis systems like radiologists, in: International
Conference on Medical Image Computing and Computer-Assisted Inter-
vention.

Maicas, G., Carneiro, G., Bradley, A.P., 2017a. Globally optimal breast mass
segmentation from dce-mri using deep semantic segmentation as shape

35

Pre and Post-hoc Diagnosis and Interpretation of Malignancy from Breast DCE-MRI

94



prior, in: International Symposium on Biomedical Imaging, IEEE. pp.
305–309.

Maicas, G., Carneiro, G., Bradley, A.P., Nascimento, J.C., Reid, I., 2017b.
Deep reinforcement learning for active breast lesion detection from dce-mri,
in: International Conference on Medical Image Computing and Computer-
Assisted Intervention, Springer. pp. 665–673.

Maicas, G., Snaauw, G., Bradley, A.P., Reid, I., Carneiro, G., 2018b. Model
agnostic saliency for weakly supervised lesion detection from breast dce-
mri. arXiv preprint arXiv:1807.07784 .

Mainiero, M.B., Moy, L., Baron, P., Didwania, A.D., Green, E.D., Heller,
S.L., Holbrook, A.I., Lee, S.J., Lewin, A.A., Lourenco, A.P., et al., 2017.
Acr appropriateness criteria R© breast cancer screening. Journal of the
American College of Radiology 14, S383–S390.

Mango, V.L., Morris, E.A., Dershaw, D.D., Abramson, A., Fry, C.,
Moskowitz, C.S., Hughes, M., Kaplan, J., Jochelson, M.S., 2015. Abbre-
viated protocol for breast mri: are multiple sequences needed for cancer
detection? European journal of radiology 84, 65–70.

Matiisen, T., Oliver, A., Cohen, T., Schulman, J., 2017. Teacher-student
curriculum learning. arXiv preprint arXiv:1707.00183 .

Mcclymont, D., 2015. Computer assisted detection and characterisation of
breast cancer in mri .

McClymont, D., Mehnert, A., Trakic, A., et al., 2014. Fully automatic lesion
segmentation in breast MRI using mean-shift and graph-cuts on a region
adjacency graph. JMRI 39, 795–804. URL: http://dx.doi.org/10.1002/
jmri.24229, doi:10.1002/jmri.24229.

Meinel, L.A., Stolpen, A.H., Berbaum, K.S., Fajardo, L.L., Reinhardt, J.M.,
2007. Breast mri lesion classification: Improved performance of human
readers with a backpropagation neural network computer-aided diagnosis
(cad) system. Journal of magnetic resonance imaging 25, 89–95.
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Chapter 8

Conclusion

In this thesis, we propose pre-hoc and post-hoc methods to perform diagnosis and localize
malignant lesions from breast DCE-MRI. Firstly, we present two approaches that can be
trained from small strongly labelled datasets and that significantly decrease the inference
time of the lesion localization stage of pre-hoc systems. Secondly, we focus on the design
of a post-hoc system. We introduce a novel training method from relatively small weakly
labelled datasets for post-hoc diagnosis systems that accurately diagnoses breast volumes. We
additionally propose a new method to detect the malignant lesions that led the post-hoc system
to a positive diagnosis. Finally, we compare our proposed pre-hoc and post-hoc approaches
in terms of the type of annotation required in the training phase and their performance for
diagnosis and malignant lesion localization. Results show that the post-hoc system trained
from a weakly labelled dataset outperforms the pre-hoc system for whole volume diagnosis.
On the other hand, the pre-hoc system achieves better malignant lesion localization due to
the benefits of using strongly labelled datasets during the training phase.

In this chapter, we briefly summarize the contributions of this thesis in Sec. 8.1 and
describe the limitations and future work in Sec. 8.2.

8.1 Summary of Contributions

In summary, the main contributions of this thesis are:

1. A globally optimal segmentation method that can be trained from small strongly
labelled datasets for the lesion localization stage of pre-hoc systems [97]. Our method
is based on the global minimization of an energy functional that incorporates a shape
prior from a deep learning model. Experiments show that our methodology sets the
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new state-of-the-art lesion segmentation accuracy while significantly reducing the
inference time when compared to multiple baselines [126, 177, 178].

2. An attention model that progressively focuses on lesions to speed up the lesion detection
stage of pre-hoc systems [80]. Our method is based on deep reinforcement learning and
can be trained from small strongly labelled datasets. Results show that our proposed
method achieves similar lesion detection accuracy to state-of-the-art methods [75, 126]
while significantly decreasing the inference time.

3. A novel method to train a classifier to perform diagnosis in post-hoc systems where only
a small weakly labelled training set is available. We propose to meta-train the classifier
following a curriculum learning strategy to learn to solve classification problems with
small training sets. The classifier is then trained with a small training set to precisely
perform diagnosis. Experiments show that our proposed method outperforms state-of-
the-art training methodologies such as multi-tasking [92] and deep multiple instance
learning [91].

4. A 1-class saliency detector, trained from a weakly labelled training set, that can
interpret the decisions of a post-hoc diagnosis system by localizing malignant lesions
in positively diagnosed volumes [99]. Our 1-class saliency detector tries to assure that
detected regions in the image correspond to lesions by explicitly defining them in the
training loss function. Experiments show that our method achieves the new state-of-
the-art detection performance among weakly supervised post-hoc lesion detectors [167,
171].

5. Finally, we present a systematic comparison between our proposed pre-hoc and post-
hoc approaches for breast screening from DCE-MRI [100]. The pre-hoc approach is
built by: 1) detecting lesions with the proposed attention model based on deep rein-
forcement learning [80], and 2) classifying the detected regions to perform diagnosis
using the state-of-the-art classifier DenseNet [90]. The post-hoc approach is built by:
1) performing diagnosis with a classifier that has been meta-trained with curriculum
learning to learn to solve problems where only a small training set is available [98],
and 2) for positively diagnosed volumes, malignant lesions are localized in the volume
with the 1-class lesion detector [99]. Experiments show that the post-hoc approach
trained with weak labels achieves better performance at volume diagnosis. However,
the pre-hoc approach can better localize malignant lesions, probably due to the use of
strongly annotated data during the training process.
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8.2 Limitations and Future Work

Results presented in this study are limited by the small training, validation and testing sets
employed to assess the proposed methods – 45, 13, and 59 patients respectively. Even
though the purpose of this thesis is not to perform the clinical validation of the methods
presented, the first step towards incorporating such algorithms into clinical practice should
be the training and evaluation of the methods on larger datasets.

The composition of the dataset suffers from four limitations. Firstly, the dataset only
contains patients with at least one lesion (benign and/or malignant) confirmed with biopsy.
In the interest of validating the proposed methods, it would be desirable to include a larger
proportion of patients with no lesions that can better represent a population-based breast
screening setting. It is unclear how the results presented in this thesis would translate into
a set-up where there is a large class imbalance between healthy and non-healthy cases.
Secondly, the dataset employed in this thesis contains images from only one scanner. Aiming
at deploying our proposed methods in clinical practice at different hospitals, the algorithms
should be evaluated in MRI scanners from different vendors and further research should
also focus on adapting and evaluating the methods on multi-scanner and multi-centre [179]
datasets. Thirdly, our methods only consider the first DCE-MRI subtraction volume aiming
to reduce the acquisition times and cost [180, 181]. It would be interesting to evaluate
whether this choice is limiting the performance of our algorithms. Finally, our dataset does
not contain DWI volumes. Since DWI-MRI is non-invasive imaging modality, we suggest
that further research focuses on the extension of our methods to breast DWI-MRI datasets to
assess their potentiality in comparison to breast DCE-MRI [44].

Regarding the experimental section of this thesis, note that all experiments use the
same training, validation and testing set to allow a fair comparison between the proposed
methods [80, 97–100] and previous work [14, 126]. However, we believe that further
experiments should be performed using cross-validation to allow an analysis of the variance
and stability in the performance of our methods.

Regarding the methods presented in this thesis, we believe that our proposed localization
approaches for breast screening from DCE-MRI should be benchmarked against the popular
U-net [132] that can quickly produce segmentation maps. Additionally, regarding the 1-class
saliency detector, we believe that a better performance can be achieved if the training phase
is specially designed for small training sets. We specifically suggest to meta-train the 1-class
saliency detector to learn to localise lesions in tasks where only small training sets are
available [98]. Note that improving the accuracy of weakly supervised lesion localization
methods is a critical step to facilitate the adoption of these systems in clinical settings.

103



Conclusion

Finally, although the proposed algorithms have been evaluated in the problem of breast
screening from DCE-MRI, we believe that further research should focus on adapting, extend-
ing and evaluating our methods in other types of cancer and disease diagnosis where it is not
possible to build large datasets.
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