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Segmentation of Medical Images

▪ Automatic segmentation is one of main areas of research in 
medical image analysis

▪ Segmentation Definition: 
▪ Delineation of boundaries between classes (white matter vs. grey matter)
▪ Labeling each voxel as being a member of a class (tumour vs. non tumour)

▪ Important for a number of clinical domains. Examples:
▪ Shape analysis over population

▪ Tracking tissue movement
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1 Introduction 6

small enhanced pathology detection, where evidence from di�erent possible sources is fed

into the system in order to improve the discriminatory power of the model. The outline of

the model is summarized in the next section, and the specific clinical context that is used

for testing the performance of the proposed model is detailed in Section 1.2.

• Initialization mask 
 
Instead of segmenting the entire image under study, we define an initialization mask around 
the structure of interest. A number of strategies can be used to propose an accurate 
initialization, such as matching the best subject (Barnes et al., 2008) followed by a 
morphological dilation of the mask. In this case, we chose a very fast and simple approach 
that uses the union of all the expert segmentations in the training database as the initial mask. 
In this way, we ensure that the structure is completely included in the mask and demonstrate 
the robustness of our method to coarse initialization (see Fig. 2).  
 

  
Fig. 2. Initialization masks. Initialization masks used for the hippocampus and ventricle 
datasets overlaid in blue on one subject. 
 

• Subject selection 
 
A selection is also performed at the subject level that resembles the selection of best subjects 
in the label fusion method (Aljabar et al., 2009). In our method, we use the sum of the 
squared difference (SSD) across the initialization mask instead of normalized mutual 
information over the image, as suggested by Aljabar et al. (2009). This strategy was chosen 
because SSD is sensitive to variation in contrast and luminance; thus, we expect to find a 
greater number of similar patches (in the sense of the L2 norm) in subjects with smaller 
SSDs. The same N closest subjects are retained during the entire segmentation process (see 
Fig. 3 where the three closest subjects are displayed).  
 

• Search volume definition 
 
Initially, the nonlocal means denoising filter was proposed as a weighted average of all the 
pixels in the image (Buades et al., 2005). For computational reasons, the entire image cannot 
be used and the number of pixels involved has to be reduced. As done for denoising (Buades 
et al., 2005; Coupe et al., 2008), we use a limited search volume Vi, defined as a cube 
centered on the voxel xi under study. Thus, within each of the N selected subjects, we search 
for similar patches in a cubic region around the location under study (see Fig. 3). This search 
volume can be viewed as the intersubject variability of the structure of interest in stereotaxic 
space. This variability can increase for a subject with pathology or according to the structure 
under consideration.  
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Hierarchical Probabilistic Gabor and MRF Segmentation of Brain Tumours 753

Fig. 1. Flowchart displaying the various stages of the classification technique. In the MRF classi-
fication and expert labels, red label represents edema, and green represents tumour.

2 Proposed Framework

We develop a hierarchical probabilistic brain tumour segmentation approach, using two
stages. In the first stage, multiwindow Gabor decompositions of the multi-spectral MRI
training images are used to build multivariate Gaussian models for both the healthy
tissues and the tumour (including core and edema tissue). A Bayesian classification
framework using these features is used to obtain initial classification results. In the sec-
ond stage, Gaussian models are built for healthy tissues (i.e. grey matter (GM), white
matter (WM) and cerebrospinal fluid (CSF)) as well as for tumour tissues (e.g. core tis-
sues, edema) from intensity distributions acquired from the training dataset. A Markov
Random Field is trained to classify all these types of tissues. A flowchart of the process
is shown in Fig. 1. We now present in detail the two stages.

2.1 Stage 1: Multiwindow Gabor Bayesian Classification

Training: The data consists of MRI intensity volumes in different contrasts (T1, T1c
(T1-post gado-contrast), T2 and FLAIR). Hence, at each voxel, we have a 4-dimensional
vector containing the intensity in each contrast. Each contrast f of each volume is pro-
cessed using multiwindow, 2D Gabor transforms of the form suggested by [16]. We use
a set of R window functions gr, r = 1 . . . R of the form:

gr[x, y; a, b, n1, n2,m1,m2,�xr ,�yr ] = e�((x�n1a)
2/⇥xr

2+(y�n2a)
2/⇥yr

2)e�j2�(m1bx+m2by)/L,

(1)

where L is the total number of voxels in the slice under consideration, x and y are
space coordinates within the slice, a and b are the magnitude of the shifts in the spatial
and frequency domains respectively, n1,2 and m1,2 are the indices of the shifts in the
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Fig. 1 (Left) a coarsely
registered axial data slice from
the liver segmentation data set
of [16], and (right) the liver
segmentation and our manual
segmentation for other
anatomical structures. Each
shade denotes a different class
label. The classes in decreasing
order of brightness are spleen,
gall bladder, right kidney, left
kidney, liver and background or
other tissues class

extremely tedious. The task is so laborious that even gather-
ing training data to build and evaluate automated systems is
a challenge. In this paper, we thus show how state of the art
machine learning techniques and recently developed image
features can be used to construct such systems. We focus
on segmenting some key abdominal structures within com-
puted tomography (CT) imagery using different amounts of
user interaction. However, the techniques we present should
be much more broadly applicable to different segmentation
problems. We focus in particular on 3D or volumetric seg-
mentation. Some examples of the anatomical structures we
explore are given in Fig. 1, where we show a 2D axial image
slice along with manual segmentation of some organs of
interest. We also explore models that are specialized for the
challenging task of adrenal gland segmentation. In Fig. 2, we
show a sample 2D slice and the zoomed in region containing
an adrenal gland along with a detailed manual segmentation.
The CT imagery shown here and in subsequent figures comes
from the liver segmentation data of [16].1

The adrenal gland is a common site of disease, and detec-
tion of adrenal masses has increased with the expanding use
of cross-sectional imaging. Radiology is playing a critical
role not only in the detection of adrenal abnormalities but
in characterizing them as benign or malignant [29]. In order
to facilitate this process, computer-aided diagnosis systems
could build upon precise voxel level segmentations of the
adrenal gland as a first step for subsequent automated image
processing and classification steps. In both Figs. 1 and 2 as
well as the corresponding organ and adrenal gland exper-
iments in the paper, we use segmentations that have been
obtained from an expert abdominal radiologist. It is our
intention to make our ground truth segmentations available
online.2

Machine learning techniques are playing an essential role
in modern medical image analysis systems. The problem of
image segmentation can be particularly important as seg-
mentations can both be useful in themselves as well as

1 http://www.sliver07.org/.
2 http://www.cs.rochester.edu/~bhole/medicalseg.

Fig. 2 The figure shows the left (clinical) adrenal gland of a normal
patient

serving as input to subsequent automated processing tech-
niques. Markov random fields (MRFs) provide an attractive
framework for image segmentation. For example, previous
work with some goals similar to ours has sought to create
probabilistic atlases of the abdomen and then explored their
application in segmentation using traditional MRFs which
factorize into likelihoods derived from image properties
and spatial priors in the form of MRFs [35]. Park et
al. [35] explored the importance of the probabilistic atlas and
used unsupervised segmentation with maximum a posteriori
(MAP) configuration estimation using the Iterated Condi-
tional Modes (ICM) algorithm of Besag [2]. This type of
approach was common at the time in that interaction poten-
tials were set by hand, discriminative learning techniques
were not used and Besag’s fast but local minima prone ICM
algorithm was used for inference. In our work here, we use
Gaussian mixture models to encode a form of statistical atlas
as well. Such information can serve as a powerful feature
encoding higher level semantic information.

Recent insights have given rise to a new distinction
between traditional MRFs which define a joint distribution
over both segmentation classes and features and conditional
random fields (CRFs) [25] which model the conditional dis-
tributions of the segmentation field directly. CRFs have had
a major impact in machine learning in recent years and our
work here explores their application to 3D image segmen-
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two disconnected subgraphs, each containing a terminal node, and whose sum of edge
weights is minimal. This minimum cut, which assigns each node (pixel) p in P to one
of the two terminals, induces an optimal labeling Ln

opt (Ln
opt(p) = 1 if p is connected

to TF and Ln
opt(p) = 0 if p is connected to TB), which minimizes globally the approx-

imation in (10) and, therefore, the proposed energy function.

3 Experimental Evaluations and Comparisons

We applied the method to 120 short axis cardiac cine MR sequences acquired from
20 subjects: a total of 2280 images including apical, mid-cavity and basal slices were
automatically segmented, and the results were compared to independent manual seg-
mentations by an expert. Using the same datasets, we compared the accuracy and com-
putational load/time of the proposed method with the recent LV segmentation in [1].
Similar to [1], the proposed method relaxes the need of a training, and model dis-
tributions were learned from a user-provided segmentation of the first frame in each
sequence. The regularization and kernel width parameters were unchanged for all the
datasets: � is fixed equal to 0.15, and kernel width ⇥ is set equal to 2 for distance dis-
tributions, and equal to 10 for intensity distributions. In Fig. 1, we give a representative
sample of the results for 2 subjects. Although it uses information from only one frame
in the current data, the method handles implicitly variations in the scale/shape of the

Subject 1, a sample of the results with mid-cavity (1st row) and apical (2nd row) frames

Subject 2, a sample of the results with mid-cavity (1st row) and basal (2nd row) frames

Fig. 1. A representative sample of the results for 2 subjects

Original Image Pixel-based CRF Segment-based CRF Hierarchical CRF Ground Truth

Figure 3. Qualitative, results on the MSRC-21 data set, comparing non-hierarchical(i.e. pairwise models) approaches defined over pixels
(similar to TextonBoost [26]) or segments (similar to [32, 18, 22] described in section 3) against our hierarchical model. Regions marked
black in the hand-labelled ground truth image are unlabelled.
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[25] 72 67 49 88 79 97 97 78 82 54 87 74 72 74 36 24 93 51 78 75 35 66 18
[26] 72 58 62 98 86 58 50 83 60 53 74 63 75 63 35 19 92 15 86 54 19 62 07
[1] 70 55 68 94 84 37 55 68 52 71 47 52 85 69 54 05 85 21 66 16 49 44 32
[32] 75 62 63 98 89 66 54 86 63 71 83 71 79 71 38 23 88 23 88 33 34 43 32

Pixel-based CRF 81 72 73 92 85 75 78 92 75 76 86 79 87 96 95 31 81 34 84 53 61 60 15
Robust PN CRF 83 73 74 92 86 75 83 94 75 83 86 85 84 95 94 30 86 35 87 53 73 63 16

Segment-based CRF 75 60 64 95 78 53 86 99 71 75 70 71 52 72 81 20 58 20 89 26 42 40 05
Hierarchical CRF 86 75 80 96 86 74 87 99 74 87 86 87 82 97 95 30 86 31 95 51 69 66 09

Figure 4. Quantitative results on the MSRC data set. The table shows % pixel accuracy Nii/
P

j Nij for different object classes. ‘Global’

refers to the overall error
P

i⇥L NiiP
i,j⇥L Nij

, while ‘average’ is
P

i�L
Nii

|L|
P

j⇥L Nij
. Nij refers to the number of pixels of label i labelled j.

triplets [f, t, ⇤]. Here f is the normalised histogram of the
feature set, t is the cluster index, and ⇤ a threshold. Aside
from a larger set of features being considered, the selection
and learning procedure is identical to [26].

The segment potential is incorporated into the energy us-
ing Robust PN potentials (5) with parameters

⇥l
c = ⌅s|c|min(�Hl(c) +K,�h), (14)

where Hl(c) is the response given by the Ada-boost clas-
sifier to clique c taking label l, �h a truncation threshold
⇥max
c = |c|(⌅p + ⌅s�h), and K = log

�
l�⇥L eHl� (c) a nor-

malising constant.
For our experiments, the cost of pixel labels differing

from an associated segment label was set to klc = (⇥max
c �

⇥l
c)/0.1|c|. This means that up to 10% of the pixels can take

a label different to the segment label without the segment
variable changing its state to free.
Model Details For both dense unary and histogram-based
segment potentials 4 dense features were used - colour with

128 clusters, location with 144 clusters, texton and HOG
descriptor [6] with 150 clusters. 5000 weak classifiers were
used in the boosting process.

Learning Weights for Hierarchical CRFs Having learnt
potentials ⇧c(xc) as described earlier, the problem remains
of how to assign appropriate weights ⌅c. This weighting,
and the training of hierarchical models in general is not an
easy problem and there is a wide body of literature deal-
ing with it [12, 11, 28]. The approach we take to learn
these weights uses a coarse to fine, layer-based, local search
scheme over a validation set

We first introduce additional notation: V(i) will refer
to the variables contained in the ith layer of the hierarchy,
while x(i) is the labelling of V(i) associated with a MAP es-
timate over the truncated hierarchical CRF consisting of the
random variables v� = {v ⇤ V(k) : k ⇥ i}. Given the
validation data we can determine a dominant label Lc for
each segment c, such that LF = l when

�
i⇥l �(xi = l) =

0.5|c|, if there is no such dominant label, we set Lc = LF .

Int J Comput Vis (2012) 96:83–102 97

Table 1 MSRC-21 segmentation results. The average score provides the average per-class recall. The global scores gives the percentage of
correctly classified pixels

Fig. 8 Qualitative results for
the MSRC-21 dataset.
Comparison between (b) no
consistency potentials,
(c) robust P N -based potentials,
and (d) harmony potentials.
(e) Ground-truth images. In the
first three rows the harmony
potential successfully improves
segmentation results. The last
two rows show failure cases of
harmony potentials

Table 2 PASCAL VOC 2010 segmentation results. Comparison of the harmony potential with state-of-the-art methods
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510 Z. Hao et al.

Sonogram Fulkerson09 DPM-Levelset Proposed

Fig. 3. Lesion segmentation results on breast ultrasound images. The upper 4 rows
are benign cases and the lower 4 are malignant. Contours of groundtruth are shown in
yellow. Detection windows of DPM with maximal confidences are shown as blue rectan-
gles in the 3rd column. Note that the DPM detector works in both DPM-Levelset and the
proposed algorithm. When it fails in the 4th and the last cases, the proposed algorithm
ignores the detection mistakes and outperforms its counterparts.

!,#$

Fig. 1.3 Di�erent examples of various segmentation tasks. (a) to (d) show
examples of segmentation tasks in computer vision applications: (a) and (b)
animal segmentation [16, 17], (c) ship segmentation [18] and (d) building de-
tection [19]. (e) to (i) show examples of healthy structure or large pathology
segmentation in medical imaging: (e) abdominal organs in CT [20], (f) hip-
pocampus [21], (g) left ventricle [22], (h) enhanced brain tumor [23], and (i)
breast tumor in ultrasound images [24].

1.1 Outline of Framework

The goal of this thesis is to develop a robust classification algorithm that can be used to

detect, localize and to segment the enhanced pathologies from the pool of other enhance-

ments. It is di⇥cult to accurately segment an arbitrary image by only considering one

source of information (e.g. intensity). These pathologies are so small and noisy that the

framework needs to leverage local neighbourhood information in order to assist with detec-



Automatic Segmentation of Medical Images

▪ Huge number of automatic methods developed.

▪ Common to all literature: 
▪ Need to evaluate the performance against previous work and against ground truth

▪ Cannot publish new segmentation methods without these evaluations

▪ Benchmarking datasets (e.g. MICCAI Challenges)

▪ Permits access to labelled datasets; fair comparison of methods

▪ Define the standard for quantifying performance of an algorithm against 
structural delineations by expert 

▪ In order to perform well, need fine tune methods for established metrics 

LABELS 2018 3



Automatic Segmentation of Medical Images

Although: 
▪ Many successful automatic methods developed. 

▪ Machine learning/deep learning methods showing huge success in 
many application areas.

Resulting approaches have yet to be widely integrated into real 
clinical practice!

Why is that???

LABELS 2018 4



Automatic Segmentation of Medical Images

▪ Segmentation metrics adopted from computer vision

▪ Many medical image analysis methods, developing more and 
more sophisticated techniques based on these metrics, trying to 
win challenges and publish papers, but… 

Metrics might not be clinically relevant for some tasks

LABELS 2018 5
https://www.researchgate.net/profile/Yohan_Attal/publication/256614487/figure/fig2/AS:213922213830657

@1428014438470/On-the-left-Amygdala-in-green-and-hippocampus-in-red-segmentation-masks-

obtained.png



Automatic Segmentation of Medical Images
▪ Traditional, global voxel-based measures might be 

appropriate for:
▪ Healthy structure segmentation (e.g. hippocampus)

▪ Single large pathology segmentation (e.g. tumour)

LABELS 2018 6https://www.researchgate.net/profile/Yohan_Attal/publication/256614487/figure/fig2/AS:213922213830657
@1428014438470/On-the-left-Amygdala-in-green-and-hippocampus-in-red-segmentation-masks-
obtained.png

Images courtesy BRaTs



Automatic Segmentation of Medical Images

▪ Large number of contexts with multiple (unknown number) of local 
pathologies.

▪ Clinical objective: Detect all to diagnose, stage, etc.

▪ Are these segmentation metrics appropriate for these contexts?

LABELS 2018 7https://www.researchgate.net/profile/Mohammad_Nassef/publication/319453582/figure/fig1/AS:53434587
8339584@1504409393075/2D-CT-scan-slice-containing-a-small-5mm-early-stage-lung-cancer-nodule-
3.png



Overview of Talk

▪ Challenge traditional segmentation metrics for the context of 
segmentation of multiple focal pathologies (e.g. lesions, tumours)

▪ Focus on context of MS lesion detection and segmentation in 
patient MRI for clinical trial analysis
▪ Challenges with traditional metrics
▪ Discuss metrics of relevance to clinical trial analysis
▪ Discuss remaining challenges 

LABELS 2018 8



MS Clinical Trials
▪ Long-term (>15 years) collaboration with 

industrial partner (NeuroRx) – provides software 
analysis to pharmaceutical industry for almost 
all MS clinical trials for new therapies
worldwide.
▪ Over 10,000 patient images from multiple:

▪ Active clinical trials
▪ Global imaging centres
▪ Scanner technologies

▪ Megavoxel MRI volumes with multiple:
▪ Channels
▪ Timepoints
▪ Trained expert labels (neuroradiologists)

9

Slice 30

Slice 31

Slice 32

T1w T2w PDw FLR T1c

LABELS 2018

All images courtesy of 
NeuroRx Research



Synergy 
Through interdisciplinary collaborations with: 

▪ NeuroRx (data and expertise)
▪ Neurologist, neuroradiologists, researchers at MNI 

We developed machine learning tools to automate and improve analysis of real 
patient brain images from clinical trial datasets collected around the world. 

Clinical impact: 
▪ Algorithms for lesion detection and segmentation placed into commercial 

software pipeline of industrial partner (NeuroRx), where improved efficiency 
and precision has led to ~5X savings in time and money and improved 
treatment analysis for almost all (22/23) new MS drugs in circulation worldwide.

LABELS 2018 10



Message of the talk
▪ For clinical impact: 

▪ Need synergy with clinicians, end-users when designing method
▪ Need to tie the methods and metrics for success to real clinical 
objectives

▪ Otherwise, solving problems which are not of interest to clinicians

▪ All these sophisticated methods, all the effort, won’t be used to 
address real clinical problems - the main objective of this field

LABELS 2018 11



Automatic Segmentation in Computer Vision
Task: Label each pixel as being either a 

member of class or background. 

Results of automatic technique should be as 
close as possible to that of manual 
segmentation. 

• Objects usually pronounced in given ROI. 

• Objects have rich color/intensity texture 
patterns that are somewhat distinctive from 
background.

• No uncertainty about ground truth, except 
perhaps at a few pixels on boundaries

• Result of automated methods vary little

LABELS 2018 12http://www.wisdom.weizmann.ac.il/~visio
n/Seg_Evaluation_DB/1obj/index2.html

http://host.robots.ox.ac.uk/pascal/VOC
/voc2012/segexamples/index.html



Automatic Segmentation in Computer Vision

▪ Two categories of evaluation 
methods in computer vision:

1. Voxel based overlap methods (DICE, 
Jaccard): Voxel-based agreement between 
expert and automatic method

2. Boundary distance methods 
(Hausdorff): How far segmentation 
deviates from desired object boundary

▪ Both are global and voxel-based

▪ Dominate evaluation of medical 
image segmentation algorithms

LABELS 2018 13http://www.wisdom.weizmann.ac.il/~visio
n/Seg_Evaluation_DB/1obj/index2.html

http://host.robots.ox.ac.uk/pascal/VOC
/voc2012/segexamples/index.html

True Positive Rate (TPR) =  !"
!"#$%

False Positive Rate (FPR) =  $"
$"#!%



Automatic Segmentation in Medical Images
▪ Healthy structures: 

▪ Designed for segmenting a single 
relatively large structure

▪ Known general ROI 
▪ Ground truth labelling generally 

more uncertain than in computer 
vision, typically around boundaries

▪ Automatic methods typically vary 
around boundaries

LABELS 2018 14

Suzuki et al., Medical Physics 2010 Ding et. al.

Prostate segmentation challenge (PROMISE09) 



Automatic Segmentation in Medical Images
▪ Healthy structures: 

▪ Metrics used to evaluate against ground truth in 
challenges:

LABELS 2018 15

MRBrainS challenge: T1

Decathlon challenge – heart

MRBrainS: 
• Dice, 
• Modified Hausdorff,
• Volumetric similarity

Medical Segmentation Decathlon (2018): 
• Dice, 
• Normalized Surface Distance



Segmentation of Pathologies in Medical Images
▪ Automatic segmentation of pathologies has potential to lead HUGE 

advances in medicine, healthcare. Assisting in:
▪ Patient diagnosis, 
▪ Understanding disease development,
▪ Predicting patient outcome from images, 
▪ Speeding up/making accurate clinical 

trials for new treatments,
▪ Permitting advances in personal medicine

www.cim.mcgill.ca/~pvg 16
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Segmentation of Pathologies in Medical Images
▪ Automatic segmentation of pathologies has potential to lead HUGE 

advances in medicine, healthcare. Assisting in:
▪ Patient diagnosis, 
▪ Understanding disease development,
▪ Predicting patient outcome from images, 
▪ Speeding up/making accurate clinical 

trials for new treatments,
▪ Permitting advances in personal medicine

www.cim.mcgill.ca/~pvg 20

Responder to treatment



Segmentation of Pathologies in Medical Images
▪ Automatic segmentation of pathologies has potential to lead HUGE 

advances in medicine, healthcare. Assisting in:
▪ Patient diagnosis, 
▪ Understanding disease development,
▪ Predicting patient outcome from images, 
▪ Speeding up/making accurate clinical 

trials for new treatments,
▪ Permitting advances in personal medicine
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The computer 
thinks this 

patient will be 
stable for the 

next year. 
Treatment A 
will work for 

them!

Computer Prediction

Segmentation of Pathologies in Medical Images

Personalized Medicine



Automatic Segmentation in Medical Images
▪ Pathological or diseased 

structures:

What is different from healthy tissue 
segmentation??

LABELS 2018 23

Lung Lesion  
Segmentation
from CT (Tan et. al.)

T2 Expert

Stroke Lesions from  MRI
(courtesy ISLES)



Automatic Segmentation in Medical Images
▪ Pathological or diseased 

structures:
1. Detection: Find structure of interest
2. Segmentation: Delineate boundary

LABELS 2018 24

Lung Lesion  
Segmentation
from CT (Tan et. al.)

T2 Expert

Stroke Lesions from  MRI
(courtesy ISLES)

Two different contexts….



Detection and Segmentation of Single Large 
Pathological Structures
▪ Detection Challenges:

▪ Looking for a single, large structure, high 
variability in intensity, shape, location (>> 
healthy structures)

▪ Exploit some prior knowledge, texture 
information to find the pathological structure

▪ Segmentation Challenges:
▪ One detected ROI, similar to healthy 

structure segmentation. 
▪ Can use same metrics but no ground truth 

definition of boundary

LABELS 2018 25

Brain tumours: (courtesy BRaTs)

T2 Expert
Stroke Lesions from  MRI
(courtesy ISLES)

Lung Lesion  
Segmentation
from CT (Tan et. al.)



Detection and 
Segmentation 
of Multiple 
Focal 
Pathologies 
(e.g. lesions, 
tumours)

LABELS 2018
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Reasonable speculation exists that lesion nonvisualization
on the day of biopsy results from hormonal fluctuations of
normal breast tissue, linked to the menstrual cycle, resulting
in variable enhancement patterns (3). However, our data
and that of Brennan et al found no significant difference in
cancelation rates because of nonvisualization among pre-
and postmenopausal women, and we found no differences
in younger versus older age groups (8). In the absence of
histological data to further investigate this theory, the true
etiology remains uncertain. One limitation of our study is

the small sample size; further study with a larger sample size
might demonstrate a difference relating to these factors.
Another possible explanation for lesion nonvisualization on
the day of biopsy could be that prominent BPE masks a pre-
viously visualized lesion. However, this hypothesis did not
prove true in our series. Neither BPE nor mammographic
breast density was associated with lesion nonvisualization.
However, Brennan et al reported higher cancelation rates
from lesion nonvisualization in both of these groups. The
small number of lesions in our series is a limitation and may
account for these contradictory results.

Our study has another potential limitation. All of our orig-
inal studies were performed at 3.0 T MRI; however, our
biopsies were performed on a 1.5 T scanner. Although our
data suggest the use of differing magnet strengths did not
influence lesion nonvisualization on breast MRI, this issue
remains unsettled given the small sample size of our study,
and it is possible that lesion nonvisualization could have
occurred because the lower field strength magnet was unable
to identify a lesion seen at 3.0 T. However, follow-up
scans using 3.0-T MRI scanners in 10 of 11 cases confirmed
resolution of the lesions, suggesting that differences in detec-
tion thresholds of the two scanners was not the cause of lesion
nonvisualization. Only one patient did not undergo follow-up
MRI despite the radiologist’s recommendations; however, no
malignancy was detected in nearly 4 years of mammographic
follow-up in this patient. Because the original lesion in that
case was mammographically occult, MRI follow-up would
have been preferable in establishing stability. However, the
lack of a malignant diagnosis after 4 years of mammographic
stability makes it doubtful that the original MRI-only
detected lesion was malignant.

In conclusion, our study found a 13% cancelation rate of
MRI-guided breast biopsies from nonvisualization of a suspi-
cious lesions originally detected with 3.0-T MRI. This rate is
similar to those reported previously for nonvisualized lesions
originally detected at 1.0- and 1.5-TMRI, and no subsequent
cancers were detected in our patients on follow-up imaging.
Although further study using larger sample sizes is warranted
to compare cancer detection rates in completed and canceled
biopsies, our data suggest that canceling MRI-guided biopsies
because of lesion nonvisualization is a reasonable approach in
these situations, if prudent and cautious measures are taken at

Figure 3. Axial T1-weighted fat-suppressed contrast-enhanced
magnetic resonance image (MRI) in a 55-year-old woman with newly
diagnosed invasive ductal carcinoma of the left breast shows an area
of linear nonmasslike enhancement (arrows) in the right breast, which
was not seen 13 days later at the time of planned MRI-guided vac-
uum-assisted core needle biopsy. The patient returned in 12 months
for a follow-up MRI and this finding was not present.

TABLE 2. Morphologic Descriptors of Masses (n = 23)

Descriptor

Number of Masses

Visualized (n = 20)

Number of Masses

Nonvisualized (n = 3)

Shape

Round 8/23 (35) 0/23 (0)

Oval 4/23 (17) 1/23 (1)

Lobular 1/23 (1) 0/23 (0)

Irregular 7/23 (30) 2/23 (9)

Margins

Smooth 5/23 (22) 0/23 (0)

Irregular 12/23 (52) 3/23 (13)

Spiculated 3/23 (13) 0/23 (0)

All masses 20/23 (87) 3/23 (13)

Data in parentheses are percentages.

TABLE 3. Morphologic Descriptors of NMLE (n = 86)

Descriptor

Number of NMLE

Visualized (n = 75)

Number of NMLE

Nonvisualized (n = 11)

Focal 25/86 (29) 4/86 (5)

Linear/ductal 30/86 (35) 5/86 (6)

Segmental 7/86 (8) 1/86 (1)

Regional 11/86 (13) 1/86 (1)

Diffuse 2/86 (2) 0/86 (0)

All NMLE 75/86 (9) 11/86 (13)

NMLE, nonmasslike enhancement.

Data in parentheses are percentages.
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good liver function, were included in the study, and so the
present results may better represent the general patient
population with chronic liver disease.

Recent studies demonstrated the superior efficacy of
gadoxetic acid in the detection and characterization of HCC
in patients with chronic liver disease, comparedwith CTand
MRI.32,33 As the interpretation of CT is based on the depic-
tion of the vascularity of lesions, sometimes it is difficult to
detect hypovascular HCC in the cirrhotic liver. However,
gadoxetic acid-enhanced MRI images can assess hepatic
lesions by both dynamic and hepatobiliary phase imaging.
This advantage of gadoxetic acid-enhanced MRI is helpful
for the detection and characterization of hepatocellular
nodules because evaluation of both vascularity and function

is possible. A previous study by Di Martino et al.33 reported
that gadoxetic acid-enhanced MRI showed significantly
higher sensitivity (85 versus 69% for MRI compared to
MDCT) in the detection of HCC. However, Kim et al.17

reported results similar to those of the present study,
finding that gadoxetic acid-enhanced MRI and MDCT
showed similar sensitivities (94, 91.6, and 94% for MRI and
92.8, 89.2, and 85.5% for CT) in the preoperative detection of
HCC. The differences in sensitivity for detecting HCC could
be explained by the different populations and the sizes of
the tumours. The superior sensitivity for detecting HCC in
the study by Di Martino et al. can be ascribed to the smaller
sizes of the tumours (average diameter 1.8 cm) compared
with the average sizes of the tumours in the present study

Table 3
Positive predictive value (PPV) and negative predictive value (NPV) in the detection of hepatocellular carcinoma (HCC).

Imaging technique PPV NPV

Reader 1 Reader 2 Reader 1 Reader 2

MDCT 100 (55/55, 0) 95 (57/60, 3) 67.3 (37/55, 18) 68 (34/50, 16)
Dyn MRI 95.7 (67/70, 3) 98.4 (62/63, 1) 85 (34/40, 6) 76.6 (36/47, 11)
Dyn MRIþHBP 94.4 (67/71, 4) 98.4 (63/64, 1) 84.6 (33/39, 6) 78.3 (36/46, 10)

The first set of numbers within parentheses are the numbers used to calculate the percentages and the second number within the parentheses represents the
false-positive lesions or false-negative lesions, as indicated. For positive-predictive value, numbers in the parentheses are the number of true-positive lesions
divided by the total number of lesions assigned a confidence level of 3 or 4. For negative predictive value, numbers in the parentheses are the number of true-
negative lesions divided by the total number of lesions assigned a confidence level of 1 or 2. The differences in positive and negative predictive values of each
image set for both readers were not statistically significant (p> 0.05).
MDCT, multidetector computed tomography; MR Dyn, dynamic magnetic resonance imaging; MR DynþHBP, dynamic and hepatobiliary phase magnetic
resonance imaging.

Figure 2 A 65-year-old man with a small HCC lesion. (a) Gadoxetic acid-enhanced MRI image, obtained at the arterial phase shows a 4.2 mm
small hypervascular nodule (arrow) in liver segment 8. (b, c) Gadoxetic acid-enhanced MRI images, obtained at equilibrium and at 20 min
delayed hepatobiliary phase appear hypointense compared to the background liver, a finding consistent with HCC. On a T2-weighted MRI image,
this nodule shows high signal intensity (not shown), (d, e) but transverse contrast-enhanced MDCT obtained during the hepatic arterial and
delayed phases show no corresponding nodule (false-negative result). (f) Post-TACE follow-up transverse unenhanced MDCT shows tiny lipiodol
uptake (arrow) in liver segment 8. (g) Transverse contrast-enhanced MDCT obtained at the hepatic arterial phase performed during follow-up
approximately 8 months later shows a substantial interval increase in the size of the lesion (arrow).

C.-K. Baek et al. / Clinical Radiology 67 (2012) 148e156 153
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▪ Detection Challenges:
• Don’t often know how many
• Often look like other structures
• Hard to locate, especially if small
• Hard to exploit prior knowledge

▪ Segmentation Challenges:
• Hard to differentiate from background
• Ground truth hard to establish (i.e. existence)

• Let’s look at a particular context: Multiple Sclerosis
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Detection and Segmentation of Multiple Focal 
Pathologies (e.g. lesions, tumours)



Multiple Sclerosis
▪ Most common neurological disorder affecting young 

adults.

▪ Patient’s immune system attacks the protective covering 
of nerves in WM, causing disability.

▪ One of the hallmarks of MS is the appearance of brain 
lesions visible on MRI (bright in T2)

▪ T2 lesion volume has been used to estimate “burden of 
disease”, activity and disease stage

LABELS 2018 28

All images courtesy of 
NeuroRx Research



Multiple Sclerosis Lesion Analysis
▪ Most common form is relapsing-remitting MS (RRMS): 

intermittent attacks or relapses over time, followed by full or 
partial recovery

▪ No cure. Treatments can help speed recovery from attacks, 
modify the course of the disease and manage symptoms.

▪ Development of new treatments requires clinical trials.
▪ For clinical trials, wider number of metrics required to 

determine “burden of disease” and activity in order to  
measure treatment efficacy:

▪ Number and lesion volume of T2 lesions in MRI

▪ Number of new T2 lesions in longitudinal MRI

▪ Number of gadolinium enhancing lesions in T1 MRI

LABELS 2018 29

T1w T2w PDw FLR T1c

All images courtesy of 
NeuroRx Research



Measuring MS Activity in Clinical Trials
▪ Clinical protocol often manual or semi-manual delineation of lesions: 

▪ Expensive, inconsistent, slow

▪ Need automatic approaches to accurately detect and segment lesions

▪ Need to count the number of lesions, even small lesions (3-10 voxels)
Lesion level detection task more important than segmentation task 
(Garcia et. al.)

▪ Consistency over time is most important task 
▪ Robustness to:

▪ different clinical trials
▪ scanner and centre variability
▪ disease stage
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Clinical Trial Metrics

▪ For clinical trials, wider number of metrics required to determine “burden 
of disease” and activity in order to  measure treatment efficacy:

▪ Number and lesion volume of T2 lesions in MRI

▪ Number of new T2 lesions in longitudinal MRI
▪ Number of gadolinium enhancing lesions in T1 MRI
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T2 Lesion Detection and Segmentation

▪ MS Lesions vary significantly in:
▪ Appearance, Shape, Location
▪ Size: 3 to 100+ voxels (many are very small) 
▪ Load: 1 to 100+ lesions (often make up very small % of the brain)

▪ MS Lesions have intensities and textures that overlap those of healthy 
tissues

▪ Consequently:
▪ Prior shape, size models will not work
▪ Cannot find Regions of Interest
▪ Local intensities insufficient
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T2 Lesion Detection and Segmentation
▪ Objective: 

▪ Need to detect ALL the lesions, even the small ones (3 voxels)
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Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Many automatic T2 lesion segmentation methods developed:

▪ Bayesian models (Harmouche et. al.), 

▪ GMMs (Warfield et. al., 2015), 

▪ Outlier detection (Van Leemput et. al. ), 

▪ Graph cuts (Garcia-Lorenzo et. al., 2009), 

▪ Random forests (Jog. et. al., 2015), 

▪ CNNs (Birenbaum et. al 2017). etc.

▪ Research is being developed at a very rapid pace!
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Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Several Grand Challenges: 

▪ MICCAI 2008 MS lesion segmentation challenge (Styner et. al., 2008)
▪ ISBI 2015 MS lesion segmentation challenge (Carass et. al., 2017)
▪ MICCAI 2015 (Maier et. al., 2017)

▪ Evaluation of new algorithms relying on traditional metrics. 

e.g. White Matter Hyperintensities: 
l Dice, 
l Modified Hausdorff distance,
l Average volume difference,
l Sensitivity (for individual lesions),
l F1-score (for individual lesions)

▪ New methods are being developed to optimize for these metrics.
Let’s examine performance of methods based on 
traditional metrics
LABELS 2018 35

MRBrainS: (T2-FLAIR)
(pathologies)
• Dice, 
• Modified Hausdorff,
• Volumetric similarity



T2 Lesion Detection and Segmentation on 
“Big Clinical Trial Data”
• Developed deep learning framework (Unet) to segment T2 lesions in MRI. 

36

Inputs: 
T1w
T2w
FLAIR
PDw

Output: 
T2 lesion labels

Ronneberger et. al., "U-net: Convolutional networks for biomedical image segmentation." MICCAI 2015
Mohammadi Sepahvand et. al., BrainLes Workshop, MICCAI 2018.



T2 Lesion Detection and Segmentation on 
“Big Clinical Trial Data”

▪ 1068 MS patient brain images, acquired during a large, multi-center, multi-scanner clinical 
trial, divided into a training (80%), a validation (10%), and a test set  (10%).

▪ The dimensions of each volume are 192 X192 X 64, resolution of 1mmx1mmx3mm. 

▪ Pre-processing included brain extraction, bias field inhomogeneity correction using N3, Nyul
image intensity normalization, and registration of all images to MNI-space.

▪ Training: Adam optimizer, standard cross entropy loss. 

▪ Class imbalance in the segmentation task, the two classes (lesion/non-lesion) are weighted in 
a manner which is inversely proportional to their frequencies.
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Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Dice is a global overlap metric that works well for single, large objects in an ROI. 

▪ How does it perform here? Let’s look at an example:
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GT lesions

• Total number of lesions: 76
• Large (number of voxels > 50): 11
• Med (10< number of voxels <=50): 26
• Small (3< number of voxels <=10): 39; 

• more than half of the lesions are small!

Ground truth lesion labels



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Dice is a global overlap metric that works well for single, large objects in an ROI. 

▪ How does it perform here? Let’s look at an example:
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Dice = 0.75

Results

True Positive
False Positive
False Negative



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Traditional ROC curves – global, voxel-based: TPR (true positive rate) vs FPR (false positive rate).

▪ Let’s look at an example:
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Dice = 0.75

Results

TPR = 
!"

!"#$%

FPR = 
$"

!%#$"

True negatives dominate the denominator!



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ ROC: Global, voxel-based: TPR (true positive rate) vs FDR (false detection rate). 

▪ Let’s look at an example:
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Dice = 0.75

Results

TPR = 
!"

!"#$%

FDR = 
$"
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Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Dice is a global overlap metric that works well for single, large objects in an ROI. 

▪ Let’s see what happens to our example when algorithm misses the small lesions:
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Dice = 0.75 Dice = 0.72

All lesions Artificially removing all the
small lesions



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Dice is a global overlap metric that works well for single, large objects in an ROI. 

▪ Let’s see what happens to our example when algorithm misses the small lesions:
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Dice = 0.75 Dice = 0.72

All lesions Artificially removing all the
small lesions

Dice doesn’t change very much



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Traditional ROC curves – global, voxel-based: TPR (true positive rate) vs FPR (false positive rate). 

▪ Let’s see what happens to our example when algorithm misses the small lesions :
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Dice = 0.75 Dice = 0.72

All lesions Artificially removing all the
small lesions



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ ROC: Global, voxel-based: TPR (true positive rate) vs FDR (false detection rate). 

▪ Let’s see what happens to our example when algorithm misses the small lesions:
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Dice = 0.75 Dice = 0.72

All lesions Artificially removing all the
small lesions



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Conclusions: 

▪ Dice is a global overlap metric that works well for single, large objects in an 
ROI. 

▪ Relying on Dice and traditional metrics for this context limits our ability to fully 
assess the workings of the algorithm and differentiate performance

▪ Reliance of voxel-based measures impedes our ability to develop methods that 
are useful in clinical practice

▪ Lesion detection metrics are more appropriate: 
▪ Need to detect all lesions even small ones. 
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Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Clinically used definition of detected lesion: 

▪ Lesions labelled by expert considered detected by automatic algorithm if >50% 
overlap with ground truth lesions or overlap by 3 lesions (minimum, if that is > 
than 50%). 

▪ FP: < 3 voxels of lesion detected by algorithm overlaps with ground truth 
lesions

▪ What should ROC curve look like?

▪ Let’s look at standard ROC curve in computer vision….
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Detection - computer vision

LABELS 2018 48https://www.pyimagesearch.com/wp-
content/uploads/2015/11/pedestrian_detection_person_175.jpg

https://docs.opencv.org/3.4.1/face.jpghttps://www.pyimagesearch.com/wp-
content/uploads/2015/11/pedestrian_detection_person_175.j

Pedestrian Detection Face Detection



Detection - ROC curve (computer vision)
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Comparisons of the ROC curves obtained 
from pedestrian detection algorithms 

https://ars.els-cdn.com/content/image/1-s2.0-S003132031400524X-gr17.jpg



Detection - ROC curve (computer vision)
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Comparisons of the ROC curves obtained 
from pedestrian detection algorithms 

https://ars.els-cdn.com/content/image/1-s2.0-S003132031400524X-gr17.jpg

How to determine TN in our case?

Need to go back to False Detection Rate…



Lesion Detection ROC (back to our example)

LABELS 2018 51https://www.researchgate.net/publication/284132386_Bayesian_face_recognition_using_2D_G
aussian-Hermite_moments/figures?lo=1

Segmentation (voxel level)                   Detection (lesion level)



Lesion Detection ROC (back to our example)

LABELS 2018 52https://www.researchgate.net/publication/284132386_Bayesian_face_recognition_using_2D_G
aussian-Hermite_moments/figures?lo=1

Segmentation (voxel level)                   Detection (lesion level)

Significant drop
in performance 
when small lesions 
are missed



T2 Lesion Detection on “Big Clinical Trial Data”

▪ Summary so far:
▪ Lesion level detection ROC curve: TPR vs FDR superior to: 

▪ DICE, TPR vs FPR, voxel-based results

53

Should we use this to compare methods?

DOES THIS TELL THE WHOLE STORY? 

Method is accurate, robust and 
works across large, multi-center 
clinical trial datasets, provided 
by industrial partner.



T2 Lesion Detection on “Big Clinical Trial Data”

▪ Examining the Unet results 
according to lesion-size:
• Does not do well for small lesions: very 

low sensitivity for small lesions at 
FDR=0.2

▪ Over 40% of lesions are small (3-10 
voxels)

▪ Earlier non-deep learning method..
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T2 Lesion Detection and Segmentation on 
“Big Clinical Trial Data”
• Developed probabilistic machine learning framework – iterative, hierarchical graphical model 

(Markov Random Field)– to detect and segment T2 lesions in MRI. 

55N. Subbanna et. al., "IMaGe: Iterative Multilevel Probabilistic Graphical Model for Detection and Segmentation of Multiple Sclerosis 
Lesions in Brain MRI", IPMI 2015



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Training Trials: 

▪ 1320 patients with 1.5T MRI, 

▪ 208 MRI 3T field strength

▪ Test Trials: 

▪ 535 patients with 1.5T MRI from 128 centres, 

▪ 62 patients with 3T MRI from 24 centres
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Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Dice results: Seem to perform pretty much as well as competing methods.
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Compared against:

• Voxel level MRF, 

• Lobe Based Bayesian 

MRF, 

• T1-FLAIR based MRF



Evaluation of Automatic T2 Lesion Detection 
and Segmentation Results
▪ Dice results: Seem to perform pretty much as well as competing methods.
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Or does it?

Let’s look at 
TPR vs. FDR



T2 Lesion Detection on “Big Clinical Trial Data”

• Method is accurate, robust and works across large, multi-center clinical trial datasets, 
provided by industrial partner.

59N. Subbanna et. al., "IMaGe: Iterative Multilevel Probabilistic Graphical Model for Detection and Segmentation of Multiple Sclerosis 
Lesions in Brain MRI", IPMI 2015

Method performs slightly better 
than 2 methods

DOES THIS TELL THE WHOLE 
STORY? 



T2 Lesion Detection and Segmentation on “Big 
Clinical Trial Data”

• Significant advantage for small lesions: 19% Higher sensitivity for small lesions at FDR=0.2

• Over 40% of lesions are small (3-10 voxels)

60N. Subbanna et. al., "IMaGe: Iterative Multilevel Probabilistic Graphical Model for Detection and Segmentation of Multiple Sclerosis 
Lesions in Brain MRI", IPMI 2015



Take-Home Message, so far…

▪ Lesion detection results are most appropriate for the task: TPR vs. FDR

▪ The results should be divided into bins according to lesion size to see how 
method performs in each category 

▪ Need to tailor the metrics for the particular clinical context of interest.
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Take-Home Message, so far…

▪ Lesion detection results are most appropriate for the task: TPR vs. FDR

▪ The results should be divided into bins according to lesion size to see how 
method performs in each category 

▪ Need to tailor the metrics for the particular clinical context of interest.

▪ What about segmentation? 

LABELS 2018 62



Segmentation post-Detection

▪ Question: Can we use standard voxel-based segmentation metrics for 
the detected lesions? 

▪ To explore this, we need to examine “ground truth” ….
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Detected Lesion



“Ground Truth” 
Lesion Labels

A. Doyle et. al, "Predicting Future Disease Activity and Treatment 
Responders for Multiple Sclerosis Patients using a Bag-of-Lesions 
Brain Representation", MICCAI 2017.
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Large lesions –
boundaries omitted

Uncertainty in lesion 
boundaries results 
in imprecise labels 
assigned. 

What 
segmentation 
metric to use? 
Let’s look at DICE…

Small lesions –
severe under-segmentation

NeuroRx: 
Trained experts, 
correcting automatic 
segmentation method

LABELS 2018

Large intra- and 
inter- rater 
variability



Dice for small lesions - Example
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▪ Large percentage of MS lesions 
are small!

▪ Consider a small (8 voxel) 
lesion

▪ Segmentation of all lesion 
voxels: DICE 1.0

▪ DICE: very sensitive to any 
False Negatives (yellow) and 
False Positives (green)

▪ GT uncertain: A change a few 
voxels in “ground truth” will also 
greatly affect the score



Dice for small lesions - Example
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▪ Given uncertainties in GT, if method 
produced DICE of 1, are these perfect 
results?

▪ If different segmentation algorithms 
produced different results, should a 
challenge rank methods according to 
traditional overlap metrics? Boundary 
methods?

▪ Conclusions: 

▪ DICE and traditional overlap or 
boundary metrics not 
appropriate to evaluate against 
GT or to assess competing 
segmentation methods



Challenge – How to produce metric that addresses 
uncertainties in segmentation and detection?

Suggestion:

1. Product uncertainty in expert labels.

2. Produce uncertainty in output of 
segmentation and detection algorithm.

3. Compare results. If similar, then good 
results!
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Expert labels Algorithm labels



Challenge – How to produce uncertainty in 
expert labels?

Solution:

1. If labels from different experts 
available, can product voxel-based 
frequencies.

2. Can estimate from model?

▪ Works well enough for large lesions. 
What about small lesions? 
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Expert labels



Challenge – How to produce uncertainty in 
expert labels?

Challenges – small lesions:

▪ Variability across experts large.

▪ Discrepancies regarding the existence of 
the lesion can exist.

▪ Need lesion-based uncertainties.
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Expert labels



How to producing uncertainties in automatic 
segmentation and detection?
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▪ Developed framework to produce different uncertainty measures in segmentation and detection of 
focal pathologies (e.g. MS lesions) in the context of deep networks

T. Nair et. al. “Exploring Uncertainty Measures in Deep Networks for MS Lesion Detection and 
Segmentation”, MICCAI 2018



Four Measures of Uncertainty

3D Segmentation 
Network

MC 
Dropout 
sampling

mean

Final prediction

varianceentropy

Mutual 
info.

Learned 
variance

T. Nair et. al. “Exploring Uncertainty Measures in Deep Networks for MS Lesion Detection and 
Segmentation”, MICCAI 2018
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red = more uncertain
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What do the voxel-level uncertainties look like?

SEG over T2 Entropy Mutual Info MC Sample Var.       Pred. Var.

True positive

Lesions contours are more uncertain!

T. Nair et. al. “Exploring Uncertainty Measures in Deep Networks for MS Lesion Detection and 
Segmentation”, MICCAI 2018
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What do the lesion-level uncertainties look like?
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SEG over T2 Entropy     Mutual Info       MC Sample Var.       Pred. Var.

True Positive

False Positive

False Negative

red = more uncertain

Small lesions are more uncertain!

T. Nair et. al. “Exploring Uncertainty Measures in Deep Networks for MS Lesion Detection and 

Segmentation”, MICCAI 2018
LABELS 2018



Exploring Uncertainty in MS 
● 1064 RRMS Patients from International Multi-Site, Multi-Scanner, Clinical Trial Dataset

○ T1, T2, FLAIR, PDW modalities used as inputs
○ Ground truth T2 lesion labels: automated method corrected by human expert
○ 2182 train / 251 validation / 251 test scans

We show that incorrect predictions have higher uncertainty, so filtering out uncertain 
predictions increases the voxel-level and lesion-level performance on remaining 
predictions.

74
T. Nair et. al. “Exploring Uncertainty Measures in Deep Networks for MS Lesion Detection and 
Segmentation”, MICCAI 2018
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Remaining Challenges
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▪ How to develop metric to compare methods which include uncertainties in ground 
truth and uncertainties in segmentation and detection outputs.

Expert labels Algorithm labels



Clinical Trial Metrics

▪ For clinical trials, wider number of metrics required to determine “burden 
of disease” and activity in order to  measure treatment efficacy:

▪ Number and lesion volume of T2 lesions in MRI

▪ Number of new T2 lesions in longitudinal MRI
▪ Number of gadolinium enhancing lesions in T1 MRI
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Longitudinal MS Lesion Analysis
▪ Lesions will typically grow and then partially or 

completely resolve (RRMS)

▪ Appearance of new or enlarging T2-lesions used 
as surrogate for disease activity

▪ New T2-lesion counts and volume used as 
endpoint in clinical trials

▪ Manual/semi-manual segmentation inconsistent 
over different timepoints

▪ Automatic approaches are similarly inconsistent: 
Can’t just look at change in counts, volumes.

▪ Increased segmentation consistency over time 
leads to more precise measurements of actual 
lesion change.
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Slice 30

Slice 31

Slice 32

T1w T2w PDw FLR T1c



Bayesian Framework for Segmentation of New
and Resolving MS lesions in Serial MRI
• Developed first automatic Bayesian 4-D segmentation of temporal evolution 

of lesions which analyzes many images acquired at different timepoints.
• Framework works by learning probabilistic models for changes in intensity 

patterns, classes evolutions.
• To permit assessing treatment effects in clinical trials, method differentiates 

between
• New Lesion
• Resolving Lesion
• Stable lesion

78C. Elliott et. al, "Temporally Consistent Probabilistic Detection of New Multiple Sclerosis Lesions in Brain MRI”, IEEE TMI 2013.  
C. Elliott et. al., "A Generative Model for Automatic Detection of Resolving Multiple Sclerosis Lesions”, BAMBI MICCAI 2014.



Metrics for Detection and Segmentation of New
and Enlarging MS lesions in Serial MRI
• Accurate and consistent new and enlarging lesion counts or volume is very 

importance to assess:
• Disease progression or 
• Treatment is working  

• This is part of a wider category of problems…

• New Lesion
• Resolving Lesion
• Stable lesion

79C. Elliott et. al, "Temporally Consistent Probabilistic Detection of New Multiple Sclerosis Lesions in Brain MRI”, IEEE TMI 2013.  
C. Elliott et. al., "A Generative Model for Automatic Detection of Resolving Multiple Sclerosis Lesions”, BAMBI MICCAI 2014.



Detection of new pathology over time
▪ Many problems where multiple 

pathological structures of various 
sizes that appear, grow, shrink 
and even disappear over time. 

Take Home Message: 

▪ Looking at segmentation metrics 
in each timepoint separately and 
measuring difference inaccurate

▪ Metrics should assess the new 
and enlarging pathology counts, 
volume over time
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Weizman et al., Medical Physics 2014



Clinical Trial Metrics

▪ For clinical trials, wider number of metrics required to determine “burden 
of disease” and activity in order to  measure treatment efficacy:

▪ Number and lesion volume of T2 lesions in MRI

▪ Number of new T2 lesions in longitudinal MRI
▪ Number of gadolinium enhancing lesions in T1 MRI
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Small Enhanced Pathologies 
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Reasonable speculation exists that lesion nonvisualization
on the day of biopsy results from hormonal fluctuations of
normal breast tissue, linked to the menstrual cycle, resulting
in variable enhancement patterns (3). However, our data
and that of Brennan et al found no significant difference in
cancelation rates because of nonvisualization among pre-
and postmenopausal women, and we found no differences
in younger versus older age groups (8). In the absence of
histological data to further investigate this theory, the true
etiology remains uncertain. One limitation of our study is

the small sample size; further study with a larger sample size
might demonstrate a difference relating to these factors.
Another possible explanation for lesion nonvisualization on
the day of biopsy could be that prominent BPE masks a pre-
viously visualized lesion. However, this hypothesis did not
prove true in our series. Neither BPE nor mammographic
breast density was associated with lesion nonvisualization.
However, Brennan et al reported higher cancelation rates
from lesion nonvisualization in both of these groups. The
small number of lesions in our series is a limitation and may
account for these contradictory results.

Our study has another potential limitation. All of our orig-
inal studies were performed at 3.0 T MRI; however, our
biopsies were performed on a 1.5 T scanner. Although our
data suggest the use of differing magnet strengths did not
influence lesion nonvisualization on breast MRI, this issue
remains unsettled given the small sample size of our study,
and it is possible that lesion nonvisualization could have
occurred because the lower field strength magnet was unable
to identify a lesion seen at 3.0 T. However, follow-up
scans using 3.0-T MRI scanners in 10 of 11 cases confirmed
resolution of the lesions, suggesting that differences in detec-
tion thresholds of the two scanners was not the cause of lesion
nonvisualization. Only one patient did not undergo follow-up
MRI despite the radiologist’s recommendations; however, no
malignancy was detected in nearly 4 years of mammographic
follow-up in this patient. Because the original lesion in that
case was mammographically occult, MRI follow-up would
have been preferable in establishing stability. However, the
lack of a malignant diagnosis after 4 years of mammographic
stability makes it doubtful that the original MRI-only
detected lesion was malignant.

In conclusion, our study found a 13% cancelation rate of
MRI-guided breast biopsies from nonvisualization of a suspi-
cious lesions originally detected with 3.0-T MRI. This rate is
similar to those reported previously for nonvisualized lesions
originally detected at 1.0- and 1.5-TMRI, and no subsequent
cancers were detected in our patients on follow-up imaging.
Although further study using larger sample sizes is warranted
to compare cancer detection rates in completed and canceled
biopsies, our data suggest that canceling MRI-guided biopsies
because of lesion nonvisualization is a reasonable approach in
these situations, if prudent and cautious measures are taken at

Figure 3. Axial T1-weighted fat-suppressed contrast-enhanced
magnetic resonance image (MRI) in a 55-year-old woman with newly
diagnosed invasive ductal carcinoma of the left breast shows an area
of linear nonmasslike enhancement (arrows) in the right breast, which
was not seen 13 days later at the time of planned MRI-guided vac-
uum-assisted core needle biopsy. The patient returned in 12 months
for a follow-up MRI and this finding was not present.

TABLE 2. Morphologic Descriptors of Masses (n = 23)

Descriptor

Number of Masses

Visualized (n = 20)

Number of Masses

Nonvisualized (n = 3)

Shape

Round 8/23 (35) 0/23 (0)

Oval 4/23 (17) 1/23 (1)

Lobular 1/23 (1) 0/23 (0)

Irregular 7/23 (30) 2/23 (9)

Margins

Smooth 5/23 (22) 0/23 (0)

Irregular 12/23 (52) 3/23 (13)

Spiculated 3/23 (13) 0/23 (0)

All masses 20/23 (87) 3/23 (13)

Data in parentheses are percentages.

TABLE 3. Morphologic Descriptors of NMLE (n = 86)

Descriptor

Number of NMLE

Visualized (n = 75)

Number of NMLE

Nonvisualized (n = 11)

Focal 25/86 (29) 4/86 (5)

Linear/ductal 30/86 (35) 5/86 (6)

Segmental 7/86 (8) 1/86 (1)

Regional 11/86 (13) 1/86 (1)

Diffuse 2/86 (2) 0/86 (0)

All NMLE 75/86 (9) 11/86 (13)

NMLE, nonmasslike enhancement.

Data in parentheses are percentages.
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good liver function, were included in the study, and so the
present results may better represent the general patient
population with chronic liver disease.

Recent studies demonstrated the superior efficacy of
gadoxetic acid in the detection and characterization of HCC
in patients with chronic liver disease, comparedwith CTand
MRI.32,33 As the interpretation of CT is based on the depic-
tion of the vascularity of lesions, sometimes it is difficult to
detect hypovascular HCC in the cirrhotic liver. However,
gadoxetic acid-enhanced MRI images can assess hepatic
lesions by both dynamic and hepatobiliary phase imaging.
This advantage of gadoxetic acid-enhanced MRI is helpful
for the detection and characterization of hepatocellular
nodules because evaluation of both vascularity and function

is possible. A previous study by Di Martino et al.33 reported
that gadoxetic acid-enhanced MRI showed significantly
higher sensitivity (85 versus 69% for MRI compared to
MDCT) in the detection of HCC. However, Kim et al.17

reported results similar to those of the present study,
finding that gadoxetic acid-enhanced MRI and MDCT
showed similar sensitivities (94, 91.6, and 94% for MRI and
92.8, 89.2, and 85.5% for CT) in the preoperative detection of
HCC. The differences in sensitivity for detecting HCC could
be explained by the different populations and the sizes of
the tumours. The superior sensitivity for detecting HCC in
the study by Di Martino et al. can be ascribed to the smaller
sizes of the tumours (average diameter 1.8 cm) compared
with the average sizes of the tumours in the present study

Table 3
Positive predictive value (PPV) and negative predictive value (NPV) in the detection of hepatocellular carcinoma (HCC).

Imaging technique PPV NPV

Reader 1 Reader 2 Reader 1 Reader 2

MDCT 100 (55/55, 0) 95 (57/60, 3) 67.3 (37/55, 18) 68 (34/50, 16)
Dyn MRI 95.7 (67/70, 3) 98.4 (62/63, 1) 85 (34/40, 6) 76.6 (36/47, 11)
Dyn MRIþHBP 94.4 (67/71, 4) 98.4 (63/64, 1) 84.6 (33/39, 6) 78.3 (36/46, 10)

The first set of numbers within parentheses are the numbers used to calculate the percentages and the second number within the parentheses represents the
false-positive lesions or false-negative lesions, as indicated. For positive-predictive value, numbers in the parentheses are the number of true-positive lesions
divided by the total number of lesions assigned a confidence level of 3 or 4. For negative predictive value, numbers in the parentheses are the number of true-
negative lesions divided by the total number of lesions assigned a confidence level of 1 or 2. The differences in positive and negative predictive values of each
image set for both readers were not statistically significant (p> 0.05).
MDCT, multidetector computed tomography; MR Dyn, dynamic magnetic resonance imaging; MR DynþHBP, dynamic and hepatobiliary phase magnetic
resonance imaging.

Figure 2 A 65-year-old man with a small HCC lesion. (a) Gadoxetic acid-enhanced MRI image, obtained at the arterial phase shows a 4.2 mm
small hypervascular nodule (arrow) in liver segment 8. (b, c) Gadoxetic acid-enhanced MRI images, obtained at equilibrium and at 20 min
delayed hepatobiliary phase appear hypointense compared to the background liver, a finding consistent with HCC. On a T2-weighted MRI image,
this nodule shows high signal intensity (not shown), (d, e) but transverse contrast-enhanced MDCT obtained during the hepatic arterial and
delayed phases show no corresponding nodule (false-negative result). (f) Post-TACE follow-up transverse unenhanced MDCT shows tiny lipiodol
uptake (arrow) in liver segment 8. (g) Transverse contrast-enhanced MDCT obtained at the hepatic arterial phase performed during follow-up
approximately 8 months later shows a substantial interval increase in the size of the lesion (arrow).
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Reasonable speculation exists that lesion nonvisualization
on the day of biopsy results from hormonal fluctuations of
normal breast tissue, linked to the menstrual cycle, resulting
in variable enhancement patterns (3). However, our data
and that of Brennan et al found no significant difference in
cancelation rates because of nonvisualization among pre-
and postmenopausal women, and we found no differences
in younger versus older age groups (8). In the absence of
histological data to further investigate this theory, the true
etiology remains uncertain. One limitation of our study is

the small sample size; further study with a larger sample size
might demonstrate a difference relating to these factors.
Another possible explanation for lesion nonvisualization on
the day of biopsy could be that prominent BPE masks a pre-
viously visualized lesion. However, this hypothesis did not
prove true in our series. Neither BPE nor mammographic
breast density was associated with lesion nonvisualization.
However, Brennan et al reported higher cancelation rates
from lesion nonvisualization in both of these groups. The
small number of lesions in our series is a limitation and may
account for these contradictory results.
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biopsies were performed on a 1.5 T scanner. Although our
data suggest the use of differing magnet strengths did not
influence lesion nonvisualization on breast MRI, this issue
remains unsettled given the small sample size of our study,
and it is possible that lesion nonvisualization could have
occurred because the lower field strength magnet was unable
to identify a lesion seen at 3.0 T. However, follow-up
scans using 3.0-T MRI scanners in 10 of 11 cases confirmed
resolution of the lesions, suggesting that differences in detec-
tion thresholds of the two scanners was not the cause of lesion
nonvisualization. Only one patient did not undergo follow-up
MRI despite the radiologist’s recommendations; however, no
malignancy was detected in nearly 4 years of mammographic
follow-up in this patient. Because the original lesion in that
case was mammographically occult, MRI follow-up would
have been preferable in establishing stability. However, the
lack of a malignant diagnosis after 4 years of mammographic
stability makes it doubtful that the original MRI-only
detected lesion was malignant.

In conclusion, our study found a 13% cancelation rate of
MRI-guided breast biopsies from nonvisualization of a suspi-
cious lesions originally detected with 3.0-T MRI. This rate is
similar to those reported previously for nonvisualized lesions
originally detected at 1.0- and 1.5-TMRI, and no subsequent
cancers were detected in our patients on follow-up imaging.
Although further study using larger sample sizes is warranted
to compare cancer detection rates in completed and canceled
biopsies, our data suggest that canceling MRI-guided biopsies
because of lesion nonvisualization is a reasonable approach in
these situations, if prudent and cautious measures are taken at

Figure 3. Axial T1-weighted fat-suppressed contrast-enhanced
magnetic resonance image (MRI) in a 55-year-old woman with newly
diagnosed invasive ductal carcinoma of the left breast shows an area
of linear nonmasslike enhancement (arrows) in the right breast, which
was not seen 13 days later at the time of planned MRI-guided vac-
uum-assisted core needle biopsy. The patient returned in 12 months
for a follow-up MRI and this finding was not present.
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Visualized (n = 20)

Number of Masses

Nonvisualized (n = 3)

Shape

Round 8/23 (35) 0/23 (0)

Oval 4/23 (17) 1/23 (1)

Lobular 1/23 (1) 0/23 (0)

Irregular 7/23 (30) 2/23 (9)

Margins

Smooth 5/23 (22) 0/23 (0)

Irregular 12/23 (52) 3/23 (13)

Spiculated 3/23 (13) 0/23 (0)

All masses 20/23 (87) 3/23 (13)

Data in parentheses are percentages.
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Descriptor

Number of NMLE

Visualized (n = 75)

Number of NMLE

Nonvisualized (n = 11)

Focal 25/86 (29) 4/86 (5)

Linear/ductal 30/86 (35) 5/86 (6)

Segmental 7/86 (8) 1/86 (1)
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good liver function, were included in the study, and so the
present results may better represent the general patient
population with chronic liver disease.

Recent studies demonstrated the superior efficacy of
gadoxetic acid in the detection and characterization of HCC
in patients with chronic liver disease, comparedwith CTand
MRI.32,33 As the interpretation of CT is based on the depic-
tion of the vascularity of lesions, sometimes it is difficult to
detect hypovascular HCC in the cirrhotic liver. However,
gadoxetic acid-enhanced MRI images can assess hepatic
lesions by both dynamic and hepatobiliary phase imaging.
This advantage of gadoxetic acid-enhanced MRI is helpful
for the detection and characterization of hepatocellular
nodules because evaluation of both vascularity and function

is possible. A previous study by Di Martino et al.33 reported
that gadoxetic acid-enhanced MRI showed significantly
higher sensitivity (85 versus 69% for MRI compared to
MDCT) in the detection of HCC. However, Kim et al.17

reported results similar to those of the present study,
finding that gadoxetic acid-enhanced MRI and MDCT
showed similar sensitivities (94, 91.6, and 94% for MRI and
92.8, 89.2, and 85.5% for CT) in the preoperative detection of
HCC. The differences in sensitivity for detecting HCC could
be explained by the different populations and the sizes of
the tumours. The superior sensitivity for detecting HCC in
the study by Di Martino et al. can be ascribed to the smaller
sizes of the tumours (average diameter 1.8 cm) compared
with the average sizes of the tumours in the present study

Table 3
Positive predictive value (PPV) and negative predictive value (NPV) in the detection of hepatocellular carcinoma (HCC).

Imaging technique PPV NPV

Reader 1 Reader 2 Reader 1 Reader 2

MDCT 100 (55/55, 0) 95 (57/60, 3) 67.3 (37/55, 18) 68 (34/50, 16)
Dyn MRI 95.7 (67/70, 3) 98.4 (62/63, 1) 85 (34/40, 6) 76.6 (36/47, 11)
Dyn MRIþHBP 94.4 (67/71, 4) 98.4 (63/64, 1) 84.6 (33/39, 6) 78.3 (36/46, 10)

The first set of numbers within parentheses are the numbers used to calculate the percentages and the second number within the parentheses represents the
false-positive lesions or false-negative lesions, as indicated. For positive-predictive value, numbers in the parentheses are the number of true-positive lesions
divided by the total number of lesions assigned a confidence level of 3 or 4. For negative predictive value, numbers in the parentheses are the number of true-
negative lesions divided by the total number of lesions assigned a confidence level of 1 or 2. The differences in positive and negative predictive values of each
image set for both readers were not statistically significant (p> 0.05).
MDCT, multidetector computed tomography; MR Dyn, dynamic magnetic resonance imaging; MR DynþHBP, dynamic and hepatobiliary phase magnetic
resonance imaging.

Figure 2 A 65-year-old man with a small HCC lesion. (a) Gadoxetic acid-enhanced MRI image, obtained at the arterial phase shows a 4.2 mm
small hypervascular nodule (arrow) in liver segment 8. (b, c) Gadoxetic acid-enhanced MRI images, obtained at equilibrium and at 20 min
delayed hepatobiliary phase appear hypointense compared to the background liver, a finding consistent with HCC. On a T2-weighted MRI image,
this nodule shows high signal intensity (not shown), (d, e) but transverse contrast-enhanced MDCT obtained during the hepatic arterial and
delayed phases show no corresponding nodule (false-negative result). (f) Post-TACE follow-up transverse unenhanced MDCT shows tiny lipiodol
uptake (arrow) in liver segment 8. (g) Transverse contrast-enhanced MDCT obtained at the hepatic arterial phase performed during follow-up
approximately 8 months later shows a substantial interval increase in the size of the lesion (arrow).
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Gadolineum Enhancing MS Lesions 
• Inject patient with contrast agent
• Gad lesions: 

• Portion of lesions enhance in T1-weighted MRI after injection - associated with active inflammations.

• Clinical trials: Important marker for determining treatment effect.

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 
Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 
Lesions in Brain MRI”, TMI 2015 

BEFORE CONTRAST AFTER CONTRAST MANUAL LABELS
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Gad-Enhancing Lesions 
• Segmentation Challenges:

▪ Large amount of non-lesion enhancements (e.g. vessels).

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 
Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 
Lesions in Brain MRI”, TMI 2015 

BEFORE CONTRAST AFTER CONTRAST ENHANCEMENT MAP MANUAL LABELS
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Gad-Enhancing Lesions 
• Segmentation Challenges:

▪ Large amount of non-lesion enhancements (e.g. vessels).

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 
Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 
Lesions in Brain MRI”, TMI 2015 

BEFORE CONTRAST AFTER CONTRAST ENHANCEMENT MAP MANUAL LABELS
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Gad-Enhancing Lesions
• Segmentation Challenges:

▪ Lesions often tiny!

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 
Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 
Lesions in Brain MRI”, TMI 2015 
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Conditional Random Field (CRF) Graphical Model for 
Automatic Detection of Gadolinium-Enhancing MS 
Lesions



Conditional Random Field (CRF) Graphical Model for 
Automatic Detection of Gadolinium-Enhancing MS 
Lesions
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Method is 
designed to 
detect and 
locate all the 
Gad lesions



Detection Metrics
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Worked better than experts

• Ground truth: manual 
labeling from two trained 
experts with consensus 
(might contain errors).

• Further assessment is 
performed in some 
cases by an expert MS 
neuroradiologist.

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 
Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 
Lesions in Brain MRI”, TMI 2015 



Clinical Impact in MS

• Algorithms placed into commercial software pipeline of industrial partner 
(NeuroRx) where facilitates clinical trials by saving time and money (~5X 
savings) 

• Time-consuming, inconsistent manual/semi-manual analysis by 
neuroradiologists replaced by fast, accurate machine learning methods: 

faster treatment assessment!

• Hundreds of thousands of patients are taking the drugs that NeuroRx Research 
helped develop.

• Almost all new MS drugs developed have benefitted or are benefiting from the 
improved efficiency and precision of these measurements.
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Take Home Message

▪ Development of techniques and measures of success should always be 
tied to end-goal clinical task

▪ For clinical impact: 
▪ Need synergy with clinicians, end-users when designing method
▪ Need to tie the methods and metrics for success to real clinical objectives

▪ Benchmarking datasets and challenges: 
▪ Assess methods based on the right clinical metrics in order to have 
impact in healthcare.
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