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A method is presented to improve computer aided detection (CAD) results for masses in mammo-
grams by fusing information obtained from two views of the same breast. It is based on a previously
developed approach to link potentially suspicious regions in mediolateral oblique (MLO) and cran-
iocaudal (CC) views. Using correspondence between regions, we extended our CAD scheme by
building a cascaded multiple-classifier system, in which the last stage computes suspiciousness of
an initially detected region conditional on the existence and similarity of a linked candidate region
in the other view. We compared the two-view detection system with the single-view detection
method using free-response receiver operating characteristic (FROC) analysis and cross validation.
The dataset used in the evaluation consisted of 948 four-view mammograms, including 412 cancer
cases with a mass, architectural distortion, or asymmetry. A statistically significant improvement
was found in the lesion based detection performance. At a false positive (FP) rate of 0.1 FP/image,
the lesion sensitivity improved from 56% to 61%. Case based sensitivity did not improve. © 2007

American Association of Physicists in Medicine. [DOI: 10.1118/1.2436974]
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I. INTRODUCTION

In x-ray mammography it is standard practice to image the
breast from two different angles. The most common projec-
tions are the mediolateral oblique (MLO) view and the cran-
iocaudal (CC) view. The MLO view is usually taken under a
45 deg angle. Most lesions are visible in both views. How-
ever, sometimes lesions are obscured by dense tissue in one
of the views, or they may be projected outside the detector
area. The MLO projection covers the largest tissue area and
shows part of the pectoral muscle. When radiologists read
mammograms they judge the different views in combination.
In addition to comparison of MLO and CC projections they
also make left/right comparisons and if previous mammo-
grams are available they judge temporal changes. Computer
aided detection methods, on the other hand, are mostly lim-
ited to analysis of one projection.

By processing MLO and CC views independently, CAD
systems often mark abnormalities only in one view. Radiolo-
gists find this inconsistent, in particular if lesions appear
rather similar in both views. This may reduce their confi-
dence in the system and may affect their ability to use CAD
in a beneficial way. This limitation of CAD has been identi-
fied as an important issue in recent experimental studies,
which reported that it is more likely that radiologists ignore
CAD results if these only mark a lesion in one view."” The
fact that CAD marks a lesion only in one view may be easily
explained by differences in features computed for the regions
in the two views. These will generally lead to differences in
the levels of suspiciousness computed by the CAD system.
During display, a threshold is applied to the level of suspi-
ciousness to limit the number of regions rendered on the
display. Due to this, a CAD marker may be visible in one
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view while in the other it is just not displayed. To overcome
this limitation CAD systems should be designed that make
the display of marks dependent on both views.

It is interesting to note that computer aided detection
methods in mammography are often evaluated using a case
based sensitivity measure. This means that a true positive is
counted if a lesion is marked in either one of the two views
or in both. This should not be confused by a case based
analysis of mammograms by the CAD system itself. In the
light of the studies above more attention should be paid to
lesion based analysis, or to measurement of the number of
true positives marked in both views.

In the literature some approaches have been described to
establish correspondence between MLO and CC views.
Highnam et al.® used a model-based method to find a curve
in the MLO view that corresponds to the potential positions
of a point in the CC view, while Good et al* reported a
preliminary attempt of matching computer-detected objects
in two views by exhaustive pairing of the detected objects
and feature classification. However, remarkably few studies
have been presented that use correspondence between CC
and MLO views to improve detection results. Such a study
was conducted by Paquerault et al.,’ who developed a two-
view matching method in which a correspondence score is
computed for each possible mass pair. By combining this
correspondence score with their single-view detection score,
mass detection results improved significantly.

In this study we focus on detection of masses, architec-
tural distortion, and asymmetry, briefly referred to as masses
in the rest of the paper. The work is based on a method to
link potentially suspicious areas determined by our CAD
scheme in MLO and CC views.® In this paper we aim to use
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this linking method to improve results of our single-view
CAD scheme for mass detection. In particular, we investigate
if a correspondence in CC and MLO views can be utilized to
reduce false positives, based on the idea that false positives
in different projections may be expected to be less correlated
than true positives. By reclassification of CAD findings using
two-view information we aim at decreasing the suspicious-
ness of false positives while maintaining the strength of the
true positives. Moreover, by combining information from
two views, the difference between the CAD output of true
positive projections in two views may be reduced, which can
improve consistency of the system.

Il. METHODS
Il.A. Initial region detection

The method for detection of suspicious regions in single
mammographic views used in this work has been described
in detail in previous publications. Just a brief description will
be given here. An overview is shown in Fig. 1. Prior to the
first detection stage, mammograms are segmented into three
regions: breast tissue, pectoral muscle, and background. The
image background is labeled by marking pixels with high
exposure and low gradient values. This operation is followed
by morphological transformations to remove labels and to fill
small gaps. Subsequently, in the MLO views the pectoral
muscle is segmented as a straight line using a method based
on the Hough transform.” After segmentation, locations in
the tissue area are sampled at regular intervals, and at each
location features are computed to determine the presence of a
potentially suspicious pattern, such as densities or foci of
radiating line patterns.g’9 A supervised neural network classi-
fier, labeled as “A” in Fig. 1, is used to merge these features
into a measure of suspiciousness. In this way a map of sus-
piciousness is obtained. We determine the maxima in this
map to obtain a list of locations that may be of interest for
further inspection. By applying a threshold to the suspicious-
ness at these locations, i.e., the height of the maxima, candi-
date locations are identified for further processing. As this
threshold is fixed the number of initial locations varies from
image to image. The detection sensitivity at this threshold
cannot be improved by further processing. Therefore we use
very low threshold, typically leading to around ten false
positives per image on average.

In a second stage of processing the initial locations are
inspected in more detail. The analysis starts with application
of an algorithm for segmentation of locally dense regions,10
using the initial locations as seed points. This results in a set
of candidate regions. Using the boundary of the candidate
regions, a number of features are computed to represent rel-
evant characteristics of the region surrounding the seed
point. These features are used in a second supervised classi-
fier, also implemented by a neural network. Region features
that are used include region size, contrast, texture, compact-
ness, acutance measures, and relative location in the breast.!!
The output of the single-view region classifier “B” is a mea-
sure of suspiciousness of the region.
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FiG. 1. Overview of the two-view detection method.

Il.B. Classifier output conversion

The classifier used in the second processing stage is a
multilayer perceptron with one hidden layer and one output
node. The value of the output node is real number in the
interval [0,1]. In the training phase the back-propagation rule
is used to learn the network to map abnormal patterns to a
value close to one and normal patterns to a value close to
zero. After training the output can be used as a predictor of
malignancy of new patterns. A higher output value means
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that the input pattern is more suspicious. However, a certain
output value cannot be translated to a well-defined perfor-
mance level, which is sometimes inconvenient. For instance,
if a CAD system is used in practice it is common to display
only those regions for which the classifier output exceeds a
certain threshold. For that setting one would like to know
performance indicators of the system, in particular the aver-
age number of false positive marks per image. This is rela-
tively easy to determine by applying the detection method to
a series of representative normal cases. Of course, it is also
important to know the sensitivity at the selected operating
point. However, this cannot be measured easily in a standard-
ized way, as enough representative samples should be avail-
able, along with reliable ground truth of lesions and detec-
tion criteria.

To relate the output of the classifier to performance of the
system, we convert the neural network output to a measure
Lg, which indicates innocence or normality of the region.
This is done by applying the detection method to a series of
normal mammograms and determining the average number
of regions per image that have equal or higher scores than
the region itself. In other words, the normality of a region is
expressed by the average number of false positives per image
at the least sensitive setting of the system at which the region
is still marked. For the purpose of this study this conversion
has the advantage that we can directly compare the output of
different classifiers. For instance, we can study how the nor-
mality of normal and abnormal regions changes if we add
stages to the CAD scheme, like the view correlation stage
presented in this paper. It also has advantages when a detec-
tion scheme is evaluated using cross-validation, which in-
volves training and testing of classifiers using different sub-
sets. Normally the output of the neural networks trained with
the various subsets should not be directly compared, as the
output is influenced by the prevalence and difficulty of the
normal and abnormal training patterns. To compute FROC
performance for the whole dataset one can average FROC
curves obtained for the subsets, but this is not ideal. When
the classifier outputs are converted as we described, all data
can be pooled for FROC analysis. It is noted that the con-
version always is a monotone transform. As a consequence,
FROC performance in a single dataset is not affected by the
conversion.

II.C. Combined detection in MLO and CC views

In a previous study we investigated methods for determi-
nation of correspondence between regions in MLO and CC
projections.6 Two of these methods were used in this study
and are briefly discussed below. The common element of the
two methods is a correspondence score, which is computed
for each acceptable combination of a region with a region in
the ipsilateral view. To determine if a region combination is
acceptable, the distance to the nipple is used. An estimate of
the location of the nipple is derived from the shape of the
breast outline and the pectoral muscle. This procedure is
fully automated. Experimentally it was found that in a large
series of MLO-CC pairs, difference in distance to the nipple
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was always smaller than 2.4 cm for corresponding regions.
Therefore, we used this threshold value to determine if a
region pair is acceptable. The correspondence score of a re-
gion pair is based on a set of features representing differ-
ences in appearance of the CC region and the MLO region,
and on the nipple distance difference. Features include con-
trast difference and correlation. Using a database of regions
with known correspondence, linear discriminant analysis is
applied to learn how to discriminate between correct and
incorrect region links in the feature space. This LDA scheme
is subsequently used to predict if a new pair of regions cor-
responds. The output of the LDA scheme is the correspon-
dence score.

The correspondence scores can be used to link regions in
several ways. In this study we use two methods. The first is
a method that links each region to the most likely region in
the ipsilateral view, i.e., the one that has the highest corre-
spondence score. The second is a one-to-one mapping ob-
tained by sequentially assigning links between pairs with the
highest correspondence score. In our previous work we
found that the first method resulted in the highest fraction of
correct true positive (TP) links. However, it is noted that by
assigning links to the most likely candidate region a non-
injective mapping is obtained, which is generally non-
invertible. Region links computed for the MLO view may be
different from links established with the CC view regions as
starting point. As a consequence, this mapping does not lead
to a unique definition of region pairs, which has implications
for the two-view detection method.

After linking, several types of regions can be distin-
guished: regions that are part of a pair with one-to-one cor-
respondence, regions that have several regions in the ipsilat-
eral view mapping to them, and regions that are not mapped
to any region. To avoid complications related to this, we did
not design a method for classification of region pairs. In-
stead, we continue classification of individual regions, simi-
lar to the second stage of the detection method. By adding
features extracted using information from the ipsilateral view
we aim at improving the estimate of suspiciousness of can-
didate regions. Apart from being less complex, this approach
has the advantage that the evaluation methodology used for
single-view detection, lesion and case based FROC analysis,
can still be used, which makes it easier to determine the
benefit of two-view combination.

An outline of the two-view detection scheme is shown in
Fig. 1. After application of the linking algorithm, most de-
tections are linked to a region in the ipsilateral view. Not all
detections are linked because it may happen that no accept-
able region is available in the ipsi-latera view. To assess sus-
piciousness of a region in the presence of links a third stage
is added to the detection scheme in which features from the
two regions are combined in a supervised classifier “C.” As
input for the two-view classifier we investigated the use of
single-view features, from the first and second stages of our
scheme, and two-view features. These features are described
in the following section.
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TaBLE 1. Features investigated for the two-view classifier. The first column
represents features used in the original single-view CAD scheme. In the
second column the two-view features are shown. The correspondence score
is the output of the LDA classifier that was used to discriminate between
correct and incorrect region combinations.

Single-view features Two-view features

spiculation features (f}.f3)
focal mass features (g;,g,)

correspondence
difference in distance
to nipple (distance)
mass likelihood (L,) gray_scale_correlation
contrast measures

(contrast; ,contrast,)

polar_correlation
region_size histogram_correlation
normality single-view (Lg) normality of linked region
(Lg_other_view)

II.D. Features for two-view classifier

As input to the two-view classifier a pool of 15 features
was investigated, which are listed in Table I. In the following
paragraphs we will give a short description of the used
single-view features, which originate from the first and sec-
ond steps of our CAD scheme. A detailed description of the
two-view features can be found in a previous publication.6

(i) Spiculation features: With respect to the detection of
mass lesions in mammograms there are two important
lesion characteristics, one is the presence of spicules
and the other is the presence of a central mass. Our
spiculation features are based on the idea that stellate
lesions show a pattern of lines directed towards the
center of a lesion. In the first step of our CAD scheme
we use two spiculation features, which are both based
on statistical analysis of local orientation patterns.
Orientations are derived by second order Gaussian de-
rivative filters. The first feature is a normalized mea-
sure of line concentration. The second feature calcu-
lates to what extent the locations with a line
orientation towards the center are equally distributed
in all directions. We will refer to these features as f,
respectively f,. Details can be found in Ref. 8.

(i)  Focal mass features: For determining presence of a
focal mass we use a similar approach as for the detec-
tion of spicules. The main difference is that instead of
using line orientations we now calculate gradient ori-
entations, using first order Gaussian derivatives. If a
mass is present, the majority of image locations inside
the mass will have gradient orientations directed to-
wards the center of the mass. We derive two features
from the calculated gradient orientations. The first is a
normalized measure of gradient concentration, de-
noted by g;. The second feature g, represents whether
or not the pattern is isotropic. Details can be found in
Ref. 9.

(iii)  Mass likelihood: In the first step of our CAD scheme,
pixel level features including the spiculation and focal
mass features mentioned above are used as input to
neural network classifier (labeled “A” in Fig. 1). The
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output of this classifier is a continuous measure L,
representing the likelihood that a mass is present.

(iv)  Region size: In the second step of our CAD scheme
regions are segmented at locations suspicious for
presence of a mass. The size of a region, measured by
the number of pixels of its segmented area, was used
as feature (region_size).

(v) Contrast measures: For the two-view classifier two
contrast measures that performed best in the single-
view analysis were included. The first is the differ-
ence in mean pixel value (which is linear with the
optical density) between pixels inside [E([)] and out-
side [E(O)] the segmentation,

contrast; = E(I) — E(O). (1)

For the area outside the segmentation we took all pix-
els with a distance less than 0.6R from the contour,
where R is  the effective radius (R
=\area of the inside region/ ) of the region. The
second contrast feature is the square of the differ-
ence between the mean pixel values inside and out-
side the contour, divided by the sum of the standard
deviations of both areas,

[EW) - E(QO)F

contrast, = m ()

(vi)  Single-view likelihood of malignancy: Next to the
classifier output of the first detection stage, L,, also
the final output of our single-view CAD scheme, Ly,
was investigated as input to the two-view classifier.

Il.LE. Two-view classifier

Based on correspondence scores, regions in the MLO and
CC views were linked and two-view feature vectors for the
linked region were composed. To select features for the two-
view classifier, a forward selection procedure was used in
combination with receiver operating characteristic (ROC)
analysis. For this purpose, a LDA classifier was used. The
optimal set of features was determined by adding features
until the area under the ROC curve (A,) did not further in-
crease. To avoid bias in the computation of the A, values a
50% cross-validation scheme was used at every feature se-
lection step. The database used for feature selection included
948 cases and is described in detail the following section.
The same database was used for evaluation of the two-view
detection scheme. Because of the small number of features
we used and the large number of regions (more than 18 000)
we assumed that the risk of inducing a positive bias by this
feature selection process was minimal.

For the two-view classifier we used a three-layer neural
network with three hidden nodes. The network was trained
with back-propagation. The input of this classifier was com-
posed of the features selected by the ROC analysis. Just as
for the single-view scheme, the output of this classifier is a
continuous measure of the likelihood of malignancy of a
region. Because the output has a variable scale, which de-
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pends on the training schedule and the distribution of cases
in the training sample, the output was converted to a normal-
ity level Ly in a similar way as the single-view classifier
output conversion explained above.

It sometimes occurred that no link could be established
for a region, because of limited availability of candidate re-
gions in the other view. In principle, we could use the single-
view output of classifier “B” as the final output of the detec-
tion scheme for these regions. However, this would not take
into account that the absence of an existing link in the ipsi-
lateral view is relevant information, which might be useful in
the final estimate of suspiciousness of a lesion. Therefore, we
decided to use another approach: When no link could be
established the correspondence score and the other two-view
features of a region were set to zero. This made it possible to
process these regions also by the two-view classifier.

II.F. Evaluation

The detection schemes were evaluated using a data set
containing 412 abnormal mammograms and 536 normal
mammograms. All mammograms had four views: the CC
and MLO projections of the left and right breasts. For some
women several mammograms were included taken from dif-
ferent screenings or clinical exams. For the purpose of this
study these were treated as separate cases. Of the abnormal
mammograms 164 were prior screening mammograms of
screen-detected or interval cancers. All abnormal cases had a
visible mass, architectural distortion, or asymmetry in at
least one view, which was verified by pathology reports to be
malignant. Lesions contours were marked by, or under super-
vision of, an experienced screening radiologist. Normal cases
were verified to be normal by two year follow-up. Cases with
benign abnormalities were excluded. In total there were 824
annotated regions in the 412 positive cases in the dataset. In
388 cases a mass region was visible in both views and in 10
of these cases multiple mass regions were marked, indicating
a multifocal or multicentric cancer. All mammograms were
recorded with film-screen systems. For digitization two scan-
ners were used, a Lumisys 85 (248 cases) and a Canon
CFS300 (700 cases). Both scanners were operated at a pixel
resolution of 50 um and 12 bits/pixel. For processing, the
images were averaged down to a resolution of 200 um per
pixel, maintaining the original gray value depth.

Detection performance was tested using FROC analysis
and 20-fold cross-validation. Both a lesion and a case based
evaluation were carried out. In the lesion based analysis sen-
sitivity was computed as the number of lesions detected di-
vided by the total number of lesions. In the case based evalu-
ation, a case is by definition regarded as a true positive (TP)
if a true positive detection occurs in at least one of the two
views. A lesion was counted as detected if the center of mass
of a region marked by CAD was located inside the annotated
cancer outline. All regions that did not meet this criterium
were counted as false positives. It is noted that conversion of
the classifier output to a standardized level of normality was
included in the cross-validation scheme. By doing this we
could pool the results of the classifiers in the different sub-
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sets in one analysis to obtain an overall FROC curve. For
statistical analysis we determined the FROC performance in
each of the cross-validation subsets. The area under the
FROC in the range of false positives per image less than 1.0
was used as performance measure. Statistical significance of
differences between FROC curves was determined by appli-
cation of a paired Wilcoxon test over the subset results. It is
noted that the performance measured in the subsets was not
affected by the conversion of the classifier output.

In this study we made several comparisons. First, the per-
formance of the two-view classifier was compared with the
single-view results. Second, we investigated the effect of us-
ing the two region linking methods on detection perfor-
mance. Finally, we repeated the comparison of single- and
two-view detection on a subset of cases, in which all positive
cases with an incorrect link of a true mass to a false positive
were removed. This was done to gain insight in the effect
incorrect links. To get a more detailed view of differences of
the single- and two-view classifier we also performed a pair-
wise comparison of the results for individual regions, by
plotting histograms of L;y—Lg for true positives and false
positives. It is noted that in the linking process not all re-
gions initially detected by the single view CAD program
were included, to reduce computation. In each view we only
took the five most important regions, i.e., those with the
lowest single-view normality scores.

lll. RESULTS

The number of detected regions analyzed by the two-view
classifier was 18 725, of which 885 were true positives.
There were 79 annotated regions that were not detected by
CAD after the five regions per view threshold was applied.
Many true mass regions were detected more than once by
CAD: 74 regions were hit twice and 27 regions more than
twice. Linking with the most likely candidate region in the
ipsilateral view resulted in a correct link for 79% of the true
positives, while 18% of the true positives were linked to a
false positive and 3% of the true positives was not linked.
For the one-to-one linking scheme, the percentage of correct
true positive links was 64%, while 33% of the true positives
were linked to a false positive.

Using forward feature selection, we determined an opti-
mal set of features for our two-view classifier. To give an
impression of the importance of the features used in the two-
view classifier, Table II presents the individual feature per-
formances. The output of our single-view CAD scheme Lg
was the first feature that was selected by the feature selection
algorithm. The features that were selected next were all two-
view features, namely correspondence, polar_correlation,
Lg other_view, distance, and histogram_correlation.

We compared the performance of the two-view classifier
with our original CAD performance using FROC analysis.
The result of the image based evaluation is presented in Fig.
2, and shows an improvement when using the two-view clas-
sifier for both linking methods. Best results were obtained
with the maximum correspondence method. For instance, at
a false positive rate of 0.1 FP/image, the lesion based sensi-
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TABLE II. A, values for the LDA classifier for the single- and two-view
features. Using forward feature selection the following features were se-
lected: Lg, correspondence, polar_correlation, Lg other view, distance, and
histogram_correlation.

Features A,

Single-view features

fi 0.547
1> 0.594
g1 0.753
g 0.774
L, 0.837
region_size 0.737
contrast; 0.795
contrast, 0.750
Lg 0.899
Two-view features

Lg other_view 0.765
distance 0.619
gray_scale_correlation 0.676
histogram_correlation 0.626
polar_correlation 0.742
correspondence 0.826

tivity increases from 52% to 61%. This improvement was
statistically significant (p=0.026). Results obtained with the
one-to-one linking method were worse, but the difference
between the FROC curves of the two linking methods was
not statistically significant. The differences are consistent
with the fraction of correct TP-TP links obtained by the two
methods, which were 79% and 64% for the maximum corre-
spondence and one-to-one linking scheme, respectively. Case
based FROC results were also computed for both linking
methods. These results were not different from the single-
view results. Lesion based performance improves because
more lesions are detected in two views. This can be seen in
Fig. 3 where the fraction of lesions detected in two views is
shown as a function of the number of false positives per
image.
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FiG. 2. Lesion based FROC results for the single- and two-view mass de-
tection schemes. Two region linking methods were applied, based on maxi-
mum correspondence (I) and one-to-one linking (IT). The following features
were used as input for the two-view classifier: Lg, correspondence,
polar_correlation, Lg_other_view, distance, and histogram_correlation.
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Fi6. 3. Two-view detection FROC for linking method based on maximum
correspondence. True positives are only counted if a lesion is detected in
both views.

To have a closer look at the effect of the two-view clas-
sifier we made a pairwise comparison of the normality levels
of the regions determined by the single- and two-view clas-
sifiers. Histograms of L;—Lg were computed for false posi-
tives and for the true positive CAD regions. Figure 4 shows
the effect of the two-view classifier on the FP regions, where
the FP regions are sorted into four groups based on the origi-
nal (single-view) normality score. For the relatively suspect
false positives (normality score <1.0) the histograms show a
shift to the right, which means than on average these false
positives are rated more normal. This is consistent with an
improvement of the FROC curve. However, it can also be
seen that some of the less suspicious false positive regions
(normality score >1.0) are rated more suspicious by the two-
view classifier. In the histogram for the TP regions (Fig. 5), a
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FiG. 4. Histograms of normality score changes L;—Lg observed after appli-
cation of the two-view classifier, for different groups of false positives.
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FiG. 5. Histograms of normality score differences L;—Lg before and after
applying the two-view classifier for true positives. Differences computed by
case are shown right.

slight shift of the normality scores to lower values can be
seen, which means that the regions become somewhat more
suspicious in the two-view detection scheme. However, if we
look at the case based calculation, where for every case the
minimum normality score of the TP regions in the MLO and
CC view was used, we see the opposite effect.

To investigate the effect of incorrect links, we constructed
a new case sample based on the linking results of the maxi-
mum correspondence method. All cases that had incorrect
true positive links were removed. Figures 6 and 7 show
FROC results for this set of cases. A strong increase of the
number of lesions detected in two views can be observed,
while also the case based detection performance improves
slightly. However, case based improvement was not statisti-
cally significant.

IV. DISCUSSION AND CONCLUSIONS

Using lesion based FROC analysis we showed that detec-
tion results improve when using two-view information (see
Fig. 2). However, in the case based evaluation we found no
improvement. Obviously, case based performance is harder
to improve, as sensitivity is completely determined by the
views in which the masses have the highest malignancy rat-
ing (or the lowest normality score). It might be that most of
the masses that were found more suspicious after application
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FIG. 6. Two-view detection FROC for a subset of the data in which positive

cases with incorrect true positive links were removed. True positives are
only counted if a lesion is detected in both views.
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FiG. 7. Case based FROC results for a subset of the data in which positive
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of the two-view classifier were rated more suspicious in the
other view. This might partly explain the fact that the case
based performance did not change. As can be seen in Fig. 5,
the positive effect of the two-view classifier on the malig-
nancy score of the TP regions is not visible in the case based
evaluation. On the contrary, we see a small negative effect.
The reason that case based FROC performance did not get
worse due to this effect lies in changes of the false positive
ratings. Figure 4 shows that the effect of the two-view clas-
sifier on the FP regions can be quite strong. There is a net
effect of rating them more normal. However, it seems that
this benefit is canceled by the negative effect on the TP re-
gions in the case based evaluation. This effect can be seen
more clearly when calculating the sum of differences of the
normality scores of the TP regions before and after applica-
tion of the two-view classifier. In the image based evaluation
this sum of differences is 38.4 against —38.9 in the case
based evaluation.

For the two-view classifier it is important that the number
of incorrect links between a TP region in one view and a FP
region in the other view is as low as possible. Links between
true and false positive regions may severely degrade detec-
tion performance, as this will generally lead to more suspi-
cious ratings of the false positives and less suspicious ratings
of the true positives. In Fig. 2 results of two different linking
methods can be compared. As expected, best performance
was achieved using the method with the highest percentage
of correctly established TP-TP region links. The percentage
of true positives with correct TP-TP links was 79% for this
method. It seems that it is still worthwhile, though, to put
more effort in improving the linking scheme, as the negative
effect of incorrect links appears to be quite large. When cases
with incorrect true positive links are removed the improve-
ment obtained by two-view matching is larger (Fig. 7).

To our knowledge, the only study presented so far on the
use of MLO and CC information to improve mass detection
results is that of Paquerault et al’ They developed a two-
view matching method that results in a correspondence score
for each possible mass pair. By combining this correspon-
dence score with their single-view detection score, their clas-
sification results also improved significantly. Their lesion
based detection sensitivity was found to improve from 62%
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with a one-view detection scheme to 73% with their two-
view scheme, at a false positive rate of 1 FP/image. The
corresponding case based detection sensitivity improved
from 77% to 91%. These results seem to be in contradiction
with our results. Figure 2 shows that at the false positive
level of 1 FP/image the sensitivity of our scheme is im-
proved only very slightly by using two-view information
(from 82% to 83%). This requires further investigation. In
the paper by Paquerault ef al. no information was given
about the percentage of correctly established links.

Our detection results mainly improved for operating
points with high specificity (low number of false positives
per image) in the FROC curve. For instance, at a false posi-
tive rate of 0.1 FP/image, the lesion based sensitivity in-
creased from 52% to 61%. While this reflects better perfor-
mance of the system in distinguishing false positives from
true masses, it may be less relevant when a CAD system is
merely used to prompt regions at a higher false positive rate.
However, we think that CAD systems in breast cancer
screening will evolve to applications that display estimates
of malignancy to the radiologists, in order to help them to
make better decisions regarding referral. In those applica-
tions excellent performance of CAD is required at operating
points lower than 0.1 FP/image.

In summary, we found that by establishing correspon-
dence between regions detected in two views detection per-
formance can be improved, but that improvements thus far
are only seen in lesion based evaluation. This is important,
though, as this means that results of the CAD system become
more consistent: It happens less often that a lesion is only
marked in one view. This may lead to increased confidence
of radiologists in the system.
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