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The purpose of this study was to develop a knowledge-based scheme for the detection of masses on
digitized screening mammograms. The computer-assisted detection~CAD! scheme utilizes a
knowledge databank of mammographic regions of interest~ROIs! with known ground truth. Each
ROI in the databank serves as a template. The CAD system follows a template matching approach
with mutual information as the similarity metric to determine if a query mammographic ROI
depicts a true mass. Based on their information content, all similar ROIs in the databank are
retrieved and rank-ordered. Then, a decision index is calculated based on the query’s best matches.
The decision index effectively combines the similarity indices and ground truth of the best-matched
templates into a prediction regarding the presence of a mass in the query mammographic ROI. The
system was developed and evaluated using a database of 1465 ROIs extracted from the Digital
Database for Screening Mammography. There were 809 ROIs with confirmed masses~455 malig-
nant and 354 benign! and 656 normal ROIs. CAD performance was assessed using a leave-one-out
sampling scheme and Receiver Operating Characteristics analysis. Depending on the formulation of
the decision index, CAD performance as high asAz50.8760.01 was achieved. The CAD detection
rate was consistent for both malignant and benign masses. In addition, the impact of certain imple-
mentation parameters on the detection accuracy and speed of the proposed CAD scheme was
studied in more detail. ©2003 American Association of Physicists in Medicine.
@DOI: 10.1118/1.1589494#

Key words: mammography, computer-assisted detection~CAD!, knowledge-based, mutual
information, receiver-operating characteristic~ROC!
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I. INTRODUCTION

Breast cancer is one of the most devastating and deadly
eases for women.1 While there are many exciting new tech
niques on the horizon, for the time being mammography
mains the screening test in the battle against breast ca
Patients with early-detected malignancies have a sig
cantly lower mortality rate.2,3 Unfortunately, it is reported
that up to 30% of breast lesions go undetected in scree
mammograms4–6 and up to 2/3 of those lesions are visible
retrospect.7 Breast masses comprise a significant portion
missed cancers.4,5 The clinical significance of early diagnos
and the difficulty of the diagnostic task have generate
tremendous interest in developing computer-assisted de
tion ~CAD! schemes for mammographic interpretation. S
eral studies have demonstrated that CAD technology h
positive impact on early breast cancer detection.5,7,8 How-
ever, there are still unresolved issues related to the clin
role of CAD in mammography. For example, the CAD d
tection accuracy is reportedly lower for masses than
calcifications.9,10 Since high sensitivity is essential in scree
ing mammography, CAD is often compromised by a high
2123 Med. Phys. 30 „8…, August 2003 0094-2405 Õ2003Õ30„
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false-positive rate in the detection of breast masses. The
pact of false-positive CAD cues on the recall rate of ma
mograms is under investigation.5,8 Generally, it is assumed
that the radiologists will be able to discard easily most of
false-positive cues. However, a recent study has challen
this belief.11 The study also showed that low-performin
CAD tools degrade radiologists’ performance in noncued
eas. Therefore, it is recommended that a cueing CAD t
should be used by an experienced interpreter to effectiv
process all cues.10 However, the medical and legal implica
tions of dismissing CAD cues are currently unknown.10 Con-
sequently, CAD research efforts in mammography are on
ing.

Thus far, the overwhelming majority of CAD technique
follow a two-step approach~e.g., Refs. 9, 12–23!. Initially,
traditional image processing is performed to identify sus
cious mammographic regions. Subsequently, morpholog
and/or textural features are automatically extracted fr
these regions. The features are merged with linear classi
or artificial intelligence techniques to further refine the d
tection and often the diagnosis~benign versus malignant! of
potential abnormalities. The suspicious mammographic
21238…Õ2123Õ8Õ$20.00 © 2003 Am. Assoc. Phys. Med.
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gions detected by the CAD system serve as cues to the
ologists. Commercially available products are designed
operate as black boxes that provide diagnostic cues but
comprehensible decision models. In addition, some resea
ers have developed mathematical models to describe the
tistical nature of mammograms.24,25 Such models could be
potentially extended to perform as CAD tools.

The purpose of this study is to develop a knowledg
based~KB! CAD scheme for the detection of breast mas
in digitized mammograms. Generally, knowledge-bas
CAD ~KB-CAD! systems aim to provide evidence-based
cision support using a knowledge databank. Much like
physician relates a present case to those seen in the p
KB system relates a new case to similar cases stored i
knowledge databank. Based on the similar cases, a diagn
is assigned to the new case by analogy or by copying
answer if the match is close enough. The main benefits
using KB-CAD systems are the following:~1! KB-CAD sys-
tems take full advantage of growing data libraries witho
further re-training of the CAD system and,~2! they can be
interactive allowing physicians to formulate their own que
tions and get interpretable answers.

The computational demands of maintaining, indexing, a
querying a large knowledge databank have limited the ap
cation of these tools in mammography. Furthermore, defin
similarity between two images is nontrivial. There is not
single similarity metric that is known to produce the be
results in all applications. Common practice is to select
agnostically important features and feature-based dista
metrics to determine similarity. Case-based reasoning~CBR!
is a typical example of a KB system and it has been succ
fully applied for mammographic diagnosis based
radiologist-extracted BIRADS findings.26,27 In addition,
Changet al. showed the feasibility of using a KB-CAD sys
tem for the detection of mammographic masses.28 Their sys-
tem employed a feature-based similarity metric that requ
segmentation of the suspected masses.

In contrast, our proposed KB-CAD scheme follows
image retrieval approach that is not feature-based but
template matching with a global similarity metric. Templa
matching requires comparison of a given image with a te
plate image. Each mammographic case stored in the kn
edge databank serves as a template. Given a query mam
graphic region, the KB-CAD scheme retrieves similar ca
from its knowledge databank. The focus of this study is
investigate mutual information~MI ! as a potential similarity
metric for knowledge-based detection of masses in scree
mammograms.

MI is a fundamental concept in information theory.29 It is
defined in terms of two objects~i.e., images! and it measures
how much one object can explain the other. Thus, MI c
tures the similarity or the amount of relevant informati
between two objects.29 In medical imaging, MI has been
very effective similarity metric for image registration tasks30

The basic idea is that when two images are properly align
their MI is maximal. Our study aims to evaluate if MI ca
serve as a similarity metric in a template-matching sche
for the detection of mammographic masses. We hypothe
Medical Physics, Vol. 30, No. 8, August 2003
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that if two mammographic regions depict similar structur
they should contain relevant diagnostic information for ea
other. Therefore, by measuring their MI we can potentia
quantify their diagnostic similarity. Furthermore, the MI
calculated directly from the images without any preproce
ing. By using MI as a global similarity metric, we avoi
issues related to image segmentation, feature extraction,
feature selection that are typically associated with featu
based similarity metrics or feature-based CAD schemes.

II. MATERIALS AND METHODS

A. The image database

The CAD system was developed and evaluated using
Digital Database for Screening Mammography~DDSM! that
was collected at the University of South Florida under t
DOD Breast Cancer Research Program Grant N
DAMD17-94-J-4015.31 DDSM is intended as a benchmar
database for CAD tools on screening mammograms. The
tabase includes normal, cancer, and benign cases. A DD
mammogram is considered normal if no further evaluat
was required and the patient had a normal screening exa
least four years later. A cancer case is a screening mam
gram with at least one biopsy-proven malignancy. A ben
case is a screening mammogram with a suspicious find
that was determined to be benign by pathology or additio
imaging.

DDSM includes three volumes, each containing mamm
grams digitized with a different digitizer~LUMISYS, HOW-
TEK, and DBA!. Each DDSM screening exam consists
two images for each breast~standard craniocaudal and m
diolateral oblique views!. Our study focused on the DDSM
mammograms digitized using the LUMISYS scanner. I
tially, these mammograms were downloaded and archiv
From those, all mammograms with annotated masses w
selected. Specifically, all malignant masses present in the
‘‘cancerI02,’’ ‘‘cancerI05,’’ ‘‘cancerI09,’’ and ‘‘cancerI15’’
were identified. Similarly, all benign masses present in
sets ‘‘benignI01,’’ ‘‘benignI04,’’ ‘‘benignI06,’’ ‘‘benignI13,’’
and ‘‘benignI14’’ were identified. There were 260 studie
with malignant masses and 146 studies with benign mas
Some masses were visible in one mammographic view o

The DDSM includes information describing the locatio
of the masses. 5123512 pixel regions of interest~ROIs! cen-
tered on the known location of each annotated mass w
extracted. In addition, 5123512 pixel ROIs depicting norma
tissue were also extracted. The normal ROIs were extra
from the sets ‘‘normalI09’’ and ‘‘normalI10.’’ The two sets
included 82 patients with normal screening mammogra
Two 5123512 pixel ROIs were randomly chosen from ea
view per breast. Thus, eight ROIs were extracted from e
DDSM patient with a normal screening exam. There we
1465 ROIs in total; 455 ROIs depicting a biopsy-proven m
lignant mass, 354 ROIs with a benign mass, and the rem
ing 656 ROIs were normal. To facilitate detailed analy
according to the difficulty level of the detection task, a
extracted ROIs were furthered indexed according to the d
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sity rating of their corresponding mammogram. The AC
density rating is part of the associated patient informat
that is provided in the DDSM database.

B. Overview of the CAD scheme

Figure 1 highlights the three critical components of o
KB-CAD scheme:~1! the knowledge databank,~2! the tem-
plate matching algorithm, and~3! the knowledge-based de
cision algorithm. The knowledge databank contains mamm
graphic ROIs that depict masses of known truth or norm
tissue. Each ROI stored in the databank serves as a temp
A query suspicious mammographic region is compared to
stored templates using the template-matching algorit
Based on their information content, all similar templates
the databank are retrieved. A decision algorithm effectiv
combines the similarity indices and known truth of the
trieved templates into a prediction regarding the presenc
a mass in the suspicious query mammographic region.

C. The template-matching algorithm

This section describes the algorithm employed in
study to measure the similarity between a query mamm
graphic region and a template ROI stored in the knowle
databank. The algorithm utilizes mutual information~MI !, a
similarity index borrowed from information theory.29

Mutual information is a measure of general interdep
dence between two random variablesx andy.29 The MI con-
cept can be easily extended to images. Given two imageX
andY, their MI I(X;Y) is expressed as

I ~X;Y!5(
x

(
y

PXY~x,y!log2

PXY~x,y!

PX~x!PY~y!
, ~1!

where PXY(x,y) is the joint probability density function
~pdf! of the two images based on their corresponding pi
values.29 Equation~1! assumes that the image pixel valu
are samples of two random variablesx and y, respectively.
PX(x) and PY(y) are the marginal pdfs. The basic idea
that when two images are similar, pixels with a certain inte
sity value in one image should correspond to a more c
tered distribution of the intensity values in the other image30

The more the two images are alike, the more informationX

FIG. 1. Overview of the KB-CAD scheme.
Medical Physics, Vol. 30, No. 8, August 2003
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provides for Y and vice versa. Therefore, the MI can b
thought as an intensity-based measure of how much two
ages are alike. In the template-matching context, the MI
creases when the query imageX and the template imageY
depict similar structures. Then, the pixel value in imageX is
a good predictor of the pixel value at the corresponding
cation in imageY.

Theoretically, MI is a more effective and robust similari
metric than traditional correlation.32 Correlation techniques
assume a linear relationship between the intensity value
the two images. MI measures general dependence with
making anya priori assumptions.

The MI estimation of two mammographic ROIs requir
computation of the joint and marginal pdfs as shown in E
~1!. There are two published methods for the task:~1! Parzen
windows,33 and ~2! the histogram approach.34 We followed
the histogram approach since it is quick and easy to imp
ment. Time efficiency is very important for a knowledg
based CAD system.

According to the histogram method, a pdf is appro
mated using a histogram. For each histogram bin, the p
ability is estimated by counting the number of pixels that f
into a particular bin and dividing that number by the to
number of pixels. Then, the MI of two imagesX andY can
be computed according to Eq.~1!.

The number of bins selected for histogram approximat
is a critical issue.35 More bins allow for more detailed rep
resentation of the pdfs. However, these details may be n
ing more than noise caused by the small sample size in e
bin. The potential estimation error can substantially alter
results of a study.36 Since the DDSM images considered
our study are 12 bit images, the 409634096 2D histogram
required for the estimation of the joint pdf of two mamm
graphic ROIs will be very sparse leading to serious MI es
mation errors. Following typical practices of image regist
tion applications, the pdfs were estimated using a redu
number of 256 equal-sized intensity bins for the histogr
approximation technique. Furthermore, since the distribut
for the pixel values can vary substantially among ROIs
applied the following rules. For each ROI, the meanm and
standard deviations of the ROI pixel values were calculated
Then, the interval@m22s,m12s# was divided into the pre-
selected number of equal segments~i.e., 256!. Any rare pixel
values falling outside the predetermined interval were
signed to the extreme left or right bins when calculating
histograms. The above rules were followed consistently
all ROIs.

D. The knowledge-based decision index

The knowledge-based decision index was computed u
the level of similarity and the ground truth of the bes
matched templates. Two experiments were performed to
termine the most effective way to use the CAD system a
computer aid for the detection of mammographic masses
the first experiment, the knowledge databank included o
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TABLE I. ROC performance of the CAD scheme for two decision indices (D1 ,D2) and for varying number of
the top matches considered (k51, 10, 50, 100, 200, 400, ALL!. The MI calculations were based on 25
histogram bins and the full resolution 5123512 ROIs.

1 10 50 100 200 400 ALL

D1 0.7160.01 0.7160.01 0.7160.01 0.7260.01 0.7360.01 0.7460.01 0.7560.01
D2 0.7160.01 0.7960.01 0.8460.01 0.8560.01 0.8560.01 0.8660.01 0.8760.01
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mammographic ROIs that contained a mass. In the sec
experiment, the knowledge databank included both nor
and mass ROIs.

Experiment 1: Given a query mammographic ROIQi , a
decision index was calculated based on the MI between
query ROI and each knownmass Mj in the knowledge da-
tabank. The decision indexD1(Qi) was the average MI o
the k best mass matches:

D1~Qi !5
1

k (
j 51

k

MI ~Qi ,M j !. ~2!

Theoretically, a query ROI depicting a mass should ma
better with the databank of mass ROIs than a query R
depicting normal breast tissue, thus resulting in a hig
D1(Qi).

Experiment 2: Given a query mammographic ROIQi , a
decision indexD2(Qi) was calculated as the difference
two terms. The first term measures the average MI betw
the query ROI and itsk best mass matchesM j . Similarly, the
second term measures the average MI between the q
ROI and itsk best normalNj matches,

D2~Qi !5
1

k (
j 51

k

MI ~Qi ,M j !2
1

k (
j 51

k

MI ~Qi ,Nj !. ~3!

Theoretically, a query ROI depicting a mass should hav
higherD2(Qi).

E. Performance evaluation

The diagnostic performance of the CAD system w
evaluated using a leave-one-out sampling scheme.37 Given
the database of 1465 mammographic ROIs, each ROI
excluded once to serve as a query case. In experiment 1
remaining mass cases were used to establish the knowl
databank. In experiment 2, the remaining 1464 cases w
used to establish the databank. The experiments were
peated until every ROI served as a query ROI. The ca
lated decision indicesD1 and D2 were analyzed based o
Receiver Operating Characteristic~ROC! analysis methodol-
ogy. The ROCKIT software package developed by M
et al. ~available at www-radiology.uchicago.edu/kr
toppage11.htm! was used to fit ROC curves to the two dec
sion indices implemented in this study. For both indic
ROC performance was estimated for varying values of
top matches~parameterk! considered.
l. 30, No. 8, August 2003
nd
al

e

h
I
r

en

ry

a

s

as
the
ge
re
re-
-

z

,
e

F. Influence of implementation parameters

In a knowledge-based system, comparing a query c
with every archived case can be computationally expens
This is certainly a concern with image databases and glo
similarity metrics such as the mutual information. One w
to reduce the computation time is by reducing the numbe
histogram bins employed for the MI estimation. We repea
the previous experiments estimating the MI using 64 and
histogram bins to evaluate the impact of this implementat
parameter on the overall performance of the CAD scheme
addition, we studied the effect of image sub-sampling. Si
a knowledge-based CAD system requires individual co
parisons of the query ROI with all stored ROIs, it can
computationally more effective if the comparisons are p
formed on reduced-resolution ROIs. We repeated the abo
mentioned experiments with sub-sampled ROIs~2563256,
1283128, and 64364! to determine if the CAD detection
rate degrades for sparsely sampled ROIs.

III. RESULTS

The experimental results are presented in two sectio
Each section addresses an important issue:~1! overall ROC
performance,~2! influence of the implementation paramete
on performance and time efficiency of the proposed CA
scheme.

A. Overall ROC performance of the CAD scheme

No particular trend was observed in obtaining higher
values with template ROIs extracted from the same mam
gram as the query ROI. Therefore, the overall detection p
formance of the KB-CAD scheme was analyzed on a
ROI basis, not on a per-case basis. Table I shows the pe
mance of the CAD system as measured by the ROC a
index (Az) for each one of the decision indicesD1 , D2 and
for varying number of the top matches considered~parameter
k!.

Several observations can be made based on Table I.
performance of the KB-CAD scheme varied substantially
pending on the decision algorithm. Overall, the CAD syst
had a significantly better ROC performance when the de
sion index was calculated using the knowledge databank
includes both mass and normal templates (D2). Furthermore,
CAD performance improved as more matched cases w
considered in the calculation of the decision indexD2 . The
CAD system achieved its best ROC performance (Az50.87
60.01) when all archived cases were included in the cal
lation of D2 . However, when the detection decision w
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based only on the best mass matches (D1), the ROC area
index was statistically significantly lower (Az50.7560.01)
but substantially less dependent on the parameterk. Figure 2
shows the corresponding ROC curves of the CAD sys
based on the two decision algorithms (D1 and D2) for k
5ALL. As the figure shows the best performing knowledg
based CAD scheme achieved 90% sensitivity while sa
eliminating 65% of the normal regions.

The best performing CAD scheme was analyzed in m
detail. First, detection accuracy was evaluated separately
malignant and benign masses. The CAD scheme showe
bust performance among the two groups of mass
Az~malignant masses versus normal!50.8860.01 and
Az~benign masses versus normal!50.8660.01. A small sub-
set of mammographic ROIs~57 out of 809 mass regions!
contained both a mass and microcalcifications. Signific
degradation in ROC performance was observed for this s
set (Az50.8060.04) compared to the remaining set of ma
regions (Az50.8960.01).

To assess the effect of case difficulty, the best perform
CAD scheme was further analyzed for each subgroup
masses according to their DDSM subtlety rating. The m
subtlety rating is not a BI-RADS standard. It is simply
subjective impression of the DDSM radiologist on t
subtlety of the lesion. A higher subtlety rating indicates
more obvious lesion. Table II shows that the overall RO
area index of the CAD tool is fairly robust regardless of t
reported subtlety of the mass ROIs. The only exception is
subgroup of masses with Subtlety rating 2. For this s
group, the KB-CAD had a statistically significantly lowe
ROC performance than the other subgroups.

FIG. 2. ROC curves of the KB-CAD scheme based on the two decis
algorithms (D1 and D2). The calculation of the two decision indices in
cludes all archived templates.

TABLE II. Effect of mass subtlety rating on the overall ROC performance
the KB-CAD scheme.

Subtlety51 Subtlety52 Subtlety53 Subtlety54 Subtlety55

ROC Az 0.8760.04 0.7960.03 0.8660.02 0.8560.01 0.8960.01
Medical Physics, Vol. 30, No. 8, August 2003
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Since mass detection is more challenging in dense bre
we also analyzed the CAD performance for each subgrou
ROIs based on the DDSM density rating of the mammogr
from which they were extracted. Table III summarizes tho
results. Table III shows that the ROC area varied sign
cantly, starting from almost perfect performance in fa
breasts (Az50.9860.01) and progressively degrading in fi
broglandular (Az50.9160.01) and heterogeneous breas
(Az50.8760.02). The CAD performance was dramatica
lower for dense mammograms (Az50.6460.05) than for all
remaining categories. Since the ROIs extracted from de
mammograms comprised only 10%~139/1465! of the whole
data set, it is unclear if the inferior performance can be p
tially contributed to the lower representation of dense RO
in the knowledge databank.

B. Influence of implementation parameters on CAD
performance

Tables IV and V demonstrate the impact of two impl
mentation parameters on the overall ROC area index of
KB-CAD scheme. The first parameter is the number of h
togram bins used in the calculation of the MI between t
ROIs. The second parameter is the sub-sampling factor o
mammographic regions. Table IV shows the impact of b
parameters on decision indexD1 . Table V corresponds to
decision indexD2 . The calculation of both decision indice
was based on all archived cases (k5ALL).

Two important conclusions can be drawn from the abo
mentioned tables. First, when estimating the MI between
ROIs, the number of histogram bins should be selected c
fully. CAD performance can be significantly degraded as
number of histogram bins increases. The degradation is
ticularly strong with the coarser ROIs; using a large num
of bins introduces serious estimation errors due to
smaller number of pixels available in each bin. Howev
there is no such concern with the full-resolution ROIs. S

n

f

TABLE III. Effect of mammographic density on the ROC performance of t
KB-CAD scheme.

Mammographic density
No. of

mass ROIs
No. of

normal ROIs Az

1: fatty breast 193 96 0.9860.01
2: fibroglandular breast 362 272 0.9160.01
3: heterogeneous breast 195 208 0.8760.02
4: dense breast 59 80 0.6460.05

TABLE IV. Effect of image sub-sampling~2563256,1283128,64364! and
the number of histogram bins~64,128,256! on the overall ROC area index o
the KB-CAD scheme for decision indexD1 . The full resolution ROIs are
5123512. The reduced size ROIs were created by sub-sampling accord
the full resolution ROIs.

5123512 2563256 1283128 64364

64 bins 0.7560.01 0.7560.01 0.7560.01 0.7260.01
128 bins 0.7560.01 0.7560.01 0.7360.01 0.5960.01
256 bins 0.7560.01 0.7360.01 0.7160.01 0.5160.01
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ond, decision indexD2 appears to be more robust to th
above effects.D2 is basically the difference of two terms.
both terms are over- or underestimated, their difference
still reasonably maintain its relative discriminant power. O
experimental results support this hypothesis.

The above-mentioned experiments were performed o
Sun Sparc Ultra-80 workstation with 4 450 MHz process
~Sun Microsystems, Mountain View, CA!. Using a single
processor, the time requirements to calculate the mutua
formation between two mammographic ROIs ranged fr
0.01 to 0.21 s depending on the ROI size and numbe
histogram bins selected for the MI estimation. Therefore,
proposed knowledge-based CAD scheme can be easily tr
lated into a real-time CAD system. It takes 2.5 min to co
pare a mammographic region with 1000 archived cases.
above-mentioned calculation assumes 5123512 ROIs and 64
histogram bins. If the comparison is made using sub-sam
ROIs ~64364!, the CAD response time can be reduced to
s per query mammographic ROI.

IV. DISCUSSION

In this study, we presented a knowledge-based mass
tection scheme for screening mammograms. The propo
CAD scheme is designed to provide a prediction regard
the presence or absence of a mass in a query mammogr
region based on similar cases stored in the system’s kn
edge databank. In its present state, the CAD scheme
function as an interactive tool to help radiologists analy
mammographic regions that attract visual attention. Ho
ever, the proposed algorithm could be combined with ot
mass detection schemes for evidence-based reductio
false positive CAD cues. Based on our study, the system
able to maintain 90% sensitivity while effectively elimina
ing 65% of the normal regions. The performance was c
sistent for both malignant and benign masses. Since br
masses span a wide range of shapes, sizes, and contras
performance of a knowledge-based CAD scheme can be
ily compromised if its knowledge databank is limited. O
CAD scheme was developed and evaluated based on a
number of examples from a publicly available database
has been reported that the database contains really chal
ing cases.38 Overall, the estimated performance of our CA
scheme compares favorably with published results fr
other CAD systems.14,28 However, direct comparison is no
feasible since the results were obtained from different d
bases. Further studies are needed to evaluate our approa

TABLE V. Effect of image sub-sampling~2563256, 1283128, 64364! and
the number of histogram bins~64,128,256! on the overall ROC area index o
the KB-CAD scheme for decision indexD2 . The full resolution ROIs are
5123512. The reduced size ROIs were created by sub-sampling accord
the full resolution ROIs.

5123512 2563256 1283128 64364

64 bins 0.8760.01 0.8760.01 0.8760.01 0.8760.01
128 bins 0.8760.01 0.8760.01 0.8660.01 0.8460.01
256 bins 0.8760.01 0.8660.01 0.8460.01 0.8160.01
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other data sets and larger populations of screened wom
Furthermore, since the proposed CAD capitalizes on c
tinuously depositing cases in the databank, it is importan
assess the impact of the digitization process. The pre
study was based on DDSM cases digitized with the sa
digitizer. Studies are under way evaluating how well t
CAD system can generalize to other DDSM cases digitiz
using a different digitizer.

The reported CAD performance was fairly robust rega
less of the mass subtlety rating. However, analysis accord
to breast density showed that CAD performance degra
substantially in dense breasts as it is clinically known. T
issue needs investigation due to the lower representatio
dense mammograms in the dataset. It is possible that
menting the knowledge databank with more examples fr
dense mammograms will improve the CAD performan
Another potentially promising strategy is to design the K
CAD scheme so that each query ROI is only compared
archived ROIs that were extracted from mammograms w
similar density rating as the query ROI. We acknowled
that although indexing the ROIs according to their mamm
graphic density may improve the overall performance of
knowledge-based scheme during the development stag
may also introduce a serious bias. Observer variability in
reporting of BI-RADS findings is a well-documented issu
Specifically, a study indicated that the overall agreem
across observers for the BI-RADS reporting of the mamm
graphic density is only moderate.39 The same study also
showed very poor agreement among observers in use o
category ‘‘heterogeneous’’ breast. Since the DDSM dens
rating was reported by several different radiologists at va
ous clinical sites, it is expected that any CAD tool develop
on the data set will be more fault-tolerant than a CAD to
developed based on cases collected from a single site
read by a single radiologist. However, this issue needs c
ful investigation.

The main innovation of this study is the application of t
mutual information as the similarity metric in a knowledg
based system. MI is a statistical tool that measures to w
degree one image can be predicted from another. In im
databases, similarity is typically feature-based and often
mands substantial image preprocessing. In contrast, the
between two images is calculated directly without the burd
and potential variability of segmentation, object recognitio
and feature selection. Therefore, critical CAD issues such
optimized feature selection and merging are bypassed in
proposed KB-CAD system. Considering the difficulty of th
mass detection task, the presented concept could be gen
izable to other imaging modalities and diagnostic tas
However, special attention is required when selecting cer
implementation parameters. Our study showed that par
eters such as the image sub-sampling factor and the num
of histogram bins used to estimate the MI affect the ove
performance of the detection scheme. For the detection
mammographic masses, if the number of histogram bin
kept reasonably low, then the overall ROC performance
the system remains very robust to image sub-sampling. C
tinuing research on the formulation of information-theore

ly
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similarity metrics can be a promising alternative to featu
based CAD techniques.

Finally, an important component of a KB-CAD system
the decision algorithm that combines the similarity level a
the truth files of the retrieved cases into a prediction ab
the query case. Our study showed that using a databan
both mass and normal cases results in a CAD system w
statistically significantly better performance. However, t
study also showed that the overall CAD performance va
depending on the number of top matches considered in
calculation of the decision index. Based on the results,
CAD performance was optimal when all stored cases c
tributed equally in the derivation of the decision index. The
findings are attributed to the fact that mutual information
primarily a shape and size-driven similarity measure.
though a mass ROI is expected to match better with o
mass ROIs than normal ROIs, the opposite is not true.
will elaborate on that. Theoretically, MI should be able
capture the dissimilarity of two ROIs if one depicts a ma
and one depicts just normal tissue since MI is affected
morphology. If, however, both ROIs depict normal pare
chyma, then their probability of matching is smaller since
structures and patterns present in normal parenchyma
much more variable. Thus, the MI of two normal ROIs
generally expected to be low. Decision indexD2 capitalizes
on this by taking the difference of two terms. If the que
ROI contains a mass, then the difference reflects the subs
tial separation between the morphological properties
masses and normal regions. If the query ROI is normal, t
the difference is small since the normal ROI should have
MI with either mass or normal cases. It is documented ho
ever, that in image registration MI can produce mislead
matches in the presence of noise.30 Nonetheless, the impac
of the noise effect onD2 should be minimized as more a
chived cases are considered in the calculation of the deci
index.

To summarize, the recent emergence of multimedia dig
libraries has increased the interest on comprehensive sim
ity metrics that can capture effectively the content of imag
without requiring elaborate image preprocessing. Such m
rics can play an important role in knowledge-based CA
systems in an effort to facilitate evidence-based diagno
interpretation of medical images. Our study showed that m
tual information is a promising similarity metric in
knowledge-based CAD scheme for the detection of mas
in screening mammograms.
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