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Abstract—The purpose of this study is to develop and
evaluate a probabilistic framework for reliability analysis of
information-theoretic computer-assisted detection (IT-CAD) sys-
tems in mammography. The study builds upon our previous
work on a feature-based reliability analysis technique tailored to
traditional CAD systems developed with a supervised learning
scheme. The present study proposes a probabilistic framework
to facilitate application of the reliability analysis technique
for knowledge-based CAD systems that are not feature-based.
The study was based on an information-theoretic CAD system
developed for detection of masses in screening mammograms
from the Digital Database for Screening Mammography (DDSM).
The experimental results reveal that the query-specific reliability
estimate provided by the proposed probabilistic framework is
an accurate predictor of CAD performance for the query case.
It can also be successfully applied as a base for stratification of
CAD predictions into clinically meaningful reliability groups
(i.e., HIGH, MEDIUM, and LOW). Based on a leave-one-out
sampling scheme and ROC analysis, the study demonstrated
that the diagnostic performance of the IT-CAD is significantly
higher for cases with HIGH reliability (A, = 0.92 + 0.03) than
for those stratified as MEDIUM (A, = 0.84 +0.02) or LOW
reliability predictions (A, = 0.78 & 0.02).

I. INTRODUCTION

There exists a wide range of commercial and academic
computer assisted detection (CAD) systems developed for
the detection of malignancies in screening mammograms [1].
While these systems are based on various engineering prin-
ciples, they are all designed to provide a second opinion to
radiologists. Previous studies have shown that CAD techno-
logy has a positive impact on early breast cancer detection [2],
[3], [4]. However, current CAD systems are still burdened
by an excessive false positive rate. Consequently, radiologists
(especially the less experienced) often find the task of recog-
nizing and dismissing accordingly false positive CAD cues
very challenging [5], [6], [7].

The high false positive rate is considered the main reason
for radiologists’ reluctance to trust CAD systems and this, in
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turn, often results in dismissal of correct CAD cues. Reducing
the false positive rate would not have to be the only defense
strategy to improve the clinical benefit of CAD if the second
reader CAD systems were able to justify their opinions.
Unfortunatelly, in the standard “black box” cueing capacity,
CAD tools fall short of that role.

To address the need for more interpretive CAD, we proposed
a technique that aims at providing the CAD user with an
additional level of information beyond typical estimation of
global accuracy on the general population of prospective
cases [8]. The technique relied on the analysis of the fea-
ture space neighborhood of the query case and dynamically
selected an input-dependent set of cases relevant to the query.
Subsequently, this set was used to estimate the local (query-
dependent) reliability of the CAD system. The study showed
that the proposed reliability metric reported together with the
CAD prediction is an accurate predictor of the system’s query-
specific performance.

The above reliability estimation scheme was originally
proposed for feature-based CAD systems developed in the
traditional train-test mode. However, knowledge-based CAD
systems have been recently becoming increasingly popular in
mammography. They aim at providing the user with evidence-
based decision support by means of relating a new query case
to other cases stored in a knowledge databank. A diagnosis is
assigned to the new case by analogy or copying the answer
if the match is close enough. Knowledge-based CAD systems
in mammography are able to take full advantage of growing
libraries of digital mammograms without a need of retraining.
Thank to interactive nature, they allow physicians to formulate
their own questions and get interpretable answers (e.g., the
CAD response is often analogous to the odds-ratio). We
have previously presented a knowledge-based CAD system for
detection of masses in screening mammograms [9]. The main
innovation of the system was that it did not rely on image-
extracted features to assess case similarity, but rather applied
information-theoretic principles to measure directly the global
similarity between a new and an archived mammographic
case. The purpose of the present study is to investigate if
the previously proposed reliability analysis framework can be
extended to featureless, information-theoretic CAD systems.

The article is organized as follows. Section II provides
detailed information regarding the CAD system, the proposed
probabilistic reliability analysis framework, the testing dataset,
and the overall study design. Section III presents experimental
results leading to the final conclusion in Section IV.
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II. METHODOLOGY

A. Information-Theoretic CAD System

An information-theoretic CAD (IT-CAD) system in mam-
mography is usually defined by three key elements:
(i) a knowledge databank where mammographic cases with
known ground truth (templates) are stored, (ii) a similarity
metric used to assess a match between two cases/images, and
(iii) a decision algorithm that calculates a CAD prediction
regarding the query case.

The most critical component turns out to be the similarity
metric which in our IT-CAD system is normalized mutual
information. Mutual information (MI) is a measure of general
interdependence between random variables [10] and a popular
similarity measure for image registration. If X and Y represent
two medical images, their mutual information MI(X,Y") is
expressed as

MI(X,Y) = ZZny(w,y) log, % M

where Pxy (z,y) is the joint probability density function (pdf)
of the two images based on their corresponding pixel values.
Equation (1) assumes that the image pixel values are samples
of two random variables = and y and Px(z) and Py (y) are
the respective marginal pdfs. Mutual information is essentially
an intensity-based measure of how much alike two images
are. Theoretically, MI is a more effective and robust similarity
index than traditional correlation metrics because it does
not make any prior assumptions regarding linear relationship
between the intensity values of the two images [10]. This
assumption is often violated in mammograms, especially in
the presence of tumors.

The present study utilizes normalized mutual information
(NMI) to facilitate the probabilistic framework needed for
reliability analysis.

2MI(X,Y)

NMI(X,Y) = X+ AT

2
The normalization incorporates the individual entropies H (X))
and H (Y') of the two images X and Y and results in bounding
the NMI values between 0 and 1. When NMI(X,Y") = 1, the
two compared images X and Y are identical. On the other
hand, when NMI(X,Y) = 0, images X and Y are completely
unrelated.

The decision algorithm compares a new mammographic
case () presented to the system with all mass templates stored
in the knowledge databank. The comparison is effectively
a pairwise calculation of the normalized mutual information
NMI(Q, M;) between the query case ) and each mass tem-
plate M;. Since the calculation of NMI(Q, M;) is based on
the whole image, a correction component based on similarity
NMI(Q, N;) between the query case () and normal templates
Nj is used to ensure that a high values of NMI(Q, M) are
not a result of matching backgrounds rather than potential
abnormalities. The decision index D(Q) for the query case is

calculated as the difference between the average NMI(Q, M;)
and the average NMI(Q, N;)

D(@) = Y NMI@ M) — - SONMIQ,N,) ()
i=1 j=1

across all m mass templates M; and n normal templates N;
stored in the knowledge databank.

B. Reliability Analysis

The previously presented reliability analysis framework was
based on a hypothesis that uncertainty (error) and reliability
are mutually exclusive. A query-specific uncertainty can be
measured using an input-dependent set of cases similar to the
query and evaluated in terms of the mean square error between
the truth value and the CAD output. The experimental results
confirmed the hypothesis and demonstrated that predictions
with lower validation error are indeed more accurate and
therefore more reliable.

Contrary to many previously investigated CAD systems for
detection of mammographic masses, the proposed knowledge-
based IT-CAD system does not undergo supervised learning
procedure that is intended to minimize the difference between
target values (binary coded ground truth) and the CAD pre-
dictions for a set of training cases. The decision algorithm is
essentially a ranking scheme assigning each mammographic
query case @ a continuous real-valued decision index D(Q)
with a higher score indicating a higher likelihood of containing
a mass. Therefore, the reliability of CAD predictions need to
be measured in terms of their relative rank (order) rather than
absolute values.

For such CAD systems intended to provide discrimination
between classes rather than reproduction of certain target
values, we propose a probabilistic adaptation of the previous
reliability analysis framework. It binds the reliability of a CAD
output D(Q) for a case @) with its rank among all predictions
for a given class (mass or normal). CAD output is treated as
a random variable z with conditional probability distribution
functions f(z|M) for mass cases and f(z|N) for normal
cases, respectively, approximated by the observed distribution
of CAD outputs for cases stored in the knowledge databank
(Fig. 1A).

Given () is a mass case, the reliability of a prediction D(Q)
is expressed in terms of the (empirical) conditional cumulative
probability F'(z|M) calculated at z = D(Q)

Ry (D(Q)) = F(D(Q)|M) = P(z < D(Q)[M)  (4)

as a higher value of D(Q) means a higher likelihood of con-
taining a mass and therefore more accurate/reliable prediction
(Fig. 1B). Contrary, if @ is a normal case, the reliability of
the CAD output D(Q) is calculated as the 1’s supplement of
the conditional cumulative probability F'(z|N) for z = D(Q)

Ry(D(Q)) =1-F(D(Q)N) =1-P(z < D(Q)|N) (5)

because a lower value of D((Q) means a more accurate/reliable
prediction (Fig. 1C).
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Fig. 1. Key components of the proposed probabilistic reliability analysis
framework: (A) conditional probability distributions of CAD outputs for the
two classes of mammographic ROIs, (B) reliability/accuracy of CAD predic-
tions for mass templates, and (C) reliability/accuracy of CAD predictions for
normal templates.

For a query case () (with unknown ground truth), the
reliability of a CAD prediction D(Q) can be estimated based
on reliability values assigned to CAD outputs for a set of cases
relevant to the query. Although various metrics can be applied
to compare similarity between cases, the internal measure used
by the IT-CAD system (here NMI) seems to be a natural and
reasonable choice. The size of the relevant set may be either
query-dependent (if based on a minimum required similarity,
may result in no relevant cases found) or constant (if always k
most similar templates are retrieved). For the latter approach,
followed in this study, the reliability function has a form

RDQ) = 3 [ Ru(D(M) + 3~ Ru(DWN) | ©)

where M; (i =1,2,...) and N; (j = 1,2,...) denote the k
templates from the knowledge databank (mass or normal) that
are most similar to the query case () in terms of NML

C. Dataset

The knowledge databank of the IT-CAD system is based
on a collection of mammograms extracted from the Digital
Database for Screening Mammography (DDSM) [11] that
were digitized using the Lumisys scanner. First, m = 681
DDSM/Lumisys mammograms with annotated masses were
selected to extract 512x512 pixels regions of interest (ROIs)
centered on the known location of each abnormality. The
mass cases comprised a wide range of mass shapes, mass
margins, breast parenchymal density and were balanced in
terms of malignancy status (340 malignant and 341 benign).
Then, 512x512 pixels normal ROIs were extracted from
82 DDSM/Lumisys mammograms that were deemed normal
during screening and remained normal after a 4-year follow
up period. Two ROIs were randomly selected from each of
four breast views per case (left CC, left MLO, right CC, right
MLO) for a total of n = 82 x 2 x 4 = 656 normal ROIs.
As a result, the ROI dataset used for this study contained
a total of m + n = 681 4 656 = 1,337 ROIs.

D. Performance Evaluation

The performance of the CAD system and the impact of the
proposed reliability assessment scheme were evaluated using
Receiver Operating Characteristics (ROC) analysis [12], [13],
typically used in CAD applications. An ROC curve can be
generated by applying a number of thresholds to the output
decision variable and plotting the true positive fraction (TPF)
as a function of the false positive fraction (FPF) for each
threshold. Among many summary indices calculated from
ROC curves, the most commonly used is the area under the
ROC curve (A,) [14], ranging from 0.5 for chance guessing to
1.0 for a perfectly operating classifier/ranker. The presence of
statistically significant differences in A, performance between
reliability-based strata was verified using Student’s ¢ test at
95% confidence level.
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III. RESULTS

Based on the leave-one-out sampling scheme, each of the
1,337 ROIs was excluded once to serve as the query case
while the remaining 1,336 ROIs were used as the knowledge
databank. Taking into account data limitation, the reliability
assessment was implemented based on the same 1,336 ROIs,
although keeping an independent set for this purpose may
result in more accurate (unbiased) reliability estimation.

The baseline performance of the IT-CAD system in discri-
minating mass from normal ROIs using (3) as the decision
variable on the full set of 1,337 ROIs was A, = 0.88 =0.01.
Then, the proposed reliability analysis scheme with k£ = 30
was applied to calculate the reliability score (6) associated
with each individual CAD prediction. Consequently, the CAD
predictions were stratified into three clinically meaningful
groups of different reliability (HIGH, MEDIUM, and LOW).
The cut-off points between the bins were selected arbitrarily
to maximize the differences in A, performance between the
reliability-based groups.

The HIGH group contains 22.7% of CAD predictions with
the highest reliability values for which the IT-CAD system
demonstrates discriminative ability of A, = 0.92 4+ 0.03. The
LOW strata encloses 38.9% of CAD recommendations with
the lowest reliability scores for which the IT-CAD system
achieves performance of A, = 0.78 £+ 0.02. The MEDIUM
group contains all remaining CAD predictions (38.4%) that
can be classified by the IT-CAD system with performance of
A, =0.8440.02. All pairwise differences in A, performance
between the reliability-based strata are statistically significant
at 95% confidence level.
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Fig. 2. Receiver Operating Characteristic (ROC) curves for 3 reliability-based
groups (HIGH, MEDIUM, and LOW) of IT-CAD predictions.

The stratification results presented on Fig. 2 demonstrate
that the proposed reliability score provides an additional level
of diagnostic information that helps the CAD user recognize
CAD recommendations that are more accurate than others.

IV. CONCLUSIONS

The latest research in CAD technology focuses on the
interactive and interpretive aspect of CAD systems to facilitate
their clinical acceptance and improve clinical effectiveness.
Working towards this goal, we have developed a technique
that allows a CAD system assess the case-specific reliability
of its prediction for a query case, given prior experience with
cases similar to the query. Our previous work focused on
a reliability analysis technique for traditional feature-based
CAD systems that follow the supervised learning scheme. The
present study extended the technique to the more challenging
information-theoretic CAD systems and demonstrated that
with a proper probabilistic adaptation the reliability analysis
framework is equally effective for evidence-based decision
making as well.
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