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Purpose: To retrospectively determine whether a Bayesian network
(BN) computer model can accurately predict the probabil-
ity of breast cancer on the basis of risk factors and mam-
mographic appearance of microcalcifications, to improve
the positive predictive value (PPV) of biopsy, with patho-
logic examination and follow-up as reference standards.

Materials and
Methods:

The institutional review board approved this HIPAA-com-
pliant study; informed consent was not required. Results
of 111 consecutive image-guided breast biopsies per-
formed for microcalcifications deemed suspicious by radi-
ologists were analyzed. Mammograms obtained before bi-
opsy were analyzed in a blinded manner by a breast imager
who recorded Breast Imaging Reporting and Data System
(BI-RADS) descriptors and provided a probability of ma-
lignancy. The BN uses probabilistic relationships between
breast disease and mammography findings to estimate the
risk of malignancy. Probability estimates from the radiolo-
gist and the BN were used to create receiver operating
characteristic (ROC) curves, and area under the ROC
curve (Az) values were compared. PPV of biopsy was also
evaluated on the basis of these probability estimates.

Results: The BN and the radiologist achieved Az values of 0.919 and
0.916, respectively, which were not significantly different.
If the 34 patients estimated by the BN to have less than a
10% probability of malignancy had not undergone biopsy,
the PPV of biopsy would have increased from 21.6% to
31.2% without missing a breast cancer (P � .001). At this
level, the radiologist’s probability estimation improved the
PPV to 30.0% (P � .001).

Conclusion: A probabilistic model that includes BI-RADS descriptors
for microcalcifications can distinguish between benign and
malignant abnormalities at mammography as well as a
breast imaging specialist can and may be able to improve
the PPV of image-guided breast biopsy.
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Improved detection of microcalcifica-
tions at mammography has resulted
in an increased number of breast bi-

opsies with benign results in parallel
with an increased number of ductal car-
cinoma in situ diagnoses. Although cur-
rent practice standards recommend
that the positive predictive value (PPV)
of breast biopsy should be between
25%–40%, not everyone practices
within this range (1,2). It has been es-
tablished that subspecialty breast imag-
ers have a higher PPV for biopsy recom-
mendations than do general radiologists
(3). Unfortunately, there is a nation-
wide shortage of subspecialists (4). In
addition, results of a recent study from
one practice (5) suggest the trend that
an increasing number of biopsies in a
breast imaging practice may increase
only the number of benign biopsy re-
sults, not the number of cancer diag-
noses. The practice that reported this
result attributed these findings, in large
measure, to increasing detection and bi-
opsy of microcalcifications.

Our computer model, a Bayesian
network, was designed to calculate the
risk of malignancy for mammography
findings on the basis of personal risk
factors (age, family history, and hor-
mone replacement therapy) and imag-
ing features. Our system uses predictive
imaging features catalogued in the
Breast Imaging Reporting and Data Sys-
tem (BI-RADS) lexicon to assess disease
risk (6). BI-RADS uses terms that were
studied and determined to be most pre-
dictive of breast malignancy (7). It has
been documented in the literature (8,9)
that the mammographic appearance de-
scribed by the radiologist can help pre-
dict the histologic features and progno-
sis of breast cancers. In addition, com-
puterized classification algorithms have
also succeeded in predicting the histo-

logic features of abnormalities identified
as microcalcifications at mammography
by using image-processing features such
as shape and distribution (10).

Published reports (11–13) have al-
ready demonstrated that a Bayesian
network can predict the probability of
malignancy from demographic risk fac-
tors and mammographic findings (11–
12), as well as the probability of sam-
pling error, from similar data and per-
cutaneous breast biopsy results (13).
The purpose of our study was to retro-
spectively determine whether a Bayes-
ian network computer model can accu-
rately predict a patient’s probability of
breast cancer on the basis of risk factors
and the appearance of microcalcifica-
tions at mammography to improve the
PPV of biopsy, by using pathologic ex-
amination and follow-up as the refer-
ence standards.

Materials and Methods

Bayesian Network
The details of our Bayesian network
have been reported previously but are
repeated here for the convenience of
the reader (11,12). From the literature,
we identified 25 diseases of the breast
(Fig 1) that represent the most common
diagnoses rendered at mammography.
Eleven of these diseases are malignant
and 14 are benign. In our Bayesian net-
work, uncertain variables affecting the
probability of disease are represented
as “nodes” that can be understood by
both human and computer. Nodes are
data structures that contain an enumer-
ation of possible values they can assume
(“states”); they also store probabilities
associated with each state. In our sys-
tem the “disease” node has states that
represent the possible diseases of the
breast. This node stores the prior prob-
abilities of disease (the prevalence of
each disease of the breast) as conditions
of age, hormone replacement therapy,
and family history of breast cancer.

The remaining nodes in the network
represent possible findings on a mam-
mogram. These nodes are based on de-
scriptors in the BI-RADS lexicon (6).
The structure of the model is also com-

posed of directed arcs (Fig 2) that en-
code the conditional dependence rela-
tionships among the variables. The ab-
sence of an arc represents conditional
independence. Each arc implies a state
of conditional dependence (in most
cases, a causal link) between the nodes
joined by that arc. Parent-child relation-
ships are defined by the direction of the
arcs between related nodes. As is the
case with a genealogy chart, a parent
node points to a child node. Each of the
finding nodes is associated with a prob-
ability table that quantifies the probabil-
ity of each state of the node depending
on the values of incoming nodes. In
other words, the conditional probability
table has a row for each possible combi-
nation of parent values. The determinis-
tic (double-bordered) node maps all dis-
eases in the “disease node” into the ap-
propriate disease type—benign or
malignant.

There are two approaches to build-
ing Bayesian networks: (a) Use preex-
isting knowledge about the probabilistic
relationships among variables, and
(b) learn all the probabilities from large
existing data sets. Because the litera-
ture already contained much informa-
tion about how often different radio-
logic features occur in association with
breast disease, we chose the former ap-
proach; our model was not trained on
clinical data and outcomes. To con-
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Advances in Knowledge

� A Bayesian network can accu-
rately predict the probability that
microcalcifications at mammogra-
phy are malignant.

� The Bayesian network performed
at the level of a subspecialty-
trained mammographer.
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struct the Bayesian network, we made
probability assessments on the basis of
the medical literature or the opinion of
breast imagers with years of experience
or subspecialty training (11,12). Pretest
probabilities and age-specific and risk
factor–specific distributions of diseases
were obtained from census data and re-
sults of large randomized trials (14–17).
The Bayesian network is able to calcu-
late a posttest probability of malignancy
by using the structure of the model and
the probabilities in the conditional proba-
bility tables. To implement our Bayesian
network and perform inference, we used
the Netica modeling environment (http:
//www.norsys.com/netica.html).

Study Design and Patients
Our study included results of consecu-
tive image-guided biopsies that met our
criteria (see below) and that were per-
formed for diagnosis of microcalcifica-
tions detected and deemed suspicious
by radiologists in our practice. Readers
included two subspecialty-trained breast
imagers (including E.S.B.) with 3–4 years
of experience, two radiologists who prac-
ticed predominately in other specialties—
each of whom spent approximately 10%–
20% of his or her time in breast imaging
(with 7 and 16 years of experience)—and
three general radiologists who spent
10%–50% of their time in breast imaging
(with 4–23 years of experience). The in-
stitutional review board of the University
of Wisconsin Medical School approved
our study and determined that it was ex-
empt from the requirement for informed
consent. The study was compliant with
the Health Insurance Portability and Ac-
countability Act.

Results of 11-gauge stereotactic bi-
opsies and needle localizations per-
formed for diagnosis were included in
our study. Our exclusion criteria in-
cluded the following: (a) Patient’s im-
ages were not available for review,
(b) calcifications were not identified in
the histologic specimen, and (c) mam-
mographic or clinical follow-up of at
least 12 months was not performed.
These criteria ensured the accurate cat-
egorization of each abnormality as be-
nign or malignant by recognizing possi-
ble sampling error at percutaneous bi-

opsy. Of 124 consecutive patients who
underwent biopsy, 13 were excluded ac-
cording to our protocol (images were
unavailable for six patients, no calcifica-
tions were identified at biopsy in three
patients, no follow-up was performed in
two patients, and no images or fol-
low-up results were available for two

patients). Breast density and pathologic
diagnoses in the final study population
were analyzed to reveal our case mix.
The 111 study patients consisted of
women between the ages of 26 and 82
years (mean age, 55.8 years � 10.5
[standard deviation]) who underwent a
biopsy procedure between November

Figure 1

Figure 1: Diagnoses in the
disease node of the Bayesian net-
work. LC � lobular carcinoma.

Figure 2

Figure 2: Structure of Bayesian network. Labeled ovals represent nodes; arrows (arcs) represent condi-
tional dependence relationships. Each node is a data structure that contains conditional probability tables to
quantify probabilistic relationships between variables. Ca�� � calcifications, FC � fibrocystic change,
FHx � family history of breast cancer, HRT � hormone replacement therapy, LN � lymph node, P/A/O �
present, absent, or obscured.

BREAST IMAGING: Bayesian Network for Predicting Breast Cancer Risk Burnside et al

668 Radiology: Volume 240: Number 3—September 2006



2001 and September 2002 at the Uni-
versity of Wisconsin Medical School.

Screening and diagnostic mammo-
grams obtained before the biopsy were
analyzed in a blinded manner by a sub-
specialty-trained breast imager (E.S.B.,
with 3 years of experience) who re-
corded BI-RADS descriptors on a
checklist and provided an estimate of
the probability of malignancy. Age, fam-
ily history, and history of hormone re-
placement therapy were collected for
each patient (by W.K.L.) and were
made available both to the radiologist at
the time of the reader study and to the
Bayesian network. The rate of malig-
nant and high-risk lesions associated
with morphologic and distribution de-
scriptors were calculated to character-
ize the case mix and enable comparison
of our results with those of previous
studies of similar populations. The vari-
ables for each case, including the radiol-
ogist’s descriptors, were entered into a
research database by using a Web-

based interface that allowed the Bayes-
ian inference engine to calculate the
probability of malignancy.

Study Endpoints and Statistical Analysis
For malignant cases, surgical pathology
findings at the time of the patient’s de-
finitive surgical intervention served as
the reference standard in our study. To
avoid the possibility of undersampling at
percutaneous biopsy, we considered de-
finitive surgical intervention to be either
lumpectomy with established negative
margins or mastectomy. For benign
cases, clinical follow-up was the refer-
ence standard and was assessed by us-
ing either imaging or clinical records to
determine whether a patient developed
breast cancer at or adjacent to the bi-
opsy site within 1 year of a benign bi-
opsy result. We used 12-month fol-
low-up as our reference standard be-
cause it has been recommended in
mammography practice audits (18) as a
sufficient interval to reveal false-nega-
tive results.

For evaluation of the performance
of both the radiologist and the Bayesian
network in the task of predicting the
probability of malignancy, we created
receiver operating characteristic (ROC)
curves and calculated the area under
the ROC curve (Az) for comparison. In
an attempt to determine the benefit of
the radiologist and the Bayesian net-
work working together to estimate
probabilities, we averaged the two esti-
mates to obtain an integrated probabil-
ity of malignancy. For example, if, for a
given case, the radiologist estimates a
30% probability of malignancy and the
Bayesian network estimates a 50%
probability of malignancy, the average
probability is 40%. This procedure was
performed for each patient, and an ROC
curve was constructed and compared in a
pairwise fashion with the ROC curves for
the radiologist alone and for the Bayesian
network alone. The PPV of biopsy was
also evaluated on the basis of the proba-
bility estimates for the radiologist and the
Bayesian network (each at thresholds for
biopsy of 2% and 10%); these results
were compared with the baseline PPV of
the recommendation for biopsy in this
population.

We used programming software for
data calculations and statistical analysis
(S-PLUS; Insightful, Seattle, Wash).
Standard binormal ROC curve analysis
was performed for the individual proba-
bility assessments made by the Bayesian
network and the radiologist and the av-
erage of the two probability assess-
ments (19). Point estimates and 95%
confidence intervals for Az values were
calculated, and the different methods of
assessment were compared by using
tests for paired data. These analyses
were implemented by using ROCKIT
(http://www-radiology.uchicago.edu/krl
/roc_soft.htm). The Fisher exact test
was used to calculate the difference be-
tween the PPV of our practice and the
PPV of the radiologist and the Bayesian
network separately. Our specific appli-
cation of the Fisher exact test is de-
scribed in the Appendix. A P value of
less than .05 was considered to indicate
a statistically significant difference.

Results

Breast Density and Pathologic Features
Analysis of the study population re-
vealed that almost half of the patients
had heterogeneously dense fibroglandu-
lar tissue (Table 1). The remaining pa-
tients had either scattered fibroglandu-
lar densities or extremely dense tissue.
No patients in our series had predomi-
nantly fatty breasts. The pathologic di-
agnoses included infiltrating, as well as
in situ, carcinomas. An array of benign
conditions, all of which contained mi-
crocalcifications at pathologic examina-
tion, were also diagnosed.

Microcalcifications
Microcalcification shape (Table 2) and
distribution (Table 3) descriptors re-
flected rates of malignancy that corre-
sponded to expected levels of suspicion
described in BI-RADS. Analysis of mor-
phologic descriptors, for example, re-
vealed that the risk for typically benign
microcalcifications was less than that
for amorphous calcifications (which are
categorized as of intermediate concern
in BI-RADS), which was less than that
for pleomorphic or amorphous calcifica-

Table 1

Characteristics of 111 Study Patients

Characteristic No. of Patients†

Breast density
Fatty 0 (0)
Scattered 34 (30.6)
Heterogeneously dense 54 (48.6)
Extremely dense 23 (20.7)

Pathologic diagnosis
Invasive ductal
carcinoma not otherwise
specified 3 (2.7)
Colloid carcinoma 1 (0.9)

Ductal carcinoma and
ductal carcinoma in
situ 9 (8.1)

Ductal carcinoma in situ 11 (9.9)
Atypical ductal

hyperplasia 4 (3.6)
Lobular carcinoma in situ 2 (1.8)
Fibrocystic changes 52 (46.8)
Fibroadenoma 7 (6.3)
Papilloma 3 (2.7)
Fat necrosis 2 (1.8)
Normal* 17 (15.3)

* Microcalcifications contained in otherwise normal be-
nign ducts or stroma.
† Number in parentheses is the percentage.
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tions (which are categorized as highly
suspicious in BI-RADS) (6).

Prediction of Malignancy
The Bayesian network and the radiolo-
gist achieved Az values of 0.919 (95%
confidence interval: 0.852, 0.960) and
0.916 (95% confidence interval: 0.835,
0.963), respectively. Using the average
probability of malignancy (for the radi-
ologist and the Bayesian network com-
bined), we calculated an Az of 0.948
(95% confidence interval: 0.892, 0.978)
(Fig 3). Comparison of each of these Az

values in a pairwise fashion revealed
that the radiologist alone and the Bayes-
ian network alone showed no statisti-
cally significant difference in their abil-
ity to predict the probability that micro-
calcifications were malignant in this
population. The Az value of 0.948 calcu-
lated by using the average probability
was significantly better than the Az

value of 0.916 calculated by using the
radiologist’s probabilities (P � .03). The
Az value of 0.948 calculated by using the
average probability was suggestively but
not significantly different from the Az

value of 0.919 calculated by using the
Bayesian network probabilities (P �
.06).

With the use of probabilities as risk
estimates, patients and physicians have
the opportunity to forego biopsy if the
chance of malignancy is low. Twenty-
one of the Bayesian network’s estimates
fell below a 2% probability of malig-
nancy (Table 4). Foregoing biopsy in
these patients would have improved the
PPV of biopsy in this group from 21.6%
to 26.7% (P � .01) without missing a
cancer. None of the radiologist’s esti-
mates were below the threshold of
2%. Therefore, no biopsies would
have been avoided at this level accord-
ing to the radiologist’s probability esti-
mates. With a 10% threshold for bi-
opsy, 34 patients would not have un-
dergone biopsy according to the
Bayesian network probability esti-
mates, improving the PPV of biopsy to
31.2% without missing a breast cancer
(P � .001). At this level, the radiolo-
gist’s probability estimation improved
the PPV to 30.0%, also without miss-
ing a breast cancer (P � .001).

Discussion

In our pilot study, we demonstrated that
a Bayesian network can (a) predict the
likelihood that microcalcifications at
mammography are malignant, (b) per-
form as well as a subspecialty-trained
mammographer in estimating the prob-
ability of malignancy, and (c) improve
the PPV of the decision to perform bi-
opsy. It is interesting that when the
probabilities of the radiologist and the
Bayesian network were averaged, the
Az value improved significantly com-
pared with that for the radiologist
alone. Published data support the con-
tention that collaborative detection and
decision making improves perfor-
mance. The literature is replete with
articles that demonstrate that double
reading improves the sensitivity of
screening mammography (20). Use of a
computer-assisted detection program
as a second reader has been shown to
improve sensitivity in the screening set-

ting (21,22). Several systems have also
been used to help the radiologist im-
prove his or her decision to sample
breast imaging findings for biopsy (23–
25).

Our results indicate that the average
probability assessment, as a surrogate
for the consensus opinion, can better
estimate risk than either the radiologist
or the Bayesian network alone. The fact
that the ROC curve of the average prob-
abilities completely dominated (ie, was
to the left of) the curve for the radiolo-
gist alone suggests that combined prob-
abilities improve both sensitivity and
specificity at all threshold levels.

Both the radiologist and the com-
puter model were able to select patients
who had a low likelihood of malignancy
and in whom biopsy may not have been
warranted. The baseline PPV of 21.6%
in our practice is below the recom-
mended guidelines of 25%–40% (1).
With the aid of the Bayesian network, at
both 2% and 10% thresholds the PPV

Table 2

Rates of Malignant and High-Risk Lesions according to Shape Descriptors

Shape No. of Lesions
No. of Malignant
Lesions

No. of High-Risk
Lesions*

Typically benign† 19 0 (0) 1 (5)
Amorphous 29 4 (14) 4 (14)
Pleomorphic 44 10 (23) 0 (0)
Linear 19 10 (53) 1 (5)

Total 111 24 (21.6) 6 (5.4)

Note.—Number in parentheses is the percentage.

* High-risk lesions included four cases of atypical ductal hyperplasia and two cases of lobular carcinoma in situ.
† Including round, punctate, dystrophic, and rodlike microcalcifications.

Table 3

Rates of Malignant and High-Risk Lesions according to Distribution Descriptors

Distribution No. of Lesions
No. of Malignant
Lesions

No. of High-Risk
Lesions*

Scattered 1 0 (0) 0 (0)
Regional 4 0 (0) 0 (0)
Clustered 86 13 (15) 5 (6)
Segmental 8 3 (38) 1 (12)
Linear-ductal 12 8 (67) 0 (0)

Total 111 24 (21.6) 6 (5.4)

Note.—Number in parentheses is the percentage.

* High-risk lesions included four cases of atypical ductal hyperplasia and two cases of lobular carcinoma in situ.
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was elevated to be within recommended
guidelines without missing a breast can-
cer. Larger studies would be needed to
establish that such an increase in PPV
could be maintained without missing
any cancers. However, given our present
results, our Bayesian network has the
potential to be used as a decision-sup-
port tool that could help underperform-
ing practitioners improve the PPV of
biopsy recommendations.

The fact that decision-support tools

that use the BI-RADS lexicon may help
improve practice is not surprising. The
BI-RADS lexicon was created and has
been revised to capture predictive
mammographic descriptors in a stan-
dardized manner (6,18). For example,
in our study, typically benign morpho-
logic descriptors were associated with
no malignancies, while the highly suspi-
cious morphologic features of pleomor-
phic and linear calcifications were asso-
ciated with a 23% and 53% likelihood of
malignancy, respectively. Taking into
account population risk differences be-
tween studies, our results correspond
to those of other studies in which these
descriptors have been evaluated (26,
27). Despite the fact that moderate in-
terobserver variability has been docu-
mented in the application of BI-RADS
descriptors, training in the lexicon has
“resulted in improved agreement with
the consensus of experienced breast im-
agers for feature analysis” (28). It is log-
ical that BI-RADS, in concert with com-
puter-aided diagnosis, can be effectively
applied to improve performance.

In our pilot study, the radiologist
involved in building the Bayesian net-
work (E.S.B.) also provided the
BI-RADS features and probabilities for
the cases. This evaluation technique has
been used before in a study of the early
development of a Bayesian network for
lymph node disease, called Pathfinder,
in which the Bayesian network’s perfor-

mance was compared with that of the
same subspecialty-trained pathologist
who built it (29). Similar to the perfor-
mance of the Bayesian network in our
study, Pathfinder performed at least as
well as the pathologist in 53 selected
cases of lymph node disease. A subse-
quent study revealed that Pathfinder
performed significantly better than did
pathologists who had less experience in
the diagnosis of lymph node disease and
were not involved in the creation of the
system (30). We plan further evaluation
of our Bayesian network by using radiol-
ogists who were not involved in the con-
struction of the Bayesian network and
may see similar performance improve-
ments.

The fact that the Bayesian network
method generates an actual probability
estimate is a great advantage because
the output can be intuitively applied to
decision making. Obtaining a probabil-
ity for malignancy gives the radiologist,
patient, and referring physician the op-
portunity to engage in shared decision
making. There is increasing interest in
shared decision making in the radiology
community in relation to screening tests
(31,32). Each patient has a unique risk
tolerance and comorbidities to weigh in
the decision as to whether to perform
breast biopsy. A patient can understand
a probability and be better informed
about her own individual risk. The avail-
ability of a posttest probability of malig-
nancy would allow decisions to be based
on personal preference in the context of
discussions with radiologists, referring
physicians, and others. Whether this
type of collaboration can be used in the
future to help decision making will de-
pend on success in prospective trials.

There were several limitations to
our study. First and foremost, our study
was a retrospective analysis, with the
participation of only one radiologist;
this may limit the generalizability of our
results to their prospective clinical ap-
plication over a diverse group of radiol-
ogists. Our study was planned as a pilot
study to validate our model with one
individual and eliminate other con-
founders such as interobserver variabil-
ity. We predict that there will be differ-
ences in performance between observ-

Figure 3

Figure 3: Graph shows ROC curves con-
structed from the probabilities of the radiologist
alone and the Bayesian network (BN) alone and
from the average of the probabilities for the radiol-
ogist and the Bayesian network. FPF � false-
positive fraction (1 � specificity), TPF � true-
positive fraction (sensitivity).

Table 4

PPV at Distinct Probability Threshold Levels

Parameter Baseline*
2% Threshold 10% Threshold

BN Radiologist BN Radiologist

Biopsy† 111 90 111 77 80
No biopsy‡ 0 21 0 34 31
Malignant cases 24 24 24 24 24
Benign cases 87 66 87 53 56
PPV (%) 21.6 26.7 21.6 31.2 30.0
95% Confidence interval of PPV (%) 14.4, 30.4 17.8, 37.0 14.4, 30.4 21.1, 42.7 20.2, 41.2
P value§ . . . .006 .99 �.001 �.002

Note.—BN � Bayesian network.

* Total number of patients and recommended biopsies in our population.
† Number of biopsies performed if no patients below the assigned probability threshold underwent biopsy.
‡ Number of biopsies avoided if no patients below the assigned probability threshold underwent biopsy.
§ See Appendix for explanation of calculated P values; PPV comparisons were all made to the baseline performance.
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ers with and without the model when
we test it over a broader range of radi-
ologists. Second, our study population
represents a group of patients selected
because they had suspicious findings.
Therefore, we have demonstrated that
our computer model performs well only
for the subset of patients with microcal-
cifications recommended for breast bi-
opsy.

Third, in the ROC analysis, there
were three pairwise comparisons. We
did not correct for these multiple tests
when assessing statistical significance
(which may increase the likelihood of
type I error) because the point of this
purely investigational study was to dem-
onstrate that our method shows prom-
ise. Further investigation is needed to
obtain more definitive results. Finally,
in a reader study, it is possible that
cases may not represent actual clinical
practice. We attempted to minimize the
possibility of such a bias by including
consecutive biopsy cases in our series,
which to some degree ensured that the
cases analyzed were no more or less
difficult than would be expected in any
population of calcification cases re-
ferred for biopsy. Our case characteris-
tics and assessed descriptors can shed
light on whether our case mix was ap-
propriate.

It is interesting that our patient pop-
ulation consisted of women with denser-
than-average breasts as assessed by our
reader. Although this might reflect un-
even application of the density descrip-
tors, it may also indicate that our pa-
tient population had a high proportion
of mammographically dense tissue, pos-
sibly making our cases more difficult
than would be expected and thereby at-
tenuating our performance results. On
the other hand, the fact that the PPV of
our practice is comparable with other
practices in a large survey of mammog-
raphy practices in the United States (2)
supports the contention that our case
mix was similar to that of other prac-
tices. Although we believe that there is
minimal risk of systematic bias in our
study, documentation of truly generaliz-
able results requires prospective testing
in a larger patient population with mul-
tiple readers at multiple institutions.

However, we are encouraged by our
promising preliminary results.

In conclusion, we have demon-
strated that use of the BI-RADS lexicon,
when coupled with our Bayesian net-
work model, can produce an accurate
probability estimate of the risk of malig-
nancy and match the performance of
a subspecialty-trained breast imager.
Furthermore, this system may have the
potential to improve the PPV of biopsy
and help practices to perform within the
national guidelines for biopsy recom-
mendation. Finally, by generating an ac-
curate estimate of the posttest probabil-
ity of malignancy, a Bayesian network
for mammography may provide the op-
portunity for intuitive and collaborative
decision making between patients and
physicians in the future. Ultimately, we
hope that, with further testing and use,
probabilistic models will aid decision
making in mammography practice.

Appendix

This appendix provides the theoretical
justification for the test of the equiva-
lence of two PPVs derived from related
data in two stages. Specifically, if one is
interested in comparing the results
from the first-stage test with those from
the second-stage test, where the posi-
tive tests from the second stage are re-
fined by using a second test, we demon-
strate a method and rationale for apply-
ing the Fisher exact test. In our study,
stage 1 refers to the original biopsy rec-
ommendation and stage 2 refers to the
judgments of the radiologist and the
Bayesian network.

Let PPV1 be the PPV for the first-
stage test only, and let PPV2 be the PPV
of the combined two-stage procedure.
Let TP1 and FP1 be the probability of a
true-positive and the probability of a
false-positive result at stage 1, respec-
tively. Let TP2 be the probability of a
true-positive test at both stages 1 and 2,
and let FP2 be the probability of a false-
positive test at both stages 1 and 2. Let
TN2 be the probability of a false-posi-
tive test at stage 1 and a true-negative
test at stage 2, and let FN2 be the prob-
ability of a true-positive test at stage 1
and a false-negative test at stage 2. By

definition, PPV1 � TP1/(TP1 � FP1),
and PPV2 � TP2/(TP2 � FP2) �
(TP1 � FN2)/(TP1 � FP1 � FN2 �
TN2).

If one estimates PPV1 and PPV2 by
plugging in the sample proportions for
TP1, FP1, TP2, FP2, TN2, and FN2, one
cannot naively use the Fisher test to
evaluate the equivalence of PPV1 and
PPV2 because of complex correlations
in PPV1 and PPV2. One can show alge-
braically that PPV1 � PPV2 implies that
FN2/TP1 � TN2/FP1. That is, the false-
negative rate from stage 2 based on
true-positives from stage 1 equals the
true-negative rate from stage 2 based on
false-positives from stage 1. This result
permits use of a standard Fisher test for
the equivalence of PPV1 and PPV2, be-
cause the number of individuals with
false-negative tests at stage 2 and true-
positive tests at stage 1 and the number
of individuals with true-negative tests at
stage 2 and false-positive tests at stage 1
are independent binomial random vari-
ables conditioned on the outcomes of
stage 1 testing.

The mathematic argument is as fol-
lows:

3 PPV 1 � PPV 2

3 TP1/�TP1 � FP1� � �TP1 � FN2�/

�TP1 � FP1 � FN2 � TN2�

3 TP1�TP1 � FP1 � FN2 � TN2�

� �TP1 � FP1��TP1 � FN2�

3 TP12 � TP1�FP1� � TP1�FN2

� TN2) � TP12 � TP1�FN2�

� FP1�TP1� � FP1�FN2�

3 TP1�TN2� � FP1�FN2�

3 TN2/FP1 � FN2/TP1.
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