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BACKGROUND: Discriminating malignant breast lesions from benign ones and accurately predicting the risk of breast

cancer for individual patients are crucial to successful clinical decisions. In the past, several artificial neural network

(ANN) models have been developed for breast cancer-risk prediction. All studies have reported discrimination per-

formance, but not one has assessed calibration, which is an equivalently important measure for accurate risk predic-

tion. In this study, the authors have evaluated whether an artificial neural network (ANN) trained on a large

prospectively collected dataset of consecutive mammography findings can discriminate between benign and malig-

nant disease and accurately predict the probability of breast cancer for individual patients. METHODS: Our dataset

consisted of 62,219 consecutively collected mammography findings matched with the Wisconsin State Cancer

Reporting System. The authors built a 3-layer feedforward ANN with 1000 hidden-layer nodes. The authors trained

and tested their ANN by using 10-fold cross-validation to predict the risk of breast cancer. The authors used area the

under the receiver-operating characteristic curve (AUC), sensitivity, and specificity to evaluate discriminative per-

formance of the radiologists and their ANN. The authors assessed the accuracy of risk prediction (ie, calibration) of

their ANN by using the Hosmer-Lemeshow (H-L) goodness-of-fit test. RESULTS: Their ANN demonstrated superior

discrimination (AUC, 0.965) compared with the radiologists (AUC, 0.939; P < .001). The authors’ ANN was also well

calibrated as shown by an H-L goodness of fit P-value of .13. CONCLUSIONS: The authors’ ANN can effectively dis-

criminate malignant abnormalities from benign ones and accurately predict the risk of breast cancer for individual

abnormalities. Cancer 2010;000:000–000. VC 2010 American Cancer Society.

KEYWORDS: breast cancer, neural networks, risk assessment, discrimination, calibration, computer-assisted

diagnosis, computer-assisted radiographic image interpretation, computer-assisted decisions.

Successful breast cancer diagnosis requires systematic image analysis, characterization, and integration of many
clinical and mammographic variables.1 An ideal diagnostic system would discriminate between benign and malignant
findings perfectly. Unfortunately, perfect discrimination has not been achieved, so radiologists must make decisions based
on their best judgment of breast cancer risk amid substantial uncertainty. When there are numerous interacting predictive
variables, ad hoc decision strategies based on experience and memory may lead to errors2 and variability in practice.3,4

That is why there is intense interest in developing tools that can calculate an accurate probability of breast cancer to aid in
making decisions.5-7

Discrimination and calibration are the 2 main components of accuracy in a risk-assessment model.8,9 Discrimina-
tion is the ability to distinguish benign abnormalities from malignant ones. Although assessing discrimination with area
under the receiver-operating characteristic (ROC) curve (AUC) is a popular method in the medical community, it may
not be optimal in assessing risk prediction models that stratify individuals into risk categories.10 In this setting, calibration
is also an important tool for accurate risk assessment of individual patients. Calibration measures how well the probabil-
ities generated by the risk prediction model agree with the observed probabilities in the actual population of interest.11
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There is a trade off between discrimination and calibra-
tion, and a model typically cannot be perfect in both.10 In
general, risk-prediction models need good discrimination,
when their aim is to separate malignant findings from be-
nign ones, and good calibration, when their aim is to strat-
ify individuals into higher or lower risk categories, to aid
in decisions and communication.11

Computer models have the potential to help radi-
ologists increase the accuracy of mammography exami-
nations in both detection12-15 and diagnosis.16-20

Existing computer models in the domain of breast-can-
cer diagnosis can be classified under 3 broad categories:
prognostic, computer-aided detection (CAD), and com-
puter-aided diagnostic (CADx) models. Prognostic mod-
els, such as the Gail model,21-24 use retrospective risk
factors such as a woman’s age, her personal and family
histories of breast cancer, and clinical information to
predict breast cancer risk during a time interval in the
future for treatment or risk-reduction decisions.24 These
models provide guidance for clinical trial eligibility, tai-
lored disease surveillance, and chemoprevention strat-
egies.25 Because risk stratification is of primary interest
in prognostic models, the performance of these models
is assessed principally by calibration measures.11 Detec-
tion or CAD models12-15,26-28 are developed to assist
radiologists in identifying possible abnormalities in
radiologic images, leaving the interpretation of the ab-
normality to the radiologist.29 Because discrimination is
most important, and calibration is less critical in detec-
tion, the performance of CAD models is typically eval-
uated in terms of ROC curves.11 Diagnostic or CADx
models30-39 characterize findings from mammograms
(eg, size, contrast, shape) identified either by a radiologist
or a CAD model29 to help radiologists classify lesions
as benign or malignant by providing objective informa-
tion, such as the risk of breast cancer.40 CADx models
are similar to prognostic models in 1 way; they estimate
the risk of breast malignancy to help physicians and
patients improve decisions.29 On the other hand,
CADx models differ from prognostic models in the
sense that their risk estimation is based on mammog-
raphy findings and at a single time point (ie, at the
time of mammography) to aid in further imaging or
intervention decisions. Both discrimination and calibra-
tion are important features of a CADx model. High
discrimination is needed because helping radiologists to
distinguish malignant findings from benign ones is the
primary purpose of CADx models.11 In addition, good
calibration is needed to stratify risk and communicate

the risk with patients as in the example of prognostic
models.11

However, existing CADx studies that use ANNs to
assess the risk of breast cancer have ignored calibration
and focused only on discrimination ability.31,36,38,39

Most of these studies have good discrimination but may
be very poorly calibrated.41 For example, 4 such models
report that no cancers would be missed if the threshold to
defer biopsy was set to 10%-20%.31,35,37,42 By suggesting
a threshold in this range to defer biopsy, these models not
only substantially exceed the accepted biopsy threshold in
clinical practice of 2%,43 but they also indicate a system-
atic overestimation of malignancy risk. This discrepancy
is likely attributable to suboptimal calibration.

In addition, existing studies have several potential
limitations that make them impractical for clinical imple-
mentation. First, the size of training datasets used for
building ANNs in these previous studies has been rela-
tively small (104-1288 lesions)31,35,36,38,39 to obtain reli-
able models. Second, the majority of these studies
developed models by using only findings that underwent
biopsy,30,31,35-37,39 or were referred to a surgeon,38 and
excluded other findings in their analysis, which may lead
to biased models.

Our research team has developed 2 CADx models
that use the same dataset to discriminate malignant
mammography findings from benign ones.33,34 This
study differs from our previous research in 2 different
ways. First, this study uses a different modeling tech-
nique (an artificial neural network [ANN]) than our
previous research, which used logistic regression and a
Bayesian network. Second, this study considers calibra-
tion, whereas our previous research, like many other
CADx models, did not evaluate calibration but only
evaluated discrimination.

The purpose of our study is to evaluate whether an
ANN trained on a large prospectively collected dataset of
consecutive mammography findings can discriminate
between benign and malignant disease and accurately pre-
dict the probability of breast cancer for individual
patients.

MATERIALS AND METHODS
The institutional review board exempted this Health In-
surance Portability and Accountability Act (HIPAA)-
compliant, retrospective study from requiring informed
consent. The data used in this study have been presented
in our previous studies33,34 and is repeated here for the
convenience of the reader.
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Data Collection

All of the screening and diagnostic mammograms per-
formed at the Froedtert and Medical College of Wiscon-
sin Breast Care Center between April 5, 1999 and
February 9, 2004 were included in our dataset for retro-
spective evaluation. We consolidated our database in the
National Mammography Database (NMD) format, a
data format based on the standardized Breast Imaging
Reporting and Data System (BI-RADS) lexicon devel-
oped by the American College of Radiology (ACR) for
standardized monitoring and tracking of patients.44,45

The study comprised 48,744 mammograms belonging to
18,269 patients (Table 1).

Each mammogram was prospectively interpreted by
1 of 8 radiologists. Four of these radiologists were general
radiologists, 2 of them were fellowship trained in breast
imaging, and the other 2 had extensive experience in
breast imaging. These radiologists had between 1-35 years
of experience interpreting mammography. Each radiolog-
ist reviewed 6994 mammograms on average (median,
2924; range, 49-22,219) in our dataset.

Each mammographic finding, if any, was recorded
as a unique entry in our database. In case of a negative
mammogram, a single entry showing only demographic
data (age, personal history, prior surgery, and hormone
replacement therapy) and BI-RADS assessment category
was entered. If an image had more than 1 reported finding

with only 1 of them being cancer, we considered the other
findings as false positives. Throughout the current article,
the term ‘‘finding’’ will be used to denote the single record
for normal mammograms or each record denoting an ab-
normality on a mammogram. Both radiologists (for mam-
mography findings) and technologists (for demographic
data) used PenRad (Minnetonka, Minn) mammography
reporting/tracking data system, which records clinical
data in a structured format. (ie, Point-and-click entry of
information populates the clinical report and the database
simultaneously.) We included in our ANN model all of
the demographic risk factors and BI-RADS descriptors
that were routinely collected in the practice and predictive
of breast cancer (Table 2). We obtained the reading radi-
ologist’s information by merging the PenRad data with
the radiology information system at the Medical College
of Wisconsin. We could not assign 504 findings to a radi-
ologist during our matching protocol. We elected to keep
these unassigned findings in our dataset to maintain its
consecutive nature.

We analyzed discrimination and calibration accu-
racy at the finding level because this is the level at which
recall and biopsy decisions are made in clinical practice.
We believe this is the level at which computer-assisted
models will help radiologists improve performance. How-
ever, because conventional analysis of mammographic
data is at the mammogram level (where findings from a

Table 1. Distribution of Study Population

Study Population Malignant (%) Benign (%) Total (%)

No. of mammograms 477 (1) 48,267 (99) 48,744 (100)

Age groups, y
<45 66 (13.84) 9529 (19.74) 9595 (19.68)

45-49 49 (10.27) 7524 (15.59) 7573 (15.54)

50-54 56 (11.74) 7335 (15.2) 7391 (15.16)

55-59 71 (14.88) 6016 (12.46) 6087 (12.49)

60-64 59 (12.37) 4779 (9.9) 4838 (9.93)

‡65 176 (36.9) 13,084 (27.11) 13,260 (27.20)

Breast density
Predominantly fatty 61 (12.79) 7226 (14.97) 7287 (14.95)

Scattered fibroglandular 201 (42.14) 19,624 (40.66) 19,825 (40.67)

Heterogeneously dense 174 (36.48) 17,032 (35.29) 17,206 (35.30)

Extremely dense tissue 41 (8.6) 4385 (9.08) 4426 (9.08)

BI-RADS category
1 0 (0) 21,094 (43.7) 21,094 (43.28)

2 13 (2.73) 10,048 (20.82) 10,061 (20.64)

3 32 (6.71) 8520 (17.65) 8552 (17.54)

0 130 (27.25) 8148 (16.88) 8278 (16.98)

4 137 (28.72) 364 (0.75) 501 (1.03)

5 165 (34.59) 93 (0.19) 258 (0.53)

BI-RADS indicates Breast Imaging Reporting and Data System.
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single study are combined), we also calculated the cancer
detection rate, the early stage cancer detection rate, and
the abnormal interpretation rate at the mammogram level
for comparison. We specify whether analyses in this study
are based on mammograms or findings.

Data obtained from the Wisconsin Cancer Report-
ing System (WCRS), a statewide cancer registry, was used
as our reference standard. The WCRS has been collecting
information from hospitals, clinics, and physicians since
1978. The WCRS records demographic information, tu-
mor characteristics (eg, date of diagnosis, primary site,
stage of disease), and treatment information for all newly
diagnosed breast cancers in the state. Under data exchange
agreements, out-of-state cancer registries also provide
reports on Wisconsin residents diagnosed in their states.
Findings that had matching registry reports of ductal car-
cinoma in situ or any invasive carcinoma within 12
months of a mammogram date were considered positive.
Findings shown to be benign by biopsy or without a regis-
try match within the same time period were considered
negative.

Model

We built a 3-layer, feed-forward, neural network by using
Matlab 7.4 (Matlab, The Mathworks, Natick, Mass) with
a backpropagation learning algorithm46 to estimate the
likelihood of malignancy. The layers included an input
layer of 36 discrete variables (mammographic descriptors,
demographic factors, and BI-RADS final assessment cate-
gories as entered by the radiologists; Table 2), a hidden
layer with 1000 hidden nodes, and an output layer with a
single node generating the probability of malignancy for
each finding. We designed our ANN to have a large num-
ber of hidden nodes, because ANNs with a large number
of hidden nodes generalize better than networks with
small number of hidden nodes when trained with back-
propagation and ‘‘early stopping’’.47-49 (See Discussion,
this article).

To train and test our ANN, we used a standard
machine-learning method called 10-fold cross-validation,
which ensures that a test sample is never used for training.
In our 10-fold cross-validation, the data was divided into
10 subsets that were approximately equal in size. In the
first iteration, 9 of these subsets were combined and used
for training. The remaining 10th set was used for testing
the performance of our ANN on unseen cases. We
repeated this process for 10 iterations until all subsets
were used once for testing. In addition to 10-fold cross-
validation, to assess the robustness of our ANN, we per-
formed the following supplementary analyses: 1) we
trained our ANN on the first half of the dataset and tested
on the second half, 2) we trained our ANN on the second
half of the dataset and tested on the first half.

Table 2.Variables from the NMD Used in Our ANN

Variables Instances

Age groups, y <45, 45-50, 51-54, 55-60, 61-64, �65

Hormone therapy None, <5 y, >5 y

Personal history of BCA No, yes

Family history of BCA None, minor (nonfirst-degree

family members), major (1 or more

first-degree family members)

Breast density Predominantly fatty,

scattered fibroglandular,

heterogeneously dense,

extremely dense

Mass shape Circumscribed, ill-defined,

microlobulated,

spiculated, not present

Mass stability Decreasing, stable,

increasing, not present

Mass margins Oval, round, lobular,

irregular, not present

Mass density Fat, low, equal, high, not present

Mass size None, small (<3 cm),

large (�3 cm)

Lymph node Present, not present

Asymmetric density Present, not present

Skin thickening Present, not present

Tubular density Present, not present

Skin retraction Present, not present

Nipple retraction Present, not present

Skin thickening Present, not present

Trabecular thickening Present, not present

Skin lesion Present, not present

Axillary adenopathy Present, not present

Architectural distortion Present, not present

Prior history of surgery No, yes

Postoperative change No, yes

Microcalcifications
Popcorn Present, not present

Milk Present, not present

Rodlike Present, not present

Eggshell Present, not present

Dystrophic Present, not present

Lucent Present, not present

Dermal Present, not present

Round Scattered, regional, clustered,

segmental, linear ductal

Punctate Scattered, regional, clustered,

segmental, linear ductal

Amorphous Scattered, regional, clustered,

segmental, linear ductal

Pleomorphic Scattered, regional, clustered,

segmental, linear ductal

Fine Linear Scattered, regional, clustered,

segmental, linear ductal

BI-RADS category 0, 1, 2, 3, 4, 5

NMD indicates National Mammography Database; BCA, breast cancer; BI-

RADS, Breast Imaging Reporting and Data System.
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We used ‘‘early stopping (ES)’’ procedure to prevent
our ANN from overfitting and to keep it generalizable to
future cases.50,51 Generalizability is the ability of a model
to demonstrate similar predictive performance on data
not used for training but consisting of unseen cases from
the same population. A model lacks generalizability when
overfitting occurs, a phenomenon whereby the model
‘‘memorizes’’ the cases in the training data but fails to gen-
eralize to new data. When overfitting occurs, ANNs
obtain spuriously good performance by learning anoma-
lous patterns unique to the training set but generate high
error resulting in low accuracy when presented with
unseen data.52 We performed ES by using a validation
(tuning) set, in addition to a training and a testing set, to
calculate the network error during training and to stop
training early if necessary to prevent overfitting.50-52

Model Evaluation

We evaluated the discriminative ability of our ANN
against radiologists at an aggregate level and at an individ-
ual-radiologist level. We plotted the receiver-operator
characteristic (ROC) curve for our ANN by using the
probabilities generated for all findings by means of our
10-fold cross-validation technique. We constructed the
ROC curves for all radiologists individually and in aggre-
gate by using BI-RADS assessment categories assigned by
the radiologists to each finding. We ordered BI-RADS
assessment categories by the increasing likelihood of
malignancy (1<2<3<0<4<5) for this purpose. We
measured area under the curve (AUC), sensitivity, and
specificity to assess the discriminative ability of our ANN
and the radiologists (in aggregate and individually). We
used a 2-tailed DeLong method53 to measure and com-
pare AUCs because it accounts for correlation between
the ROC curves obtained from the same data.

We calculated sensitivity and specificity of our ANN
and the radiologists at recommended levels of perform-
ance: sensitivity at a specificity of 90% and specificity at a
sensitivity of 85%, as they represent the minimal perform-
ance thresholds for screening-mammography.54 When
calculating the sensitivity and specificity of the radiolog-
ists, we considered BI-RADS 0, 4, and 5 positive, whereas
BI-RADS 1, 2, and 3 were designated negative.45 We
used 1-tailed McNemar test to compare sensitivity and
specificity between the radiologists and our ANN.55 A
McNemar test accounts for correlation between the sensi-
tivity and specificity ratios and is not defined when the
ratios are equal, nor when 1 of the ratios is 0 or 1. We
used the Wilson method to generate confidence intervals

for sensitivity and specificity.56 We considered P< .05 to
be the level of statistical significance.

We assessed the calibration of our ANN by calcu-
lating the Hosmer-Lemeshow (H-L) goodness-of-fit sta-
tistic57 and plotting a calibration curve. The H-L
statistic compares the observed and predicted risk within
risk categories. A lower H-L statistic and a higher
P value (P > .05) indicate better calibration. For the
H-L statistic, the predicted risks of findings were rank-
ordered and divided into 10 groups, based on their pre-
dicted probability. Within each predicted risk group,
the number of predicted malignancies was accumulated
against the number of observed malignancies. The H-L
statistic was calculated from this 2 � 10 contingency
table. The H-L statistic was then compared with the
chi-square distribution, with degrees of freedom equal
to 8. We also plotted a calibration curve to visually
compare calibration of our ANN to the perfect calibra-
tion in predicting breast malignancy risk. In a calibra-
tion curve, a line at a 45� angle (line of identity)
indicates perfect calibration. Data points to the right of
the perfect calibration line represent overestimation of
the risk, and those to the left of the line represent
underestimation.58 Although a calibration curve does
not provide a quantitative measure of reliability for
probability predictions, it provides a graphical represen-
tation of the degree to which predicted probability of
malignancy by our ANN corresponds to actual preva-
lence.58,59 The calibration curve shows the ability of the
model to enable prediction of probabilities across all
ranges of risk.

RESULTS
After matching to the cancer registry, our final matched
dataset contained a total of 62,219 findings [510 (0.8%),
malignant and 61,709 (99.2%) benign], in 18,269
patients (17,924 women and 345 men). The mean age of
the female patients was 56.5 years (range, 17.7-99.1; SD,
12.7). Women were, on average, 2 years younger com-
pared with men, whose mean age was 58.5 years (range,
18.6-88.5; SD, 15.7).

Our analysis at the mammogram level showed that
14% of the mammographic abnormalities occurred pre-
dominantly in fatty tissue, 41% in scattered fibroglandu-
lar tissue, 36% in heterogeneously dense tissue, and 9% in
extremely dense tissue (Table 1). At the findings level, the
cancers included 246 masses, 121 microcalcifications, 27
asymmetries, 18 architectural distortions, 86 combina-
tions of findings, and 12 other.

Risk Estimation With ANNs/Ayer et al
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Cancer registry match revealed a detection rate of
8.9 cancers per 1000 mammograms for the radiologists at
the mammogram level (432 cancers for 48,744 mammo-
grams—33 patients had more than 1 cancer resulting in
510 total cancers). The abnormal interpretation rate (con-
sidering BI-RADS 0, 4, and 5 abnormal) was 18.5%
(9037 of 48,744 mammograms). Of all the 432 cancers,
390 had staging information from the cancer registry, and
42 did not. Of the detected cancers with staging infor-
mation, only 26.7% (104 of 390) had lymph node
metastasis, and 71% (277 of 390) were early stage (ie,
stage 0 or 1).

Following training and testing using 10-fold cross-
validation, the AUC of our ANN, 0.965, was significantly
higher than that of the radiologists in aggregate, 0.939 (P
< .001), at the finding level, which implied that our
ANN performed better than the radiologists alone in dis-
criminating between benign and malignant findings. The
ROC curve of our ANN (aggregate level) dominated the
combined ROC curve of all radiologists at all cutoff
thresholds (Fig. 1). This trend was preserved when the
ANNwas trained on the first half of the dataset and tested
on the second half (ANN AUC, 0.949; radiologists AUC,
0.926; P < .001) or when trained on the second half of
the dataset and tested on the first half (ANN AUC, 0.966;
radiologists AUC, 0.951; P < .001). At the individual
radiologists level, 4 of 8 comparisons were not statistically
significant (Table 3). Of the 4 significant differences, our
ANN outperformed the radiologists in all except a single,
low-volume reader (Radiologist 8, Table 3).

At a specificity of 90%, the sensitivity of our ANN
was significantly better (90.7% vs 82.2%; P < .001) than
that of the radiologists (in aggregate; Table 4). Our ANN
identified 44 more cancers when compared with the radi-
ologists at this level of specificity (Table 5, part A.). At a
fixed sensitivity of 85%, the specificity of our ANN was
also significantly better (94.5% vs 88.2%, P< .001) than
that of the radiologists (in aggregate; Table 4). Our ANN
decreased the number of false positives by 3941 when
compared with the radiologists’ performance at this level
of sensitivity (Table 5, part B). In terms of specificity, all
statistically significant comparisons revealed the ANN to
be superior with the exception of 1 low-volume reader
(Radiologist 8 in Table 4). In terms of sensitivity, all stat-
istically significant comparisons revealed the ANN to be

Figure 1. ROC curves were constructed from the output
probabilities of our artificial neural network (ANN) and the
radiologists’ BI-RADS assessment categories. AUC indicates
area under the ROC curve.

Table 3. Comparison of Radiologist and ANN AUCs

Rad
No.

No. of
Benign
Findings

No. of
Malignant
Findings

Cancer
Prevalence

Radiologist
AUC

ANN
AUC

P

1 3312 77 0.0227 0.954 0.956 .607

2 47 1 0.0208 0.777 1 <.001

3 18953 180 0.0094 0.928 0.969 <.001

4 26690 171 0.0064 0.936 0.969 <.001

5 82 0 0 ND ND ND

6 6796 36 0.0053 0.954 0.955 .903

7 3637 29 0.0079 0.931 0.941 .416

8 1695 9 0.0053 0.940 0.873 .005

Unassigned 497 7 0.0139 0.995 0.998 .305

Total 61709 510 0.0081 0.939 0.965 <.001

AUC indicates area under the curve; ANN AUC, artificial neural network area under the curve; ND, not defined.
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superior; however, 1 low-volume reading radiologist dem-
onstrated the opposite trend (Radiologist 1 in Table 4).

The H-L statistic for our ANN was 12.46 (P ¼ .13,
df ¼ 8). The precision of the predicted probabilities is
shown graphically in Figure 2. Although the calibration
curve of our ANN does not perfectly match the line of
identity (the line at a 45� angle), the deviation is pictori-
ally minimal.

DISCUSSION
We have demonstrated that our ANN can accurately esti-
mate the risk of breast cancer by using a dataset that con-
tains demographic data and prospectively collected
mammographic findings. To our knowledge, this study
uses 1 of the largest datasets of mammography findings to
develop a CADx model. Our results demonstrate that

ANNs may have the potential to aid radiologists in dis-
criminating between benign and malignant breast dis-
eases. When we compare discriminative accuracy by using
AUC, sensitivity, and specificity, our ANN performs sig-
nificantly better than all radiologists in aggregate.
Although the difference between the AUCs of the radiol-
ogists and our ANN may appear to be small (0.026), this
difference is both statistically (P< .001) and clinically sig-
nificant because our ANN identified 44 more cancers and

Table 5. Sensitivity and Specificity Results

A. Performance at 90% Specificity

True Positive False Negative

Radiologists 419 (400-435) 91 (75-110)

ANN 463 (449-475) 47 (36-62)

B. Performance at 85% Sensitivity

False Negative True Positive
Radiologists 7282 (7126-7441) 54,427 (54,268-54,583)

ANN 3341 (3232-3454) 58,368 (58,256-58,477)

Data are numbers (95% CIs) of cases.

ANN indicates artificial neural network.

Figure 2. Calibration curve of our artificial neural network
([ANN] solid line) and the curve representing perfect calibra-
tion (dashed line) are shown. This is the actual prevalence of
malignancy versus estimated risk of malignancy for each dec-
ile of the probability scale.

Table 4. Comparison of Radiologist and ANN Sensitivity and Specificity

Rad
No.

No. of
Benign
Findings

No. of
Malignant
Findings

Radiologist
Sensitivitya,b

ANN
Sensitivitya,b

Pc Radiologist
Specificitya,d

ANN
Specificitya,d

Pc

1 3312 77 93.5 (84.8, 97.6) 88.4 (78.4,94.1) .0625 94.4 (93.6, 95.2) 96.9 (96.4, 97.5) <.001

2 47 1 NC NC NC NC NC NC

3 18953 180 78.3 (71.4, 83.9) 90.0 (84.5, 93.8) <.001 85.0 (84.4, 85.5) 95.0 (94.7, 95.3) <.001

4 26690 171 82.4 (75.7, 87.6) 93.0 (87.8, 96.1) <.001 85.6 (85.1, 86.0) 96.4 (96.1, 96.5) <.001

5 82 0 NC NC NC NC NC NC

6 6796 36 83.3 (66.5, 93.0) 86.1 (69.7, 94.7) .999 88.4 (87.6, 89.1) 94.5 (93.9, 95.0) <.001

7 3637 29 75.8 (56.0, 88.9) 72.5 (52.5, 86.5) .999 79.9 (78.6, 81.2) 86.2 (85.0, 87.2) <.001

8 1695 9 77.7 (40.1, 96.0) 66.7 (30.9, 90.9) .999 86.7 (85.0, 88.3) 80.7 (78.7, 82.5) <.001

Unassignede 497 7 100.0 (56.1, 100.0) 100.0 (56.1, 100.0) ND 98.3 (96.7, 99.2) 99.6 (98.4, 99.9) 0.015

Total 61709 510 82.2 (78.5, 85.3) 90.7 (87.8, 93.0) <.001 88.2 (87.9, 88.5) 94.5 (94.3, 94.6) <.001

ANN indicates artificial neural network; ND, not defined (McNemar test cannot be computed when the ratio is 1); NC, not calculated as numbers were too

small to obtain reliable performance.
a Data in parentheses are 95% confidence intervals.
b Sensitivity calculated at a specificity of 90%.
cCalculated with McNemar test.
d Specificity calculated at a sensitivity of 85%.
eUnassigned mammographic studies resulting from inability to match studies with radiologists when merging mammography reporting system and institutional

radiology information system.
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decreased the number of false positives by 3941 when
compared with the radiologists at the specified sensitivity
and specificity values. Note that these results would be
similar for any other specified sensitivity and specificity
values because the ROC curve of our ANN outperforms
that of the radiologists at all threshold levels. On the other
hand, the reason for obtaining a numerically small differ-
ence between the AUCs relates to the disproportionate
number of benign findings (61,709) compared to malig-
nant findings (510) in our dataset resulting in very high
specificity at baseline and little room for improvement in
this parameter.

Among statistically significant comparisons, our
ANN demonstrates superior AUC, sensitivity, and speci-
ficity versus all but 1 radiologist, including the 2 highest-
volume readers. Therefore, similar to other ANN models
presented in the literature, our ANN has the potential to
aid radiologists in classifying (discriminating) findings on
mammograms by predicting the risk of malignancy.
When compared with the previous CADx models devel-
oped by our research team (a logistic regression and a
Bayesian network), the discrimination performance of
our ANN was slightly higher (ANN AUC, 0.965; logistic
regression AUC, 0.963; Bayesian network AUC, 0.960).
On the other hand, no statistically significant difference
was found between the ANN and the logistic regression
(P ¼ .57), or the ANN and the Bayesian network (P ¼
.13).

However, our model is unique in several ways. In
contrast to prior ANN models, which used a relatively
small selected population of suspicious findings under-
going tissue sampling with biopsy as the reference stand-
ard,30,31,35-37,39 we use a large consecutive dataset of
mammography findings with tumor registry outcomes as
the reference standard to train our ANN. Furthermore,
contrary to previously developed CADx models in breast
cancer-risk prediction, we expand the evaluation of CADx
models beyond discrimination by measuring the accuracy
of the estimated probabilities themselves by using calibra-
tion metrics.

Although discrimination or accurate classification is
of primary interest for CADxmodels,11,60 calibration is also
crucial, especially when clinical decisions are being made for
individual patients.11,61 Individual decisions are made
under uncertainty and, therefore, aided more effectively by
accurate risk estimates. Because there is a trade off between
discrimination and calibration,10 the selection of the pri-
mary performancemeasure should be based on the intended
purpose of the model.11 In this study, similar to previous

CADx models, we designed our ANN primarily for opti-
mizing the discrimination ability. However, contrary to pre-
vious CADx studies, we also measured the calibration as the
secondary objective. We showed that our ANN is well cali-
brated, as demonstrated by the low value of the H-L statis-
tic, the corresponding high P value, and the favorable
calibration curve; and, thus, our ANN can accurately esti-
mate the risk of malignancy for individual patients. The
ability of our ANN to assign accurate numeric probabilities
is an important complement to its ability to discriminate
between ultimate outcomes.61

We posit that the good calibration of our ANN is at-
tributable to both the characteristics of our training set
and attributes of our model. For example, the consecutive
nature of our dataset of mammography findings and the
use of a tumor registry match as a reference standard,
which reflects a real-world population, may lead to accu-
rate calibration. In addition, the use of a large number of
hidden nodes in concert with training with a validation
set to prevent overfitting may have enhanced calibration.
In future work, we plan to analyze which parameters most
profoundly influence calibration.

CADx models for breast cancer risk estimation have
ignored calibration and have typically been developed and
evaluated on the basis of their discrimination ability.31-39

Although calibration has not been formally assessed in
previous CADx models, there is some evidence that these
models are not well calibrated.31,35,42 Poor calibration
may indicate that these models are not optimized for indi-
vidual cases, ie, the predicted breast cancer risk for a single
patient may be incorrect.

From a clinical standpoint, our ANN may be valua-
ble because it provides an accurate post-test probability
for malignancy. This post-test probability may be useful
to communication among the radiologist, patient, and re-
ferring physician, which, in turn, may encourage making
shared decisions.5-7 Each individual patient has a unique
risk tolerance and comorbidities, and these factors should
be considered when making decisions involving mammo-
graphic abnormalities. Risk assessments based on individ-
ual characteristics may also help promote the concept of
personalized care in the diagnosis of breast cancer. Fur-
thermore, our ANN is designed to increase the effective-
ness of mammography by aiding radiologists and not by
acting as a substitute. Our ANN quantifies the risk of
breast cancer by using mammographic features assessed
by the radiologist, so the ANN’s performance depends
largely on the radiologist’s accurate observations and over-
all assessment (BI-RADS category).
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Our ANN has the potential to be used as a decision-
support tool, although it may face similar challenges that
have, in the past, prevented the implementation of effec-
tive decision-support algorithms in clinical practice. To
be used in the clinic, a decision-support tool must be
seamlessly integrated into the clinical workflow, which
can be challenging. We believe in the case of mammog-
raphy, a decision-support tool would be most useful if
directly linked to structured reporting software that radi-
ologists use in daily practice, which would enable immedi-
ate feedback. On the other hand, the good performance of
our ANN may not be preserved after the integration into
clinical practice. Before clinical integration, it is impor-
tant to consider the ways our ANN could fail, due to both
inherent theoretical limitations and errors that may occur
during the process of integration.62 In fact, numerous
computer-aided diagnostic models that have performed
well in evaluation studies have not made an impact on
clinical practice.63-68 Furthermore, the optimal perform-
ance of our ANN would be required to gain the trust of
clinicians to influence clinical practice. Unfortunately, the
parameters of ANNs do not carry any real-life interpreta-
tion, and clinicians have trouble trusting decision-support
algorithms that represent a ‘‘black box’’ without explana-
tion capabilities. Although there is rule extraction software
that converts a trained ANN to a more humanly under-
standable representation,69-71 integration of these various
software programs with the ANN requires extra effort.
Therefore, we recognize that substantial challenges remain
in the implementation of ANNs for decision support at
the point of care, and we emphasize the importance of
these issues for future research and implementation.

There are 3 important implementation considera-
tions. First, determining the number of effective hidden
nodes in an ANN is crucial and may significantly affect its
output performance. Unfortunately, there is no general
rule to determine the effective number of hidden nodes
that maximizes the network performance when presented
with an unseen dataset (generalizability).47 Although
some researchers have said that conventional wisdom sug-
gests that when neural networks have excess hidden nodes
they generalize poorly,48 several recent studies in the
machine-learning literature have shown that ANNs with
excess capacity (ie, with a large number of hidden nodes)
generalize better than small networks (ie, networks with a
small number of hidden nodes) when trained with back-
propagation and early stopping.47-49 Therefore, we built
an ANN with excess capacity and did not optimize the
number of hidden nodes. Also, note that if we had opti-

mized the number of hidden nodes to maximize the
AUC, as other researches have, we would have achieved
an even higher AUC than described here.

Second, selection of the primary performance mea-

sure is also crucial when building an ANN model. In our

study, we built our ANN principally to maximize the dis-

crimination accuracy because discrimination is of primary

interest to optimize accurate diagnosis.11,60 On the other

hand, ANNs could also be trained for maximizing the cal-

ibration when the primary purpose is to stratify individu-

als into higher or lower risk categories of clinical

importance. However, it should be noted that for a direct

maximization of calibration, the estimated probabilities

by the ANN should be compared with the true underlying

probabilities,72 which are seldom explicitly known. Alter-

natively, it is possible to adjust, if not maximize, the

model calibration by using some advanced methods,

called ‘‘recalibration’’.72 The use of recalibration methods

is beyond the scope of this article.
Third, the way we handled BI-RADS 0 findings

deserves attention. We generated risk estimates for BI-

RADS 0 instead of combining these results with subse-

quent imaging findings. In clinical practice, it is impor-

tant to know the probability of cancer for BI-RADS 0

cases to make appropriate patient management decisions.

Furthermore, the risk estimate for a BI-RADS 0 finding

contains muchmore uncertainty than when the additional

imaging information is available. We hope to model this

uncertainty in future work to understand the value of

additional information. For this reason, we consider BI-

RADS 0 to be a positive mammogram24,45,73 and an

appropriate time for risk estimation because we have the

potential to 1) ameliorate anxiety that naturally arises at

this juncture and 2) to improve performance in making

decisions.
Our study has limitations. First, our ANN is built

on a mix of screening and diagnostic examinations that
cannot be reliably separated. Specifically, we do not know
the proportion of diagnostic examinations in our dataset,
which may influence performance.74 However, this con-
cern is mitigated by the finding that we are using a consec-
utive dataset that likely reflects an American College of
Radiology-accredited mammography practice that is
comparable to similar settings. Second, our dataset con-
tains a substantial amount of unpopulated fields. Radiol-
ogists do not systematically attempt to note the absence of
all findings on mammography—they simply leave them
blank. Obviously, our results depend entirely on the
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quality of the structured data. We labeled all missing
descriptors as ‘‘not present.’’ Our approach is appropriate

for mammography data where radiologists often leave the

descriptors blank when nothing is observed on themammo-

gram. Third, we assume that our cancer registry is a com-

pletely accurate reference standard. Although cancer

registries are generally accurate with respect to cancer diag-

nosis75,76 and represent the best method to identify cancer

cases,76 our cancer registry may not be perfect. However,

the WCRS is an accredited cancer registry making it

unlikely that expected errors would substantively affect our

results or conclusions. Finally, our comparison of ROC

curves between the radiologists and our ANN is suboptimal.

Specifically, we constructed the radiologists’ ROC curve by

using BI-RADS categories and our ANN’s ROC curve by

using probabilities. While similar analysis has been pre-

sented in the literature,24 this is not a perfectly equal com-

parison. These concerns are partly ameliorated in our work

by the finding that the performance of our ANN is superior

to that of the radiologists at all threshold levels.
In conclusion, we built our ANN by using standar-

dized demographic risk factors and mammographic find-

ings, which performed well in terms of both

discrimination and calibration. Although future work will

be required to determine whether this performance is pri-

marily attributable to the characteristics of our training set

or attributes of our model itself, we are encouraged that

an ANN can achieve good performance in terms of both

discrimination and calibration. Whereas ROC curve anal-

ysis is valuable to evaluate the discriminative ability of

CADx models, calibration would be another important

measure for evaluating models that predict risks for indi-

vidual patients. These promising results may indicate that

ANNs have the potential to help radiologists improve

mammography interpretation.
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