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Abstract

We are using Bayesian artificial neural networks (BANNs) to classify mammographic masses

in schemes for computer-aided diagnosis, and we are extending this methodology to a three-class

classification task. We investigated whether a BANN can estimate ideal observer decision variables

to distinguish malignant, benign, and false-positive computer detections. Five features were calcu-

lated for 63 malignant and 29 benign computer-detected mass lesions, and for 1049 false-positive

computer detections, in 440 mammograms randomly divided into a training and testing set. A

BANN was trained on the training set features and applied to the testing set features. We then used

a known relation between three-class ideal observer decision variables and that used by a two-class

ideal observer when two of three classes are grouped into one class, giving one decision variable

for distinguishing malignant from non-malignant detections, and a second for distinguishing true-

positive from false-positive computer detections. For comparison, we grouped the training data

into two classes in the same two ways and trained two-class BANNs for these two tasks. The three-

class BANN decision variables were essentially identical in performance to the specifically trained

two-class BANNs, with the average difference in area under the ROC curves being less than 0.0035

and no differences in area being statistically significant. Thus, the BANN outputs obey the same

theoretical relationship as do the three-class and two-class ideal observer decision variables, which

is consistent with the claim that the three-class BANN output can provide good estimates of the

decision variables used by a three-class ideal observer. c© 2004 American Association of Physicists

in Medicine. [DOI: 10.1118/1.1631912]

Keywords: Bayesian artificial neural networks, ideal observer estimation, three-class classification, computer-

aided diagnosis, mammography
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I. INTRODUCTION

In the past, two computerized methods for the detection of mammographic mass lesions

have been investigated at the University of Chicago.1–5 These methods involve the initial seg-

mentation of the breast region,1 followed by the identification of candidate lesions.2–5 These

mass candidates are segmented from the surrounding breast tissue using histogram analysis2

or a radial gradient index measure applied to a set of morphologically constrained candi-

date borders.6 Features including lesion area,2 distance from the breast border,2 circularity,3

contrast,3 perimeter irregularity,5 margin spiculation determined by the radial edge gradient

distribution,7 and margin sharpness determined by the average magnitude of the gradient

along the margin7 are calculated. The features are then subjected to rule-based analysis3 or

a Bayesian artificial neural network (BANN)5 to retain or reject the candidate mass.

Once a radiologist has detected a structure consistent with a mass lesion, either through

unaided examination of the mammogram or with the assistance of an automated scheme

such as those just described, a decision of whether to perform a biopsy on the patient must

be made. To aid radiologists in the task of classifying a detected mammographic mass

lesion as benign or malignant, an automated scheme was developed in our laboratory.7–11

The mass is first segmented from the surrounding tissue using histogram analysis of a series

of grown regions.12 Five features7 are then calculated for the mass: margin spiculation,

determined by the radial edge gradient distribution; margin sharpness, determined by the

average magnitude of the gradient along the margin; average gray level within the lesion;

a normalized radial gradient measure;5 and a texture measure, the standard deviation of

the average gradient within the mass. In the original version of this classification scheme,

these features are subjected to a hybrid analysis method,7 in which a rule-based threshold is

first applied to the most salient feature (the spiculation measure), and then a conventional

artificial neural network (ANN) is applied to the remaining features. The output of the

hybrid analysis method is an estimate of the likelihood of malignancy of the mass.7 In the

version of the classification scheme currently under investigation in our laboratory, a BANN

is applied to the features to estimate the likelihood of malignancy.13

It should be noted that the above-described schemes for detecting and classifying masses

are not inherently compatible. The classification scheme is trained to distinguish between

lesions which are known to be either benign or malignant, but in either case corresponding
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to actual structures of clinical interest within the breast. The detection scheme on the other

hand will report a set of detected lesions, some of which are true-positive (TP) detections and

some of which are false-positive (FP) detections; the latter category will include detections

corresponding to normal tissue structures within the breast or to various artifacts due to the

imaging and digitization processes. (It is important to emphasize that these artifactual FP

detections will occur regardless of whether the detection scheme is optimized so that “FP”

means “not a malignant lesion” or “not a clinically significant lesion” — i. e., an image

structure which is neither a benign nor a malignant lesion.) The output of the detection

scheme will contain objects which were by design not included in the training sample of

the classification scheme, and which are perhaps not even members of the data population

(benign and malignant mass breast lesions) for which the classification scheme was created.

It is clear then that the detection scheme’s output cannot be used unmodified as the input

to the classification scheme. This poses a problem for the development of a fully automated

classification scheme for computer-aided diagnosis (CAD).

Recently, we have explored the use of BANNs for feature analysis in our automated

scheme for detecting clustered microcalcifications in digitized mammograms,14,15 as well as

for the mass lesion classification scheme as described above.13 A trained BANN is simply

a feed-forward neural network identical in structure to a conventional ANN. The BANN

differs from a conventional ANN in that the error function used in training includes a

regularization term, equivalent to a Bayesian prior probability on the neural network weight

values, to penalize solutions which are more complicated than the training data justify.16,17

The purpose of the regularization term is to reduce the likelihood that the neural network

will overtrain, i. e., that it will estimate too closely the Bayes optimal discriminant function

for the finite training sample, which is nearly always a poor estimate of the population Bayes

optimal discriminant function (the ideal observer). The Bayesian regularization term also

obviates the need for ad hoc early stopping techniques based on, e. g., iteration number.17

Our motivation for investigating BANNs is based, first, on our theoretical observation that,

in the limit of infinite training data, a BANN can yield an ideal observer decision function

for that data population (an extension of a prior result18 derived for conventional ANNs);

and second, on empirical observations that even given a finite sample of training data, a

BANN can estimate an ideal observer decision function reasonably well.16 Furthermore, in

practical situations where the data probability density functions (PDFs) are unknown or
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difficult to determine, the two-class BANN classifier has been found empirically to have

better performance than other classifiers.14,15 We have also performed simulation studies

showing that BANNs can accurately estimate ideal observer decision variables in a three-

class classification task as well.19 Recent work by other researchers20 used simulation studies

to compare the performance of linear and conventional ANN classifiers for two-class and

three-class classification tasks.

In the work presented here, we extend our BANN results to the practical case of estimating

decision variables for classifying computer-detected malignant and benign mass lesions and

FP computer detections (i. e., the output of the automated mass lesion detection scheme)

as malignant, benign, or FP computer detections. The features used for analysis were those

of the existing mass classification scheme.5,7 We recently presented preliminary results of

this methodology using a “simulated” mass data set, in which the computer-detected mass

lesions were supplemented by radiologist-identified mass lesions.21 The goal of that work

was to demonstrate the applicability of our methodology in a “proof-of-concept” study. The

present work is different from that previous study and practically significant in that the mass

lesions used here were all computer-identified; thus, the present work represents a further

step in the development of a fully automated classification scheme for CAD.

We currently lack a fully general equivalent of receiver operating characteristic (ROC)

analysis for the three-class classification task. As a preliminary step toward such an equiva-

lent, we have developed a method for assessing the three-class BANN’s decision variables (as

distinct from the decision rules which would be used to classify observations based on the

values of the decision variables). This preliminary method compares the three-class BANN

decision variables to two-class BANN decision variables using conventional (two-class) ROC

analysis. The purpose of this comparison was to show that the BANN can generate decision

variables which could be used by a classifier in a three-class classification task. Such a clas-

sifier would ultimately allow the fully automated combination of our mass lesion detection

and classification schemes, and in principle, other such schemes for CAD.

II. THEORY

Given the success of applying BANNs to two-class problems,14–16 we are interested in

determining whether the BANN methodology can be extended to a situation in which the
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observational data are drawn from three classes. That is, the data are assumed to come

from a distribution of the form

p(~x) =
3∑

i=1

p(~x|πi)P (πi), (1)

where p(~x|πi) is the conditional probability density of an observation ~x being drawn from

the ith class, and P (πi) is the a priori class probability of the ith class; we use boldface

type to denote statistically variable quantities. The ideal observer forms a pair of likelihood

ratio decision variables;22 without loss of generality, we can take these to be the two ratios

LRi(~x) ≡
p(~x|πi)

p(~x|π3)
{i : 1 ≤ i ≤ 2}. (2)

Decisions are then made by partitioning the likelihood ratio decision variable space into three

regions in an extension of the two-class method,22 and in principle observer performance

could be measured using methodology analogous to ROC analysis in the two-class case.

Considerations of partitioning the decision variable space and evaluating the classifier’s

performance are beyond the scope of the present work, however. We are interested here

only in whether a BANN implementation can in principle produce output which is related

to the ideal observer decision variables, and in the quality of the BANN output as an estimate

of the ideal observer decision variables in the practical case of finite sized data sets. In this

section, we derive a theoretical relationship between the decision variables used by a three-

class ideal observer and that used by a two-class ideal observer when two of the three classes

are grouped into a single class. If the actual decision variables produced by a three-class

and a two-class BANN obey this same relationship, this will be consistent with the claim

that the BANN outputs represent good estimates of the ideal observer decision variables.

This claim currently is supported by simulation studies16 and experiments on real data13–15

in the two-class case, but only by simulation studies19 in the three-class case.

In the two-class case it was shown16 that the output of a BANN is an estimate of the a

posteriori class probability P (π1|~x), which is related to the likelihood ratio decision variable

via the monotonic transformation

P (π1|~x) =
LR(~x)k

1 + LR(~x)k
, (3)

where k is the ratio of the a priori class probabilities P (π1)/P (π2). Since in the two-class

case any monotonic transformation of the likelihood ratio is still an ideal observer decision
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variable, the output of the two-class BANN is in this sense an estimate of the ideal observer

decision variable. In the case of more than two classes, the generalization of this monotonicity

property is nontrivial; however, note that we can rewrite Eq. (2) to obtain

LRi(~x) =
P (πi|~x)p(~x)/P (πi)

P (π3|~x)p(~x)/P (π3)
{i : 1 ≤ i ≤ 2}

=
P (πi|~x)

P (π3|~x)ki

,

P (πi|~x) = LRi(~x)P (π3|~x)ki, (4)

where ki is now the ith a priori class probability ratio P (πi)/P (π3).

Let ~y be the output of a trained BANN for the input ~x, given a set of weight values ~w.

Since the output of the BANN is intended to be an estimate of the two decision variables

P (πi|~x), we will also write

P (πi|~x, ~w) ≡ yi {i : 1 ≤ i ≤ 2}. (5)

We treat ~w as a random variable in the Bayesian sense, and so we have written the above

expression using the standard notation for conditional probability. We have shown previously

that the above-stated results for two-class BANNs also hold for three-class BANNs.19 That

is, given infinite training data, the outputs yi of a BANN of sufficiently complex archtecture

are the a posteriori probabilities P (πi|~x); and, according to simulation studies, the outputs

of the BANN provide reasonable estimates of these a posteriori probabilities, which are

directly related to the likelihood ratio decision variables by Eq. (4).

In the present work, we have applied the BANN methodology to feature values obtained

from actual mass lesions and FP computer detections, that is, real data whose PDFs are

unknown. Furthermore, we currently lack the equivalent of ROC analysis for three-class

classification tasks, which would allow us to compare the BANN output to a known ideal

observer model as is done in the two-class case.23 We wish to compare the output of the

three-class BANN with an existing classifier whose performance is fairly well understood.

The obvious candidate for such a classifier is the two-class BANN. To be concrete, we will

take the three classes under consideration to be πmal, the set of detections corresponding

to actually malignant lesions; πben, the set of detections corresponding to actually benign

lesions; and πFP, the set of FP computer detections corresponding to “normal” (neither

malignant nor benign) regions of the image. The detections here are assumed to be produced

by a computerized scheme for CAD. Since we are explicitly restricting our attention to a set
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of computer detections, the question immediately arises as to the influence of false negative

(FN) lesions (i. e., actually present lesions that are not identified as candidates by the

computerized detection scheme), whether malignant or benign, on the overall CAD scheme

under consideration, as well as the influence of the FP per image rate on such a scheme. In

the appendix, we attempt to justify this focus of our attention on the classification stage

of such a scheme, effectively ignoring the effects of these two factors (the FN and FP per

image rates of the scheme’s initial detection stage).

As we have shown previously,19 the three-class BANN outputs, which we denote y1 and y2,

are estimates of the a posteriori probabilities P (πmal|~x) and P (πben|~x), i. e., the probabilities

that a given observation ~x belongs to the malignant class πmal or the benign class πben,

respectively. (The quantity 1 − y1 − y2 is then an estimate of P (πFP|~x).)

Consider now an observer acting on the same data as defined in Eq. (1), but performing

the simplified task of distinguishing the malignant (πmal) detections from the nonmalignant

(either benign or FP computer detections, which we will denote πben ⊕ πFP). The quantity

P (πmal|~x) is known16 to be a monotonic transformation of the likelihood ratio for this task,

and is therefore an ideal observer decision variable22 for this task. That is, the first output

y1 of the three-class BANN is an estimate of the ideal observer decision variable for the

simplified task of distinguishing malignant from nonmalignant detections. Note, however,

that a two-class BANN can, given sufficient training data, provide a good estimate of the

same ideal observer decision variable.16

Now let us consider a second simplified task in which the observer must distinguish TP

detections (either malignant or benign, which we will denote πmal⊕πben) from FP computer

detections (πFP). Since the classes are by definition mutually exclusive, it immediately

follows24 that

P (πmal ⊕ πben|~x) = P (πmal|~x) + P (πben|~x). (6)

Reasoning as above, this quantity is an ideal observer decision variable for the simplified

task of distinguishing TP from FP computer detections. It is estimated by the sum y1 + y2

of the three-class BANN outputs, or by the output of a two-class BANN trained specifically

for this task.

To summarize, we wish to evaluate the quality of the three-class BANN decision variables

— in the sense of their ability to estimate three-class ideal observer decision variables — in

the absence of a fully general equivalent of ROC analysis for the three-class classification task,
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and in the absence of the “true” PDFs from which the observational data are drawn. Our

method of evaluation relies on the theoretical relationship between the above-described three-

class and two-class ideal observer decision variables, and on previous work demonstrating the

superior performance of two-class BANNs on real data13–15 (consistent with the claim that

the two-class BANN output provides a good estimate of the two-class ideal observer decision

variable). If the BANN output for the observational data were to obey the same theoretical

relationship, this would of course not constitute proof that the three-class BANN output is

indeed the three-class ideal observer decision variables; such proof is, in principle, impossible

in the absence of the PDFs from which the observational data are drawn. Nevertheless, such

obedience would be at least consistent with the claim that the three-class BANN output

represents good estimators of the three-class ideal observer decision variables.

III. MATERIALS AND METHOD

Our data set consisted of 63 actually malignant and 29 actually benign computer-detected

mass lesions in a set of 440 mammograms from 153 patients, and 1049 FP computer de-

tections in those images. Lesions were confirmed to be malignant or benign by biopsy, and

FP computer detections were confirmed as such by the original radiologists’ reports. In a

preliminary study,19 we applied the methodology described here to a “simulated” data set

consisting of both computer-detected mass lesions and radiologist-identified mass lesions.

However, the mass lesions used in the present work were all computer-identified; this more

closely approximates the target of a fully automated classification scheme.

We randomly divided the detections by patient into a training and testing set, ensuring

that images from a given patient did not appear in both the training and testing set. Five

feature values7 for each detection were obtained from our mass classification scheme: margin

spiculation, margin sharpness, average gray level within the lesion, normalized radial gradi-

ent index,5 and a texture measure. The feature values in the training set were used to train

a set of BANNs with five inputs, five to ten hidden units, and two outputs. As explained in

Sec. II, the outputs are y1 = P (πmal|~x, ~w) and y2 = P (πben|~x, ~w); the quantity 1 − y1 − y2

then provides the remaining estimator P (πFP|~x, ~w).

We applied Proproc
23 to the first component of the three-class BANN output y1 ob-

tained from the feature value observations in the testing set. For the purposes of this analysis,
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an observation was considered actually positive if it belonged to the class πmal, and actually

negative if it belonged to the class πben ⊕ πFP (i. e., if it belonged to either of the classes

πben or πFP). For comparison, we then trained a two-class BANN on the feature values in

the training set, grouped into the two classes πmal and πben ⊕πFP, and applied Proproc to

the output of this two-class BANN on the similarly grouped testing set observations.

Next, we applied Proproc to the sum of the two components of the three-class BANN

output y1 + y2 obtained from the feature value observations in the testing set. For the

purposes of this analysis, an observation was considered actually positive if it belonged to

the class πmal ⊕ πben (i. e., if it belonged to either of the classes πmal or πben), and actually

negative if it belonged to the class πFP. For comparison, we then trained a two-class BANN

on the feature values in the training set, grouped into the two classes πmal⊕πben and πFP, and

applied Proproc to the output of this two-class BANN on the similarly grouped testing

set observations.

The above-described procedure was repeated for 200 different random jackknifings of

the data set into training and testing sets. The number of observations in each set for a

given class was not fixed across the jackknifings, but was approximately half of the total

number of observations in that class. The areas under the curves (AUCs) produced by

Proproc for a given (three- or two-class) BANN and task were averaged, and the stan-

dard error in each mean was also computed. To test the (null) hypothesis that the AUCs

for the three-class and two-class BANNs for a given task are drawn from the same distri-

bution, we calculated the 0.975 percentile of the Student-t distribution with 199 degrees

of freedom, which we denote tdf=199;1−α=0.975 = 1.972. We then computed a confidence in-

terval [∆AUC− tdf=199;1−α=0.975ŜE∆AUC, ∆AUC+ tdf=199;1−α=0.975ŜE∆AUC], which under

the null hypothesis should have a 95% probability of including 0.25 Here ∆AUC is the

sample mean of the difference in AUC values between the three-class and two-class BANNs

for a given architecture and task, and ŜE∆AUC denotes the standard error in this mean. It

could be argued that the measured areas contributing to ∆AUC are not independent across

jackknifings, which would seem to invalidate the use of the Student-t test for determining

statistical significance here. Note, though, that the independence assumption primarily af-

fects the calculation of ŜE∆AUC, and that for positive correlations such as would be expected

in this case, the value of ŜE
2

∆AUC becomes an underestimate of the true variance. This means

that the “true” confidence intervals would, in fact, be even larger than those calculated here.
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Similarly, we would then expect the actual distribution of ∆AUC/ŜE∆AUC to be even wider

than a Student-t distribution with the assumed number of degrees of freedom, and so the

use of the boundary value tdf=199;1−α=0.975 should further serve to underestimate the true

size of the confidence interval. Thus, our results are “conservative” in the sense that the

actual confidence intervals involved will be, at worst, even larger than those calculated, and

so our conclusions in terms of statistical significance will be unchanged.

In order to determine whether 200 jackknifings are adequate to estimate the means in

question, we found the mean AUCs and standard errors in the means for BANNs with

seven hidden units for 50, 75, 100, 125, 150, 200, 250, 300, and 600 jackknifings of the data

set. Under the assumption that these quantities are adequately estimated, the mean values

should remain constant, and the square of the standard error should vary as the inverse of

the number of jackknifings.

IV. RESULTS

Figure 1 shows the mean AUCs across 200 jackknifings of the data set, plus and minus

two standard errors in the means, of the ROC curves produced by Proproc for the first

output y1 of the three-class BANNs, as well as for the two-class BANNs trained specifically

for the task of distinguishing malignant from nonmalignant detections. Values are shown

for BANN architectures with five to ten hidden units.

Similarly, Fig. 2 shows the mean AUCs across 200 jackknifings of the data set, plus and

minus two standard errors in the means, of the ROC curves produced by Proproc for the

sum of the outputs y1 + y2 of the three-class BANNs, as well as for the two-class BANNs

trained specifically for the task of distinguishing TP from FP computer detections. Values

are again shown for BANN architectures with five to ten hidden units.

Table I shows the computed confidence intervals [∆AUC −

tdf=199;1−α=0.975ŜE∆AUC, ∆AUC + tdf=199;1−α=0.975ŜE∆AUC] (tdf=199;1−α=0.975 = 1.972)

for each of the two classification tasks (malignant vs. nonmalignant, and TP vs. FP

computer detections), and for the six BANN architectures (numbers of hidden units)

described in Sec. III. The inclusion of 0 in any given confidence interval implies that the

difference in mean AUC between the three-class and two-class BANNs for that architecture

and task was not statistically significant at p = 0.05.25 In this sense, no statistically
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significant differences were found between the three-class and two-class BANNs for any

given task and architecture.

Because AUC is not a complete description of a ROC curve, ROC curves for the three-

class and two-class BANNs are shown in Fig. 3 for the task of distinguishing malignant from

nonmalignant detections. Similarly, Fig. 4 shows ROC curves for the three-class and two-

class BANNs for the task of distinguishing TP from FP computer detections. The curves in

these two figures are averages across the 200 jackknifings.

To evaluate the adequacy of 200 jackknifings for estimating the means in question, we

show the mean AUC in Fig. 5, and the square of the standard error in the mean in Fig. 6,

versus the inverse of the number of jackknifings, for the three-class and two-class BANNs

with seven hidden units for the task of distinguishing malignant from nonmalignant detec-

tions. Similarly, we show the mean AUC in Fig. 7, and the square of the standard error

in the mean in Fig. 8, versus the inverse of the number of jackknifings, for the three-class

and two-class BANNs with seven hidden units for the task of distinguishing TP from FP

computer detections. Note that the error bars in Figs. 5 and 7 are again plus and minus

two standard errors in the means, while the error bars in the squares of the standard errors

in Figs. 6 and 8 are

[
n − 1

χ2
0.975(n − 1)

ŜE
2

AUC,
n − 1

χ2
0.025(n − 1)

ŜE
2

AUC

]
, (7)

where n is the number of jackknifings. (This is the 95% confidence interval for the variance

in the sample mean of the AUC for a given task and BANN architecture, which is estimated

by the square of the standard error in that mean.)

V. DISCUSSION

The mean AUC values shown in Figs. 1 and 2 do not show much variation across BANN

architecture (i. e., the number of hidden units present). This is consistent with previous

observations made on BANNs,16 namely that, given sufficient training data, the presence of

additional hidden units beyond those needed to model the complexity of the classification

problem does not lead to overtraining as it would for a conventional ANN.

The agreement between the three-class BANN output applied to a specific two-class

classification task as explained in Sec. II, and the corresponding specifically trained two-class
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BANN, is excellent. This relationship was derived under the explicit assumption that the

decision variables involved are ideal observer decision variables. We have shown in previous

simulation studies that two-class16 and three-class19 BANNs can accurately estimate ideal

observer decision variables given sufficient training data.

The variation in mean values with number of jackknifings of the data set shown in Figs. 5

and 7 is fairly small at 200 or more jackknifings, and within the error bars shown in those

figures. Similarly, the dependence in the square of the standard error in these means on

the inverse of the number of jackknifings shown in Figs. 6 and 8 is essentially linear at

200 or more jackknifings. These observations suggest that 200 jackknifings are adequate

for estimating the means and standard errors in Figs. 1 and 2, and for determining the

statistical significance of the differences in these means as summarized in Table I.

In the present study, as in previous studies we have made using two-class BANNs,5,13–15

our data set consists of real observational data in the form of feature values calculated from

objects detected in actual mammographic images. We therefore do not have access to the

“true” underlying PDFs of this observational data. It is conceivable that the relationship

between the three-class and two-class decision variables, derived in Sec. II for ideal observer

decision variables, holds fortuitously for the decision variables actually obtained from our

observational data via the trained BANNs. Nevertheless, we consider the results presented

here to be strong circumstantial evidence that the BANN can yield decision variables that

will be appropriate and useful for three-class classification tasks, just as it has for conven-

tional two-class classification tasks.

VI. CONCLUSIONS

We have found that a BANN can be trained to produce decision variables for three-class

classification of actual (nonsimulated) observational data. Although interpretation of the

decision variable data is currently difficult due to the lack of a fully general method for

evaluating three-class classifiers, we have conducted a simplified analysis which interprets

the three-class decision variables in terms of two two-class decision tasks. No statistically

significant differences in performance were found between the three-class BANN outputs

when interpreted for such two-class tasks, and the corresponding two-class BANNs trained

specifically for these tasks. This result is consistent with the theoretical relationship between
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three-class and two-class ideal observer decision variables, and strongly suggests that the

BANN will prove to be as valid a choice for three-class classification tasks at it has for

two-class classification tasks.

We currently lack a method for performing a fully general three-class evaluation of this

method — i. e., a three-class extension of conventional two-class ROC analysis. Although

further work is clearly needed in this area, we are confident that the BANN will prove to

be of utility for three-class classification tasks, particularly medical decision tasks. The

success of the method in the present application to real (nonsimulated) image feature data

is particularly encouraging. Such a tool could be of great use in automatically combining

CAD schemes for detecting and classifying lesions in medical images, like the mammographic

mass detection and classification schemes described here.
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APPENDIX: A THREE-CLASS EXTENSION OF OUR INITIAL-DETECTION-

AND-CANDIDATE-ANALYSIS FROC MODEL

In this work we investigated the capabilities of BANN classifiers for the three-class classi-

fication of computer-identified mammographic mass lesions and FP computer detections. In

a two-class classification task, analysis of the performance of such a scheme would require a
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methodology such as free-response operating characteristic (FROC) analysis,26 or one of its

variants,27,28 which can take into account the location information included in the computer

detections. It is reasonable to ask whether a three-class extension of FROC analysis might

be required for the analysis of a computerized scheme such as that under consideration.

Such an extension is conceptually daunting, however, in light of the considerable difficulties

involved in developing a three-class extension to ROC analysis (which is arguably better un-

derstood than FROC analysis); indeed, many if not all of these difficulties remain unresolved

to date.

Our investigation was carried out under the assumption that classification of detected

lesions can be considered effectively independent of the computer scheme’s initial detection

of candidates for classification. That is, we model the computer scheme as consisting of

two independent stages: the initial detection (i. e., location) of a large set of candidates of

interest, followed by the classification of those candidates. This allows us to sidestep the

issue of FROC analysis of the overall performance of such a scheme, as we are concerned

primarily with the performance, in a ROC sense, of the (three-class) classification stage of

the scheme. This assumption of independence is justified primarily by analogy with our

recently proposed model for fitting FROC curves to (two-class) observational data,29 which

we call the “initial-detection-and-candidate-analysis” (IDCA) FROC model. Although the

IDCA model may be of limited generality due to assumptions it imposes on the distributions

of the data even beyond those made by existing FROC methods,28 we have had success in

using it to fit curves to data produced by computerized schemes.29

The IDCA FROC model has two components: an expression for the observer’s overall

performance in terms of the performance of the two stages (detection and classification)

considered separately; and a likelihood function for the observer’s performance which can

be factored into separate terms for the two stages. In this appendix, we briefly describe

extensions of these two components to the case of N classes; we will not review here the

case of two classes, but refer the interested reader to our previous paper.29

Suppose an observer must locate and identify N − 1 different types of “signal,” denoted

by the class labels π1 through πN−1, which may appear in a set of images. We define

an Nth “noise” class πN to describe those image regions not included in any of the other

N − 1 classes. For simplicity, one might choose to evaluate the overall performance of this

observer in terms of its ability to discriminate any type of signal (πS ≡ π1 ⊕ · · · ⊕ πN−1)

15



from noise. Bunch et al. showed30,31 that if the observer uses a constant critical value of

a latent decision variable t to make decisions for all detections, the observer’s performance

can be characterized by two quantities: the signal detection fraction (SDF), defined as

the probability that an actually positive signal is detected; and the expectation value of

the number of false-positive detections per image (FPpI). The Bunch FROC model makes

the assumption that the observer’s detections are all mutually independent; we adopt this

assumption in the IDCA FROC model.

Let the operating point of the observer’s candidate detection stage be (FPpIc, SDFc), here

assumed fixed, and let the performance of the observer’s analysis stage for a corresponding

population of selected candidates be given by a point on a ROC hypersurface whose coor-

dinates are probabilities of the form P (“πi”|πj; t), where the quotation marks indicate the

observer’s decision, πj is the true class of the observation, and the nonrandom parameter t

indicates the observer’s decision threshold. For a given decision threshold t, the observer’s

SDF is just the conditional probability that a TP decision is made for a given candidate

detection, multiplied by the probability that the candidate was detected in the first place:

SDF(t) ≡ P (signal detected as candidate and decided “πS”)

= P (πS cand. decided “πS”|πS detected as cand.) × P (πS detected as cand.)

=

[∑N−1
1 P (“πS”|πi; t)P (πi)∑N−1

1 P (πi)

]
× SDFc. (A.1)

Note that the fraction in brackets depends only upon the classification stage (ROC) perfor-

mance parameters, and not directly upon the detection stage performance parameter SDFc.

(The SDFc value may influence the spectrum of difficulty of the candidates for classification,

however, which in turn can influence the classification stage ROC performance.)

Similarly, the false-positive rate FPpI(t) can be evaluated in terms of ROC parameters

and FPpIc:

FPpI(t) ≡ 〈No. of πN detections called “πS” in 1 image〉

=
∑

f

f P (f πN candidates detected and decided “πS”)

=
∑

f

f
∑

g≥f

P (f out of g πN cands. decided “πS”|g πN cands.) × P (g πN cands.)

=
∑

g

P (g πN cands.)
∑

f≤g

fP (f out of g πN cands. decided “πS”|g πN cands.)

=
∑

g

P (g πN cands.) g [1 − P (“πN”|πN ; t)]
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= [1 − P (“πN”|πN ; t)] × FPpIc. (A.2)

(Here f and g are particular numbers of candidate detections, and the angular brackets

indicate that the expectation value of the enclosed expression is being taken.) Thus the

IDCA model implies that the overall FROC performance is a linearly scaled version of a curve

determined solely by the analysis stage ROC hypersurface coordinates, where the scaling

factors are given by the candidate detection FROC operating point coordinates. It should

also be clear that, had we chosen to define a nonsimplified N -class FROC methodology, its

coordinates could still be expressed as conditional probabilities factorable into two terms,

one depending only on the classification stage ROC operating point coordinates, and the

other depending only on the detection stage FROC coordinates (FPpIc, SDFc).

Let

LFROC ≡ P (~r,~s1, . . . ,~sN−1) (A.3)

represent the likelihood of obtaining a set of category responses ~r for the actually negative

candidate detections (πN ) and, jointly, the sets of category responses ~si for the candidate

detections actually from class πi (i < N), respectively. LFROC is implicitly a function of the

model parameters to be estimated. Note that this expression can be expanded using Bayes’s

theorem24 to obtain

LFROC = P (~r,~s1, . . . ,~sN−1 |B,C)P (B,C), (A.4)

where B is the total number of actually negative candidate detections (class πN ) and C is

the total number of actually positive candidate detections (class πS) in the data set. That is,

B and C are the counts of the candidate detections initially detected in the set of I images,

while ~r and ~si contain the category responses for the candidates (each element corresponds

to a different category, and the sums of the category counts are the number of actually

negative and actually positive candidates, respectively). This requires that B =
∑

j rj and

C =
∑

i,j sij.

As in the two-class IDCA FROC model, the first term on the righthand side of

Eq. (A.4) is dependent only on the parameters governing the classification stage proba-

bilities P (“πi”|πj; t), and can be interpreted as an N -class ROC likelihood function. The

second term on the righthand side of Eq. (A.4) depends only on the detection stage pa-

rameters FPpIc and SDFc. Based on this hypothesized separability, we have focused our

attention in the present work on the classification stage of our CAD scheme, and have not
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attempted to model its performance in a three-class FROC sense.
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FIG. 1: Mean AUCs across 200 jackknifings of the data set, plus and minus two standard errors in

the means, of ROC curves produced by Proproc for the first output of the three-class BANN, and

for a two-class BANN trained specifically to distinguish malignant from nonmalignant detections.

Values are shown for BANN architectures with five to ten hidden units.
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FIG. 2: Mean AUCs across 200 jackknifings of the data set, plus and minus two standard errors

in the means, of ROC curves produced by Proproc for the sum of the outputs of the three-

class BANN, and for a two-class BANN trained specifically to distinguish TP from FP computer

detections. Values are shown for BANN architectures with five to ten hidden units.
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FIG. 3: ROC curves produced by Proproc averaged over 200 jackknifings for the first output

of the three-class BANN, and for a two-class BANN trained specifically to distinguish malignant

from nonmalignant detections. Values are shown for BANN architectures with ten hidden units.

(The two curves shown are virtually indistinguishable.)
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FIG. 4: ROC curves produced by Proproc averaged over 200 jackknifings for the sum of the

outputs of the three-class BANN, and for a two-class BANN trained specifically to distinguish TP

from FP computer detections. Values are shown for BANN architectures with ten hidden units.

(The two curves shown are virtually indistinguishable.)
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FIG. 5: Mean AUC, plus and minus two standard errors in the mean, for three-class and two-

class BANNs with seven hidden units for the task of distinguishing malignant from nonmalignant

detections, vs. the inverse of the number of jackknifings of the data set into training and testing

sets. The numbers of jackknifings used were 50, 75, 100, 125, 150, 175, 200, 250, 300, and 600.
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FIG. 6: Square of the standard error in the mean AUC for three-class and two-class BANNs with

seven hidden units for the task of distinguishing malignant from nonmalignant detections, vs. the

inverse of the number of jackknifings of the data set into training and testing sets. The numbers

of jackknifings used were 50, 75, 100, 125, 150, 175, 200, 250, 300, and 600, and the error bars are
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AUC] where n is the number of jackknifings.
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FIG. 7: Mean AUC, plus and minus two standard errors in the mean, for three-class and two-class

BANNs with seven hidden units for the task of distinguishing TP from FP computer detections,

vs. the inverse of the number of jackknifings of the data set into training and testing sets. The

numbers of jackknifings used were 50, 75, 100, 125, 150, 175, 200, 250, 300, and 600.
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FIG. 8: Square of the standard error in the mean AUC for three-class and two-class BANNs

with seven hidden units for the task of distinguishing TP from FP computer detections, vs. the

inverse of the number of jackknifings of the data set into training and testing sets. The number of

jackknifings used were 50, 75, 100, 125, 150, 175, 200, 250, 300, and 600, and the error bars are
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ŜE
2

AUC] where n is the number of jackknifings.

30


