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Rationale and Objectives. Several statistical methods have been developed for analyzing multireader, multicase (MRMC)
receiver operating characteristic (ROC) studies. The objective of this article is to increase awareness of these methods and
determine if their results are concordant for published datasets.

Materials and Methods. Data from three previously published studies were reanalyzed using five MRMC methods. For
each method the 95% confidence intervals (CIs) for the mean of the readers’ ROC areas for each diagnostic test, the P
value for the comparison of the diagnostic tests’ mean accuracies, and the 95% CIs for the mean difference in ROC areas
of the diagnostic tests were reported.

Results. Important differences in P values and CIs were seen when using parametric versus nonparametric estimates of
accuracy, and there were the expected differences for random-reader versus fixed-reader models. Controlling for these dif-
ferences, the Dorfman-Berbaum-Metz (DBM), Obuchowski-Rockette, Beiden-Wagner-Campbell, and Song’s multivariate
Wilcoxon-Mann-Whitney (WMW) methods gave almost identical results for the fixed-reader model. For the random-
reader model, the DBM, Obuchowski-Rockette, and Beiden-Wagner-Campbell methods yielded approximately the same
inferences, but the CIs for the Beiden-Wagner-Campbell method tend to be broader. Ishwaran’s hierarchical ROC some-
times yielded significance not found with other methods. Song’s modification of DBM’s jack-knifing algorithm sometimes
led to different conclusions than the original DBM algorithm.

Conclusion. In choosing and applying MRMC methods, it is important to recognize: (1) the distinction between random-
reader and fixed-reader models, the uncertainties accounted for by each, and thus the level of generalizeability expected
from each; (2) assumptions made by the various MRMC methods; and (3) limitations of a five- or six-reader study when
the reader variability is great.
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Receiver operating characteristic (ROC) curves have now
been widely accepted as the standard method for describ-
ing the accuracy of a diagnostic test (1). There is a large

Acad Radiol 2004; 11:980–995

1 From the Departments of Biostatistics and Epidemiology, and Radiology, C
ing Laboratories, Center for Devices and Radiological Health, US Food and
Iowa, Iowa City, IA; the Program for Interdisciplinary Research in Health Car
of Biostatistics, Catholic University Medical College, Seoul, Korea. Received
April 19; revision accepted April 26. Address correspondence to N.A.O., D
Foundation, 9500 Euclid Ave, Cleveland, OH 44195. e-mail: nobuchow@bio.

© AUR, 2004

doi:10.1016/j.acra.2004.04.014

980
body of literature on methods for estimating and compar-
ing ROC curves and the various indices that can be de-
rived from them (2–8).
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One important application of ROC analysis is the com-
parison of diagnostic tests that rely on a trained reader for
subjective interpretation, eg, digital mammography com-
pared with film mammography. Because of the known
inherent variability in readers’ accuracies (9), studies of
such diagnostic tests usually involve several trained read-
ers, commonly 4–15. These studies are usually designed
as factorial experiments, in that (A) the same patients
undergo all of the diagnostic tests under study and (B) the
same readers interpret the results from all of the diagnos-
tic tests. This factorial design is efficient in terms of re-
ducing the number of patients and readers needed (10);
however, the complicated correlation structure is chal-
lenging to analyze appropriately. Furthermore, the goal of
these multireader studies is not to report the accuracy of
the diagnostic tests for the patients in the study, but rather
to report how the tests perform, on average, for similar
patients. Likewise, it is often important to report how the
tests will perform for readers similar to the ones in the
study (11). For the analyst, this means that there are sev-
eral sources of variability to account for.

In this study we examined five different methods for
analyzing multireader ROC studies. The first of these (12)
was described in 1992 and the most recent (13) in 2000.
The five methods are diverse, including various resam-
pling techniques, modified analysis of variance
(ANOVA), and ordinal regression models. We review the
main features of each method. We then apply each of the
five methods to three previously published datasets and
compare the results. Because these are not simulated da-
taets, we do not know the true population parameter val-
ues or distributions of the datasets; our intent, therefore,
is not to identify problems with any method, but rather to
assess the similarities and differences of their empirical
results.

REVIEW OF MULTIREADER ROC METHODS

Multiple-reader, multiple-case (often referred to as
MRMC) ROC studies are commonly used in phases II
and III* of the assessment of the accuracy of diagnostic

*There are usually three phases to the clinical assessment of a diagnostic
test’s accuracy (8). Phase I is the exploratory phase; its role is to determine
if the diagnostic test has any ability to discriminate diseased from nondis-
eased patients. Phase II is the challenge phase, where the accuracy of one
or more tests are estimated and compared on difficult cases; the goal is to
identify weaknesses of the tests. In phase III, mature tests are applied to
well-defined and generalizeable clinical populations to estimate, compare,

and report clinically useful measures of accuracy and predictive ability.
tests. The goals of these studies are to estimate and com-
pare accuracies of diagnostic tests. Typically, a mul-
tireader ROC study involves a sample of c patients (in-
cluding some with and some without the disease of inter-
est) who have undergone two or more diagnostic tests (or
their images have been displayed in two or more different
display modes or analyzed with two or more different
computer algorithms, etc). The images generated by the
tests (display modes, algorithms, etc) are interpreted by a
sample of r readers (often radiologists by training) who
are blinded to the true disease status of the patients and to
the findings of other competing tests and other readers.
Table 1 illustrates the layout of this factorial design,
which has been referred to as a “paired-patient, paired-
reader” design (10). Other designs are also possible, in-
cluding “unpaired-patient paired-reader,” “paired-patient
unpaired-reader,” and “unpaired-patient unpaired-reader.”

The factorial, or paired-patient paired-reader, design
has several main sources of noise, or variability, in the
measurement of diagnostic test accuracy, the most obvi-
ous being the variability between patients and the vari-
ability among readers. For example, there is a range of
patient difficulty (because of the differences in tissue den-
sities or disease characteristics) and a range of reader skill
(because of training, experience, and natural aptitude).
Moreover, because there are several ways in which the
readers’ interpretations may be correlated, there will also
be several ways in which the estimates of system perfor-
mance (ie, accuracy) can be correlated: correlation be-
tween estimates of accuracies across tests because the
same patients undergo each of the tests; correlation be-
tween these estimates across tests because the same read-
ers interpret the results from each of the tests; and corre-
lation among estimates of readers’ accuracies for the
same test because all of the readers are interpreting the
same images. Some models incorporate these correlations
explicitly, while others incorporate them implicitly
through so-called interaction terms. The MRMC methods

Table 1
Layout for Multi-Reader Factorial Design

Diagnostic Test 1 Diagnostic Test 2

Reader 1 Reader j Reader r Reader 1 Reader j Reader r

Patient 1 X111 X1j1 X1r1 X211 X2j1 X2r1

Patient k X11k X1jk X1rk X21k X2jk X2rk

Patient c X11c X1jc X1rc X21c X2jc X2rc

Where Xijk is the confidence score assigned by reader j to the
k-th patient on the i-th diagnostic test.
we examine in this article handle variances, correlations,
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and interactions in different ways with different assump-
tions.

Another major difference between the methods is how
they describe, or model, test accuracy. There are several
different possible levels at which to model test accuracy:
one could specify a model for the confidence scores as-
signed by the readers to the images; one could define a
model for a transformation of the observed confidence
scores (eg, pseudovalues); one could directly model the
summary measure of accuracy (eg, the ROC area); and
one could model both the confidence scores and summary
measures of accuracy. The MRMC methods compared in
this article use all of these approaches.

Another important difference is how the methods han-
dle variation in reader performance. In phase II studies,
the readers are often selected from available readers at the
institution where the study is performed. This sample of
readers is often not generalizeable to a broad population
of radiologists. For these studies, the conclusions of the
study should pertain to these particular readers only (so
called “fixed effects”). In phase III studies, however, the
readers should represent a well-defined population of
readers so that the study’s estimates of accuracy are gen-
eralizeable to patients, as well as readers, at other institu-
tions. Here, the variation in readers’ performance is
treated as a source of variability (so called “random ef-
fects”). Some of the multireader methods described here
can be applied to either fixed effects or random effects
situations; others are suitable to one of these situations.

Finally, differences in accuracy between two tests can

Table 2
Key Features of Five Methods

Key Features DBM OR

Unit for model/analysis pseudovalue for
each pt

summary measure
of accuracy

Reader differences random or fixed random or fixed
Patient or reader

covariates in model?
ANOVA with

pseudovalues
possible but not
currently supported

no

Measure of accuracy any ROC index any ROC index
Basis for comparing

tests
means of accuracies means of accurac

Software available to
public?

yes (15,16) yes (20)

NOTE. pt � patient; DBM � Dorfman-Berbaum-Metz method; O
method; BWC � Beiden-Wagner Campbell method; HROC � heirarc
occur in many ways. The difference most commonly ana-
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lyzed is the difference in the means of the readers’ accu-
racies (eg, ROC areas) for the two tests. However, the
distribution of readers’ accuracies can have the same lo-
cation (ie, mean) for two tests but differ in spread (vari-
ance). There could also be differences in the way readers
use the confidence scale for two tests. If the confidence
scale is used to make decisions about patient manage-
ment, this type of difference can be important, even when
the summary measures of accuracy are the same. The
methods reviewed in this article all address the first type
of difference (ie, difference in the means of the readers’
accuracies), and some address these other types of differ-
ences.

In Table 2 we compare the five multireader methods
on these key features. We now review the methods in
chronological order of their appearance in peer-reviewed
journals.

ANOVA of Pseudovalues or “Dorfman-Berbaum-
Metz Method” (DBM)

Dorfman et al (12,14) proposed an ANOVA on
pseudovalues to analyze multireader ROC data. Their ba-
sic idea is to compute jack-knife pseudovalues. The jack-
knife pseudovalue of the k-th patient is simply the
weighted difference in the accuracy, estimated from all
patients, minus the accuracy estimated without the k-th
patient; these pseudovalues serve as transformations of
the original data. A mixed-effects ANOVA is performed
on the pseudovalues to test the null hypothesis that the
mean accuracy of readers is the same for all of the diag-

multiWMW BWC HROC

confidence score for
each pt

summary measure of
accuracy

latent variable for
each pt

fixed random or fixed random or fixed
no no yes

ROC area any ROC index any ROC index
means of accuracies means and variances

of accuracies
means, variances,

and reader
cutpoint

no no no

Obuchowski-Rockette method; WMW � Wilcoxon-Mann-Whitney
ordinal regression for ROC curves; ANOVA � analysis of variance.
ies

R �
nostic tests studied. Accuracy can be characterized using
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any summary measure (eg, sensitivity, specificity, the area
under the ROC curve, partial area under the ROC curve,
sensitivity at a fixed false-positive rate, etc). Furthermore,
these measures of accuracy can be estimated parametri-
cally or nonparametrically.

The statistical model is given in the first row of Table
3. We use Dorfman et al’s notation throughout the article
(12,14), where main fixed effects are denoted with Greek
letters and main random effects with capital English let-
ters. The jack-knife pseudovalue, Yijk, for the i-th diag-
nostic test, j-th reader, and k-th patient is written as a lin-
ear function of an overall population mean, a fixed effect
of diagnostic test i, a random effect because of the j-th
reader (note that this reader effect can also be treated as
fixed), a random effect because of the k-th patient, four
interactions of these effects, and a random error. The null
hypothesis is that the fixed treatment effects are equal (ie,
�1 � �2 � . . . � �1, where t is the total number of diag-
nostic tests studied. Dorfman et al assume that the ran-
dom effects and error term in the model are normally and
independently distributed.

Table 3
Statistical Models of Five Methods

Method (Reference)

DBM (12,14) Yijk �

OR (18,19) �ijq �

multivariate WMW (17) no mo
BWC (21,23,24)* �ijk �

Hierarchical ordinal regression† (13) Mk, j �

Left-side: Yijk is the pseudovalue for the i-th diagnostic test (i � 1, .
diagnostic accuracy of the i-th test, j-th reader, and q-th reading occa
our examples Q � 1). �ijk is the diagnostic accuracy of the i-th test, j-t
and j-th reader; Wkj is the observed ordinal confidence score; rs is som

Right-side: � is the overall population mean. �i is the fixed effec
tributed with zero mean and variance 	B

2; 
j is the fixed effect of r
Ck is the random effect of patient k which is distributed with zero m
tween diagnostic tests and readers which is distributed with zero m
between diagnostic tests and patients which is distributed with zer
between readers and patients which is distributed with zero mean
tween diagnostic tests, readers, and patients which is distributed w
tors which specify the specific reader; they are multiplied by either
or not, respectively. �k,j are discrete variables that define the link fu
error terms are as follows: Zijk is the random error for the i-th test,
mean and variance 	Z

2; Eijq is the random error for the i-th test, j-th
bution involving the three correlations, r1, r2, and r3 (see text for de
variance due to within-reader variability, 	W

2; and Zk,j is the random
*BWC have proposed a generalization of this model for when the
†This is one commonly used form of the HROC model; the mod

location and scale difference across diagnostic tests. The model c
teristics.
Charles Metz at the University of Chicago and the late
Donald Dorfman and his colleagues at the University of
Iowa have both provided computer programs that perform
the Dorfman et al (12) MRMC analysis. These programs,
LABMRMC (15) and MRMC2.0 (16), are both FOR-
TRAN programs that run under Windows (Microsoft; Se-
attle, WA) and share a number of components. Recently,
a method of sample size estimation based on the Dorf-
man-Berbaum-Metz (DBM) method has been developed
and is being tested (see Appendix).

Song (17) suggested and tested several modifications
of the ANOVA of pseudovalues method. When generating
the pseudovalues, Dorfman et al (12) delete one patient at
a time, regardless of whether the patient does or does not
have the disease. One of Song’s modifications is to gener-
ate the pseudovalues by deleting one patient from the
sample of patients with disease and one patient from the
sample of patients without disease. The method is appli-
cable in studies with equal numbers of patients with and
without disease (balanced design). It is also important to
point out that the results of Song’s method depend on the

Statistical Model

�i � Bj � Ck � ��B�ij � ��C�ik � �BC�jk � ��BC�ijk � Zijk

�i � Bj � ��B�ij � Eijq

pecified - fully nonparametric
Bj � Ck � ��B�ij � ��C�ik � �BC�jk � ��BC�ijk � Zijk

k, j � �Zk, j � �k, j�exp��Txikj� where Wk,j � rs if CPs-1 � M k,j � CPs

, j-th reader (j � 1, . . . , r), and k-th patient (k � 1, . . . , c). �ijq is the
of the same reader using the same diagnostic test (q � 1, . . . , Q) (in
der, and k-th patient. Mkj is the latent variable for the k-th patient
dered scale; and CPs is an ordered cutpoint.
iagnostic test i. Bj is the random effect of reader j which is dis-
j; and BT is a rx1 vector of reader accuracy location parameters.
and variance 	C

2 . (�B)ij is the random effect of the interaction be-
and variance 	�B

2. (�C)ik is the random effect of the interaction
an and variance 	�C

2 . (BC)jk is the random effect of the interaction
ariance 	BC

2. (�BC)ijk is the random effect of the interaction be-
ero mean and variance 	�BC

2. xkj are r-dimensional indicator vec-
r �1/2 depending upon whether the k-th patient was diseased

n. �T is a rx1 vector of reader accuracy scale parameters. The
eader, k-th patient, which is independently distributed with zero
er, q-th measure of accuracy, which follows a multivariate distri-
ns), and the variances due to samples of patients, 	P

2, and the
r for the k-th patient and j-th reader.
nostic tests have unequal variances (23).
cifies different links for each of the r readers and allows for a
o accommodate covariates due to patient and/or reader charac-
� �

� �

del s
�i �

BTx

. . , t)
sion
h rea

e or
t of d
eader

ean
ean

o me
and v
ith z
1/2 o
nctio
j-th r

read
finitio

erro
diag

el spe
an als
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randomization procedure used and hence are not unique.
This variation of the ANOVA of pseudovalues method
will be illustrated in example 2 of this article. Note that
Song treats readers as fixed, but the modifications can be
used for a random-readers model, as well.

ANOVA with Corrected F-test or “Obuchowski-
Rockette Method” (OR)

Instead of modeling the jack-knife pseudovalues, Obu-
chowski and Rockette (18,19) modeled the accuracy (eg,
the ROC curve area) of the j-th reader using the i-th diag-
nostic test on the l-th reading occasion (see Table 3). As
with the ANOVA of pseudovalues method, accuracy can be
characterized using any index of accuracy, and either para-
metric or nonparametric estimates of accuracy can be used.

Obuchowski and Rockette assume that the accuracy
indices follow a treatment-by-reader ANOVA model with
correlated errors, where the correlation structure is char-
acterized by three correlations: r1 is the correlation in the
error terms of the same reader using different diagnostic
tests, r2 is the correlation in the error terms of different
readers using the same diagnostic test, and r3 is the corre-
lation in the error terms of different readers using differ-
ent diagnostic tests. These three correlations have been
mapped to functions of the interaction terms in the DBM
model (10). Specifically,

r1 �
	C

2 � 	BC
2

	C
2 � 	BC

2 � 	�C
2 � 	�BC

2 ,

r2 �
	C

2 � 	�C
2

	C
2 � 	BC

2 � 	�C
2 � 	�BC

2 , and

r3 �
	C

2

	C
2 � 	BC

2 � 	�C
2 � 	�BC

2 . (1)

The correlations are important in determining sample size
for a future MRMC study (19) (see Appendix).

Obuchowski and Rockette perform a mixed-effects
ANOVA on the accuracy indices (OR method), treating
both patients and readers as random effects (note that the
analysis can also be performed treating readers as a fixed
effect) (18). They modify the usual ANOVA F-tests to
correct for the correlations between and within readers.
The correlations for the modified F-tests must be esti-
mated from the data. A FORTRAN program to perform

these analyses is available to the public (20).
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Multivariate WMW Statistic
Song (17) proposed an extention of the nonparametric

approach of DeLong et al (6) to the multireader scenario.
DeLong et al used U-statistics to compare the ROC areas
of several diagnostic tests when only one reader interprets
each test; Song extended this to the multivariate situation
to handle data from multiple readers. Song developed a
Wald statistic for testing whether the accuracies of the
diagnostic tests are equal. No model is specified because
the approach is fully nonparametric; however, the formu-
lation of the test statistic treats readers as a fixed effect.
The method is applicable to accuracy as measured by the
area under the ROC curve.

Bootstrap of Components-of-Variance or “BWC
Method”

Beiden, Wagner, Campbell (21) (BWC method) ap-
proached the MRMC ROC problem from the point of
view of the general components-of-variance model previ-
ously analyzed by Roe and Metz (22). The BWC method
uses the same underlying components-of-variance model
as that used by DBM (12) (see Table 3), and thus, the
BWC model can also be linked to that of OR through
equation 1. Roe and Metz (22) laid out a very general
framework, showing how that model was relevant to an
entire family of different experiments on a specified pop-
ulation of readers and cases. BWC then showed how a
subset of that large family of experiments could be car-
ried out on the population to obtain a particular set of
observable variances, and then a system of equations
solved to estimate the strengths of the underlying unob-
servable model variance components. In the real world of
a finite data set, corresponding bootstrap experiments re-
place the population experiments and finite-sample esti-
mates of the variance components are obtained from the
same system of equations. The second-order method of
the jack-knife-after-bootstrap is then used to estimate the
uncertainties in those estimates (23,24). These estimates
can be used to size future studies (see Appendix). Confi-
dence intervals on the difference of accuracy estimates
across modalities averaged over readers are obtained us-
ing the bias-corrected and accelerated bootstrap, a higher-
order approach that can be shown to be accurate to sec-
ond order (25).

Thus, the BWC method is completely nonparametric in
structure; the particular accuracy measure that is used
(ROC area, for example) can be obtained either paramet-
rically or nonparametrically. Although the BWC approach

shares with ANOVA the use of components-of-variance
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models, it is otherwise different from ANOVA; the mod-
els and computer implementation are distribution-free.
(For the present study, normality was assumed only for
calculating the P values, as well as for the power calcula-
tions in the Appendix. In the next generation of the BWC
software, P values will be derived directly from the boot-
strap.)

Hierarchical Ordinal Regression for ROC Curves
Ishwaran and Gatsonis (13) developed Bayesian hierar-

chical ordinal regression models (HROC models) to deal
with multireader ROC data and other types of multilevel
clustered data encountered in radiology studies. The
HROC models are based on a latent variable construction
in which the underlying latent scale for the continuous
latent variable is divided into a set of contiguous inter-
vals, formed by unknown cutpoint parameters, with each
interval corresponding to a specific value for the ordinal
response (the number of cutpoint parameters equals the
number of ordinal categories minus one). Ordinal re-
sponse is determined by which interval the latent variable
lies in. For repeated ordinal responses there is a multivar-
iate latent variable, and the ordinal response values are
determined by which intervals the multivariate latent vari-
ables fall into. For repeated measurements the HROC
models assume a conditional multivariate normal latent
variable distribution. The parameters making up the mean
and variance of this distribution are assumed to have a
Bayesian hierarchical prior structure. These parameters
are selected to model possible effects from patients, indi-
vidual readers, different hospitals, or other effects in the
data. The HROC models can also be extended to allow
for more than one set of cutpoint parameters. For exam-
ple, it allows for different cutpoints for readers, making it
possible to analyze differences in the way readers use the
ordinal scale in interpreting a diagnostic scan (26). The
hierarchical prior structure allows for a wide range of
marginal distributions for the unobserved latent variable;
for example, the well known binormal distribution is a
special case of the HROC models; extensions to nor-
mal location mixture distributions are also possible.
The computation of the parameter estimates, their 95%
credible intervals (the Bayesian analogue of a 95% confi-
dence interval), and Bayesian P values for comparing
diagnostic tests, can be complex. Therefore, Gibbs
sampling algorithms are used for estimating the model

parameters.
Ordinal Regression using Generalized Estimating
Equations

One published approach not considered in this article
is the ordinal regression approach of Toledano and Gatso-
nis (27). Their method is appropriate only for ordinal
confidence scales, however, and two of the examples con-
sidered here used probability estimates collected on a
continuous scale.

METHODS

We analyzed three previously published multireader
ROC datasets. Permission for use of these datasets was
granted by the principal investigators of each study. In
each dataset, two or more diagnostic tests were compared
using a factorial design involving five or six readers. The
readers’ confidence scores were reported either on a five-
point ordinal rating scale, or a quasi-continuous 0% to
100% confidence score.

For each dataset, using each MRMC method, we re-
ported the following results:

1. 95% confidence interval (CI) for the mean ROC
area of each diagnostic test (note that the HROC
method gives a 95% credible interval instead);

2. P value of the test of the hypothesis that the mean
accuracies of the diagnostic tests are equal; and

3. 95% CI or credible interval for the mean difference
in ROC areas of the diagnostic tests.

DATASETS

The first example comes from a study comparing the
relative performance of spin-echo magnetic resonance
imaging (SE-MRI) to cinematic presentation of MRI
(CINE-MRI) for the detection of thoracic aortic dissection
(28). Forty-five patients with an aortic dissection and 69
patients without a dissection were imaged with both
SE-MRI and CINE-MRI. Five radiologists independently
interpreted all of the images using a five-point ordinal
scale: 1 � definitely no aortic dissection, 2 � probably
no aortic dissection, 3 � unsure about aortic dissection,
4 � probably aortic dissection, and 5 � definitely aortic
dissection.

In the second example the performance of film-screen
mammography is compared with digitized mammography
(29). Thirty patients with breast cancer and 30 patients

without breast cancer were imaged with both film-screen
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and digitized mammography. Six radiologists indepen-
dently interpreted all of the images using a quasi-continu-
ous 0% to 100% confidence scale.

The third example comes from a study comparing
the accuracy of high, medium, and low resolution chest
images for the detection of interstitial disease. The ana-
lyzed dataset is a subset from Herron et al (30) and
consisted of 40 patients with and 110 without intersti-
tial disease. Five radiologists independently interpreted
all of the images using a quasi-continuous 0% to 100%
confidence scale.

RESULTS

SE Versus CINE-MRI for Detection of Aortic
Dissection

The empirical ROC curves of the five readers are illus-
trated in Figure 1. The ROC curves for SE-MRI tend to
be above those of CINE; the arithmetic averages of the
readers’ areas under the empirical curves were 0.941 and

Figure 1. Empirical ROC curves of the fi
and CINE (solid) in the detection of aortic
pirical curves are 0.941 (SE) and 0.897 (C
0.897, respectively. Several of the empirical ROC curves
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have long horizontal or vertical steps because the reader
did not use all five categories to describe their confidence
in the presence of a dissection. For example, reader 4
with SE-MRI used categories 1–3 for patients without a
dissection and categories 3–5 for patients with a dissec-
tion. CORROC2 software (31) for fitting a bivariate
binormal model to ROC rating data produced a degener-
ate ROC curve for reader 4 with SE-MRI; the OR and
BWC methods, which use this algorithm, replaced the
parametric estimate from this degenerate curve with a
nonparametric estimate. On the other hand, the DBM esti-
mates were not degenerate. In general, DBM and COR-
ROC2 estimates can differ because DBM estimates the
ROC curve for each treatment-reader combination sepa-
rately, assuming a binormal model, while CORROC2 esti-
mates ROC curves for two treatments and one reader or
two readers and one treatment simultaneously, under the
assumption of a bivariate binormal model.

The analytical results of the five methods for the
aortic dissection example are presented in Table 4.

aders (example 1) for SE-MRI (dashed)
ction. The average areas under the em-
ve re
disse
INE).
For the DBM, OR, and BWC methods, we present re-



lysis

Academic Radiology, Vol 11, No 9, September 2004 COMPARISON OF FIVE MRMC ROC METHODS
sults based on random-reader and fixed-reader models
with both parametric and nonparametric estimates of
accuracy. Note that the DBM and OR methods gave
very similar results: the CIs are similar, although the
OR CIs are often wider; a significant difference was
detected only for the fixed-reader model with non-
parametric estimates. A significant difference was, in
fact, found with all of the approaches that used the
fixed-reader model with nonparametric estimates (ie,
DBM, Song’s multivariate WMW methods, OR, and
BWC).

Unlike the DBM and OR methods, the BWC model
yielded CIs that did not contain zero for both the ran-
dom-reader model with nonparametric estimates and
the fixed-reader model with parametric estimates (see
Fig 2). (Note that the P values from the BWC method
do not always coincide with the CIs because the CIs
are based on the nonparametric bootstrap results,
while the P values are derived by assuming normality.)
The HROC method also yielded a significant differ-
ence for the fixed-reader model with parametric esti-

Table 4
Empirical Results From Aortic Dissection Example

Method

CI for Test Accu

CINE

Parametric, random*
DBM [0.849, 0.988]
OR [0.830, 0.999]
BWC [0.825, 0.988]

Nonparametric, random†
DBM [0.825, 0.969]
OR [0.811, 0.983]
BWC [0.824, 0.956]

Parametric, fixed‡
DBM [0.865, 0.972]
OR [0.870, 0.960]
BWC [0.851, 0.954]
HROC [0.811, 0.874]

Nonparametric, fixed§
DBM [0.849, 0.945]
OR [0.857, 0.937]
Song’s WMW [0.861, 0.933]
BWC [0.848, 0.941]

*Parametric estimates of the ROC area were used in an analysis
†Nonparametric estimates of the ROC area were used in an ana
‡Parametric estimates of the ROC area were used in an analysis
§Nonparametric estimates of the ROC area were used in an ana
mates.
Film Versus Digitized Images for Detecting
Breast Cancer

The empirical ROC curves of the six readers are illus-
trated in Figure 3. The ROC curves of film and digitized-
film mammography are similarly located, with arithmetic
means of the readers’ areas under the empirical ROC
curves of 0.754 and 0.747, respectively.

Table 5 summarizes the results of the different methods
for this example. The DBM, OR, and BWC methods gave
similar results for CIs and P values for all four models. The
widths of the CIs sometimes differed, but none of these
methods always yielded substantially narrower CIs. The
multivariate WMW method yielded results similar to these
three for the fixed-reader model with nonparametric esti-
mates. Song’s jack-knife gave the narrowest CIs for the
fixed-reader model with nonparametric estimates, but the P
value was similar to the other methods. In fact, for all of the
methods and models (except the HROC method), the P val-
ues were in the range of 0.739–0.875. The HROC method
gave much narrower CIs than the other methods for the
fixed-reader model with parametric estimates (see Fig 4),

P Value
CI for Difference

(CINE-SE)SE

912, 0.990] .236 [�0.089, 0.024]
886, 1.0] .199 [�0.104, 0.030]
904, 0.985] .217 [�0.127, 0.001]

894, 0.988] .053 [�0.088, 0.001]
873, 1.0] .102 [�0.101, 0.014]
888, 0.980] .087 [�0.105, �0.005]

920, 0.982] .159 [�0.078, 0.013]
906, 0.997] .077 [�0.080, 0.004]
919, 0.978] .075 [�0.096, �0.007]
889, 0.939] .001 [�0.112, �0.031]

908, 0.974] .021 [�0.081, �0.007]
901, 0.981] .019 [�0.080, �0.007]
906, 0.976] .019 [�0.079, �0.008]
906, 0.970] .018 [�0.084, �0.012]

e the readers were treated as random effects.
where the readers were treated as random effects.
re the readers were treated as fixed effects.
where the readers were treated as fixed effects.
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and its P value, .569, was the smallest of all the methods.
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High, Medium, and Low Resolution Chest Images
for Detecting Interstitial Disease

The empirical ROC curves of the five readers are illus-
trated in Figure 5. There is large inter-reader variability,

Figure 2. 95% Confidence intervals for t
and CINE based on the various multireade
fixed-effects, and using parametric or non

Figure 3. Empirical ROC curves of the s
tized-film (dashed) mammography in the d

under the empirical curves are 0.754 (film) and
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with much smaller differences between curves at different
resolutions. The arithmetic means of the readers’ areas
under the empirical ROC curves for high, medium, and
low resolutions are 0.725, 0.718, and 0.699, respectively.

fference in mean ROC areas of SE-MRI
roaches, treating readers as random- or
etric estimates of the ROC areas.

ders (example 2) for film (solid) and digi-
tion of breast cancer. The average areas
he di
r app
ix rea
etec
0.747 (digitized-film).
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Table 6 summarizes the results of the five methods.
Again, the DBM, OR, and BWC methods gave similar
results, although for the random-reader models, the
widths of the BWC CIs for the differences in mean

Table 5
Empirical Results From Mammography Example

Method

CI for Test Acc

Film

Parametric, random*
DBM [0.626, 0.832]
OR [0.608, 0.886]
BWC [0.624, 0.849]

Nonparametric, random†
DBM [0.658, 0.842]
OR [0.638, 0.871]
BWC [0.648, 0.850]

Parametric, fixed‡
DBM [0.642, 0.849]
OR [0.643, 0.851]
BWC [0.644, 0.837]
HROC [0.691, 0.787]

Nonparametric, fixed§
DBM [0.662, 0.847]
Song’s ANOVA [0.700, 0.808]
OR [0.665, 0.844]
Song’s WMW [0.664, 0.844]
BWC [0.664, 0.839]

*Parametric estimates of the ROC area were used in an analysis
†Nonparametric estimates of the ROC area were used in an ana
‡Parametric estimates of the ROC area were used in an analysis
§Nonparametric estimates of the ROC area were used in an ana

Figure 4. 95% Confidence intervals for the
tized-film mammography based on the variou

dom- or fixed-effects, and using parametric or non
accuracy were considerably greater (see Fig 6). The
HROC method yielded a lower P value and narrower
CIs than the other fixed-reader models with parametric
estimates of accuracy. The multivariate WMW method

P Value

CI for
Difference

(Film-Digitized)Digitized

.627, 0.847] .745 [�0.058, 0.079]

.582, 0.889] .741 [�0.072, 0.095]

.601, 0.845] .818 [�0.093, 0.116]

.652, 0.848] .807 [�0.061, 0.076]

.621, 0.873] .809 [�0.066, 0.081]

.634, 0.848] .875 [�0.087, 0.096]

.625, 0.846] .790 [�0.066, 0.087]

.632, 0.839] .750 [�0.058, 0.081]

.631, 0.826] .739 [�0.060, 0.084]

.704, 0.801] .569 [�0.059, 0.033]

.647, 0.847] .818 [�0.056, 0.071]

.706, 0.788] .781 [�0.028, 0.043]

.658, 0.836] .816 [�0.054, 0.069]

.658, 0.836] .816 [�0.054, 0.069]

.656, 0.832] .815 [�0.054, 0.069]

e the readers were treated as random effects.
where the readers were treated as random effects.
re the readers were treated as fixed effects.
where the readers were treated as fixed effects.

ence in mean ROC areas of film and digi-
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agreed well with the other nonparametric fixed-reader
models.

DISCUSSION

For analyzing MRMC ROC datasets, investigators
currently have available to them six unique approaches.
These approaches are based on different models for
explaining the differences in accuracy between diag-
nostic tests, they use different methods of estimation,
and make different assumptions about the data. At one
end of the spectrum is the fully nonparametric method
of Song, which makes no assumptions about the
sources of variability. The DBM (12,14) and BWC
(21,23,24) methods use simple additive models to de-
scribe the variability in the data; the models include
main effects and interactions for diagnostic test, pa-
tients and readers; the methods differ mainly in how
they estimate the parameters of the model. Similarly,
the OR method (18,19) uses a simple additive model
but focuses on the correlations between and within

Figure 5. Empirical ROC curves of the fiv
(dotted), and low (dashed) resolution chest
average areas under the empirical curves a
readers and modalities, and adjusts traditional ANOVA
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methods to account for these correlations. At the other
end of the spectrum is the HROC method (13), which
imposes constraints on the data to study specific reader
differences, eg, differences in readers’ cutpoints, which
helps to understand the large variation observed among
readers.

In this study, with participation from the authors of
each approach, we were able to apply the different ap-
proaches to three challenging datasets. The sample sizes
of these studies were fairly small (five or six readers, 60
to 150 patients). We expect that some of the differences
that we saw between methods are because of finite-sam-
ple uncertainties, in addition to systematic effects of the
different methods. These sample sizes are, however, what
are often seen in studies of diagnostic tests and, therefore,
a comparison of the methods on datasets of these sizes is
particularly relevant.

Overall, we found that for both parametric and non-
parametric ROC area estimates, the fixed-reader models
usually give narrower CIs than the random-reader mod-
els, although not always (see Fig 6). This is expected

ders (example 3) for high (solid), medium
s for detecting interstitial disease. The
25 (high), 0.718 (medium), and 0.699 (low).
e rea
image
re 0.7
because there are fewer sources of variability to esti-
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mate in the fixed-reader model. The choice between a
random-reader and fixed-reader model, however, should
be based on whether it is appropriate to generalize the
results to a broader reader population or to just the

Table 6
Empirical Results From Chest Image Resolution Example

Method

CIs for Test Accuracy

High Medium Lo

Parametric, random*
DBM 0.627, 0.876 0.663, 0.870 0.626,
OR 0.627, 0.884 0.645, 0.863 0.609,
BWC 0.629, 0.851 0.642, 0.846 0.622,

Nonparametric, random†
DBM 0.614, 0.836 0.620, 0.817 0.581,
OR 0.599, 0.851 0.604, 0.833 0.566,
BWC 0.632, 0.821 0.632, 0.808 0.601,

Parametric, fixed‡
DBM 0.677, 0.826 0.695, 0.838 0.683,
OR 0.684, 0.827 0.682, 0.826 0.668,
BWC 0.670, 0.814 0.671, 0.817 0.661,
HROC 0.643, 0.711 0.641, 0.706 0.625,

Nonparametric, fixed§
DBM 0.669, 0.782 0.665, 0.771 0.648,
OR 0.672, 0.778 0.666, 0.771 0.646,
Song’s WMW 0.669, 0.781 0.666, 0.771 0.649,
BWC 0.670, 0.781 0.666, 0.770 0.649,

*Parametric estimates of the ROC area were used in an analysis
†Nonparametric estimates of the ROC area were used in an ana
‡Parametric estimates of the ROC area were used in an analysis
§Nonparametric estimates of the ROC area were used in an ana

Figure 6. 95% Confidence intervals for t
resolution and low-resolution chest image
proaches, treating readers as random- or

parametric estimates of the ROC areas.
readers in the sample. We note that recent submissions
to the US Food and Drug Administration involving im-
aging technologies have all used the random-reader
model.

Overall
P Value

CIs for Differences Between Resolutions

Hi-Med Hi-Low Med-Low

7 .562 �0.061, 0.031 �0.041, 0.052 �0.026, 0.067
0 .638 �0.032, 0.035 �0.042, 0.074 �0.040, 0.068
8 �.701 �0.106, 0.111 �0.096, 0.116 �0.110, 0.105

6 .397 �0.037, 0.051 �0.018, 0.071 �0.024, 0.064
1 .397 �0.043, 0.056 �0.031, 0.084 �0.032, 0.072
3 �.467, �0.059, 0.071 �0.041, 0.102 �0.045, 0.083

0 .849 �0.088, 0.058 �0.067, 0.078 �0.052, 0.093
1 �.616 �0.061, 0.064 �0.046, 0.078 �0.048, 0.076
9 �.576 �0.081, 0.076 �0.063, 0.085 �0.054, 0.087
5 �.309 �0.028, 0.036 �0.015, 0.049 �0.018, 0.045

9 .452 �0.036, 0.050 �0.017, 0.070 �0.023, 0.063
1 �.228 �0.036, 0.050 �0.017, 0.070 �0.023, 0.063
8 .433 �0.049, 0.062 �0.026, 0.079 �0.030, 0.069
8 �.254 �0.038, 0.051 �0.019, 0.072 �0.019, 0.056

e the readers were treated as random effects.
where the readers were treated as random effects.
re the readers were treated as fixed effects.
where the readers were treated as fixed effects.

fference in mean ROC areas of high-
ed on the various multireader ap-
-effects, and using parametric or non-
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We also observed that CIs for the difference in mean
accuracy based on nonparametric estimates of accuracy
were narrower than CIs based on parametric estimates.
This is an unexpected finding but consistent for all three
of our examples. We did observe marked deviations from
the binormal model used to fit the ROC curves, particu-
larly for examples 2 and 3.

The DBM, OR, and BWC methods often give similar
results. This is not surprising because they are based on
similar adaptions of the same model. In fact, Hillis (32)
recently compared the DBM and OR approaches, con-
cluding that the main difference between the methods is
in the degrees of freedom for the test statistic. Song’s
multivariate WMW yielded results similar to these meth-
ods when they used fixed-reader models with nonparamet-
ric estimates of accuracy.

Song suggested a simple modification of the DBM
jack-knifing procedure. In its current development, how-
ever, it can only be applied to studies with an equal sam-
ple size for the normal and diseased patients.

The HROC method is a very comprehensive method; it
can handle covariates on patients and readers and can
detect differences currently not tested by the other meth-
ods. In particular, it can detect differences between two
tests in how the readers use cutpoints differently. This
extension is accomplished by modeling the readers’ cut-
points for the latent variable and then comparing the cut-
points between readers, as well as between diagnostic
tests (26). For example, in the aortic dissection study (ex-
ample 1) the HROC method identified fundamental differ-
ences in the way readers used the lower ordinal confi-
dence scores (scores 2 and 3); the differences occur be-
tween readers in the same modality and between
modalities for the same reader. In contrast, the readers
used the higher values on the ordinal scale, ie, scores 4
and 5, more consistently, suggesting that the readers are
more definitive in calling a case positive (an aortic dissec-
tion). We note that the HROC method may also be the
most difficult to compute.

The BWC model in Table 2 has been extended (23,24)
to a nine-variance component version to account for dif-
ferences in variance structure across modalities. This ex-
tended model can be very useful for quantifying the re-
duction in the variance when a computer-assist modality
is used to aid readers. For the three examples in this
study, however, the extended model added little because
the variance structures were similar across modalities.
Note that the DBM method could also be used to look at

differences in variances between modalities by modeling
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the variance structure of the pseudovalues accordingly in
the ANOVA analysis. For example, one could specify the
desired error variance structure using the SAS Institute
Inc (Cary, NC) procedure PROC MIXED (33).

Another important consideration when choosing which
MRMC method to use is their type I error rate and
power. There have been a few studies looking at the
power and type I error rates of these methods. Roe and
Metz (34) and Dorfman et al (14) performed simulation
studies of the DBM method to investigate its type I error
rate. They simulated patient sample sizes of 50 to 400,
reader sample sizes of 3, 5, and 10, different magnitudes
for the variances, different distributions (ie, gaussian and
non-gaussian), and different ROC areas. They found that
the DBM method performs at the correct significance
level, or conservatively for small sample size or large
ROC areas; it is rarely liberal. Obuchowski and Rockette
(18) performed a simulation study to evaluate the type I
error rate and power of their method. They considered
patient sample sizes of 50 to 200, reader sample sizes of
4 to 12, different covariance structures and variances, and
rating and continuous data. They found that their type I
error rate is at the correct level for eight or more readers
and conservative for fewer readers; it too is rarely liberal.
The power of their test drops dramatically with � four
readers. Beiden et al (35) found, for the case of 10 read-
ers, that the BWC approach gave unbiased estimates even
to second order (ie, the estimates of the variance of the
variance components were themselves almost unbiased).
The results were similar for the case of five readers.

The DBM, OR, and BWC methods can be used to size
future studies. In the Appendix we discuss these three
methods of sample size determination and compare their
results using data from the first example.

Finally, we draw attention to the size of the reader
samples in these three examples and their implications.
Similar to many other MRMC studies in the literature,
our example datasets used five or six readers. It has been
the almost universal experience of the present authors that
reader variability and its impact have been underestimated
by investigators in sizing MRMC studies. For example, in
our third dataset, for the high versus low resolution com-
parison, BWC estimate the uncertainty in the modality-
by-reader component to be an order of magnitude greater
than the uncertainty in the modality-by-case component.
This point cannot be overlooked when considering the
obvious differences among the methods for that example.
(Note that the modality-by-reader term does not contrib-

ute when the readers are considered fixed effects. Not
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surprisingly, the methods all produce similar results for
this example when the readers are considered fixed.) We
hope to address these issues in greater detail in future
work.

We suggest caution regarding three aspects of the task
of comparing competing modalities in MRMC ROC stud-
ies. First, as discussed earlier, the choice between using a
model with readers random versus readers fixed is a fun-
damental one–independent of which analytical tools and
software will then apply. Next, some of the approaches
depend on assumptions regarding the underlying distribu-
tions of the random variables. It is not yet well-known
how robust the methods are to departures from these as-
sumptions. Finally, we have remarked on the possible
limitations of a five- or six-reader study when the reader
variability is great. It is possible that the finite-sample
uncertainties resulting from that small number may domi-
nate other effects observed here.
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APPENDIX

One method for sample size calculation for determining
both the number of patients and readers needed has been
published (19). It is based on the OR model and provides a
simple method of estimating sample sizes when there are no
pilot data available. Sample size estimation has been devel-
oped recently, however, based on two other methods, DBM
and BWC. We briefly described each of these three methods
of sample size calculation, then compare the methods using
data from the aortic dissection example.

The OR method of sample size calculation is derived
from OR’s corrected F-statistic (19). For comparing two
modalities, the power of the test is given by

power � Prob�F1,df,� � F�1  ��,1,df�, (A1)

where � is the noncentrality parameter and df is the de-
nominator degrees of freedom. In the OR method, df
equals the number of readers minus one, ie, (r-1), and the
noncentrality parameter is (19)

� �
�A1  A2�

2

2

r
�	�B

2 � 	W
2 /Q � 	P

2��1  r1� � �r  1��r2  r3���

(A2)

where Ai is the expected diagnostic accuracy of modality i
under the alternative hypothesis, Q is the number of reading
occasions by the same reader using the same test for the
same sample of subjects (here, Q � 1), and the variance
components and correlations are defined in the text and in
Table 3. Some helpful suggestions for estimating these pa-
rameters when there are no pilot data are given in (36).
When pilot data are available, � can be estimated (SL Hillis,
personal communication, September 2003):

�̂ �
�A1  A2�2

2

r � 	̂�B
2 � �c�

c � �	P
2 � 	W

2̂ �  �c�

c �covr1̂

� �c�

c � �r  1��covr2̂  covr3̂��
,

(A3)
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where 	̂�B
2 �MS(�	B)� �(	P

2 � 	W
2 )

ˆ
� covr1̂ � covr2̂


 covr3̂� , and MS(� 	 B) is the mean square error of
the interaction term for readers and modalities, calculated

from a two-way ANOVA. (	P
2 � 	W

2 )
ˆ

is an estimate of the
variance associated with patient samples and the within-
reader variability; it can be calculated by taking the aver-
age of the variance of the r 	 t ROC area estimates.

covr1,̂ covr2,̂ and covr3̂ are the estimated covariances in
the error terms of the same reader using different diag-
nostic tests, of different readers using the same diag-
nostic test, and of different readers using different di-
agnostic tests, respectively. These estimates are printed
out by OBUMRM (19). c� is the total number of pa-
tients in the pilot study, and c and r are the number of
total patients and readers, respectively, needed for the
pivotal study.

Sample size estimation based on the DBM method
(37) is similar to that of the OR method. The power
based on the DBM method is given by A1; the degrees of
freedom and the noncentrality parameter are:

df �
�c	�B

2 � r	�C
2 � 	2�2

�c	�B
2 � 	2�2

r  1
�

�r	�C
2 � 	2�2

c  1
�

�	2�2

�r  1��c  1�

(A5)

and

� �
�A1  A2�2

2

rc
�c	�B

2 � r	�C
2 � 	2�

, (A6)

where the variance components are defined in Table 3
and estimated from the mean squares from pilot data:

	̂2 � MS�� � B � C�,

	̂�B
2 �

MS�� � B�  MS�� � B � C�

c�
, and

	̂�C
2 �

MS�� � C�  MS�� � B � C�

r�
,

where c� and r� are the numbers of patients and readers

in the pilot study.



Academic Radiology, Vol 11, No 9, September 2004 COMPARISON OF FIVE MRMC ROC METHODS
For the BWC method, the sample sizes are estimated from:

Vâr �
�A1  A2�2

�z�1  �� � z�1  
��2
, (A9)

where Vâr is the target variance, zx is the x-percentile of
a standard normal distribution, � and (1-
) are the type I
error rate and power, respectively. Estimates of the
needed number of readers, r, and patients, c, are obtained
by requiring that:

Vâr � 2�	̂�C
2 �c�/c� � 	̂�B

2 /r � 	̂�BC
2 �c�/c�/r� . (A10)

BWC estimate the variance components from the system
of six bootstrap experiments described in their articles
(20,22,23) and the pilot study data involving c� patients
and r� readers.

We now compare the three sample size methods. We
used the first example as a pilot study for planning a
future study of the accuracy of CINE and SE MRI for

Figure 7. Estimated number of readers needed for aortic dis-
section example with original patient sample size as a function of
the difference in mean reader accuracy. The three sample size
methods correspond to the DBM, OR, and BWC methods for
MRMC analysis.
detecting aortic dissection. In the analysis of the pilot
data we used nonparametric estimates for the ROC ar-
eas and treated the readers as random effects. Keeping
the number of patients the same as in the original
study (ie, 45 patients with a dissection and 69 without),
we computed the number of readers needed for a dif-
ference in ROC areas between CINE and SE of 0.05 to
0.10 by 0.01. Similarly, keeping the number of readers
the same as in the original study (ie, five readers) and
the ratio of patients with and without a dissection the
same (ie, 45/69, or 0.652), we computed the total num-
ber of patients needed for a difference in ROC areas
between CINE and SE of 0.05 to 0.10 by 0.01. For
each method we determined the minimum number of
readers, or patients, needed to achieve at least 80%
power with a 5% type I error rate.

The results of these comparisons are illustrated in Figures
7 and 8. The DBM and BWC methods give very similar
estimates; the OR method is more conservative, requiring
about 70% more patients than the DBM and BWC methods
and 1–4 more readers. The differences are due largely to the
degrees of freedom used in the OR method (32).

Figure 8. Estimated number of patients needed for aortic dis-
section example with original reader sample size as a function of
the difference in mean reader accuracy.
995
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