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Abstract
Methods for sample size calculations in ROC studies often assume independent normal
distributions for test scores among the diseased and non-diseased populations. We
consider sample size requirements under the default two-group normal model when the
data distribution for the diseased population is either skewed or multimodal. For these
two common scenarios we investigate the potential for robustness of calculated sample
sizes under the mis-specified normal model and we compare to sample sizes calculated
under a more flexible nonparametric Dirichlet process mixture model. We also highlight
the utility of flexible models for ROC data analysis and their importance to study design.
When non-standard distributional shapes are anticipated, our Bayesian nonparametric
approach allows investigators to determine a sample size based on the use of more
appropriate distributional assumptions than are generally applied. The method also
provides researchers a tool to conduct a sensitivity analysis to sample size calculations
that are based on a two-group normal model. We extend the proposed approach to
comparative studies involving two continuous tests. Our simulation-based procedure is
implemented using the WinBUGS and R software packages and example code is made
available.
Key Words: AUC, Bayesian design, Dirichlet process mixtures, ROC curve, simulation

1. Introduction
Careful planning is important in the design of studies to evaluate the performance
of medical tests. The ability of a continuous test or, more generally, a classification
procedure, to distinguish between two groups (e.g., disease positive, D, and disease
negative, D ) is characterized by the tests’ receiver operating characteristics (ROC) curve
and the corresponding area under the curve (AUC). Let y denote a test score and let c
denote a cutoff threshold to categorize subjects as positive or negative (T+ or T-). We
adhere to the convention that higher test scores are indicative of disease presence, so y >
c corresponds to T+. For all c, the ROC curve plots a tests’ true positive probability
(sensitivity), denoted η (c ) = Pr( y > c | D ) , against its false positive probability (1 –
specificity), where the specificity at cutoff c is θ (c) = Pr( y < c | D ) . When planning a
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test-accuracy study, a crucial element of the design is proper determination of a sample
size that will enable conclusions to be drawn about AUC.
Frequentist and Bayesian sample size procedures for ROC studies have often
assumed normal distributions for test scores within the D and D populations [e.g., 1, 2].
Modeling ROC data as normal when they are skewed or multimodal can result in biased
inference for AUC when there is overlap in the distributions of test scores for the D and
D populations. A multimodal distribution for the population D will occur, for instance,
when subgroups of individuals are in different stages of disease; individuals in higher
stages of disease will tend to have higher test scores than individuals who are newly
infected. For example, Bayesian nonparametric estimates of ROC curves for two assays
designed to detect Johne’s disease in dairy cattle have been used as an alternative to twogroup normal inference in order to account for multiple disease stages [3]. A right
skewed distribution of test scores in D may occur when only a small proportion of
individuals survive long enough to experience disease progression. Although a normal
distribution will often accurately model population D , it can fail when certain subgroups
are more likely to have false positives due to, for instance, cross-reactions of the test to a
related infectious agent. We focus on one-test and two-test scenarios with continuous
data; in contrast, a hierarchical Bayesian model for sample size determination in ROC
analysis of multiple ordinal tests can be found in [4].
The importance of performing sample size and power calculations using the same
model that is planned to be used for data analysis is well recognized. If a nonparametric
analysis of ROC data is planned, then sample size calculations would ideally use the
same nonparametric model. With this motivation, the goals of the current study are: (i)
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to develop a flexible Bayesian approach to sample size analysis in ROC studies using
Dirichlet process mixture (DPM) models and (ii) to investigate the robustness of power
calculated under the two-group normal when that model does not hold due to skewness or
multimodality. The DPM model used in this paper is operationally a mixture of normal
distributions with a large number of mixing components.

Hence, DPMs have the

flexibility to identify unanticipated multimodality, clumping, and skewness.
Throughout this paper the terms power and predictive power are used to describe
the following approach to sample size determination in ROC studies. The criterion we
adopt involves sampling multiple data sets from a marginal predictive distribution.
Marginalization occurs with respect to a (sampling) prior distribution for all unknown
model parameters. For each simulated data set, we compute the posterior probability that
AUC exceeds some threshold (e.g., the AUC of a competitor test). The calculated
predictive power is then a Monte Carlo average of those posterior probabilities. Similar
usage of the term power in Bayesian sample size studies appears in [2]. Other methods
used for sample size determination in ROC studies include the average length criterion
[7] and the average variance criterion [9].
There has been much recent activity in the development of nonparametric
approaches to ROC data analysis. Frequentist methods have used empirical likelihood
[10], semiparametric generalized linear models [11], and kernel density estimation [12,
13] to estimate ROC curves. Bayesian DP mixtures of normals were used by [14] and
[15].

A comparison of Bayesian DPMs to a two-group normal ROC analysis by [14]

found that, in a particular example with sample sizes of about 1500 in each group, the
parametric approach overestimated AUC when both groups have multimodal
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distributions.

ROC analysis using Bayesian mixtures of Polya tree models were

developed by [15] and [16], but we focus solely on DPMs and do not explore Polya tree
models here.
In the next section we describe the DPM model used in this study, including prior
specification, posterior approximation, and AUC estimation and testing.

Section 3

presents the general computational algorithm for predictive power estimation under the
DPM and two-group normal procedures. Section 4 reports on a simulation study to
compare sample sizes under the two procedures using data sets where normality is
satisfied or not.

While most of our presentation focuses on studies involving one

diagnostic test, in Section 4.5 we detail sample size methods when the goal is to directly
compare the accuracy of two tests. A summary of our research is provided in Section 5.

2. Parametric and Nonparametric Models
We consider designs that involve a single (imperfect) continuous diagnostic test.
We assume that true disease status has been ascertained by some other means for every
sampled individual.

Let y Di (i = 1,…,nD) and y D j (j = 1,…, nD ) denote (possibly

transformed) test scores from a random sample of individuals within the D and D
populations, respectively. The standard two-group normal model assumes independent
normal distributions for test scores:
y Di | µ D , σ D2 ~ N ( µ D , σ D2 ) and y D j | µ D , σ D2 ~ N ( µ D , σ D2 ) .

For sample size determination, it is common to use a diffuse proper prior for ( µ D , µ D ,

σ D2 , σ D2 ), e.g., independent normals with large variances for the mean parameters and
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independent gamma or inverse gamma priors for the variances or standard deviations.
The modeled AUC is given by
 µ −µ
D
AUC = Φ D
 σ 2 +σ 2
D
D



,



(1)

where Φ (⋅) is the cumulative distribution function of the standard normal distribution.
A flexible Bayesian nonparametric alternative is the DPM normal model with a
countable and infinite number of mixture components. Here, test scores are modeled as
independent N ( µ Di , σ D2 ) or N ( µ D j , σ D2 ) , where the µ Di ’s and µ D j ’s are treated as latent
variables sampled from unspecified probability distributions G D and GD , respectively.
The independent prior distributions for G D and GD are taken as Dirichlet processes with
normal base distributions and weight parameters α D and α D . Hierarchical models for
the two-group data are given by:
y Di | µ Di , σ D2 ~ N ( µ Di , σ D2 )

y D j | µ D j , σ D2 ~ N ( µ D j , σ D2 )

µ Di | G D ~ G D

µ D j | GD ~ GD

G D ~ DP( N ( µ GD , σ G2 D ), α D )

GD ~ DP( N ( µ GD , σ G2 D ), α D ).

A popular approach to construct a Dirichlet process is the stick-breaking
procedure developed by [17].

Ishwaran and James [18] connected the finite stick-

breaking process with the finite Dirichlet distribution to approximate the DP using a
Dirichlet-Multinomial allocation (DMA) [see also 19]. It is well-known that the DP is
discrete with probability one, and thus samples from a DP will cluster. The DMA
approximation to a DPM involves clustering as well. Let wi ( w j ) denote the sampled

6

group corresponding to individual i in population D (individual j in population D ).
Under the DMA process, individual test scores from the D (or D ) population are
assigned to a cluster that is defined by a parameter µ D [ wi ] (or µ D [ w j ] ), where wi (or
w j ) indexes the cluster that contains y Di (or y D j ). Denote the maximum number of

mixture components by MD or M D . Test scores with the same value of µ D [ wi ] (or

µ D [ w j ] ) belong to the same mixture component. The vectors of mixture probabilities,
p D and p D , are modeled with Dirichlet prior distributions. Letting µ D and µ D denote
vectors of distinct mean parameters for the mixture components in populations D and D ,
respectively, the DPM model in this context has the form:
y Di | wi , µ D , σ D2 ~ N ( µ D [ wi ], σ D2 )

y D j | w j , µ D , σ D2 ~ N ( µ D [ w j ],σ D2 )

µ D [ wi ] ~ N ( µ G , σ G2 )

µ D [ w j ] ~ N ( µ GD , σ G2 D )

wi | p D ~ Multinom(1; p D )

w j | p D ~ Multinom(1; p D )

D

p D ~ Dirichlet(

αD
MD

D

,...,

αD
MD

)

p D ~ Dirichlet (

αD
MD

,...,

αD
MD

)

Independent normal-gamma priors can be placed on ( µ GD , σ G2 D ) and ( µ GD , σ G2 D ) ,
and independent gamma priors can be used for σ D2 and σ D2 . Various approaches have
been used to handle α D and α D . Erkanli et al. [14] and [15] assigned gamma priors to
the weight parameters, while [19] and [20] used a fixed value, such as 1, in conjunction
with a sensitivity analysis for this choice. The choice of the maximum number of
mixture components in the DMA process is also important. In their ROC study, Erkanli
et al. [14] used a maximum of 10 for both M D and M D .
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The AUC comparing the separation of the mixture components corresponding to,
say, clusters w and w is given by:
 µ [ w] − µ [ w ] 
, w = 1,..., M ; w = 1,..., M .
D
AUC ( w, w ) = Φ D
D
D

2
2
σ D + σ D 


(2)

Erkanli et al. [14] show that the overall AUC is a weighted average of the components in
(2), where the weights are determined by the mixture proportions in the vectors p D and
p D , namely
MD MD

AUC = ∑∑ p D [ w]p D [ w ] AUC ( w, w ).

(3)

w =1 w =1

The Bayesian model is fitted by generating a Monte Carlo approximation to the
posterior distribution using Gibbs sampling. Estimates of ROC curves and AUC are
determined by posterior means and outer percentiles. History plots, autocorrelations, and
running multiple chains from a variety of starting values for a random selection of data
sets are used to evaluate mixing and convergence of the Markov chain sampling
procedure.

3. Power Criterion and Simulation Algorithm

We determine a sample size combination ( n D , n D ) that yields a high predictive
power of concluding that AUC > k when in fact the tests’ AUC exceeds k. The value of

k can be determined based on the AUC of a competitor’s test or it can be chosen
according to a desired level of accuracy, e.g. 0.70, 0.80 or 0.90. The minimum value is

k = 0.50, which would be used if the aim of the study is simply to establish that the test
performs better than chance.
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We employ a sample size criterion that is based on predictive power.

Our

simulation-based approach iterates between two steps: for a given sample size
combination, first simulate multiple data sets under a model of interest from populations
D and D , and then fit a DPM (or two-group normal) model to each simulated data set

using Gibbs sampling and calculate the posterior probability that AUC > k . The average
of the posterior probabilities across multiple simulated data sets is the predictive power.
The procedure requires two types of prior distributions that are aligned with the
two steps. Sampling priors are used to generate model parameters needed to simulate
data sets, and fitting priors are used in the analysis of the generated data [21]. The
purpose of sampling priors is to incorporate uncertainty about the otherwise assumed
“true” values of input parameters. These distributions (e.g., normal or uniform) are
usually narrowly concentrated around a presumed true value. On the other hand, fitting
priors usually have large variability so as to not overly influence the power analysis.
For each simulated data set, calculate the posterior probability that AUC > k ,
namely Pr( AUC > k | y Df , y Df ) , where y Df and y Df denote vectors of (future) test scores
that are simulated from the D and D populations, respectively. Sample sizes n D and nD
can be used for the future study if, averaged over the diseased and non-diseased
populations, the posterior probability is sufficiently high:
E[Pr( AUC > k | y Df , y Df )] ≥ 1 − β .

(4)

The specific value of β depends on the nature of the problem, but, in general, reasonable
choices include 0.10 and 0.20.

Based on (4), we select the current sample size

combination if the average posterior probability that AUC is above the benchmark k is at
least as high as 1 − β .
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Under the two-group normal model, we require prior distributions for µ D , µ D ,

σ D2 , and σ D2 . Since the two-group normal is the base distribution of the DPM model, the
same prior distributions are used for µ GD , µ GD , σ G2 D , and σ G2 D . For instance, we can
assign a sampling prior of Uniform(2.5, 3.5) to the parameter µ D , which reflects some
uncertainty about a prior guess of 3. Fitting priors for these parameters are diffuse
normal / inverse gamma joint distributions.
The computing algorithm below results in estimated predictive power across a
range of sample size combinations. For every selected sample size pair, we simulate B
data sets.

The subscript t ∈ {1,..., B} refers to the iteration in the simulation.

The

following steps are used for a single sample size combination ( nD , nD ) and are repeated
across a set of sample size pairs.
1. Generate B parameter sets from sampling priors and then, for i = 1,…, nD and j =
1,…, nD , simulate test scores y Dit and y D jt , t =1,…,B, from their presumed true
population distributions.
2. Fit the DPM using a fitting prior for ( µ GD , σ G2 D , µ GD , σ G2 D ). The DMA process
involves α D and α D , which can be set equal to constants or assigned fitting
priors. Specify MD and M D , and specify priors for p D and p D .
3. Numerically approximate the posterior distribution of AUCt as defined in equation
(3), by first computing the individual components, AUC ( wt , wt ) , in (2).
4. Numerically approximate the posterior probability that AUCt exceeds k .

A

Monte Carlo approximation to this posterior probability is computed as the
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proportion of iterates for which AUCt is greater than k , namely calculate
rt =

1 m
I ( AUC ts > k ) , where I (⋅) denotes the indicator function and AUC ts
∑
s =1
m

denotes iterate s out of m simulated values from the posterior distribution of
AUCt.
B

5. Calculate the average of the rt ’s,

∑ r / B , which approximates the predictive
t

t =1

power at the sample size combination ( nD , nD ). Finally, repeat steps 1 – 5 over a
range of sample size combinations to determine a sample size that achieves the
desired predictive power.
To calculate predictive power under the two-group normal instead of the DPM,
we use methods from [2]. Specifically, in step 2 we fit the two-group normal model and
in step 3 the approximation of the posterior distribution of AUCt follows from formula (1)
instead of (3).
We implemented the algorithm for the DPM model using a combination of the
software packages R and WinBUGS. The parameters and data sets are generated in R,
while posterior distributions are approximated using WinBUGS. A program to perform
our procedure will be posted to the website http://works.bepress.com/dunlei_cheng/4.

4. Illustrations

We first illustrate that the DPM model does not overfit normal data and gives
accurate predictive power estimates when normality holds. Then we investigate the
robustness, or lack thereof, of sample size requirements calculated under the two-group
normal when the true distribution of test scores in population D is skewed and when it is
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bimodal; both occur in applications [e.g., 3]. Finally, we consider the two-test scenario
where, in population D, scores for one of the tests are right skewed and for the other test
they have a mixture distribution. All simulations in this section used B=1000 data sets
with posterior approximations based on m=5000 Monte Carlo iterations after a 1000
iteration burn-in. We did not identify any difficulties with convergence.

4.1. Two-group normal data

Data are generated under the two-group normal model. Suppose our best guesses
for the means and variances, µ D , µ D , σ D2 , and σ D2 , are 3.0, 0, 2.0, and 1.0. Using
formula (1), our best guess for AUC is therefore 0.96. Sample size combinations of ( nD ,
nD ) = (10, 10), (20, 20),…,(100,100) are used with k = 0.90.

We assume that on average, test scores in the D group exceed those in the
D group, which is reflected in non-overlapping sampling priors µ D ~ Uniform(2.5, 3.5)

and µ D ~ Uniform(-0.5, 0.5). Generally, test scores tend to be more variable in the D
group, so we used Uniform(1.8, 2.2) and Uniform(0.8, 1.2) as the sampling priors for σ D2
and σ D2 , respectively. Under the two-group normal model, we used a diffuse proper
fitting prior that approximates the Jeffreys prior, namely N(0,1000) for means and
IG(0.001, 0.001) for variances. These distributions were also used in the DPM model as
fitting priors for µ GD and µ GD , and for σ G2 D and σ G2 D . In the DPM model we set the
maximum number of mixing components, MD and M D , at 10 and the concentration
parameters, α D and α D , at 1. Thus, the parameters in the Dirichlet priors on p D and
p D are each 0.1.
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The calculated predictive power under the parametric and DPM methods was
similar across the range of sample sizes considered; the largest difference in predictive
power between the two methods did not exceed 0.022

Figure 1 presents a cubic

polynomial spline for each approach across n = n D = nD . To achieve 80% predictive
power, both methods require about 38 total subjects, while 90% predictive power is
attained with 6 fewer subjects per cohort under the two-group normal than the DPM.
With 100 subjects sampled from each cohort, the predictive power under the parametric
model is 0.934 and it is 0.933 under the DPM.

Figure 1 about here.

Using 1000 simulated data sets, we also investigated the variability in the
computed value of predictive power under the two-group normal and DPM models. For
a total sample size of 20, the variation under the two-group normal was 0.068; a similar
value was seen for the DPM (variance of 0.063). With larger sample sizes of n D = n D =
100, the DPM and normal models showed similar variability (0.048 vs. 0.040).
We investigated the influence on predictive power of a larger degree of overlap
between the distributions of test scores for the diseased and non-diseased cohorts.
Specifically, we changed the sampling prior mean of µ D from 0 to 2, so our best guess
for the AUC is approximately 0.72. We found that, across sample size combinations
ranging from 10 per cohort to 100 per cohort with k = 0.6 and k = 0.65, predictive power
for the two-group normal analysis is only about 0.004 larger than predictive power
computed under the DPM (Table 1).
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Table 1 about here.

The selection of the maximum number of mixture components (MD and M D ) in
the DPM model was also explored in this setting. We let α D = α D = 1 and MD = M D =
5, 10, or 20. Therefore, pD or p D was changed from 0.2 to 0.1 to 0.05. The calculated
predictive power was very similar for these three choices (Table 2). The computational
time under MD = M D = 10 was about 2/3 of what it was with MD = M D = 20. Thus,
using 5 or 10 may be a reasonable initial choice, and a single run with a larger value can
be used to assess how results change when more structure is allowed in the model.

Table 2 about here.

4.2. Skewed data

We compared the predictive power calculated under the two-group normal and
DPM models when the D group has test scores that vary according to a right skewed
distribution. We are particularly interested in the potential for robustness of the twogroup normal model in terms of predictive power, without resorting to the use of a data
transformation.

The Box-Cox power transformation is a popular method to induce

normality, but it is difficult to determine its transformation parameter in sample size
problems without access to a sufficient amount of pilot data. We note, however, that in
the rare case that an appropriate normal-generating transformation was known ahead of
seeing the data, then it would be known that the normal-normal model would be
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appropriate for the future data, in which case it would be unnecessary to consider our
nonparametric approach.
The y Di ’s were sampled from an exponential(θ) distribution with θ drawn from a
Gamma(20, 20 2 ) sampling prior. We therefore have as a best guess that diseased
subjects have a mean test score of

2 with a variance of 2 and allow for uncertainty

about these values. Since a normal distribution will often be appropriate for the D
group, the y D j ’s were generated using the same sampling model and priors as in Section
4.1. Therefore, the "true" AUC is in a neighborhood of 0.79, which we used as our best
guess. We used the same reference fitting priors and we compared the predictive power
achieved with a total of 20 subjects up to 200 total subjects. Two comparison sizes were
used, namely k = 0.70 and k = 0.75.
For both sizes, the predictive power estimated from the DPM is larger compared
to the power from the mis-specified two-group normal model, as demonstrated in Table
3. When k = 0.70, the predictive power under the parametric and DPM models is similar
except at small sample sizes. However, with the higher effect size, the difference in
predictive power between the two approaches increases. For k = 0.75, the predictive
power under the DPM is on average about 6.3% higher than for the parametric method.
For 70% power with an effect size of 0.75, 27 diseased subjects are needed according to
the DPM model whereas at least 50 diseased subjects are needed according to the twogroup normal.

Table 3 about here.
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We noted that when k = 0.70 and the sample sizes are large for both the D and D
groups, the predictive power under the two-group normal and DPM approaches is similar.
This occurs, in part, because at large sample sizes the two-group normal appears to
overestimate and underestimate different portions of the ROC curve. Figure 2 presents
estimates of the ROC curve using data generated as the 1/101, 2/101,…,100/101
quantiles from the exponential distribution with mean

2 for the D group and standard

normal for the D group. The DPM model yields an estimated ROC curve that more
closely tracks the empirical ROC curve.

The two-group normal model appears to

drastically overestimate and underestimate different portions of the ROC curve.

This

realistic example illustrates the utility of flexible models for both ROC data analysis and
sample size determination.

Figure 2 about here.

4.3. Bimodal data

Here we compare the sample size requirements under the two-group normal and
DPM models for bimodal data.

We assume population D follows the normal

distribution with the same sampling and fitting priors as in Section 4.1, but population D
is bimodal.

Specifically, the sampling model of

y Dj

is the mixture model

π D1 N ( µ D1 , σ D2 1 ) + π D 2 N ( µ D 2 , σ D2 2 ) , where π D1 ~ Beta(20, 30) and π D 2 = 1 − π D1 . The
parameters µ D 2 and σ D2 2 were given the same sampling priors as µ D and σ D2 in Section
4.1, i.e., Uniform(2.5, 3.5) and Uniform (1.8, 2.2), respectively. Using a sampling prior
for σ D2 1 of Uniform(7.8, 8.2), the mixture data had a variance of 2. We considered two
16

sets of sampling priors for µ D1 , one with mean 0 the other with mean 1. Under these two
sampling priors, the corresponding AUCs are about 0.85 and 0.90, respectively. In both
cases we used the same diffuse fitting priors as in Section 4.1. Predictive power was
calculated to detect AUC > 0.80. Of particular interest was whether the difference in
predictive power between the two-group normal and DPM model changes with decreased
test accuracy, i.e. with more overlap between the data distributions for the D and D
populations.
Figure 3 shows that, across the range of sample sizes considered, the amount of
separation between distributions of test scores in this setting does not have a practical
impact on the power difference between the DPM and two-group normal model. For
instance, with AUC of 0.85, the predictive power under the DPM, averaged over the
sample sizes considered, is only 0.001 larger than for the two-group normal.

The

difference in predictive power increases slightly to 0.003 when the “true” AUC is raised
to 0.90. However, an interesting secondary result in this setting is that the DPM method
generates increasing power functions whereas, especially for AUC 0.85, the predictive
power function under the two-group normal exhibits a zig-zag pattern and decreases for
sample sizes of 60 to 80, 100 to 120, and 180 to 200.

Figure 3 about here.

The "true" (hypothetical) AUC in the case of a bimodal distribution for
individuals who are D and a single normal distribution for population D can often be
well-approximated by an AUC that is obtained using a single normal distribution in place
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of the true bimodal density, where the mean is the mixture mean and the variance is the
true variance of the mixture. We calculated the "true" and "approximate" AUC values
over a range of possible inputs and found near equivalence. On the other hand, it was
also easy to construct scenarios where this was not the case. For example, with a 0.5
mixture of N(-1,1) and N(3,4) distributions for the population D, and a N(0,1) for the
population D , the "true" and "approximate" AUCs are 0.576 and 0.644, respectively.
We found many other such instances as well.
Thus, if the normal-normal model is used, the estimate of the population D
density will be a single normal and consequently the estimated AUC in this setting will
be an estimate of the "approximate" AUC. So in the above instance (0.576 versus 0.644),
the sample size expected to detect a larger (false) value will be different than it would be
when using the more appropriate nonparametric approach, which would be targeting the
true value.

4.4. Serologic data example

Hanson et al. [15] analyzed serologic data for Johne’s disease in dairy cattle using
DPM models. Test scores from the non-infected cows had an approximate normal
distribution with mean value of 2 and standard deviation of 0.57. However, test values
from the infected cows were bimodal with modes located at 2 and 5, respectively. We
used the posterior information from [15] to simulate data with a best guess of AUC at
0.89, and compare the predictive power at cutoff k = 0.80 from the two-group normal and
the DPM model. The parametric method gave predictive power of 0.801 and 0.817 with
a total sample size of 80 and 100, respectively, and the DPM approach led to similar
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values of 0.803 and 0.813. Unlike with skewed data, in this example with normal and
bimodal data, the two methods again perform similarly.

4.5. Two diagnostic tests

We extend our one-sample approach to studies that directly compare two tests. In
the previous sections, we have assumed that a standard test has been in use for some time
and that its AUC is well established.

When the operating characteristics of the

“standard” test are not established, a paired design is more appropriate. In this scenario
two tests are applied to each individual, where for ease of exposition we continue to
assume that one is a standard (S) test and the other test is a newly (N) developed
competitor. Additionally, in this section we consider a sample size criterion that targets
precise estimation of the difference in AUCs between two tests. The average length
criterion used here finds the minimum sample size such that 95% posterior intervals for
the difference in AUCs have a specified average width.
The study goal is to establish the superiority of the new test relative to the
standard test. The pairs (S, N) of test scores for non-diseased individuals, ( y D j •S , y D j • N ),
are assumed to be correlated ( ρ is about 0.8) and to follow a bivariate normal
distribution with mean vector (0, 0) and variance vector (1, 1). For diseased individuals,
we assume the y Di• S ’s have the same exponential distribution used in Section 4.2 (with
mean of

2 and variance of 2), and that y Di• N is a linear shift of y Di• S , specifically

through the regression y Di• N = 2.3 + 0.5 y Di• S + ε i , where ε i is normal(0, 1.5). Therefore,
the difference in AUCs between the N and S tests is approximately 0.15, given that AUCN
is about 0.96 and AUCS is about 0.81.
19

We compare both average length and predictive power when bivariate normal and
DPM models are fitted to simulated data sets, in both cases using diffuse priors. We
investigate the predictive power for testing AUCN – AUCS > 0.05 and set the desired
average length at 0.15. Results in Table 4 show that, in this scenario, the average lengths
are comparable under both methods, with a sample size of 50 from each group achieving
the desired average length under both approaches. However, predictive power under the
DPM is consistently lower than that under the parametric model at the sample sizes
considered, reflecting that the two methods lead to different AUC estimates. We found
that, across the sample size combinations considered, the two-group normal model
consistently underestimated AUCS whereas the DPM model produced estimates that were
close to the best guess of 0.81, especially as sample size increased. Meanwhile, both
methods provided similarly accurate estimates for AUCN, because the data distribution
under the new test for the D population is normal and it is approximately normal for the
D population. As a result, the posterior means of AUCN – AUCS under the two-group

normal method were on average 8.1% higher across simulated data sets than those under
the DPM method. This led to the illusion of higher predictive power at each sample size
combination under the normal model compared to the DPM method. This example
illustrates the importance of monitoring the individual AUCs in addition to their
difference when using predictive power for sample size determination in paired designs.

Table 4 about here.
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5. Conclusions

We developed a simulation-based approach that uses nonparametric Dirichlet
process mixtures for sample size and predictive power calculations in ROC studies
designed to compare a continuous medical test to a known standard test. An advantage of
the DPM model for ROC data analysis is its capability to accommodate non-standard
features such as skewness and multimodality that a default two-group normal analysis
will fail to identify. We showed that predictive power computed under the traditional
parametric approach may not be robust to model mis-specification when data are right
skewed, but can be fairly robust to bimodal data within the diseased population. For
bimodal data in population D and univariate normal data in population D , the similarity
in predictive power under the DPM and two-group normal approaches is not surprising
since it is common in this setting for the region of distributional overlap to mimic the
shape of the two-group normal. A further finding based on the average length criterion in
paired designs when the study goal is to estimate the difference between two AUCs was
that, although the DPM is a much more highly structured model than the normal-normal,
the precision in interval estimates was similar for the two approaches in a particular
simulation study.
We emphasize that a reason estimated AUCs can be the same in both skewed and
bimodal situations is because the normal approximation for population D is often
adequate in terms of estimating AUC=Pr(X > Y), where random variable X corresponds to
test scores from population D and random variable Y corresponds to test scores from
population D , while at the same time the corresponding estimate of ROC(t) is biased
high for small t followed by biased low for large t, resulting in cancellation when
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calculating AUC. Therefore, the subsequent data analysis may result in a biased estimate
of an ROC curve (and AUC) when the two-group normal model is applied to data that are
skewed or multimodal. Thus, we recommend using a nonparametric power specification
and a subsequent nonparametric data analysis. The DPM method is useful for sample
size determination for ROC studies since it is partly immune to model mis-specification.
An example of software code to implement the DPM and two-group normal methods that
is easily modifiable can be obtained on our website or by emailing the corresponding
author.
Sample size calculations are often performed using simpler models for both the
data generating distribution and the planned model to be used to analyze the data. Our
approach, on the other hand, allows for the use of more complex data generating
distributions since our nonparametric modeling of the data in the sample size calculation
will adapt appropriately to complexity of the data. Primary motivations in this report are
thus to advertise the use of nonparametric methods for ROC data analysis and to provide
methods for corresponding sample size and predictive power calculations, subsequently
matching sample size analysis and data modeling. Since a major goal is the estimation of
the ROC curve itself, and since parametric models for data are often overly restrictive,
the DPM model seems ripe for use in making inferences. It only makes sense then to
perform predictive power calculations using the same flexible nonparametric family of
models since it should provide a more accurate quantification of sample sizes needed in
subsequent analysis.
The question arises: when would one decide to select sample size based on our
hypothesis testing criterion versus the estimation criterion? It is common in medical
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testing to have a standard “reference” marker that has been in use over some period of
time by a variety of researchers and practitioners using different cutoffs due to different
sensitivity-specificity requirements. Higher cutoffs usually lead to higher specificity and
lower sensitivity. Moreover, it is also common for new markers to be developed with the
goal of providing higher sensitivity-specificity pairings across cutoffs than would be
achieved with the standard marker, which amounts to having a corresponding ROC curve
that dominates the curve for the standard test. If the new marker can be shown to have an
AUC that is appreciably greater than that for the standard marker, a step will have been
taken in this direction. Thus, our hypothesis testing criterion for selecting sample size
applies directly when it is of interest to make a decision about the preference for one
marker over the other. On the other hand, the estimation criterion would be used when it
is desired to establish, precisely, the value of an AUC for a single marker or the
difference in AUCs for two markers. In either case, the goal is to find a sample size that
will give sufficient precision for inference.
Throughout this paper we have assumed that true disease status could be
determined by some other means than the test(s) under study. When this “gold-standard”
setting fails to hold and true infection status of sampled individuals is unknown,
additional structure is needed to model and impute the latent status. Branscum et al [16]
developed a semiparametric approach for joint analysis with no gold-standard data. By
ignoring the added uncertainty attached to unknown infection status, sample size
estimates could fall far below what is actually required for a test accuracy study. Further
research is needed to extend the gold-standard methods presented in the current study to a
nonparametric framework for sample size determination in designs with unidentified
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disease status. For instance, the parametric methods in [2] for continuous tests without a
gold-standard could potentially be extended nonparametrically, or the nonparametric
model in [16] could be applied directly to the task of sample size determination. Both
approaches require input about disease prevalence in the source population, and
informative priors become mandatory in the presence of lack of model identifiablility.
Similar research for binary tests appears in [7].
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Figure 1. Predictive power with k = 0.90 for the two-group normal (solid line) and DPM
(dashed line) models when normal distributions are used to generate the data from the
diseased and non-diseased populations.
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Figure 2. Three estimates of the ROC curve when test scores of diseased subjects follow
an exponential distribution with mean

and scores from non-diseased subjects are

distributed standard normal

. The empirical estimate is plotted as a

solid line, the Bayesian parametric estimate as a dashed line, and the DPM estimate as a
dotted line.
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Figure 3. Predictive power curves when bimodal distributions generate data from the
diseased group, with a univariate normal distribution for the non-diseased group, using k
= 0.80. The solid line is for the two-group normal model and the dashed line is for the
DPM analysis when AUC = 0.90. The dotted line is for the two-group normal and the
dashed-dotted line is for the DPM analysis when AUC = 0.85.
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Table 1: Predictive power comparison when the disease and disease-free groups follow a
normal distribution: (1) k = 0.6 for the two-group normal model; (2) k = 0.6 for the
DPM model; (3) k = 0.65 for the two-group normal; (4) k = 0.65 for the DPM model.
Sample Size
(10, 10)
(20, 20)
(30, 30)
(40, 40)
(50, 50)
(60, 60)
(70, 70)
(80, 80)
(90, 90)
(100, 100)

Power 1
0.712
0.787
0.818
0.832
0.848
0.854
0.861
0.873
0.863
0.876

Power 2
0.702
0.789
0.804
0.831
0.840
0.850
0.848
0.860
0.863
0.880

30

Power 3
0.614
0.676
0.702
0.708
0.724
0.720
0.735
0.733
0.747
0.753

Power 4
0.604
0.678
0.687
0.706
0.722
0.724
0.723
0.732
0.736
0.760

Table 2: Predictive power comparison for three different maximum number of DPM
mixture components, with α D = α D = 1 and k = 0.9: (1) MD = M D = 5 ; (2)
MD = M D = 10; (3) MD = M D = 20.

Sample Size
(20, 20)
(40, 40)
(60, 60)
(80, 80)
(100, 100)

Power 1
0.802
0.870
0.900
0.913
0.932

Power 2
0.804
0.870
0.901
0.913
0.933
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Power 3
0.803
0.869
0.900
0.913
0.932

Table 3: Predictive power comparison when the D group has a skewed data distribution:
(1) k = 0.7 for the two-group normal model; (2) k = 0.7 for the DPM model; (3)

k = 0.75 for the two-group normal; (4) k = 0.75 for the DPM model.
Sample Size
(10, 10)
(20, 20)
(30, 30)
(40, 40)
(50, 50)
(60, 60)
(70, 70)
(80, 80)
(90, 90)
(100, 100)

Power 1
0.710
0.769
0.831
0.841
0.868
0.869
0.875
0.890
0.891
0.885

Power 2
0.734
0.806
0.832
0.854
0.876
0.878
0.886
0.890
0.892
0.885

32

Power 3
0.591
0.618
0.676
0.681
0.704
0.706
0.709
0.724
0.730
0.712

Power 4
0.624
0.687
0.705
0.732
0.743
0.754
0.756
0.758
0.761
0.758

Table 4: Average length and predictive power comparisons for the two-test scenario
computed under the bivariate normal model (1) and the DPM model (2).
Sample Size
(10, 10)
(20, 20)
(30, 30)
(40, 40)
(50, 50)

Length 1
0.363
0.244
0.194
0.168
0.152

Length 2
0.400
0.254
0.201
0.170
0.150
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Power 1
0.809
0.887
0.926
0.944
0.959

Power 2
0.756
0.850
0.887
0.891
0.908

