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Evaluating MRMC Studies with Binary Endpoints
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Abstract

Multi-Reader Multi-Case (MRMC) study designs have been used to evaluate the diagnostic perfor-
mance of medical devices or procedures in different areas such as radiological imaging and digital
pathology. The primary statistical evaluations for MRMC studies have commonly been based on re-
ceiver operating characteristic (ROC) curve with observer performance evaluation paradigm using
area under the curve (AUC). However, for many diagnostic clinical studies, readers only provide
binary responses and therefore the primary performance metrics are sensitivity and specificity, in-
stead of AUC of ROC. Most literature for MRMC studies focus on the AUC analysis. There are
few systematic evaluations and comparisons of the various methods for MRMC studies with binary
endpoints. In this study, we summarize and evaluate how some commonly used statistical methods
for MRMC studies can be used to evaluate studies with binary study outputs.

1. Introduction

Multi-Reader Multi-Case (MRMC) study designs are commonly utilized to evaluate the
clinical performance in a diagnostic evaluation study when reader interfaces with the de-
vice. It has been used for evaluating the diagnostic accuracy for devices in different areas
such as radiological imaging, digital pathology, etc. The MRMC study design generally
involves multiple readers who can represent intended reader population, multiple subjects
(cases) from the target population, and multiple reading conditions or modalities. For ex-
ample, for an MRMC study that evaluates whether a device can improve reader interpre-
tation of the imaging results, a study design with multiple reading modalities may include
one arm where readers interpret imaging results without the device and another arm where
readers will interpret imaging results aided by the device. Fully-crossed study designs have
been commonly used in MRMC studies, where all readers independently read all cases
with all modalities. A fully crossed design has the greatest statistical power given a fixed
number of cases and readers. Split plot designs have also been used in MRMC studies
(Obuchowski et al. 2012), where readers read their own group of cases. The study end-
points for MRMC studies will vary depending on the clinical study design, device intended
use, and clinical practice. For example, the endpoint may be an ordinal score that represent
the reader’s confidence in how likely a lesion in an image is malignant. The study endpoint
can also be binary representing whether a suspected target condition is present or not.

The correlation structures in MRMC studies are complex, thus statistical analysis needs
to account for the correlation structures. The correlation can arise due to different modal-
ities read by same readers, the cases read by same reader under different modalities, the
cases under same modality read by different readers. Many statistical methods have been
proposed to address the correlations in MRMC studies (e.g. Dorfman et al. 1992, Obu-
chowski and Rockette 1995, Beiden et al. 2000, Gallas 2006), and most of them focus
on the evaluation of receiver operating characteristic curve (ROC) and area under the curve
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(AUC). The statistical evaluation of the AUC generally requires a reader to report an ordinal
score such as confidence score that a target condition is present. However, for diagnostic
clinical studies in some areas such as digital pathology, an ordinal score may not be avail-
able and the reader may only report whether a target condition is present or not. Thus, the
primary statistical analysis for these studies is based on analyses common to binary out-
put/result such as sensitivity/specificity or positive/negative percent agreement (PPA/NPA)
(Zhou et al., 2011). The methods proposed for the AUC analysis can also be extended to
the binary data analysis. However, there are few systematic summary, evaluation, and com-
parison for the various methods that can evaluate MRMC studies with binary endpoints.
For this paper, we summarize and evaluate some commonly used statistical methods for
evaluating MRMC studies with binary study endpoints.

2. Statistical Analysis Method

2.1 Notations

Denote Y;; as the result for modality ¢, reader j, and case k£ with 1 being positive and
0 being negative. Denote p as the population mean, «; as the fixed effect of modality i
with mean 0 and variance 02, R; as the random effect for the jth reader with mean 0 and
variance 012%, C'. as the random effect for the kth case with mean 0 and variance a%. Denote
aR;j, aCiy, RCj, aRCyj, as the random interaction effect with mean 0 and variance
03 R 0(210, U%C, and ai rc respectively. Denote Z;j, as the random error with mean 0 and
variance 0% for modality ¢, reader j, and case k. The variable D represents clinical truth
with two possible values where 1 to indicate presence of disease and O to indicate absence
of disease.

2.2 Empirical Evaluation of Diagnostic Accuracy/Agreement
2.2.1 Sensitivity and Specificity

Sensitivity is defined as the probability that the test result is positive given the target con-
dition of interest is present, i.e., P(Y = 1|D = 1). Specificity is defined as the probabil-
ity that the test result is negative given the target condition of interest is not present, i.e.,
P(Y = 0|D = 0). For an MRMC study, Table 1 summarizes the results based on the
number of true positive n11 ;;, false positive ng ;;, false negative n1g ;;, and true negative
noo,ij- For modality 7 and reader j, the empirical estimates of sensitivity and specificity are

Sensitivit True Positive n114j
ensitivity;; = =
Vi = True Positive + False Negative 1,45 + n10,ij
and
L True Negative n00.4i
Specificity,; = & = 00,59

True Negative + False Positive no1,ij + 100,ij '

When we assign equal weight for all readers, the average reader sensitivity and speci-
ficity for all readers for modality i can be calculated as

J
1
Sensitivity, = 7 Z Sensitivity;;
=1

and

1
Specificity, = 7 Z Specificity;;.
j=1
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Table 1: Test Versus Clinical Reference Standard for Modality ¢ and Reader j

Clinical Reference Standard

Positive Negative Total

Test Results  Positive n11,ij Nn01,ij N1,
Negative ~ m10,; 100, 1.0,ij

Total Ny gj ng. ij N.ij

Table 2: Test Versus Comparator Method for Modality ¢ and Reader j

Comparator Method
Positive  Negative  Total
Test Results  Positive mM11,ij mo1,ij m.1ij
Negative  myq 00,5 m.0,ij
Total mi.;j mo.ij M. ij

2.2.2 PPA/NPA

In lieu of sensitivity and specificity, performance metrics are reported as positive percent
agreement (PPA) and negative percent agreement (NPA) when the comparator method is
not a clinical reference standard. PPA is the probability that test results is positive given
that the comparator result is positive. NPA is the probability that the test results is negative
given that the comparator result is negative. For an MRMC study, Table 2 summarizes the
agreement of results for a test under evaluation and a comparator test. For modality 7 and
reader j, the empirical way to calculate PPA and NPA is

mi1,ij

PPA;; = Prob(Test = +|Comparator = ) = —————
m11,ij + M10,i5

and
™moo,ij

NPA;; = Prob(Test = —|Comparator = —) = —————.
mMo1,ij + 100,35

When we assign equal weight for all readers, the average PPA and NPA for all readers
for modality i can be calculated as

1 J
PPA; = Z PPA;;
7j=1
and

1 J
NPA,; = — NPA;;.

2.3 Statistical Methods to Account for Correlations

The empirical method in section 2.2.1 and 2.2.2 can provide point estimates for estimating
sensitivity/specificity and PPA/NPA. While point estimates are straightforward, the stan-
dard errors needs to take the correlation into account in MRMC studies. In this paper, we

762



JSM 2020 - Section on Medical Devices and Diagnostics

Table 3: Some Commonly Used Methods for Analyzing MRMC Studies with Binary End-

points

Category Methods

Methods to Account
for Correlations

Strength and Limitation

Sampling Based Bootstrap Method

preserving correlation through

resampling

no assumption needed on model,

but the method may fail if the number
of cases or readers in the MRMC study
are not adequate.

Non-Parametric U Statistics

decomposing the variance
of average accuracy measure

no assumption needed on model,
may have larger variability on the
estimates comparing to parametric
methods.

Model Based DBM Method

OR Method

ORH Method

GLMM Method

random effect linear model

random effect linear model
and correlated error term

same as OR Method

random effect generalized
linear model

Model is simple to run, but sensitivity
and specificity estimates may be
beyond O to 1 and there are model
assumptions.

Similar to DBM Method

OR Method with a revised degree of
freedom

Can avoid an estimate of the sensitivity
and specificity beyond O to 1, but it is
not straightforward to integrate out
random effects for sensitivity

and specificity calculation. Model
convergence may be an issue.

review 6 commonly used methods that can evaluate MRMC studies with binary endpoints
and address the correlations. Table 3 summarizes the 6 methods and group them into dif-
ferent categories: re-sampling based approach, non-parametric approach, and model based
approach. We will introduce each method briefly for applying them for binary data analysis
in MRMC studies.

2.3.1 Three Way Bootstrap Method

Bootstrap method (Efron 1982) has been commonly used to address correlations in MRMC
studies (e.g. Dorfman et al., 1995; Beiden et al., 2000; Kupinski et al. 2006; Bandos et al.
2007)). For MRMC studies, the bootstrap re-sampling should account for the correlations
due to both cases and readers. The commonly used three way bootstrap method (Gallas et
al. 2009) generally independently re-sample with replacement the same number of readers,
normal cases, and diseased cases as observed in the clinical study. The variances and
confidence intervals of the accuracy measure (e.g., sensitivity, specificity, PPA, NPA) is
calculated based on the re-sampling distributions.

Bootstrap method has its limitations and can only be used when the underlying as-
sumptions are satisfied. For example, one assumption for the bootstrap method is that the
bootstrap re-samples should be able to represent the true underlying distribution of the pop-
ulation of interest. If the number of readers or cases in the MRMC studies are not sufficient,
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the bootstrap samples may not be able to represent the true underlying distributions. For
these cases, the statistical analysis based on bootstrap samples may under or over estimate
the variations of relevant parameters. In addition, if the observed accuracy performance
such as sensitivity is at or close to 0% or 100%, there may be no variation from the boot-
strap re-samples and the statistical analysis for the variance or confidence intervals can also
be incorrect.

2.3.2 U statistics

Gallas (2006) developed One-Shot Estimate of MRMC Variance for AUC from U statistic.
Gallas, Pennello, Myers (2007) extended it to binary data analysis. This approach estimates
the variance of the accuracy measure averaged over readers and cases by decomposing the
variance into a system of equations and using the non-parametric variance derived in the
literature on U statistics.

For a fully crossed study design, the percent correct rate PC; (e.g. sensitivity, speci-
ficity, PPA, NPA) for modality i is calculated the same as the empirical method described
in section 2.2 . The variance of the PC; is calculated as

V(PCZ) = c1 My + c4 My + cs M5 + cg Mg,

where coefficients c¢1, ¢4, ¢5, cg and the moments M1, M4, M5, and M8 are notations
derived in Gallas 2006 and 2007 paper.

2.3.3 DBM Method

Dorfman-Berbaum-Metz (DBM) method (Dorfman et al. 1992) has been commonly used
to evaluate receiver operating characteristic curve (ROC) and AUC for MRMC studies. It
can also be used to evaluate binary data evaluation. Let ;. be the pseudovalue of accuracy
measures (e.g. sensitivity, specificity) based on jackknife re-sampling for modality ¢, reader
7, and case k, the statistical model for DBM method is

Yijk = B+ Qi + Rj +C + OéRij + aCyy, + RCjk + OéRCZ'j + €ijk-

Different from AUC analysis, which uses both positive and negative cases, sensitivity
evaluation is based on all the positive cases by reference standard for analysis. Specificity
evaluation is based on all the negative cases by reference standard for analysis. The average
reader sensitivity/specificity and their confidence intervals can be derived based on the
inference for p + a; for modality 7. Because we are modeling the sensitivity and specificity
directly, a limitation is that it is possible for the confidence intervals of the sensitivity and
specificity to be below 0 or above 1.

2.3.4 OR Method

Obuchowski Rockette (OR) method (Obuchowski and Rockette 1995) is another commonly
used method to evaluate receiver operating characteristic curve (ROC) and AUC, which
can be extended to evaluate binary endpoint in MRMC studies. Let PC;; be the estimated
reader-specific accuracy measure (i.e., sensitivity, specificity) for modality ¢ and reader j.
It can be modeled by a two-way, mixed effects ANOVA model:

PCij = U+ o+ Rj + CtRij + €ij-
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The random error term ¢;; is assumed to be normally distributed with mean zero and
variance o2, where o2 represents both the variability due to the case sample and the within-
reader variation. The error term ¢;; are not independent. Obuchowski and Rockette as-
sumed equi-covariance between readers and modalities and therefore there are three pos-
sible covariances: cov(e;j, €;51), cov(€;j, €i15), and cov(e;;, €75,). Similar to DBM method,
sensitivity is calculated based on all the positive cases by reference standard. Specificity
is based on all the negative cases by reference standard. The average reader sensitiv-
ity/specificity and their confidence intervals can be derived based on the inference for i+«
for modality 3.

2.3.5 ORH Method

Although the statistical models for DBM method and OR method appear quite different,
Hillis (2005) showed that F Statistics for DBM and OR methods have the same form and
will typically have similar values but there are differences in the denominator degree of
freedom for the two methods. Hillis (2007) proposed a new degree of freedom estimate
that can be used for both DBM and OR methods. Chen et al. (2014) adapted the Obu-
chowski Rockette Hillis (ORH) method for the simulation, analysis, validation, and sizing
of MRMC studies with binary agreement data.

2.3.6 Generalized Linear Mixed Effects Model

Generalized linear mixed models have been frequently considered to evaluate MRMC stud-
ies with binary study endpoints. For example, with logit link function, we can model the
probability of the correct results PCjjj, for results Y;;; as a function of fixed modality ef-
fect, random readers, random cases, and random interactions between/among modalities,
readers, and cases.

Logit(PCijr) = p+ a; + Rj + Ci, + aR;j + aCy, + RCj, + aRCjy,.

The population averaged percent correct rate for modality ¢ can be calculated by inte-
grating out the random subject and reader effect. However, the calculation of the population
averaged sensitivity can be quite complex. Some investigators simply calculate the percent
correct rate for modality ¢ as

po, - _coplita)
1+ exp(p+ aq)

However, the estimated percent correct rate using this approach can be biased greatly com-
pared to the population averaged estimates. Further research is needed for the evaluation
of MRMC studies using the generalized linear mixed effects model.

3. Summary

Many MRMC clinical studies have binary endpoints and the primary statistical analysis will
be based on sensitivity/specificity or PPA/NPA. It is important to address the correlations
in these MRMC studies. There are multiple statistical methods available to address the cor-
relations in the MRMC study with binary endpoints. However, most literature for MRMC
studies are about the AUC analysis. There are few systematic evaluations/comparisons of
the various methods for MRMC studies with binary endpoints. Further research is needed
about the strength and weakness of the various methods that evaluate MRMC studies with
binary endpoint.
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This study reflects the views of the authors and should not be construed to represent FDA’s
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