COMPUTER METHODS AND PROGRAMS IN BIOMEDICINE 88 (2007) 62-74

journal homepage: www.intl.elsevierhealth.com/journals/cmpb

Computer programs for the concordance
correlation coefficient

Sara B. Crawford **, Andrzej S. Kosinski®?, Hung-Mo Lin®,
John M. Williamson®, Huiman X. Barnhart®

a Division of Parasitic Diseases, Centers for Disease Control and Prevention, 4770 Buford Highway NE (MS-F22),

Atlanta, GA 30341, United States

b Department of Biostatistics and Bioinformatics and Duke Clinical Research Institute, Duke University,
PO Box 17969, Durham, NC 27715, United States
¢ Department of Health Evaluation Sciences, Penn State College of Medicine, A210 600 Centerview Dr.,

Hershey, PA 17033, United States

ARTICLE INTFO

ABSTRACT

Article history:

Received 18 December 2006
Received in revised form 5 July 2007
Accepted 5 July 2007

Keywords:

Agreement

Bootstrap

Concordance correlation coefficient
Dependence

Reproducibility

The CCC macro is presented for computation of the concordance correlation coefficient
(CCC), a common measure of reproducibility. The macro has been produced in both SAS
and R, and a detailed presentation of the macro input and output for the SAS program
is included. The macro provides estimation of three versions of the CCC, as presented by
Lin [L.I.-K. Lin, A concordance correlation coefficient to evaluate reproducibility, Biometrics
45 (1989) 255-268], Barnhart et al. [H.X. Barnhart, J.L. Haber, J.L. Song, Overall concordance
correlation coefficient for evaluating agreement among multiple observers, Biometrics 58
(2002) 1020-1027], and Williamson et al. [J.M. Williamson, S.B. Crawford, H.M. Lin, Resampling
dependent concordance correlation coefficients, J. Biopharm. Stat. 17 (2007) 685-696]. It also
provides bootstrap confidence intervals for the CCC, as well as for the difference in CCCs
for both independent and dependent samples. The macro is designed for balanced data
only. Detailed explanation of the involved computations and macro variable definitions are
provided in the text. Two biomedical examples are included to illustrate that the macro can
be easily implemented.

© 2007 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

uous measurements made by multiple raters using a single
method or by two or more raters using two methods. Sev-

In the health sciences, it is often necessary to study the
reproducibility of continuous measurements made using a
certain diagnostic tool or method. As technology brings forth
new tools and methods, we are interested in evaluating the
consistency of evaluations made using the new method as
well as comparing this measure to the current gold standard
if one exists. The concordance correlation coefficient (CCC)
provides a means for examining the reproducibility of contin-
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eral other reproducibility measures are available, such as the
Pearson correlation coefficient, the intraclass correlation coef-
ficient [4,5], and the within-subject coefficient of variation
[6]. In general, these measures do not address both precision
and accuracy as does the concordance correlation coefficient;
however, the equivalency and similarities of the intraclass cor-
relation coefficient to the concordance correlation coefficient
under certain scenarios has been discussed by Nickerson [7],
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Carrasco and Jover [8], and Barnhart et al. [9]. The CCC mea-
sures how far the fitted linear relationship of two variables X
and Y deviates from the concordance line (accuracy) and how
far each observation deviates from the fitted line (precision).

There are several forms of the concordance correlation
coefficient (CCC). The CCC for two raters evaluating a single
method was presented by Lin [1,10]. Barnhart et al. [2] con-
sidered an overall CCC for multiple raters evaluating a single
method, which is equivalent to the functions presented by
Lin [1,11] and King and Chinchilli [12]. Williamson et al. [3]
examined the agreement between two methods for multiple
raters. The estimation of these forms of the CCC can be con-
ducted by estimating the means, variances, and covariances
for the ratings. As an alternative to estimation by the method
of moments, Carrasco and Jover [8] propose estimating the
CCC using variance components from a mixed model. Several
methods have been proposed for inference regarding the CCC.
For two raters evaluating a single method, Lin [1] proposed
an asymptotic approach for computing variance estimates.
For the overall CCC for multiple raters evaluating a single
method, King and Chinchilli [12] conducted inference using
a U-statistics approach, while Barnhart et al. [2] explored both
a GEE and bootstrap approach. Williamson et al. [3] explored
permutation testing and the bootstrap for agreement between
two methods for multiple raters.

Here we describe the CCC macro written in SAS [13] which
is designed to estimate all three forms of the CCC. The macro
also provides confidence intervals for these estimates as well
as for the difference in two CCCs. Where applicable, an asymp-
totic confidence interval is computed for both the estimation
of the CCC as well as for the estimation of the difference in
CCCs [1]. Otherwise, bootstrap confidence intervals are com-
puted with the CCC macro [2,3,14]. The CCC macro was also
written in R with the same input and output [15]. General
examples for the macro call in R are included in Section 3.3
detailing the required parameters and output for each analy-
sis, but all of the practical examples are presented in SAS.

2. Methods
2.1.  Estimation of concordance correlation coefficients

A major component of the CCC macrois to provide an estimate
of the concordance correlation coefficient (CCC). The formula
used to compute the CCC is dependent upon the number of
raters and the number of methods specified by the user. When
a single method is evaluated by two raters, the CCC proposed
by Lin [1] is used:

20
o° = 12 : (1)

o2 +03 + (1 — o)

where p1 and af represent the mean and variance for the first
rater, u, and a% represent the mean and variance for the sec-
ond rater, and o1, is the covariance for the first and second
rater. An estimate for the CCC can be computed by substitut-
ing the corresponding sample estimates for the parameters.
When a single method is evaluated by multiple raters, we
apply the overall CCC presented by Barnhart et al. [2] for R

raters:
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Here, 11y and o? denote the mean and variance for the rth rater,
and oy is the covariance for raters r and s. The overall CCC
in Eq. (2) is the same as that presented by Lin in the section
on future studies [1,11] and the generalized CCC presented by
King and Chinchilli [12] when the squared distance function
is used. Williamson et al. [3] proposed another version of an
overall CCC for measuring the agreement between two meth-
ods by the same R raters, such as an experimental method and
the current gold standard:

R
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Here pmr and a,zm represent the mean and variance for the
rth rater evaluating the mth method, and o1, represents the
covariance of the first and second methods for the rth rater.
Again in Egs. (2) and (3) the corresponding sample estimates
can be substituted for the parameters to estimate the CCC.
These three equations for the concordance correlation coef-
ficient are included in the CCC macro. The application of
each equation depends on the number of methods and raters
entered by the macro user.

2.2. Confidence intervals for the CCC

In the case of two raters evaluating a single assessment
method, we can calculate an asymptotic confidence interval
for the CCC. Lin showed that the estimate for the CCC, p¢, has
an asymptotic normal distribution with mean p¢ and variance:
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where u = (11 — pu2)/ /o102 and p represents the Pearson corre-
lation coefficient. Note that Eq. (4) is undefined when p=0. Lin
also suggests the use of a Z-transformation in order to achieve
asymptotic normality of the estimator:

2= tanh () = ~1n <1+;’C>. 5)

2 1-—p¢

The Z-transformation is asymptotically normally distributed
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Fig. 2 - Macro options, variables, and output for the estimation and testing of the difference in CCCs.
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This Z-transformation can be used to calculate an asymp-
totic, non-symmetric confidence interval for the CCC. The
macro provides the option of performing a hypothesis test for
the equality of two independent CCCs. When only two raters
are evaluating a single method for each group of independent
subjects, the variance for individual CCC presented in Eq. (4)
can be used to construct an asymptotic confidence interval for
the difference in CCCs.

The bootstrap is a resampling approach used frequently
in applied statistics [14]. It involves creating a large num-
ber of resampled datasets sampled with replacement from
the original sample. The test statistic is calculated for each
resampled dataset in order to create a probability distribution
for the test statistic of interest. When subjects are evaluated
by multiple raters and/or two methods, the macro generates
bootstrap confidence intervals for the CCC. Both the percentile
and the bias accelerated and corrected (BCa) bootstrap confi-
dence intervals can be computed. For the calculation of the
100 x (1 — a)% bootstrap confidence intervals, a large number
of bootstrap samples are selected from the original sample
with replacement. The estimate of the CCC, 5, is calculated

for each resampled dataset. The resulting percentile bootstrap

ncsl@/?) acyl1-0)/2) @2 i the

confidence interval is ( p P , Where p¢*

(«/2)th empirical percentile of the distribution of resampled

CCCs. The weighted average definition of percentile is used.
The BCa confidence interval is also a percentile interval, but
the percentiles are not based solely on («/2) and ((1—«)/2).
The percentiles are adjusted by the median bias of the boot-
strap samples as well as the acceleration of the standard error
[14,16].

2.3.  Estimation of the difference in CCCs

The CCC macro also can estimate the difference in CCCs and
calculate a bootstrap confidence interval for the difference.
This confidence interval can be used to test for equal con-
cordance correlation coefficients by determining whether the
null value lies in the confidence interval. The difference in
CCCs can be assessed under three scenarios: a set of raters
evaluating a method in each of two independent groups of
subjects; a set of raters evaluating two methods over the same
group of subjects; and a set of raters evaluating three methods
(such as for two experimental methods and a gold standard)
over the same group of subjects. Note that the third sce-
nario involves the evaluation of three methods, but does not
require the third method to be a gold standard. In the writing
of the macro and all of the macro description, the reference
method is referred to as the gold standard in order to clar-

Table 1 - CCC estimation for one method with two or more raters

Performs estimation of the CCC for one method with two or more raters (Lin [1,
Summary | 10, 11], Barnhart et al. [2], King and Chinchilli [12]) as shown in eq. (1)

for two raters and in eq. (2) for more than two raters.

DATASET: INPUTDATA
Example | ID observerl observer2 observer3
Input 1 X11 X2 X3
Dataset 2 xn X22 X23

3 x3 X32 X33

%include ‘cccmacro.sas’;
Example

%ccc(analysis=1, datasetl=inputdata, raters1=observer! observer?
SAS

observer3, alpha=0.05, out=outputdata, bootci="Y", bootstrap="B’,
Code

boot_seed=123, bs=2000);

out <- f.analysis(analysis=1, dataset|=inputdata,
Example | ratersl=c("observer!","observer2","observer3"), alpha=0.05, bootci="Y",
R Code bootstrap="B", boot.seed=123, bs=2000)

out
Hypothet-

N R CCC BS BOOTSTRAP LCL BOOTSTRAP UCL
ical

100 3 050 2000 0.25 0.75
Output
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ify which method is serving as the referent method. Under
the first scenario, we are interested in testing the hypothe-
sis Hp : p = p5 versus Hi : pf # p5, under the second scenario,
Ho : p§, = pg, versus Hy : p5; # pS,, and under the third sce-
nario, Hy : piGold = pS,Gold versus Hj : piGold # pg,Gold. The test
statistics are g = p7 — £5, P gifr = Po1 — Popr AN DGoig gifr =
bi Gold — bg,col 4» respectively.

In estimating and testing the difference of independent
CCCs where each group of subjects is evaluated by two raters
(scenario 1), an asymptotic hypothesis test can be conducted
based on Lin’s CCC, shown in Eq. (1), and asymptotic stan-
dard error, shown in Eq. (4). A bootstrap confidence interval
also can be used for testing the hypothesis Hp : pc1 = pc2. With
this approach, a 95% bootstrap confidence interval is calcu-
lated for the difference in CCCs and the null hypothesis is
rejected at an alpha level of 0.05 if the confidence interval
does not contain zero. The construction of a bootstrap con-
fidence interval requires resampling the original sample with
replacement and then calculating the test statistic of inter-
est a large number of times (e.g. 2000) in order to create a
probability distribution for the test statistic. Because we are
making an assumption of the equality of the CCCs but not
necessarily the equality of the underlying distributions under
the null hypothesis, each bootstrap resample for independent
groups will be conducted within each of the two groups and
then the difference in the CCCs will be calculated. In the case

of dependent CCCs, either for two competing methods (sce-
nario 2) or two experimental methods and a gold standard
(scenario 3), we have one set of subjects over which multi-
ple raters can evaluate multiple methods. Because a single
subject is being evaluated in the case of dependent CCCs,
the bootstrap resampling will be done at the subject level
[3,14,16].

3. Computer program

3.1. Macro overview

The CCC macro is designed to perform a variety of analy-
ses pertaining to the concordance correlation coefficient. The
macro can provide estimates of the overall CCC along with
confidence intervals, either asymptotic or bootstrap, for one
method with multiple raters, or for two methods with multiple
raters (i.e. an experimental method and a gold standard). It will
also perform estimation of the difference in two CCCs under
the assumptions of both independence and dependence, and
calculate confidence intervals using either asymptotic theory
or bootstrap methodology. See Fig. 1 for a flowchart describ-
ing the macro capabilities, the required and optional macro
variables for input, and the standard macro output for estima-
tion of a single CCC and see Fig. 2 for a flowchart describing

Table 2 - CCC estimation for agreement between two methods with two or more raters

Performs estimation of the CCC for assessing the agreement between two
Summary
methods with two or more raters (Williamson [3]) as shown in Eq. (3).
DATASET: INPUTDATA
Example | ID methodlraterl methodlrater2  goldrater] goldrater2
Input I xi X112 X161 X162
Dataset |2 xon X212 X261 X262
3 x3n X312 X3G1 X362
%include ‘cccmacro.sas’;
Example
Y%ccc(analysis=2, datasetl=inputdata, raters1=methodlrater!
SAS
methodlrater2, raters_gold=goldraterl goldrater2, alpha=0.05,
Code
out=outputdata, bootstrap="B’, boot_seed=123, bs=2000);
out <- f.analysis(analysis=2, dataset1=inputdata, raters1=c("methodlraterl",
Example | "methodlrater2"), raters.gold=c("goldrater!", "goldrater2"), alpha=0.05,
R Code bootstrap="B", boot.seed=123, bs=2000)
out
Hypothet-
N R CCC BS BOOTSTRAP _LCL BOOTSTRAP UCL
ical
100 2 0.50 2000 0.25 0.75
Output
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the same macro characteristics for estimation and testing of
the difference in CCCs. The macro is written for balanced
data, and will delete any incomplete lines of data from the
analysis.

3.2 Input parameters

If the program is used to compute an estimate of the overall
CCC or to perform a hypothesis test for dependent data,
one dataset is required for input, with one line of data per
subject. The value assessed by each rater for each method
must be recorded in a separate variable. If the program is
used to perform a hypothesis test for independent data,
two datasets are required. The first will contain one line of
data for each subject assessed in the first group with one
variable for each rater, while the second will contain one
line of data for each subject assessed in the second group.
The following is a list of all macro variables available for input.

ANALYSIS:

macro variables, and an example of the macro output is pre-
sented in Tables 1-5. Table 1 provides an example for the
overall estimation of the CCC for one method with multi-
ple raters; Table 2, the estimation of the CCC for agreement
between two methods with multiple raters; Table 3, the esti-
mation of the difference between two independent CCCs for
one method with multiple raters, which is an extension of
analysis =1; Table 4, the estimation of the difference between
two dependent CCCs for one method with multiple raters,
which is also an extension of analysis=1; Table 5, the esti-
mation of the difference between two dependent CCCs for
two methods with multiple raters, which is an extension of
analysis =2. The words in italics represent generic dataset and
variable names that would be altered according to the users
data.

Possible values are 1, 2, 3, 4, or 5. An entry of 1 or 2 requests estimation of a single CCC. An entry of 3, 4,

or 5 will request testing for the difference in CCCs, and will provide both estimation of the difference in
CCCs as well as an asymptotic or bootstrap confidence interval for the difference. Specifically

1: indicates estimation of the overall CCC for one method with two or more raters (Table 1)

2: indicates estimation of the CCC for assessing the agreement between two methods with two or more

raters (Table 2)

3: requests hypothesis testing of the difference in independent CCCs for a set of raters evaluating a
single method in each of two independent groups of subjects (Table 3)

4: requests hypothesis testing of the difference in dependent CCCs for a set of raters evaluating two
methods over the same group of subjects (Table 4)

5: requests hypothesis testing of the difference in two dependent CCCs, where each CCC is measuring
the agreement between an experimental method and a gold standard over the same group of subjects

(Table 5)
DATASET1:
DATASET?2:
RATERS1:

Main input dataset for all estimation and dependent hypothesis tests
Second dataset for the independent hypothesis test
String of names for the variables representing the raters evaluating the first or only method, separated

by a space. For example, RATERS1 =rater1 rater2 rater3

RATERS2:
separated by a space
RATERS_GOLD:
separated by a space
ALPHA:

String of names for the variables representing the raters for the second method when applicable,
String of names for the variables representing the raters evaluating the gold standard when applicable,

Type-I error rate. Generates (1 — «) x 100% confidence intervals (default=0.05)

OUT: Name of output dataset where the analysis results are stored (default=work.outdata)

BOOTCI:

For analyses where the bootstrap confidence interval is optional, indicates whether or not a bootstrap

confidence interval will be produced. Possible values are Y’ for yes and ‘N’ for no (default="‘N’)

BOOTSTRAP:
and ‘B’ for BCa (default="'B’)

BS: Number of bootstrap samples (default=2000)
Seed for generating the bootstrap samples (default = clock)

BOOT_SEED:
3.3. Required parameters and output for each analysis

When invoking the CCC macro, the macro variable ANALYSIS
must always be specified. The other variables that are required
as well as the output that will be produced are dependent
on the value of this macro variable ANALYSIS. The required
and optional macro variables for each type of analysis, as
well as the output that will be produced, is summarized in
Figs. 1 and 2. A summary of the macro functioning, an exam-
ple of the required form of the dataset, the macro invocation
for each type of analysis specifying all required and optional

Indicates the type of bootstrap confidence interval to be generated. Possible values are ‘P’ for percentile

4. Examples

4.1.  Biochemical in vitro assays

In a study of biochemical in vitro assays, researchers were
interested in the reproducibility of toxicity measurements
made by two different assays: cellular adenosine triphosphate
activity using cell line 76 (ATP-76) and cellular adhesion using
cell line 74 (CLA-74) [1]. The percent cell function measured
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Table 3 - Testing for the difference between two independent CCCs with two or more raters

Performs hypothesis testing of the difference in independent CCCs for a set of
raters evaluating a single method in each of two independent groups of subjects,
Summary

where the CCC for each independent group is calculated using eq. (1) for

two raters and eq. (2) for more than two raters.

DATASET!: INPUTDATALI DATASET2: INPUTDATA2

Hypothet- | 100 100 2 0.75 0.25 0.50 0.10
ical
Qutput LCL UCL PVALUE BS

0.30  0.70  0.005 2000 0.30 0.70

Example | ID observerl observer2 ID observerl observer2
Input 1 xi X12 101 x01 X1012
Dataset 2 X21 X22 102 X021 X022
3 x3 X32 103 X103,1 X1032
%include ‘ccecmacro.sas’;
Example
%ccc(analysis=3, dataset|=inputdatal, raters1=observerl observer2,
SAS
dataset2=inpuidataZ2, raters2=observerl observer2, alpha=0.05,
Code
out=outputdata, bootci="Y", bootstrap="B’, boot_seed=123, bs=2000);
out <- fanalysis(analysis=3, dataset1=inpurdatal, raters1=c("ohserver!",
Example | "observer2"), dataset2=inputdata2, raters2 =c("observerl", "observer2"),
R Code alpha=0.05, bootci="Y", bootstrap="B", boot.seed=123, bs=2000)
out
N1 N2 R CCC1 CCC2 CCCDIFF SE DIFF

BOOT LCL BOOT UCL

by each assay at two independent trials conducted 1 week
apart was recorded for 10 materials of varying toxicity. We are
interested in assessing the agreement of the measurements
produced over the two independent trials for each assay, as
well as whether the agreement between the two assays dif-
fers. The SAS code and output for this example are located in
Appendix A.

For the estimation of the assay-specific CCC measured
over two trials, we can use Lin’s CCC [1] presented in
Eq. (1). For assay ATP-76, the estimate for the CCC is
0.97 with a 95% asymptotic confidence interval of (0.89,
0.99). As an option, a BCa bootstrap confidence interval of
(0.92, 0.99) is also produced. For assay CLA-74, the esti-
mate for the CCC is much lower at 0.28. The asymptotic
95% confidence interval is (—0.23, 0.67) and a bootstrap
confidence interval is (—0.20, 0.88). Calculating a bootstrap
confidence interval for the difference in dependent CCCs,
we find that the difference between ATP-76 and CLA-74 is
0.69 (0.07, 1.15), or that the reproducibility of assay ATP-
76 is significantly greater than the reproducibility of assay
CLA-74.

4.2. Carotid stenosis

A carotid stenosis screening study was conducted at Emory
University from 1994 to 1996 [2,3,17]. Three observers, each
using three diagnostic methods, assessed the stenosis of the
left and right carotid arteries of 55 patients. The three meth-
ods were magnetic resonance angiography two-dimensional
time of flight (MRA 2D), magnetic resonance angiography
three-dimensional time of flight (MRA 3D), and intra-arterial
angiogram (IA), where IA is considered the current gold stan-
dard. We are interested in assessing the agreement of the
three observers within each method, and then comparing
this agreement between each of the methods. We are also
interested in whether the agreement between each of the
experimental methods, MRA 2D and MRA 3D, and the gold
standard are different. We can explore each of these ques-
tions separately for the left and right arteries. The SAS code
and output for the example are located in Appendix B, but is
restricted to the left side.

We estimated the overall concordance correlation coeffi-
cient for each method with three raters, as shown in Eq. (2)
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Table 4 - Testing for the difference between two dependent CCCs with two or more raters

Performs hypothesis testing of the difference in dependent CCCs for a set of
raters evaluating two methods over the same group of subjects, where the CCC
Summary
for each dependent group is calculated using eq. (1) for two raters and
eq. (2) for more than two raters.
DATASET: INPUTDATA
Example | ID methlrater] methlrater2 meth2rater] meth2rater2
Input 1 x X112 X121 X122
Dataset 2 X211 X212 X22] X222
3 xn X312 X321 X322
%include ‘ccecmacro.sas’;
Example
%ccc(analysis=4, datasetl =inputdatal, ratersl=methlrater! methlrater2,
SAS
raters2=meth2rater] meth2rater2, alpha=0.05, out=outputdata,
Code
bootstrap="B’, boot_seed=789, bs=2000);
out <- fanalysis(analysis=4, dataset1=inputdatal,
Example | ratersl=c("meth!rateri","methirater2"), raters2=c("meth2rater!","meth2rater2"),
R Code alpha=0.05, bootstrap="B", boot.seed=789, bs=2000)
out
Hypothet-
N R CCC_1 CCC_2 CCC_DIFF BS BOOT_LCL BOOT_UCL
ical
100 2 025 0.75 -0.50 2000 -0.70 -0.30
Output

[1,2,11,12], as well as a 95% BCa bootstrap confidence interval
based upon 2000 bootstrap replicates. For the left artery, the
CCCs for MRA 2D, MRA 3D and the gold standard were 0.62
(0.44, 0.77), 0.64 (0.45, 0.79), and 0.88 (0.69, 0.94), respectively.
Similarly, the CCCs for the right artery were 0.61 (0.43, 0.75),
0.62 (0.45, 0.76), and 0.92 (0.85, 0.95), respectively. These esti-
mates are all significantly greater than zero. The estimates
of the CCC for MRA 2D and MRA 3D appear to be very simi-
lar while the estimates for IA appear to be larger, indicating
that the agreement among raters for the gold standard may be
greater than the agreement among raters for the two experi-
mental methods. We can test the difference in these overall
CCCs using a bootstrap confidence interval [3]. The differ-
ences in estimated CCCs, as well as the bootstrap confidence
intervals based upon 2000 bootstrap samples, showed that the
CCCs for MRA 2D and IA and the CCCs for MRA 3D and IA were
significantly different for the left [MRA 2D —IA=-0.26 (—0.44,
—0.12); MRA 3D—IA=-0.24 (-0.44, —0.09)] and right [MRA
2D-1A=-0.31 (—0.48, —0.17); MRA 3D—1A=-0.30 (—0.48,
—0.15)] arteries. These results indicate that the agreement
among raters for the experimental methods is significantly
worse than the agreement for the gold standard.

We can further assess the agreement of the three raters
between two methods, the experimental method and IA, for

both MRA 2D and MRA 3D by applying the formula for the
overall CCC for two methods found in Eq. (3) [3] and calculat-
ing a 95% BCa bootstrap confidence interval. In the left artery,
the CCC for MRA 2D and IA is 0.56 (0.37, 0.72) while the CCC
for MRA 3D and IA is 0.48 (0.27, 0.65). In the right artery, the
CCCs are 0.63 (0.46, 0.75) and 0.56 (0.38, 0.75), respectively. We
can also test the difference between these overall CCCs for
the left and right arteries in order to see whether the agree-
ment among raters over MRA 2D and IA is greater than that
for MRA 3D and IA. Using the bootstrap confidence interval for
dependent CCCs, we find that the difference for the left artery
is 0.08 (—0.02, 0.22) and the difference for the right artery is
0.07 (—0.08, 0.23). These results indicate that the differences
in overall agreement are not statistically significant.

5. Macro availability and run time

The CCC macro written in SAS [13], R [15], or S-PLUS [18] can
be obtained by directly contacting the authors or by access-
ing the following websites: http://www.statisticaldisplays.org
or http://www.personal.psu.edu/hx128/research/CCCprogram.
The SAS macro was written in v9, but because some of the IML
functions available in SAS v9 are not available in SAS v8, a v8
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Table 5 - Testing for the difference between two dependent CCCs for two methods with two or raters

Performs hypothesis testing of the difference in two dependent CCCs, where
Summary | each CCC is measuring the agreement between an experimental method and a

gold standard. Each dependent CCC is calculated using eq. (3).

DATASET: INPUTDATA
Example | ID Mlrater]l Mlrater2 M2rater]l M2rater2 G raterl G_rater2
Input I xin X112 X121 X122 X161 X162
Dataset 2 xon X212 X221 X222 X261 X262

3 xn X312 X321 X322 X3G1 X3G2

%include ‘ccecmacro.sas’;
Example

%ccc(analysis=5, dataset|=inputdatal, raters|=MIrater! Mlrater2,
SAS

raters2=MZ2rater! M2rater2, raters_gold=G raterl G rater2, alpha=0.05,
Code

out=outputdata, bootstrap="B’, boot_seed=789, bs=2000);

out <- f.analysis(analysis=5, dataset1= inputdatal,

raters l=c("Mraterl","Mlrater2"), raters2=c("M2rater!","M2rater2"),
Example

raters.gold=c("G rater!","G rater2"), alpha=0.05, bootstrap="B", boot.seed=789,
R Code

bs=2000)

out
Hypothet- | N R CCC_1 (CCC2 CCCDIFF BS BOOT LCL BOOT UCL
ical 100 2 0.50 0.50 0.00 2000 -0.15 0.15
Output

macro also was created. This macro performs the same func-
tions, but requires more computing time, and can be obtained
following the above instructions. The program for R and S-
PLUS was designed to be a self-contained function, does not
require bootstrap packages, and should run in all versions of
the R or S-PLUS software. It was tested for R version 1.9.0 and
S-PLUS version 6.1.2 and runs faster in R than in S-PLUS if
bootstrap computations are requested. For the examples in
SAS, the macro was run in SAS v9 in the PC environment on
a desktop computer with an Intel® Pentium® 4 processor of
1.80 GHz speed and 512 MB of RAM. For the examples in R, the
function was also run in the PC environment on a desktop
computer with an Intel® Pentium 4 processor with 2.60 GHz
speed and 512 MB of RAM.

The amount of CPU time required to run the macro will vary
considerably based upon the number of subjects, the num-
ber of raters, and the number of bootstrap samples specified
(where applicable). For the carotid stenosis example, when
estimating the overall CCC and computing a bootstrap con-
fidence interval based on 2000 bootstrap samples, the amount
of required CPU time for the SAS macro was approximately
20-21s. The amount of CPU time required for the R function
for the same example was approximately 1.5 s. The estimation

of the difference in dependent CCCs and the computation of
a bootstrap confidence interval based on 2000 samples took
40-41s of CPU time in SAS and 3s in R. When exploring the
CCC for two methods in the carotid stenosis example (such
as for an experimental method and a gold standard), the esti-
mation of the CCC and a bootstrap confidence interval took
17-19s in SAS and 3.5s in R, and the estimation of the differ-
ence in dependent CCCs and a bootstrap confidence interval
took 34-35sin SASand 7sinR.
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each type of call is given, while similar replications were

Appendix A. Biochemical in vitro assay excluded

example

id trial1A trial2A trial1C trial2C
The following output displays a snapshot of the dataset

assays.sas7bdat for the first three subjects only. The variable id
represents the subject number. TriallA and trial2A represent

the results for each trial for assay A while trial1C and trial2C 1 1.2 .4.5 54 .1 51.9

represent the results for each trial for assay C. The incomplete

SAS code and output follow. Note that a unique example for 2 6.5 4.2 102.6 53.7
3 45.9 30.3 100.6 68.3

%inc 'C:/CCC macro v9.sas';

*ESTIMATING THE OVERALL CCC FOR EACH ASSAY ALONG WITH A BCa BOOTSTRAP
CONFIDENCE INTERVAL;
3ccc(analysis=1, datasetl=assays, ratersl=triallA trial2A, alpha=0.05,

out=outdata, bootCI='Y', bootstrap='B', boot seed=1001, bs=2000);

One Method with Two Raters
Concordance Correlation Coefficient and SE (Lin, 1989)
95.0% Asymptotic Confidence Interval, Z-transformation

95.0% BCa Bootstrap Confidence Interval

N R CCC SE LCL UCL

10 2 0.9686 0.021 0.8862 0.9916

BS BOOTSTRAP_LCL BOOTSTRAP_UCL

2000 0.9174 0.991

*ESTIMATING THE DIFFERENCE IN DEPENDENT CCCS ALONG WITH A BCa BOOTSTRAP
CONFIDENCE INTERVAL;
$ccc(analysis=4, datasetl=assays, ratersl=triallA trial2A, raters2=triallC

trial2C, alpha=0.05, out=outdata, bootstrap='B', boot seed=3001, bs=2000);
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Two Dependent Methods, Each with Two Raters (Lin,

1989)

Difference in Overall Concordance Correlation Coefficients

95.0% BCa Bootstrap Confidence Interval

cce_1 cce 2

10 2 0.9686 0.2829

BS BOOTSTRAP_LCL BOOTSTRAP_UCL

2000 0.0715 1.1462

CCC_DIFF

0.6857

Appendix B. Carotid stenosis example

The following output displays a snapshot of the dataset
ica_left.sas7bdat for the first three subjects. The variable id rep-
resents the subject number. The variables mirl, m1r2, and
mlr3 represent the values for the three raters evaluating
method MRA 2D, the variables m2r1, m2r2, and m2r3 represent

id mir1 mir2 mir3 m2r1
1 100.000 100.000 100.000

2 60.410 72.214 69.472

3 0.000 0.000 49.324

%inc 'C:/CCC macro v9.sas';

100.000

62.340

12.348

the values for the three raters evaluating method MRA 3D, and
the variables m3r1, m3r2, and m3r3 represent the values for
the three raters evaluating the gold standard IA. The incom-
plete SAS code and output follow. Note that a unique example
for each type of call is given, while similar replications were
excluded. The dataset, SAS code, and output are restricted to
the left side only.

m2r2 m2r3 m3r1 m3r2 m3r3
100.000 100.000 100.000 100.000 100.000
61.898 58.955 66.575 77.186 73.077
0.000 0.000 0.000 3.191 0.000

*OVERALL CCC FOR EACH METHOD AND BCa BOOTSTRAP CONFIDENCE INTERVAL;

$ccc(analysis=1, datasetl=ica left,

ratersl=mlrl mlr2 mlr3, alpha=0.05,

out=outdata, bootCI='Y', bootstrap='B', boot seed=400, bs=2000);

One Method with Multiple Raters

Overall Concordance Correlation Coefficient (Barnhart, 2002)

95.0% BCa Bootstrap Confidence Interval

CCC BS

BOOTSTRAP LCL BOOTSTRAP UCL
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55 3 0.6226 2000 0.4377 0.766

*ESTIMATING THE DIFFERENCE IN DEPENDENT CCCS ALONG WITH A BCa BOOTSTRAP

CONFIDENCE

INTERVAL, PAIRWISE;

$ccc(analysis=4, datasetl=ica left, ratersl=mlrl mlr2 mlr3, raters2=m3rl m3r2

m3r3, alpha=0.05,

Two Dependent Methods, Each with Multiple Raters (Barnhart, 2002)
Difference in Overall Concordance Correlation Coefficients

95.0% BCa Bootstrap Confidence Interval

N R cce 1 CCC 2 CCC_DIFF

55 3 0.6226 0.8818 -0.259

BS BOOTSTRAP_LCL BOOTSTRAP_UCL

2000 -0.443 -0.123

out=outdata, bootstrap='B', boot seed=500, bs=2000);

*ESTIMATION OF THE OVERALL CCC FOR EACH METHOD VERSUS THE GOLD STANDARD AND

BCa CONFIDENCE INTERVAL;

$ccc(analysis=2, datasetl=ica left, ratersl=mlrl mlr2 mlr3, raters gold=m3rl

m3r2 m3r3,

alpha=0.05, out=outdata, bootstrap='B', boot seed=600, bs=2000) ;

Experimental Method and Gold Standard with Two or More Raters
Overall Concordance Correlation Coefficient (Williamson, accepted)

95.0% BCa Bootstrap Confidence Interval

N R Ccc BS BOOTSTRAP_LCL BOOTSTRAP_UCL

55 3 0.5602 2000 0.3698 0.7203

* ESTIMATION OF THE DIFFERENCE IN DEPENDENT CCCS FOR TWO METHODS

BCa CONFIDENCE INTERVAL;

(GOLD)

AND A
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$ccc(analysis=5, datasetl=ica left, ratersl=mlrl mlr2 mlr3, raters2=m2rl m2r2
m2r3, raters gold=m3rl m3r2 m3r3, alpha=0.05, out=outdata, bootstrap='B',

boot seed=700, bs=2000);

Agreement Between Two Dependent Experimental Methods and a Gold Standard
Each with Two or More Raters (Williamson, accepted)
Difference in Overall Concordance Correlation Coefficients

95.0% BCa Bootstrap Confidence Interval

N R cce 1 CCC 2 CCC_DIFF

55 3 0.5602 0.4765 0.0837

BS BOOTSTRAP_LCL BOOTSTRAP_UCL

2000 -0.022 0.2231
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